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Abstract—The performance of array processing is limited when
the number of available microphones is insufficient. Virtual
microphone estimation (VME) aims at tackling this limitation
by virtually increasing the number of microphones. Recently,
we proposed the neural network-based VME approach (NN-
VME), which uses a neural network to predict the signal at a
virtual microphone position given observed microphone signals.
In our previous study, we only evaluated NN-VME under a single-
talker noisy acoustic condition for the supervised beamforming,
but its applicability to more difficult acoustic conditions has not
been fully explored. In this paper, we apply NN-VME to more
challenging acoustic conditions and use different array processing
approaches; 1) an underdetermined multi-talker scenario, 2) a
far-field reverberant scenario, and 3) blind source separation
(BSS). Experimental results demonstrate the applicability of NN-
VME to 1) estimating the virtual microphones with high accuracy
even when multiple speakers are simultaneously speaking, 2)
working in the presence of a certain level of reverberation,
although the VME accuracy decreases as the reverberation time
becomes larger, and 3) enabling BSS approaches to work under
the underdetermined condition where they could not be originally
applied.

I. INTRODUCTION

Array signal processing techniques using multiple micro-

phones play an important role in the development of various

applications such as noise reduction, source separation, and

source localization. However, the performance of these tech-

niques is highly dependent on the number of microphones,

and the achievable performance is limited when the number

of microphones is insufficient. Therefore, it is desirable to in-

crease the number of microphones on the array to achieve high

performance. On the other hand, the number of microphones

that can actually be used in a device is limited due to the small

size requirements of many devices, as well as structural or cost

limitations.

Virtual microphone estimation (VME) [1], [2] is an ap-

proach that could compensate for the limitation in the number

of available microphones. VME estimates the observed signals

at locations where microphones do not actually exist (i.e.,

virtual microphone signals) given a few actually recorded

observed signals (i.e., real microphone signals). Augmenting

the array observation with the generated virtual microphone

signals (i.e., virtually increasing the number of microphones)

could improve the array processing performance when the

number of available microphones is limited.

Early VME studies [1], [2] estimated the virtual micro-

phone signals by linearly interpolating the phases of two real

microphone signals under the assumptions of 1) plane wave

propagation, 2) W-disjoint orthogonality of the sources [3],

and 3) a small inter-microphone distance to avoid spatial

aliasing. However, these acoustic assumptions do not always

hold in real conditions (e.g., W-disjoint orthogonality does not

hold under diffuse noise conditions). Recently, we proposed a

neural network-based VME (NN-VME) [4], as an alternative

approach that does not explicitly rely on the above assump-

tions. NN-VME adopts a recent time-domain neural network,

that can simultaneously estimate the amplitude and phase of a

virtual microphone signal as it operates directly on the time-

domain signals. Assuming that during training recordings at

the location of the virtual microphone are available as training

targets, NN-VME learns to estimate the signals at the virtual

microphone locations from the other real microphone signals

in a data-driven manner based on the supervised learning

framework.

In our prior work [4], we confirmed that NN-VME could ef-

fectively estimate virtual microphone signals and contribute the

performance of beamforming [4] through experiments using

real recordings of single-talker in diffuse noise conditions (i.e.,

CHiME-3 task [5]). However, these experiments were limited

to single-speaker diffuse noise conditions and beamforming.

NN-VME framework is not dependent on specific acoustic

conditions or array signal processing techniques. Therefore,

it could potentially be applied to other acoustic conditions

such as the simultaneous speech of multiple speakers. In the

single-speaker condition, it is sufficient to estimate the spatial

information (e.g., speaker position and transfer function) for

one speaker from the observed real microphone signal, but

in the multi-speaker condition, it is necessary to estimate

spatial information of mixed speakers, which would makes

the estimation more difficult. In addition, it has been reported

that, in the source separation task, the performance of the

time-domain neural network could degrade in the presence of

reverberation, and thus it is unclear whether NN-VME could

achieve sufficient accuracy of virtual microphone estimation

under reverberant conditions. In this regard, the applicability

in NN-VME has not yet been fully explored.

In this paper, we verify the applicability of NN-VME frame-

work to more challenging and diverse recording conditions.

The contributions of this paper are as follows:

1) We apply NN-VME framework for underdetermined

(i.e., smaller number of microphones than sources)

multi-talker acoustic conditions that are more complex
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than the single-talker condition. Through the experiment,

we confirm that NN-VME can estimate virtual micro-

phones with sufficient quality even under the multi-

talker condition, where three speakers are simultaneously

speaking, and can contribute to improving the perfor-

mance of subsequent array processing.

2) We perform a comprehensive evaluation in terms of re-

verberation time by creating evaluation utterances whose

reverberation times vary among 0, 100, 200, and 300

ms. Through the experiment, we reveal that NN-VME

can estimate virtual microphones with high accuracy

when the reverberation time is short (e.g., 0 ms, 100

ms), but the estimation performance decreases when

the reverberation time becomes longer (e.g., 300 ms).

However, even with longer reverberation, the estimated

virtual microphone signal contributes to improving the

beamformer’s performance in terms of both speech

enhancement and automatic speech recognition (ASR)

metrics.

3) We experiment with NN-VME using two well-studied

blind source separation (BSS) approaches (i.e., indepen-

dent vector analysis (IVA) [6] and independent low-

rank matrix analysis (ILRMA) [7]) in addition to the

supervised beamforming approach [8]. Through this ex-

periment, we confirm that the proposed NN-VME can

be used independently of the subsequent microphone

array processing approach. Moreover, we show that

NN-VME enabled us to use IVA and ILRMA even

under underdetermined conditions where they cannot be

applied in theory.

The remainder of this paper is summarized as follows:

In Section II, we first review NN-VME framework. Then

in Section III, we briefly explain the array processing ap-

proaches used for the evaluation. In Sections IV and V, we

describe the experiments under (underdetermined) multi-talker

and reverberant acoustic conditions. We conclude the paper in

Section VI.

II. NEURAL NETWORK-BASED VIRTUAL MICROPHONE

ESTIMATOR

A. General procedure

Figure 1 shows a basic processing flow for estimating a

virtual microphone signal and applying it to array processing.

In the figure, for simplicity, the network receives two input

channels corresponding to the observed real microphone (i.e.,

channels 1 and 3), and it generates one output channel corre-

sponding to the estimated virtual microphone (i.e., channel 2).

Let rc ∈ R
T be the time-domain waveform of the observed

signal for the c-th real microphone and vc′ ∈ R
T denote the

estimated signal for the c′-th virtual microphone, where T
denotes the length of the waveform (i.e., number of samples).

In the following, symbols with an over-line, such as rc and

vc′ represent time-domain signals.

NN-VME estimates the virtual microphone signals v =
{vc′=1, . . . ,vc′=C′} ∈ R

T ×C′

given the real microphone

Fig. 1. Basic processing flow of array processing with NN-VME

signals r = {rc=1, . . . , rc=C} ∈ R
T ×C as input, where C

denotes the number of channels for real microphones and

C ′ denotes the number of channels for estimated virtual

microphones.

The estimated virtual microphones are combined with the

real microphones, and we obtain the augmented microphone

array signal x = [r,v] ∈ R
T ×(C+C′). We can then use x as

the input microphone signals to subsequent microphone-array

processing. By applying array processing to the augmented

signal x, it is expected that the array processing performance

could be improved compared to using only the real microphone

observations r.

B. Network architecture

Given the real microphone signal r as input, NN-VME uses

a neural network to estimate the virtual microphone signal v

as:

v = NN-VME(r), (1)

where NN-VME(·) denotes the neural network model for

estimating the virtual microphone.

The network architecture for NN-VME is based on the

time-dilated convolutional network (TDCN) such as the fully-

convolutional time-domain audio separation network (Conv-

TasNet) [9], which can estimate time-domain signals with high

accuracy. As shown on the left side of Fig. 2, the network

is composed of a 1d-convolution encoder layer, an internal

convolution block, and a 1d-deconvolution decoder layer. The

encoder layer directly maps the time-domain signals to an

intermediate representation, which is then further processed

by the internal convolution block, and finally the decoder layer

directly remaps this intermediate representation back to time-

domain signals. Here, the output of the network is the estimate

of the virtual microphones [4], instead of the separated signals

in the original paper [9].

C. Training

NN-VME is trained based on a supervised training frame-

work to enable the neural network model to predict the virtual

microphones. In NN-VME framework, it is assumed that we

have fewer constraints on the number of microphones during

the system development (i.e., collection of training data) than

during actual deployment. Based on this assumption, NN-VME

framework prepares a set of input and target signals r, t for
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Fig. 2. Network architecture and supervised training procedure for NN-MVE

supervised training, where t = {tc′=1, . . . , tc′=C′} ∈ R
T ×C′

,

and tc′ ∈ R
T denote the time-domain target signal corre-

sponding to the c′-th virtual microphone. Figure 2 illustrates

the network architecture and the training procedure of NN-

VME. For training, we assign a subset of the three-channel

recorded microphone (i.e., channels 1 and 3) as network input

r and another subset (i.e., channel 2) as network target t.

We adopt the signal-to-noise ratio (SNR) between the target

signal (real microphone signal at virtual microphone position)

t and estimated virtual microphone signal v = NN-VME(r)
as the training objective:

LVM =

C′∑
c′=1

10 log10
‖tc′‖

2

‖tc′ − vc′‖2
. (2)

To enable the estimation of virtual microphones robust to

acoustic conditions, the training dataset includes a variety

of acoustic conditions, such as different source and array

positions, noise conditions, and reverberation conditions.

III. ARRAY PROCESSING APPROACHES USED FOR

EVALUATION

In this paper, to investigate the applicability of NN-VME

to multi-talker (underdetermined) and reverberant acoustic

conditions, we evaluate two types of popular array processing

approaches; 1) neural network-supported mask-based beam-

forming approach [8] and 2) blind source separation approach

[6], [7], [10]. This section briefly overviews the two ap-

proaches.

A. Problem formulation

In this paper, we assume a situation where I source

signals are recorded by M microphones. Let si,t,f ∈ C

denote the short-time Fourier transform (STFT) coefficients

of the i-th source at time-frequency bin (t, f) and ai,f =
[a1,i,f , . . . , aM,i,f ]

T ∈ C
M denote the time-invariant transfer

function of the i-th source at frequency f . In the STFT

domain, the observed signal1 at each time-frequency bin

xt,f = [x1,t,f , . . . , xM,t,f ]
T ∈ C

M is modeled as:

xt,f =

I∑
i=1

ai,fsi,t,f + nt,f , (3)

= Afst,f + nt,f , (4)

where st,f = [s1,t,f , . . . , sI,t,f ]
T ∈ C

I are the source sig-

nals, nt,f = [n1,t,f , . . . , nM,t,f ]
T ∈ C

M are the additive

noise signals, and T represents a transpose operation. Af =
[a1,f , . . . ,aI,f ] ∈ C

M×I denotes the mixing matrix containing

the transfer functions for each speaker.

In this study, we focus on the source separation problem

in the underdetermined condition where the number of real

microphone signals C is smaller than the number of sources

I , i.e., C < I . By augmenting the array signals using VME,

the number of microphones M is virtually increased from

M = C (< I) to M = C + C ′ (≥ I), and we can thus

use array processing methods assuming determined (M = I)

or overdetermined (M > I) condition.

B. Mask-based beamforming

Beamformers enhance signals arriving from a specific di-

rection. Given an observed signal xt,f , the enhanced signal

yBF
t,f ∈ C is calculated as follows:

yBF
t,f = wH

f xt,f , (5)

where wf ∈ C
M denotes the beamforming filter coefficients

at frequency f , and H denotes a conjugate transpose. In this

paper, we adopt the MVDR beamformer formulation of [11],

and the time-invariant filter wf is computed as:

wf =
(Φ N

f )−1ΦS
f

Tr((ΦN
f )

−1Φ S
f )

u, (6)

where ΦS
f ∈ C

M×M and ΦN
f ∈ C

M×M denote the spatial

covariance matrix for the target and noise signals, respectively.

u denotes a one-hot vector representing the reference micro-

phone, and Tr(·) denotes a matrix trace operation. The spatial

covariance matrices ΦSi

f ,ΦNi

f for each speaker i = 1, . . . , I
can be approximately estimated using the time-frequency mask

mi,t,f as [8]:

ΦSi

f =
1∑T

t
′=1 mi,t

′
,f

T∑
t=1

mi,t,fxt,fx
H

t,f , (7)

ΦNi

f =
1∑T

t
′=1(1−mi,t

′
,f )

T∑
t=1

(1−mi,t,f )xt,fx
H

t,f , (8)

where mi,t,f ∈ [0, 1] denotes the time-frequency mask, and

mi,t,f = 1 indicates that the time-frequency bin is dominated

by the i-th source. We can use a generative model-based ap-

proach such as the complex Gaussian mixture model (cGMM)

[12] or neural networks [8] to estimate the time-frequency

1The observed signal can be augmented with the virtual microphone signal
generated by the VME approaches as described in Section II-A.
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mask. In the experiments of Section V-B, we adopt the

latter option, which we refer to as neural network-supported

beamformer (NN-BF).

In theory, a beamformer can produce at most C − 1 nulls

and thus cannot cancel more than C − 1 interference signals.

Therefore, it is in principle impossible to eliminate all of the

interference speech in the underdetermined condition (C < I),

and the achievable enhancement performance could be limited

due to the number of available microphones. By adding virtual

microphone signals to the real microphones, we expect to

virtually increase the number of nulls the beamformer can

generate, which may lead to better enhancement performance.

C. Blind source separation

Suppose that the number of sources is same as that of

microphones (M = I). BSS approaches such as IVA and

ILRMA estimate demixing matrix A−1
f ≈ Wf ∈ C

M×M ,

which separates a mixture of speech sources into each of its

original components based only on the observed microphone

signals, by assuming statistical independence between sources.

Given an observed signal xt,f , separated signals yBSS
f,t =

[y1,t,f , . . . , yM,t,f ]
T ∈ C

M for all speakers is calculated as:

yBSS
t,f = Wfxt.f . (9)

The demixing matrix Wf is estimated by maximizing the log-

likelihood as:

LBSS =

M∑
i=1

T∑
t=1

log p(ỹi,t) + 2T

F∑
f=1

log |detWf |, (10)

where ỹi,t = [yi,t,f , . . . , yi,t,F ]
T ∈ C

F denotes the vector

of the i-th source at time frame t, which includes the STFT

coefficients for all frequencies, and F denotes the number of

frequency bins. p(ỹi,t) denotes the the probability density of

i-th source.

In this paper, we experiment with IVA [6], [10] and ILRMA

[7]. These two approaches assume different source spectrum

models pIVA(ỹi,t), p
ILRMA(ỹi,t) as:

pIVA(ỹi,t) =
1

Z
exp

(
−

√∑
f

|yi,t,f |
2

)
, (11)

pILRMA(ỹi,t) =
∏
f

1

πri,t,f
exp

(
−
|yi,t,f |

2

ri,t,f

)
, (12)

where pIVA(·) is a multivariate Laplace distribution and

pILRMA(·) is a complex Gaussian distribution. Here, Z denotes

a normalization constant. ri,t,f denotes a variance, and it is

modeled by non-negative matrix factorization (NMF) [13].

IVA and ILRMA are BSS approaches applicable only to

the determined or overdetermined case where the number of

sources I is equal to or less than the number of microphones

C (I ≤ C). By increasing the number of microphones from

M = C (< I) to M = I using VME, we expect to apply these

methods even for the underdetermined conditions (C < I).

Fig. 3. Microphone array geometry for CHiME-3 corpus. Channel 5 is used
as the virtual microphone (VM).

IV. EXPERIMENTAL CONDITIONS

A. Evaluated dataset

We created a dataset of simulated reverberant noisy multi-

talker speech mixtures using the speech sources of the Wall

Street Journal (WSJ) corpus [14] and the noise sources of the

CHiME-3 corpus [5]. To create the reverberant speech sources,

we randomly generated simulated room impulse responses

based on the image method [15]. The reverberation time

(T60) was randomly selected from 0 to 300 ms for each

utterance when creating the training data, and we created the

four evaluation datasets with different reverberation times, i.e.,

fixed at 0, 100, 200, and 300 ms. The SIR for interfering

speakers was randomly set to between −3 dB and 3 dB to

the first speaker, and the SNR for diffuse noise was set to

20 dB. We generated 30,000, 5,000, and 5,000 mixtures for

training, development, and evaluation sets, respectively. The

microphone geometry (i.e., CHiME-3’s tablet device [5]) is

shown in Fig. 3. We used the three bottom channels of the

tablet device (i.e., channels 4, 5, and 6) in the following

experiments.

B. Evaluated systems

We adopted the time-domain convolutional network

(TDCN)-based architecture [9] for our NN-VME. By following

the notations of a previous work [9], the length of the filters

was set to L = 20, and the number of filters was set to

N = 256. The internal convolution block consisted of a stack

of convolutional blocks with H = 512 channels, kernel size

P = 3, and B = 256 bottleneck channels. The stack was

repeated R = 4 times, and we used X = 8 convolutional

blocks per stack. We adopted the Adam algorithm [16] and

gradient clipping [17] with an initial learning rate of 0.0001,

and we stopped the training procedure after 200 epochs.

We implemented the TDCN-based NN-VME based on the

software tools provided in the GitHub repository [18].

For NN-BF, we also created a neural source separation

model based on the permutation invariant training [19]. We

also used a Conv-TasNet model for the separation network,

and the time-frequency mask for each source was calculated

as the ratio of the magnitude between the TasNet output and

the input mixture [20]. The configurations, such as the network

and optimization hyperparameters, were basically the same as

those for NN-VME. The difference between the two networks

296



Proceedings of 2022 APSIPA Annual Summit and Conference 7-10 November 2022, Chiang Mai, Thailand

is that NN-VME has a single output, which corresponds to

the speech mixture at the virtual microphone, whereas the

separation network has multiple outputs, one for each source

in the mixture.

For IVA and ILRMA, we used the implementations of

pyroomacoustics [21], [22]. We ran 50 iterations for IVA and

100 iterations for ILRMA to estimate the demixing matrix.

The number of NMF bases for ILRMA was set to 2.

For each evaluation set (i.e., each reverberation time), the

window length of STFT was set to the one with the highest

SDR on the development set among 32, 64, 128, 256, and 512

ms. The shift length was set to 1/4 of the window length.

C. Evaluation criteria

As the evaluation criteria, we used the signal-to-distortion

ratio (SDR) of BSSEval [23] and word error rate (WER).

Given an estimated signal sest ∈ R
T and a reference signal

sref ∈ R
T in the time domain, the SDR of BSSEval is defined

as:

SDR(stgt, sest) = 10 log10
‖stgt‖

2

‖stgt − sest‖2
. (13)

where stgt is computed by orthogonally projecting the esti-

mated signal sest onto the reference signal sref [23].

To evaluate the accuracy of virtual microphone estimation,

we used SDRVM = SDR(t,v), where v denotes the virtual mi-

crophone signal estimated by NN-VME and t denotes the real

microphone signal at the position of the virtual microphone

used as the reference signal.

In addition, to evaluate the effectiveness of the virtual

microphone signal when applied to array processing (AP),

we used SDRAP = SDR(s,y), where y ∈ R
T denotes the

time-domain signal obtained by applying iSTFT to the array

processed signals (i.e., Eq. (5) and (9)) and s ∈ R
T denotes

the corresponding single-talker reverberant speech (i.e., spatial

image) at channel 4 in Figure 3 as a reference. The total score

was computed by averaging SDRAP for the three speakers in

the mixture. The permutations of each estimated and reference

signal were determined by BSS EVAL based on the signal-to-

interference ratio (SIR) scores.

To evaluate the speech recognition performance (i.e., WER),

we created a deep neural network-hidden Markov model

(DNN-HMM) hybrid acoustic model [24], [25] based on

Kaldi’s WSJ recipe [26], [27]. The system was trained with

lattice-free maximum mutual information criterion [28] using

the noisy single-talker speech data, beamformed signals con-

structed with three real microphones, and beamformed signals

constructed with two real and one virtual microphone. We used

a trigram language model for decoding.

V. EXPERIMENTAL RESULTS

A. Virtual microphone-level evaluation

First, we evaluate the VME accuracy in terms of SDRVM as

described in Section IV-C. Table I shows the SDRVM scores for

different reverberation conditions. In the table, “RM” denotes

the real microphone signal, and “VM” denotes the virtual

TABLE I
SDR [DB] (HIGHER IS BETTER) FOR EVALUATING ESTIMATION ACCURACY

OF VIRTUAL MICROPHONE, IN WHICH OBSERVED MIXTURE IS USED AS

REFERENCE

T60[ms]

mictype eval ch ref ch 0 100 200 300 ave.

RM 4 5 2.9 3.7 2.6 2.2 2.9
RM 6 5 4.6 4.4 3.6 2.7 3.8
VM 5 (4,6) 5 17.8 15.9 12.5 9.9 14.0

TABLE II
SDR IMPROVEMENT [DB] (HIGHER IS BETTER) FOR EVALUATING ARRAY

PROCESSING PERFORMANCE, IN WHICH SINGLE-TALKER REVERBERANT

SPEECH IS USED AS REFERENCE. (BASELINE SDRAP OF OBSERVED

SIGNALS WAS −3.1 DB ON AVERAGE)

used ch T60 [ms]

Method RM VM 0 100 200 300 ave.

(1) NN-BF 4,6 – 5.8 6.1 6.2 5.8 6.0
(2) 4,6 5 (4,6) 8.1 8.3 8.2 7.2 8.0
(3) 4,6,5 – 10.1 10.6 10.6 9.2 10.1

(4) IVA 4,6 – N/A N/A N/A N/A N/A
(5) 4,6 5 (4,6) 6,1 5.2 4.4 2.6 4.6
(6) 4,6,5 – 7.7 7.8 6.4 4.2 6.5

(7) ILRMA 4,6 – N/A N/A N/A N/A N/A
(8) 4,6 5 (4,6) 4.6 4.0 2.8 1.2 3.2
(9) 4,6,5 – 6.9 7.1 6.0 4.1 6.0

microphone signal estimated by NN-VME. The “eval ch”

column indicates the channel index of the virtual or real

microphone used as the estimated signal, while the “ref ch”

column indicates the channel index of the real microphone

used as the reference signal when calculating SDRVM. In

the “VM” column, a notation such as “5 (4,6)” indicates the

virtual microphone signal at channel 5 estimated from the real

microphone signals at channels 4 and 6.

Table I shows that the virtual microphone signal (i.e., 5

(4,6)) estimated by NN-VME achieved a much higher SDRVM

score compared to the adjacent real microphones (i.e., 4 or 6).

This result demonstrates that, even for the simultaneous speech

of multiple speakers, NN-VME framework has the potential to

estimate the virtual microphone signals (i.e., spatial informa-

tion of each speaker) from a few observed real microphone

signals.

From the table, we also confirm that NN-VME achieves

higher SDRVM when the reverberation time is short (i.e,

T60 = 0 ms or T60 = 100 ms), while the VME accuracy tends

to decrease as the reverberation time increases (although the

SDRVM of the virtual microphone remains higher than those

of the adjacent real microphones).

B. Array processing-level evaluation

We then evaluated the impact of using a VME on array

processing. Table II shows the SDRAP improvement (described

in Section IV-C) as a way to evaluate the source separation

performances of the evaluated array processing approaches

(i.e., NN-BF, IVA, and ILRMA). The “RM” and “VM”

columns in “used ch” indicate the channel indices of real and

297



Proceedings of 2022 APSIPA Annual Summit and Conference 7-10 November 2022, Chiang Mai, Thailand

TABLE III
WER [%] (LOWER IS BETTER) FOR EVALUATED BEAMFORMERS

used ch T60 [ms]

Method RM VM 0 100 200 300 ave.

(1) no-proc. – – 97.6 97.6 98.2 98.1 97.9

(2) NN-BF 4,6 – 45.5 42.4 35.3 36.7 40.0
(3) 4,6 5 (4,6) 28.5 25.6 23.8 31.2 27.3
(4) 4,6,5 – 21.6 18.3 16.8 22.3 19.7

virtual microphones, respectively, used for running the array

processing approaches. For example, the second row, “(2) NN-

BF,” shows results using NN-BF constructed with two real

microphones (i.e., RM = 4,6) and one virtual microphone

(i.e., VM = 5 (4,6)). Here, “(3) NN-BF,” “(6) IVA,” and

“(9) ILRMA” show the results of each method when using

three real microphones, which corresponds to the upper-bound

performance that could be achieved by virtual microphone

augmentation. “N/A” for “(4) IVA” and “(7) ILRMA” indicates

that IVA and ILRMA are not applicable in underdetermined

situations (i.e., M = 2 and I = 3).

Table II shows that “(2) NN-BF” with a virtual microphone

achieved higher SDRAP improvement than “(1) NN-BF” with

the same number of real microphones (i.e., using two real mi-

crophones). This result indicates that the estimation accuracy

of the virtual microphones verified in Table I is sufficient to

improve the array processing performance.

From the table, we also confirmed that “(5) IVA” and “(8)

ILRMA” with virtual microphones improved SDRAP compared

to the unprocessed observed mixture, especially in the less

reverberant condition. This result demonstrates that NN-VME

has the potential to make the BSS techniques such as IVA and

ILRMA applicable for the underdetermined conditions, where

they could not be originally applied.

The table shows that NN-BF achieved between 7 and 8

dB SDRAP improvement by using the virtual microphone

regardless of the reverberation time, and that the performance

of BSS with the virtual microphone (i.e., “(5) IVA” and “(8)

ILRMA”) significantly decreased, especially when reverber-

ation time became longer (e.g., T60 = 300 ms)2. These

results suggest that, as a future research direction, it would

be worth mitigating the effect of reverberation, for example,

by combining a dereverberation technique (e.g., [29]) with the

NN-VME framework.

C. Speech recognition-level evaluation

Finally, we perform evaluations using NN-VME and NN-BF

as a front-end for ASR. NN-BF is commonly used as a front-

end for ASR systems [30]. Here, we evaluate the effectiveness

of NN-VME for improving the ASR performance. Table III

shows the WER scores of the evaluated NN-BF systems

2Note that this degradation can be attributed in part to the VME accuracy
degradation under reverberant conditions as shown in Table I and the fact that
IVA and ILRMA separation performances also degrade in higher reverberant
conditions as shown by the performance degradation observed when using
real microphones.

with and without a virtual microphone. In the table,“(1) no-

proc.” shows the scores for the unprocessed observed mix-

ture. From the table, we confirm that, for the multi-talker

simultaneous speaking scenario, “(3) NN-BF” with a virtual

microphone successfully improves the ASR performance (i.e.,

WER) compared to “(2) NN-BF” with the same number of

real microphones (i.e., using two real microphones).

VI. CONCLUSION

In this paper, we investigated the applicability of the NN-

VME framework with difficult acoustic conditions (underde-

termined multi-talker and far-field reverberant) and two array

processing approaches (NN-BF and BSS). Our experimental

results show that the NN-VME framework could estimate the

virtual microphone signals in the acoustic condition where

the multiple speakers are simultaneously speaking, and that

it enabled blind source separation approaches (i.e., IVA and

ILRMA) to work on the underdetermined condition where

they could not be originally applied. Experimental results

also reveal that the estimation accuracy of the virtual micro-

phones tended to decrease as the reverberation time increased.

However, even with reverberation time of more than 200

ms, the use of a virtual microphone consistently improved

array-processing performance. Future work will include an

investigation to mitigate the impact of reverberation, e.g.,

introducing dereverberation techniques as a pre-processing for

the NN-VME framework.
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