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ABSTRACT

Developing microphone array technologies for a small number
of microphones is important due to the constraints of many devices.
One direction to address this situation consists of virtually augment-
ing the number of microphone signals, e.g., based on several phys-
ical model assumptions. However, such assumptions are not nec-
essarily met in realistic conditions. In this paper, as an alternative
approach, we propose a neural network-based virtual microphone
estimator (NN-VME). The NN-VME estimates virtual microphone
signals directly in the time domain, by utilizing the precise estima-
tion capability of the recent time-domain neural networks. We adopt
a fully supervised learning framework that uses actual observations
at the locations of the virtual microphones at training time. Conse-
quently, the NN-VME can be trained using only multi-channel ob-
servations and thus directly on real recordings, avoiding the need for
unrealistic physical model-based assumptions. Experiments on the
CHiME-4 corpus show that the proposed NN-VME achieves high
virtual microphone estimation performance even for real recordings
and that a beamformer augmented with the NN-VME improves both
the speech enhancement and recognition performance.

Index Terms— virtual microphone, time-domain network, su-
pervised learning, beamforming, array signal processing

1. INTRODUCTION

Microphone array signal processing [1], which uses spatio-temporal
information obtained with multiple microphones, has been an ac-
tive research field for several decades and has been essential for the
development of many applications such as noise reduction, source
separation, and source localization. The performance of array sig-
nal processing-based approaches depends heavily on the number of
microphones available, and a sufficient number of microphones is re-
quired to achieve a high level of performance. However, it is not al-
ways possible to equip commercial devices with many microphones
due to structural constraints and cost restrictions. For example, most
smartphones have one or two microphones and only few high-end
models may have up to four. Therefore, developing array signal
processing schemes that can operate with a small number of micro-
phones is an important research topic.

Recently, researchers [2] have proposed virtually increasing the
number of microphones in an array by including virtual microphone
signals generated by the interpolation between two real microphone
observations. They derived the phase component of a virtual mi-
crophone signal as a linear interpolation of the phases of real micro-
phone signals, by introducing several assumptions such as a physical
model of the plane wave propagation, W-disjoint orthogonality of
the sources [3], and limiting array size small enough to avoid spatial
aliasing. The phase was combined with an estimate of the amplitude
obtained, e.g., by 8 divergence-based estimation [2]]. This approach
could increase the number of microphones in an array and would im-
prove the array processing performance in an under-determined con-

dition. However, this approach relies on the above strong assump-
tions that may not always hold in real conditions, and the method
has only been tested on simulated array recordings.

In this paper, we propose an alternative approach to estimate vir-
tual microphone signals based on a supervised learning framework
using a time-domain neural network, which does not explicitly rely
on the physical model assumptions. Recently, neural networks op-
erating directly in the time-domain, e.g., a time-domain audio sep-
aration network (TasNet) [4,I5], have demonstrated a high level of
performance for speech separation. Moreover, it is confirmed in [6]
that, when applying TasNet to microphone array recordings, the spa-
tial information (i.e., phase) could be preserved, so that beamform-
ing could be successfully constructed based on the output of TasNet.
These works have revealed the potential of neural networks to ac-
curately estimate time-domain signals, i.e., predict both amplitude
and phase information. Motivated by these studies, in this paper,
we investigated the potential of time-domain neural networks to es-
timate virtual microphone signals directly in the time-domain by uti-
lizing the spatial information inferred from a few observed real mi-
crophone signals. We call the method neural network-based virtual
microphone estimator (NN-VME).

To enable the NN-VME to estimate the virtual microphone sig-
nals, we adopt a supervised learning framework, assuming that dur-
ing training we have access to recordings at the location of the virtual
microphone. This assumption is reasonable in many circumstances,
since we may have fewer constraints on the number of microphones
during the system development (collection of training data) than dur-
ing the actual deployment. By adopting the supervised learning
framework, we do not explicitly rely on the physical model assump-
tions, such as the plane wave propagation, unlike [2]. Moreover,
the neural network requires only microphone observations as train-
ing data. Consequently, the network can be naturally trained and
deployed on real recordings.

We tested the effectiveness of the proposed method both in terms
of 1) virtual microphone estimation performance and 2) speech en-
hancement performance when combined with a beamformer. To
demonstrate the potential of the proposed method to deal with real
recordings, we conducted these experiments with the well-known
noisy speech benchmark, CHiME-4 corpus [[7], which contains real
recordings from noisy public environments. Through the experi-
ments, we confirm that the proposed NN-VME achieves high vir-
tual microphone estimation performance and that a beamformer aug-
mented with the proposed NN-VME improves the speech enhance-
ment and automatic speech recognition (ASR) performance.

In this paper, as a typical use-case for the proposed method,
we evaluate the combination of the NN-VME with beamforming for
noise reduction. Besides the combination of the NN-VME with ar-
ray processing techniques, as the other potential application, the NN-
VME could also be used for sound reproduction systems to generate
virtual microphone signals at user-desired locations, where actual
microphones could not be placed, e.g., due to physical constraints.
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2. PROPOSED METHOD: NEURAL NETWORK-BASED
VIRTUAL MICROPHONE ESTIMATOR

2.1. Network architecture

Figure [T] shows the network architecture and the training procedure
of the proposed NN-VME. In the figure, for simplicity, the network
receives two input channels corresponding to the observed real mi-
crophone, and it generates one output channel corresponding to the
estimated virtual microphone. In the following, we will explain the
general case where we predict simultaneously more than one virtual
microphone.

Let r. be the T-length time-domain waveform of the ob-
served signal for the c-th real microphone, and V. denotes the
estimated signal for the ¢’-th virtual microphone. Given the real
microphone signals r = {rc=1,--,re=c, } as an input, the pro-
posed NN-VME module estimates the virtual microphone signals
V={Voo1, +, Ve, }as:

¥ = NN-VME(r), (1)

where, C; denotes the number of observed channels, i.e., real micro-
phones, and C,, denotes the number of virtually estimated channels,
i.e., virtual microphones, and NN-VME(-) is a neural network.

We adopt an architecture for NN-VME(-) inspired by Conv-
TasNet [5], as it was shown to be able to estimate time-domain sig-
nals with high accuracy for speech separation. Similar to the original
Conv-TasNet, the network is mainly composed of a 1d-convolution
encoder layer, internal convolution blocks, and a 1d-deconvolution
decoder layer. First, the encoder layer directly maps the time-domain
signals to an intermediate representation, and then the intermediate
representation is further processed by several convolution blocks.
Finally, the decoder layer converts the intermediate representation
back to time-domain signals.

Note that the original TasNet estimates the separated signals at
the location of the real microphone, while the proposed NN-VME
estimates the observed signals at the location of the virtual micro-
phone.

2.2. Supervised training

The proposed NN-VME adopts the supervised learning framework
in order to enable the NN-VME module to estimate the virtual mi-
crophone signals. Thus, in the training, we use actual microphone
signals at the location of the virtual microphones as training targets.

For supervised training of the proposed NN-VME, we assume
that a set of input and target signals {r, t} is available. Here, t =
{ter=1,+ ,to=c, } and t. denotes the target signal for the ¢'-th
virtual microphone. Figure[Tlillustrates this situation; a subset of the
microphones (e.g., channels 1 and 3) is assigned as network input r,
and another subset (e.g., channel 2) is used as network target t.

We train the network based on the time-domain loss between
the estimated and actual signals at the location of the virtual micro-
phones. As the training loss, we adopt the scale-dependent signal-
to-noise ratio (SNR) [8]] as follows:
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where v = NN-VME (r), as described in Eq. (I).

Note that, in contrast to the speech separation task, we simply
need to estimate the virtual microphone signals and there is no per-
mutation ambiguity, and thus permutation invariant loss is not neces-
sary. Unlike the training for the speech enhancement techniques, the
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Fig. 1. Overview of network architecture and training procedure of
neural network-based virtual microphone estimator

training for the proposed method does not require parallel noisy and
clean signals and it only requires the multi-channel noisy observa-
tion signals, which would be relatively easy and low-cost to prepare.
That is, the proposed model can be trained on real recordings, not
simulated ones. By exploiting a large amount of training data, we
expect that the powerful neural network will be able to provide fine
modeling of real recordings.

3. APPLICATION EXAMPLE: BEAMFORMING WITH
VIRTUAL MICROPHONE ESTIMATOR

The proposed NN-VME enables the generation of virtual micro-
phone signals, and thus could be used with various array processing
techniques. In this paper, to confirm the validity of the estimated
virtual microphone signals for noise reduction applications, we in-
vestigated combining the NN-VME with a frequency domain beam-
former.

3.1. General procedure

First, using the proposed NN-VME, we estimate the virtual micro-
phone signals v € R7 > given the real microphone signals r €
R7 X% as described in Eq. (1), and obtain the augmented micro-
phone signals y = [r,v] € R”*¢, where C = C; + Cy. Then,
we apply a frequency-domain beamformer on top of the augmented
microphone signals in frequency-domain representation, i.e., short-
time Fourier transform (STFT), to obtain the enhanced speech sig-
nal. Finally, we reconstruct the enhanced time-domain waveform
using the inverse STFT.

The enhanced speech signal in the STFT domain Xt, r € C,
is obtained as Xt,f = W?Yt,f. Here, Y;; € C© is a vector
comprising the C'-channel STFT coefficients of the augmented mi-
crophone signals at time-frequency bin (¢, f), wy € C¢ is a vector
comprising the beamforming filter coefficients, and ™ represents the
conjugate transpose.

3.2. Mask-based MVDR Formalization

In this paper, we adopt the minimum variance distortionless response
(MVDR) formalization of [9]], and we compute the time-invariant
filter coefficients w ¢ as follows:
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where ®} € C°* and @} € C* are the spatial covariance

(SC) matrices for speech and noise signals, respectively. u € R is
a one-hot vector representing the reference microphone.

Based on [10], we approximately estimate the SC matrices using
time-frequency masks as follows:
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where v € {S,N}. m{; € [0,1] and m}'; € [0, 1] are the time-
frequency masks for speech and noise, respectively.

3.3. Virtual Microphone Loading

Our preliminary experiments showed that while use of virtual mi-
crophones in beamforming was effective for increasing signal-to-
distortion ratios (SDR) [11]], it does not necessarily contribute to im-
proving the ASR performance. This is probably because processing
artifacts are introduced by the virtual microphone estimation. To re-
duce the effect of such artifacts, we introduced a virtual microphone
loading term Z € R to the noise SC matrix <I>1}I:

B} «— ] + ez, (5)
where Z = {ZCYC/}S:’C{ — is a matrix of zeros excepts for the
diagonal elements corresponding to the virtual microphone, i.e.,
Zey,ev = 1, ¢y denotes the channel index corresponding to the

virtual microphone, and ¢ is a loading hyperparameter that controls
the contribution of the virtual microphone in the construction of the
beamformer. For example, when we set a larger value to €, it means
that the virtual microphone is contaminated by larger noise that is
not correlated with other microphones. As a result, the estimated
beamformer puts less weight on the virtual microphone channels.

4. RELATION TO PRIOR WORK

Our work is related to [2[12H14], which proposed to generate vir-
tual microphone signals by interpolation/extrapolation of signals ob-
served at real microphones. In these methods, the phase compo-
nents are estimated based on several physical model assumptions,
which would make it difficult to use in practice. For example, for
the CHiME-4 corpus, the microphone spacing is too large to assume
no spatial aliasing and thus it cannot be applied to our experimental
settings.

In [14], a supervised learning-based framework is also adopted
to estimate the amplitude components of the virtual microphone.
This framework minimizes the loss function between the output of
the beamformer and the clean signal, but it causes overfitting prob-
lem on the open test set. In contrast, our work assumes the avail-
ability of recordings at the location of the virtual microphone during
training, and it minimizes the loss function between the output of the
NN-VME and actual microphone signals at the locations. We exper-
imentally confirmed the generalization capability for the open test
set and even for real recordings as shown in the experimental results
of Section[3

5. EXPERIMENT

To evaluate the proposed NN-VME, we conducted two types of eval-
uations: 1) evaluation of the virtual microphone estimation perfor-
mance by the proposed NN-VME and 2) evaluation of the enhance-
ment performance by the beamformer with the estimated virtual mi-
crophone. In the experiment, we report the results that estimate one
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Fig. 2. Microphone array geometry for CHiME-4 corpus. All mi-
crophones face forward except for microphone 2.

virtual microphone, but our method can be naturally extended to es-
timate multiple virtual microphones.

5.1. Experimental conditions

We evaluated the proposed NN-VME on the CHiME-4 corpus [7].
The CHiME-4 corpus consists of speech recorded using a tablet de-
vice equipped with a rectangular microphone array with 6 channels,
as illustrated in Figure 21 The corpus contains not only simulated
data but also real recordings from noisy public environments.

The training set consisted of 3 hours of real speech data uttered
by 4 speakers and 15 hours of simulation speech data uttered by 83
speakers. The evaluation set consisted of 1320 utterances of real and
simulated noisy speech data uttered by 4 speakers, respectively. Out
of these utterances, the CHiME-4 organizers reported that 12% of
all the real data were affected by microphone failures, mainly for
channels 4 and 5 [15]. Dealing with such microphone failures is
out of the scope of this study. Therefore, to remove the utterances
with microphone failures, we excluded microphone signals whose
minimum cross-correlation score among channels 4, 5, and 6 was
less than 0.9, using the cross-correlation coefficients provided by
the organizers [16]. The resultant evaluation set consisted of 1149
utterances (i.e., approximately 13% of the data were rejected).

As the evaluation metrics, we used the SDR of BSSEval [11]] and
the word error rate (WER). To evaluate the virtual microphone esti-
mation performance, we computed the SDR between the estimated
virtual microphone signals and the observed real microphone signals
at the channel corresponding to the virtual microphone. To evalu-
ate the enhancement performance of the beamformer, we used the
clean reverberant signals at the fourth channel as reference. Since
we required access to clean signals, this evaluation could only be
performed on the simulated data. We used Kaldi’s CHiME-4 recipe
[17./18]] to evaluate the ASR performance, which consisted of a deep
neural network-hidden Markov model hybrid acoustic model [19420]
trained with the lattice-free maximum mutual information criterion
[21]. We used a trigram language model for decoding.

5.2. Experimental configurations

We adopted the Conv-TasNet-based network architecture for the net-
work configuration of our proposed NN-VME. By following the no-
tations of [3]], we set the hyperparameters as follows: N = 256,
L =20,B=25,H=512,P=3,X=28and R=4.

We trained the proposed NN-VME using both simulated and real
data of the training set, by adopting the Adam algorithm [22] with
an initial learning rate of 0.0001 and the gradient clipping [23]. We
stopped the training procedure after 200 epochs.

For the MVDR beamformer, we used the trained mask estima-
tion model [10] provided in the GitHub repository [24]], which was
used in the Kaldi’s CHiME-4 recipe. For the STFT computation,



Table 1. SDR [dB] for virtual microphone estimator, in which noisy
observed signal is used as reference signal

mic type eval ch refch simu real
RM 4 5 121 88
VM 5(4,6) 5 16.6 13.8
VM 5(3.4,6) 5 16.5 13.8
RM 5 6 8.3 7.8
VM 6(4,5) 6 123 11.8
VM 6 (3,4,5) 6 125 119

we used a Blackman window with a length and shift set at 64 ms
and 16 ms, respectively. In the ASR experiment, we set the loading
hyperparameter ¢ of Eq. (3) to 0.05.

5.3. Experimental results
5.3.1. Evaluation of virtual microphone estimation performance

Table [1] shows the SDR scores of the evaluated NN-VME on the
simulated and real recordings, where RM refers to real microphone,
while VM refers to virtual microphone estimated by the proposed
NN-VME. Here, note that the reference signal for the SDR compu-
tation is the noisy observation signal at the channel corresponding to
the virtual microphone rather than the clean signal, and thus the vir-
tual microphone estimation performance can be evaluated even for
the real recordings.

In the table, the first column (“eval ch”) shows the channel in-
dex of the virtual or real microphone signal used as the estimated
signal in the SDR calculation. The second column (“ref ch”) shows
the channel index of the real microphone signal used as the reference
signal. Here, the notation “5 (4,6)” indicates that the virtual micro-
phone signal at channel 5 was estimated using the real microphone
signals at channels 4 and 6. As a baseline, we compare the scores
with the SDR obtained with the closest real microphones (i.e., the
closest in terms of SDR). These results are shown in the first (eval
ch 4, ref ch 5) and fourth rows (eval ch 5, ref ch 6) of Table[ll

Table [1 shows that the estimated signals by the proposed NN-
VME modules (e.g., “5 (4, 6)”) achieved much higher SDR scores
than the observed signal recorded at the close microphone (e.g., “4”).
These results demonstrate that, even for real recordings, the pro-
posed NN-VME, i.e., the supervised learning-based virtual micro-
phone estimation framework, has a potential to estimate the virtual
microphone signals, which are not really observed by a microphone,
by utilizing the spatial information inferred from a few observed real
microphone signals.

The table shows results for interpolation, i.e., the virtual micro-
phone is located between the real microphones (e.g., “5 (4, 6)”), and
extrapolation in the horizontal direction (e.g., “6 (4,5)”). In both
cases, the NN-VME could predict the virtual microphone with an
SDR of more than about 12 dB. In addition, we observed that in-
creasing the number of the input channels (e.g., “5 (3,4, 6)”) did
not contribute to a significant improvement of the virtual microphone
estimation performance. Investigating the behavior of the proposed
method for various microphone array configurations is an interesting
direction for future work.

5.3.2. Evaluation of beamformer enhancement performance

Table 2l shows the SDR scores of the evaluated beamformers on the
simulated data. Here, VM BF refers to the beamformer with the es-

Table 2. SDR [dB] (higher is better) and WER [%] (lower is better)
for beamformer, in which clean signal is used as reference signal

Method used ch SDR  WER
real virtual  (simu) (real)
(1) no process - - 8.6 15.8
(2) RM BF 4,6 - 10.8 12.0
(3) RM BF 45,6 - 14.2 9.4
(4) VM BF 4,6 5 13.4 11.1
(5) RM BF 3,4,6 - 12.7 10.0
(6) RM BF 3,4,5,6 - 15.2 8.5
(7) VM BF 3,4,6 5 14.2 9.5

timated virtual microphone, while RM BF refers to the beamformer
only with the real microphone. In the table, the columns “real” and
“virtual” in “used ch” denote the channel indices corresponding to
the real and virtual microphones, which are used for constructing the
beamformer, respectively. For example, the “VM BF” of row (4) is
constructed using the two real microphone signals (i.e., channels 4
and 6) and one virtual microphone signal (i.e., channel 5).

Table 2] shows that the proposed VM BF (e.g., row (4)) suc-
cessfully achieved higher SDR score compared to the RM BF con-
structed with the same real microphone signals (e.g., row (2)). Here,
another RM BF (e.g., row (3)) would correspond to the upper-bound
performance of the VM BEF.

In addition to the above SDR-based evaluation, we conducted
an ASR evaluation to evaluate the beamformer’s performance on the
real recordings. Table 2] also shows the WER of the evaluated RM
and VM BFs on the real data. From the table, we confirmed that,
even for the real recordings, the proposed VM BF (e.g., row (4))
reduced the WER compared to its corresponding RM BF (e.g., row
(2)) by up to 0.9 %. A similar trend is observed when using more
microphones (i.e., rows (5)-(7)).

These results demonstrate that the estimated virtual microphone
signals can contribute to improved enhancement performance when
combined with a beamformer.

In the table, the results of the VM BF with the virtual micro-
phone loading, as described in Section [3.3] are reported. The WER
scores of the VM BF without the loading are 15.0 % for row (4) and
13.4 % for row (7), respectively. This confirms the effectiveness of
the virtual microphone loading technique to improve the ASR per-
formance for the VM BFs.

6. CONCLUSION

This paper proposed a novel virtual microphone estimation scheme,
i.e., NN-VME, that employs a time-domain neural network architec-
ture to directly predict the waveform of a virtual microphone signal.
The proposed method relies on supervised learning framework and
the high modeling capability of the network to build a model that
can accurately predict virtual microphone signals based on a few
real microphone observations.

We showed experimentally that the proposed NN-VME could
precisely predict virtual microphone signals even for real recordings,
and that these predicted signals could help boost beamforming per-
formance.

Future work will include, evaluation of the effectiveness of the
proposed method for 1) various microphone array configurations,
2) various acoustic conditions, and 3) other array processing tech-
niques, e.g., source separation [25] and source localization [26].
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