EXPLOITING SPEAKER EMBEDDINGS FOR IMPROVED MICROPHONE CLUSTERING
AND SPEECH SEPARATION IN AD-HOC MICROPHONE ARRAYS

Stijn Kindt, Jenthe Thienpondt, Nilesh Madhu

IDLab, Department of Electronics and Information Systems, Ghent University - imec, Ghent, Belgium
stijn.kindt@ugent.be, jenthe.thienpondt@ugent.be, nilesh.madhu@ugent.be

ABSTRACT

For separating sources captured by ad hoc distributed micro-
phones a key first step is assigning the microphones to the appro-
priate source-dominated clusters. The features used for such (blind)
clustering are based on a fixed length embedding of the audio sig-
nals in a high-dimensional latent space. In previous work, the em-
bedding was hand-engineered from the Mel frequency cepstral coef-
ficients and their modulation-spectra. This paper argues that embed-
ding frameworks designed explicitly for the purpose of reliably dis-
criminating between speakers would produce more appropriate fea-
tures. We propose features generated by the state-of-the-art ECAPA-
TDNN speaker verification model for the clustering. We benchmark
these features in terms of the subsequent signal enhancement as well
as on the quality of the clustering where, further, we introduce 3 in-
tuitive metrics for the latter. Results indicate that in contrast to the
hand-engineered features, the ECAPA-TDNN-based features lead to
more logical clusters and better performance in the subsequent en-
hancement stages - thus validating our hypothesis.

Index Terms— acoustic sensor networks, fuzzy C-means clus-
tering, clustering metric, ECAPA-TDNN, speaker embeddings

1. INTRODUCTION

Signal capture using ad hoc distributed microphones, or acoustic
sensor networks (ASNs), is an active and rapidly expanding field of
research. With the inclusion of microphones in an increasing variety
of smart devices, distributed audio capture is becoming increasingly
available - with potential for application in a wide range of fields
such as surveillance for assisted living and healthcare, hearing aids,
communications, etc. [1]. The challenges, however, are also mani-
fold. Compared to traditional, compact microphone arrays with pre-
defined geometries, the relative locations of sensors are not known a
priori, and their placement with respect to audio sources of interest
can be arbitrary. The processing power and bandwidth available to
each node can also be limited - constraining on-edge processing and
data communication with a central hub.

In such scenarios, the challenge lies in making the optimal use of
the microphones, requiring a change from the classical paradigm for
compact microphone arrays. For speech separation with ad hoc ar-
rays, the microphones, scattered across the room, are grouped into
distinct clusters, where each cluster is dominated by a source of
interest. Subsequently, by pooling the information across clusters,
good first estimates of the target signals of each cluster can be ob-
tained. These initial estimates can then drive a within cluster pro-
cessing, to yield significantly enhanced targets.
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1.1. Connection to Prior Work

A multitude of different strategies have been proposed for blind clus-
tering. In [2], for example, the magnitude squared coherence (MSC)
is first computed for different microphone pairs. Subsequently, a
non-negative matrix factorisation (NMF) is performed on this matrix
to yield the clusters. The MSC is used in [3] too, but computed on
the noise-only parts. Under the assumption of a diffuse noise field,
the MSC values can then be used to estimate the distances between
various microphone pairs, which is used to construct clusters based
on physical distancing. In [4], the room impulse responses (RIRs)
are first estimated, and then used for clustering.

In contrast to features related to the physical location of the
microphones, [5, 6], proposed to compute signal-dependent fea-
tures based on modulated Mel-frequency cepstral coefficients (Mod-
MFCC). The underlying hypothesis was that microphones domi-
nated by a source would have similar signal features — introducing
a stronger dependency within the clusters, compared to just the lo-
cation. In [7, 8], a simple separation framework based on this blind
clustering was proposed, which nevertheless conclusively demon-
strated the feasibility of source separation using ad hoc arrays with
no prior knowledge of source or microphone locations.

Recently, architectures yielding deep speaker embeddings have
demonstrated impressive results in speaker verification tasks and
showed substantial robustness towards noise and reverberation [9].
To achieve such high discrimination, the embedding for a given
speaker must necessarily be sufficiently unique. We hypothesise
that such deep embeddings may be more robust indicators of source
dominance and, therefore, serve as robust features for the clustering.
To this end, we utilise the Enhanced Propagation and Aggregation
Time Delay Neural Network (ECAPA-TDNN) [ 10], the state-of-the-
art architecture for speaker verification, to generate the requisite fea-
tures for the clustering. These are benchmarked against the hand-
engineered features using the same separation framework of [7]. In
addition, we also suggest 3 metrics that allow for an intuitive appre-
ciation of the clustering performance - which are also considered for
the benchmarking.

The paper is structured as follows: Sec. 2 introduces the signal
model and features. The clustering and separation frameworks are
discussed in Sec. 3 and Sec. 4. The experimental validation frame-
work and the chosen metrics are described in Sec. 5, followed by the
evaluation results. Sec. 7 concludes the paper.

2. SIGNAL MODEL AND FEATURES
We assume there are M microphones and J localised sources dis-
tributed in the room. The signal ¥, of microphone m is given as:

J
ym(n) = a5 (n) + 255 (n) +vm(n), (1
j=1



where n is the discrete time index, =, », is the source signal from the
Jjth source to the mth microphone, which is split up into the direct
path contribution x?‘fm and the reflections x77,,. v., represents the

additive noise at the mth microphone. All processing is done on the
short-time Fourier domain representation of the signal:

Yin(l,k) = STFT [ym (n)] , @

where [ is the time index and k is the frequency bin.

2.1. MFCC-based Features

The hand-engineered features based on modulated Mel-frequency
cepstral coefficients (Mod-MFCC) [5, 6] form the baseline. The
Mod-MFCCs are the discrete Fourier transforms (DFTs) of the
MEFCC features, with a rectangular window of length L and mod-
ulation shift Q). In order to be robust against time shifts between the
distant microphones in ASNs, the modulation spectra are averaged
over time. Further, cepstral mean normalisation (CMN) is applied
on the MFCCs, which reduces the effect of reverberations for cases
where the room impulse response (RIR) stays constant [11].

As proposed in [5, 6] the Mod-MFCC-based feature vector
FMFCC is constructed by stacking, respectively, the A/-dimensional
sub-features obtained from two sets of cepstral modulation ratios
(CRMy,, |, (1)) and the A-dimensional averaged modulation am-
plitude (AMA(n)). Here, 7 is the cepstral index and  denotes the
modulation frequency.

2.2. Features from speaker embeddings

For our goal of clustering microphones around speech sources, we
hypothesise that embeddings generated by speaker verification net-
works lead to good clustering features. In verification tasks, embed-
dings are used to test if two audio utterances are spoken by the same
person. Applied to our case, microphones dominated by the same
speaker should, similarly, yield embeddings that are near identical.

For the generation of these embeddings, we take the recent Em-
phasized Channel Attention, Propagation and Aggregation Time De-
lay Neural Network (ECAPA-TDNN) [10]. It maps audio of arbi-
trary length to 192 dimensional speaker embeddings. The speaker
similarity score is determined by computing the cosine similarity
between two speaker embeddings. If the similarity score exceeds a
predetermined threshold, the utterances are accepted as coming from
the same speaker. For the clustering, however, we compute the em-
beddings for each microphone and use them as the features, PV,
for the clustering algorithm.

3. FUZZY C-MEANS CLUSTERING

We use the fuzzy C-means (FCM) algorithm to cluster the micro-
phones by the extracted feature vectors, F,,. The goal is to separate
the microphones in C' = J + 1 fuzzy clusters — one cluster for each
source and one background (noise) cluster. The algorithm returns
cluster centres, C., and fuzzy membership values (FMV), fiy,,c, that
reflect how much microphone m belongs to cluster c. Thus, it can be
used to determine the reference microphone for each cluster - which
then plays a key role for the separation. The FCM algorithm min-
imises the following weighed least-squared error function [12]:
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where « is the fuzzy weighting exponent, typically 1 < a < 2
and 0(Fm, C.) is the distance metric. Here we take the standard

Euclidean distance: 0(F,,Cc) = || Fm — Cc||3 where ||.||2 is the
¢2 norm of a vector.

The reference microphone signal Y '(I, k) of cluster ¢ is ob-
tained by selecting the microphone with the highest fuzzy value for
that cluster:

chref(l’ k') = Y—m,(l7 k) if/lm,c > M, »
vme€{0,--- ,M —1},m#m

For separation, we transform the fuzzy clusters into hard partition-
ings. Thus a microphone m is allocated to cluster c if:

VEG{O,,C—l}, 65£Ca (5)

and its corresponding signal is denoted as Ym,,c.

@
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4. CLUSTERING-BASED SOURCE SEPARATION

Once the clusters are identified, the separation framework is iden-
tical to that described in [7] and consists of the following steps.
Firstly, we obtain an initial estimate of the target source in each
cluster by means of time-frequency masking. These initial estimates
are then used to time-align the microphone signals in the respective
clusters. Following, a simple delay-and-sum beamforming (DSB)
is applied to compute the enhanced target signal for the cluster. Of
course, more sophisticated adaptive beamformers based on classical
or data-driven approaches can be used to further enhance the sig-
nals, but since the goal of this paper is to validate deep embeddings
as clustering features, we argue that benchmarking with DSB is suf-
ficient.

4.1. Initial source estimation

To obtain the time-frequency mask for the initial source estimates,
we assume that the localised sources are approximately disjoint in
their STFT representation [ 13], so only one source may be dominant
at any time-frequency (T-F) bin. We estimate T-F masks M.(l, k)
for each cluster as a binary mask, obtained according to [7, 8] as:
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0 else.

M.(l,k) =

B is an averaging parameter, needed to reduce jitter in STFT ampli-
tudes (and, consequently, the mask estimation) due to the fact that
the inter-microphone delay for a source is non-negligible compared
to the STFT length and frameshift for the distributed scenario, due
to the much larger microphone spacings [7].

4.2. Mask-based delay and sum beamforming

The M.(l,k) are then applied to the microphone signals of the
respective cluster — yielding an initial estimate of the underlying
source signal of that cluster. Using these estimates a time-alignment
of the microphone signals in the cluster is performed. The delay 7, ¢
to be compensated is computed with respect to the reference micro-
phone of cluster c, and is obtained by a simple correlation analysis.

Having obtained the 7., ., we apply this to the unprocessed mi-
crophone signals y,,,. and average the signals — yielding the DSB
output for cluster c.

1
M.

2B (n) =

Z ym,c(n - ?m,C) ) (7)

m

where M. is the number of microphones in cluster c.



5. EXPERIMENTAL SETUP

We simulated 100 different rooms using Pyroomacoustics [14].
Room dimensions were uniformly chosen from 6 different sizes
€ {[5,5,3],18,4,3], [6,5,3], 6,7, 3], [3,4, 3], [3,8, 3] }m and with
reverberation times (RR7%0) uniformly sampled between 0.2s and
0.8s. Each scenario is simulated with M/ = 15 microphones and
J = 2 equally loud speakers, selected from the PTDB-TUG speech
datasets [15]. The ECAPA-TDNN network was trained on the com-
pletely independent VoxCeleb 1&2 dataset (audio of 7250 celebri-
ties, from YouTube) [16]. One source position is randomly chosen
in the left half of the room and the other in the right half of the
room. The microphones are scattered across the room, but it is en-
sured that at least 3 microphones are within the critical distance of
each source. The sources and microphones are coplanar in the z-
dimension (height: 1.7m). Spatially diffuse noise at 10dB signal to
noise ratio (SNR) is added, where the signal energy is measured at
the centre of the room. Thus, individual SNRs at each microphone
can strongly vary.

Both the MFCC-based and speaker embedding features are com-
puted on 4-second segments of the audio signal. This segmentation
is also used in the computation of the cross-correlation. All audio
signals are sampled at 16kHz. For the STFT, we use the von Hann
window of length 512 samples (32ms) and window shift of 160 sam-
ples (10ms). The MFCC parameters are: L = 16 and Q = 8. The
number of MFCC features A/ = 13, resulting in a 39-dimensional
feature vector FM°C, Note that this is less than the dimension of
FSPYer However, for clustering, the quality of the features is more
important than the dimension of the feature vector, and increasing
N does not necessarily result in more informative features.

The averaging factor B in (6) is set to 5. For clustering, we
use the fuzzy C-means python package [17]. As the features are
obtained by aggregating data across several seconds, they are inher-
ently robust to sampling rate offsets and sampling time discrepancies
between the microphones. The TDOA estimation can also compen-
sate for asynchronous sampling, so we expect the beamforming to
be minimally affected by the asynchronicity — and in a comparable
manner for either set of features. Since this does not provide any
additional indication of the quality of the clusters obtained using the
Mod-MFCC or the embedding-based features, we consider the mi-
crophones to be synchronously sampled. We note that compensating
for sampling discrepancies is important in practical systems and ro-
bust methods for these have been previously proposed e.g. [18, 19].

5.1. Evaluation metrics

Benchmarking the quality of the clustering is an open problem.
Since there is no easily definable ground truth (what decides the
‘goodness’ of a cluster?), it is difficult to define appropriate perfor-
mance metrics. Ground truths e.g. based on oracle knowledge of the
RIRs [2] or distances [3, 4] do not convey the full picture regarding
the signal mixing for the ad hoc scenario. The same disadvantage
exists for the normalized cluster-centroid—to—source distance metric
used in [6]. Further, as the position of the cluster centroid is com-
puted based on the location of the microphones in that cluster, a
single outlier can bias the results.

We suggest 3 alternative metrics which yield a more intuitive
insight on the clustering performance. The first two are, respec-
tively, (i) the distribution of the direct-to-reverberant ratio (DRR)
and (ii) the distribution of the direct-to-reverberant, interference,
and noise ratio (DRINR), computed for microphones allocated to
speech-source clusters. Thus, for a microphone signal y,,, assigned
to a speech cluster c these are defined as:
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Fig. 1: Example clusters with both features. The room has dimen-
sions [5,5,3] m, the two crosses are the source positions and the
coloured dots are the microphone positions. Each column shows a
different hard cluster, where dark purple indicates that a microphone
is part of the cluster.
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A distribution centered around high values of DRRs and DRINRs
then indicates that the clustering favours microphones with a strong
direct-path component and a good signal to interference and noise
ratio — which is optimal for the subsequent enhancement stages. The
third metric is the average number of microphones allocated to a
speech cluster. In combination with the previous metrics, this indi-
cates the amount of spatial diversity that can be exploited in extract-
ing the desired source.

For benchmarking the features in terms of the resultant speaker
separation ability we consider 3 standard instrumental metrics: the
first is the source-to-interference ratio (SIR), as defined by [20]. This
is most important to the masks since the masked signals are used
to estimate the TDOA. However, a decent SIR can be achieved by
suppressing the interfering source completely, while only keeping a
small portion of the target speech. This would however lead to un-
intelligible, poor-quality speech. Therefore we also use perceptual
quality (PESQ: perceptual evaluation of speech quality [21]) and in-
telligibility (STOI: short-time objective intelligibility [22]) metrics.

DRINR =

and (8)

DRR =

6. RESULTS AND DISCUSSION

6.1. Quality of the clustering

Fig. 1 depicts the clustering obtained for the two considered feature
sets, for a single test condition. This allows for a visual appreciation
of the quality of clustering. The speaker embedding features make
rather logical clusters, while the Mod-MFCC features fail to distin-
guish between the two speakers. Further, for the embedding-based
features, all microphones that are within the critical distance are part
of their respective cluster. These features also yield a slightly larger
cluster around source 1, with an extra microphone that is outside the
critical distance, but is intuitively dominated by the source. Audio
samples are also available at https://aspireugent.github.io/Ad-Hoc-
Distributed-Microphone-Clusters/
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Fig. 3: Performance metrics (SIR, PESQ, STOI) showing the separation effectiveness of the cluster features (Mod-MFCC and Speaker
Verification(SpVer)) and method (Masks and DSB). The dotted blue line shows the median of the metrics, computed on the best microphones
(in terms of SIR) for each source. This is selected based on oracle knowledge.

Next, the distribution of the DRRs and DRINR are plotted in
Fig. 2. As can be seen, when using deep embeddings, the histograms
for the DRINR and DRR metrics are biased towards the right in-
dicating that the clustering results in assigning more microphones
with high DRRs and DRINRs to the speech clusters. In contrast,
the histograms when using the Mod-MFCC features show a much
larger spread and are less peaky. This indicates that the Mod-MFCC
feature-based clusters tend to occasionally include microphones that
are dominated by other sources or background noise, which can de-
grade the subsequent stages. Thus, we may already conclude that the
average quality of the microphone signals assigned to speech clusters
when using the deep embeddings is significantly higher than when
using Mod-MFCC-based features.

Also in terms of the size of the speech clusters: using Mod-
MFCC features results in an average of 3.81 microphones per speech
cluster. This increases to an average is 4.06 microphones per clus-
ter when using the deep embeddings, which is roughly 6.5% more.
Thus, using deep embeddings results also in increased spatial di-
versity. Combined with the increased average quality of the mi-
crophones assigned to the speech cluster, a better separation perfor-
mance is expected when using embeddings as clustering features.

6.2. Performance on source separation

The results of the source separation are depicted in Fig. 3. We notice
that the mask-based separation (on the reference microphone of the
clusters) yields a high SIR. This indicates that the computed masks
yield a good estimate of the underlying target signal. This is im-
portant for reliable time-delay computation. This also indicates that
fuzzy values are a good method of determining the reference micro-
phone. The SIR would also suggest that mask-based separation is
better than the DSB. However, PESQ and STOI show that the masks
also lead to unwanted distortions in the target’s speech.

To benchmark the quality of the cluster in terms of the subse-
quent use for enhancement, we compare the Mod-MFCC-based clus-
ters to their deep-embedding counterparts in terms of the DSB re-

sults. The notched box plots show that the deep embeddings outper-
form Mod-MFCC features, with statistical significance at the median
level. The median SIR is 5.36dB higher and the median PESQ and
STOI scores are 0.22 and 0.03 higher respectively. This improved
performance also indirectly indicates the assignment of higher SINR
microphones to the speech clusters when using speaker embeddings
- which supports our conclusions in the previous subsection.

We also note that the SIR and STOI plots of the MFCC features
show more outliers at the lower end. This is also what we empirically
saw in the cluster plots: in some cases, the Mod-MFCC features
are not perfect in distinguishing between a source cluster and the
background cluster. This further supports the conclusions we have
drawn from the DRR and DRINR distributions and reinforces the
usefulness of the metrics for ad hoc clustering.

7. CONCLUSIONS

We proposed to utilise speaker embedding features, gathered from
the ECAPA-TDNN speaker verification network, for clustering ad
hoc distributed microphones. Compared to the classical Mod-MFCC
features, speaker embedding features generate larger and higher
quality clusters — indicating more potential for exploiting spatial di-
versity. This last is validated by the better results of the beamformer
output on SIR, PESQ and STOI. The embedding-based features also
provide more logical microphone-cluster assignments compared to
the Mod-MFCC features, as shown by the outliers in the STOI re-
sults for the latter.

We also showed that the distributions of the DRR and DRINR
provide useful insights into the quality of the clustering, and can help
interpret results obtained by the later processing stages.

Future work includes utilising the masks (or a variant of them)
to perform other beamformers, like the multichannel Wiener fil-
ter. The ECAPA-TDNN framework is currently trained on single-
speaker scenarios. A next step is the incorporation of our recent work
in attempting to alleviate the multi-speaker robustness in ECAPA-
TDNN [23].
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