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Integrated DNN-Based Parameter Estimation for
Multichannel Speech Enhancement
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Abstract—One of the popular configurations for the statistical
model-based multichannel speech enhancement (SE) is to apply a
spatial filter such as the minimum-variance distortionless response
beamformer followed by a single channel post-filter, and some of the
deep neural network (DNN)-based approaches mimic it. While a
number of DNN-based SE focused on direct estimation of clean
speech features or the masks to estimate clean speech, some of
the efforts were devoted to estimate the statistical parameters.
DNN-based parameter estimation with two DNNs for a beamform-
ing stage and a post-filtering stage has demonstrated impressive
performance, but the parameter estimation for a beamformer
and that for a post-filter operate separately, which may not be
optimal in that the post-filter cannot utilize spatial information
from multi-microphone signals. In this letter, we propose integrated
DNN-based parameter estimation for multichannel SE based on
both the beamformer output and multi-microphone signals. The
speech presence probability and the power spectral densities for
speech and noise estimated in the beamforming stage are utilized
in the post-filtering stage for better parameter estimation. We also
adopt the dual-path conformer structure with an encoder and
decoders to enhance the performance. Experimental results show
that the proposed method marked the best wideband perceptual
evaluation of speech quality (PESQ) scores on the CHiME-4 dataset
among all methods with comparable computational complexity.

Index Terms—Multichannel speech enhancement, MVDR
beamformer, post-filter, DNN-based parameter estimation.

I. INTRODUCTION

THE goal of multichannel speech enhancement (SE) is to
improve the perceptual quality of noisy and reverberant

multichannel speech [1], [2], [3], [4], [5], [6], [7], [8], [9],
[10], [11], [12], [13], [14], [15], [16], [17], [18], [19], [20],
[21], [22], [23], [24], [25], [26], [27], [28], [29], [30]. One
widely-used structure for multichannel SE is to process the input
with a spatial filter such as the minimum variance distortionless
response (MVDR) beamformer exploiting spatial diversity of
sound sources, and then apply a single channel post-filter to the
output of the spatial filter to further reduce the residual noise [2],
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[3], [4], [5]. Recently, various studies have been proposed to
utilize deep neural networks (DNNs) for multichannel SE, which
have shown significant performance improvement. Early ap-
proaches simply adopt DNN-based single channel SE to obtain
spatial covariance matrices (SCMs) for speech or noise [6], [7],
and several efforts have been made to estimate beamformers
directly [8], [9], [10], [11], [12], [13]. While a majority of recent
DNN-based multichannel SE methods focus on direct estimation
of clean features or masks applied to noisy features [14], [15],
[16], [17], [18], [19], [20], [21], [22], there have been attempts
to estimate parameters required in the traditional framework
such as SCMs, relative transfer functions (RTFs), power spectral
densities (PSDs) for speech and noise, and signal-to-noise ratios
(SNRs) [6], [11], [12], [13], [23], [24], [25], [26], [27], [28], [29].

As for the post-filter in the DNN-based multichannel SE
systems, a Wiener filter was adopted in [23] and DNN-based
post-filters which directly estimate masks or clean features
from the beamformer output and/or microphone signals were
employed in [9], [10], [25], [26], [27], [28]. Recently, a DNN-
based parameter estimation approach was proposed in [29],
where one DNN estimates parameters for an MVDR beam-
former and the other produces parameters required for a post-
filter. While it achieved a good performance with a mod-
erate number of parameters demonstrating the potential of
DNN-based parameter estimation for the traditional statisti-
cal model-based multichannel SE framework, the parameter
estimation in the post-filtering stage only takes the beam-
former output signal. As the multi-microphone signals avail-
able only for the beamforming stage would have informa-
tion on speech and noise that the beamformed signal does
not include, it may have limited the performance of this
method.

In this letter, we propose an integrated DNN-based param-
eter estimation incorporating the minimum mean square error
(MMSE) estimators of the PSDs for speech and residual noise
based on both beamformer output and the multi-microphone
signals. Specifically, the a posteriori speech presence probability
(SPP), speech PSD, and noise PSD estimated in the beam-
forming stage based on the microphone signals are integrated
in the parameter estimation for post-filtering to exploit spatial
and spectro-temporal information. We also adopt the dual-path
conformer structure [31] as the network structures for the two
DNNs to further enhance the performance. Experimental results
on the CHiME-4 dataset demonstrate that the proposed method
showed the highest perceptual evaluation of speech quality
(PESQ) scores [32].
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II. REVIEW OF DNN-BASED PARAMETER ESTIMATION

A. MVDR Beamforming and Post-Filtering

Suppose that the desired speech is captured by M mi-
crophones in a noisy and reverberant environment. The
observed noisy signal in the short-time Fourier transform
(STFT) domain, y(l, k) = [Y1(l, k), Y2(l, k), . . . , YM (l, k)]T ,
1 ≤ l ≤ L, 1 ≤ k ≤ K, in which Ym(l, k) is the k-th frequency
component for the noisy speech at the m-th microphone in the
l-th frame, can be written as a function of the clean speech s(l, k),
noise including reverberation v(l, k), and RTF vector g(l, k):

y(l, k) = s(l, k) + v(l, k) = g(l, k)S1(l, k) + v(l, k). (1)

To estimate clean speech at the reference microphone S1(l, k)
from the observed signals y(l, k), DNN-based parameter esti-
mation is proposed in [29] for the statistical model-based multi-
channel SE framework consisting of a spatial filter followed by
a post-filter. One of the popular choices for the spatial filter is
the MVDR beamformer minimizing the variance of the noise at
the beamformer output under the constraint of the distortionless
response for the desired direction :

wmvdr(l, k) =
Φ−1

v (l, k)g(l, k)

gH(l, k)Φ−1
v (l, k)g(l, k)

(2)

in which Φv(l, k) = E[v(l, k)vH(l, k)] is the SCM of v(l, k).
The beamformer output Z(l, k) = wH

mvdr(l, k)y(l, k) does not
perfectly match S1(l, k), and thus a post-filter to suppress
O(l, k) = Z(l, k)− S1(l, k) is needed. One of the widely-used
post-filter is the MMSE log-spectral amplitude (LSA) [33] clean
speech estimator given by

Ŝ1(l, k) = Gmmse−lsa(l, k)Z(l, k), (3)

where Gmmse−lsa(l, k) is given by

Gmmse−lsa(l, k) =
ξ(l, k)

ξ(l, k) + 1
exp

{
1

2

∫ ∞

v(l,k)

e−t

t
dt

}
, (4)

in which v(l, k) = [ξ(l, k)/(ξ(l, k) + 1)]γ(l, k), and ξ(l, k) and
γ(l, k) are the a priori and the a posteriori SNRs defined
as ξ(l, k) = φs(l, k)/φo(l, k) and γ(l, k) = |Z(l, k)|2/φo(l, k)
where φs(l, k) = E[|S1(l, k)|2] and φo(l, k) = E[|O(l, k)|2].

B. Parameter Estimation for Beamforming and Post-Filtering

In [29], a DNN-based parameter estimation approach was
proposed, which provides higher tunability than the end-
to-end approaches. Let ψm(l, k) and θm(l, k), 2 ≤ m ≤M
be the interchannel phase differences (IPDs) between the
m-th and the first microphone signals for the clean and
noisy speech and Ψm(l, k) = [ sinψm(l,k)+1

2 , cosψm(l,k)+1
2 ] and

Θm(l, k) = [ sin θm(l,k)+1
2 , cos θm(l,k)+1

2 ] are sinusoidal func-
tions of them [34] mapped into [0,1] range [29]. The first
DNN (DNN1) estimates the a posteriori SPP ps = P (H1|y)
and Ψ = {Ψm(l, k), ∀m, l, k} ∈ R2(M−1)×L×K from the mag-
nitude spectrogram of the first microphone signal, |Y1| =
{|Y1(l, k)|, ∀l, k} ∈ RL×K , and Θ = {Θm(l, k), ∀m, l, k} ∈
R2(M−1)×L×K for the MVDR beamformer:

[p̂sBF
, Ψ̂] = DNN1(|Y1|,Θ), (5)

in which p̂sBF
is the estimate of ps in the beamforming stage.

Each component ofg(l, k) in (2) is approximated using ψ̂m(l, k)

computed from Ψ̂m(l, k) as in [29] with the far-field assumption,
i.e,

ĝm(l, k) = exp j · ψ̂m(l, k). (6)

Another parameter, Φv(l, k), is computed using the bidi-
rectional multichannel minima-controlled recursive averaging
(BMC-MCRA) approach [29], where p̂sBF

determines the SPP-
dependent smoothing parameter.

The second DNN (DNN2) is dedicated to estimate the parame-
ters to evaluate the gain function in (4). In [29], the iDeepMMSE
proposed in [35] was adopted, which computes ξ(l, k) and
γ(l, k) using the parameters obtained from DNN2. DNN2 esti-
matesps, speech PSDφs, and a priori SNR ξ from the magnitude
of the beamformer output |Z| = {|Z(l, k)|, ∀l, k} ∈ RL×K , i.e,[

p̂sPF
, ˆ̄φsPF

, ˆ̄ξPF

]
= DNN2(|Z|), (7)

in which φ̄s and ξ̄ are the training targets forφs and ξmapped into
[0,1] range by modeling the distribution of each variable with a
Gaussian distribution and applying the cumulative distribution
function as a mapping function [29], [35], and ·̂PF denotes
an estimate for the post-filter. φ̂sPF

and ξ̂PF are obtained by

applying the inverse mappings to ˆ̄φsPF
and ˆ̄ξPF . Then, the

MMSE estimators for the power spectra of speech and residual
noise can be obtained as
̂|S1|2 = E(|S1|2|Z) (8)

= p(H0|Z)E(|S1|2|Z,H0) + p(H1|Z)E(|S1|2|Z,H1),

̂|O|2 = E(|O|2|Z)
= p(H0|Z)E(|O|2|Z,H0) + p(H1|Z)E(|O|2|Z,H1),

(9)

where H0 and H1 indicate the hypotheses for speech absence
and presence, p(H0|Z) = 1− p(H1|Z) and

E(|S1|2|Z,H0) = 0, E(|O|2|Z,H0) = |Z|2, (10)

E(|S1|2|Z,H1) =

(
ξ

1 + ξ

)2

|Z|2 + 1

1 + ξ
φs, (11)

E(|O|2|Z,H1) =

(
η

1 + η

)2

|Z|2 + 1

1 + η
φo (12)

in which η = 1/ξ is the noise-to-signal ratio. p̂sPF
is used

as p(H1|Z), φs and φo are estimated by φ̂sPF
and φ̂oPF

=
1

1+̂ξPF
|Z|2, and ξ and η are given by φ̂sPF

/φ̂oPF
and its

reciprocal, respectively. The refined estimates for the speech
and noise PSDs, φ̂rs and φ̂ro, are obtained through temporal

recursive smoothing of ̂|S1|2 and ̂|O|2. The MMSE-LSA gain
function in (4) is evaluated with ξ̂r(l, k) = φ̂rs(l, k)/φ̂

r
o(l, k) and

γ̂r(l, k) = |Z(l, k)|2/φ̂ro(l, k).

III. INTEGRATED DNN-BASED PARAMETER ESTIMATION FOR

MULTICHANNEL SPEECH ENHANCEMENT

While the study in [29] showed that adopting DNN-based
parameter estimation for MVDR beamforming and post-filtering
in the statistical model-based SE framework can compete with
the end-to-end DNN-based SE, the post-filtering stage in [29]
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Fig. 1. Block diagram of the proposed multichannel speech enhancement system. Orange color indicates modified parts different from DeepPE [29].

was essentially a single channel SE operating independently of
the beamforming stage. In this work, the MMSE estimators
for the power spectra of speech and residual noise based on
the beamformer output Z in (8) and (9) are replaced by the
MMSE estimators for them based on not only Z but also the
multichannel microphone signaly so that the spatial information
can be exploited in the post-filtering stage. The estimate for the
speech PSD is also further refined incorporating the estimate
of it obtained in the beamforming stage. As the speech activity
and speech PSD in the beamforming stage are the same as those
in the post-filtering stage and the noise PSD estimated from
multi-microphone signals bears a certain amount of information
on the residual noise in the beamformed signal, the integrated
parameter estimation combining the estimates from both of the
stages will lead to better SE. We also propose a new architecture
for DNN1 and DNN2 based on dual-path conformers modifying
the generator of the CMGAN [31]. The block diagram of the
proposed system is shown in Fig. 1, which is described in the
following subsections in detail.

A. Architecture of the DNNs

The input and output for DNN2 are the same as those in (7),
while the output of DNN1 is modified from the one in (5) used
in [29]. One more parameter φ̄sBF

, the speech PSD mapped into
the range [0, 1], is also estimated by DNN1, i.e,[

p̂sBF
, ˆ̄φsBF

, Ψ̂
]
= DNN1(|Y1|,Θ). (13)

The training target for ˆ̄φsBF
is essentially the same with that for

ˆ̄φsPF
, and the same inverse mapping is applied to ˆ̄φsBF

to obtain
φ̂sBF

, which is used in the post-filtering stage.
As for the model architectures for DNN1 and DNN2, we adopt

the dual-path conformer structure employed for the generator of
the CMGAN [31] as a backbone, which originally comprises
an encoder that takes the magnitude and real and imaginary
parts of the spectrogram, dual-path conformer blocks each of
which applies the conformers along the time and frequency axes
sequentially, and two decoders to produce real-valued masks and
complex-valued clean feature estimates. The input variables to
DNN1 are concatenated along the channel direction and then fed
into the encoder. Because the sinusoidal functions of the clean
IPDs have quite different patterns from the a posteriori SPP and
speech PSD which have high values for the time-frequency bins
with high speech energies, we employ two separate decoders for

Ψ̂ and [p̂sBF
, ˆ̄φsBF

], respectively, both with sigmoid activation
functions. As for DNN2, only one decoder is used to produce

p̂sPF
, ˆ̄φsPF

, and ˆ̄ξPF with a sigmoid activation function. We
have used the weighted summation of the binary cross entropy
(BCE) for each output variable as the loss function to train both
of the networks as in [29], since all the output variables are scaled
into [0,1].

B. Post-Filtering With Integrated Estimation of PSDs

In [29], the power spectra |S1|2 and |O|2 are estimated with the
MMSE criteria assuming thatZ is the only observation as shown
in (8) and (9). In this letter, we propose the MMSE estimators
for them based on both Z and y given by

̂|S1|2 = E(|S1|2|Z,y) = p(H0|Z,y)E(|S1|2|Z,y, H0)

+p(H1|Z,y)E(|S1|2|Z,y, H1), (14)

̂|O|2 = E(|O|2|Z,y) = p(H0|Z,y)E(|O|2|Z,y, H0)

+p(H1|Z,y)E(|O|2|Z,y, H1). (15)

E(|S1|2|Z,y, H0),E(|O|2|Z,y, H0),E(|S1|2|Z,y, H1) and
E(|O|2|Z,y, H1) have the same forms with the right-hand
sides in (10)-(12) except the conditioning variable y affects the
estimation of ξ and η. The estimates for the a posteriori SPP
p(H1|Z,y) in (14) and (15), p̂ss and p̂os, can be obtained by
combining the estimate of it from y, p̂sBF

, and another estimate
of it from Z, p̂sPF

, with two different weights wsps and wops as

p̂xs = wxps p̂sBF
+ (1− wxps)p̂sPF

, x ∈ {s, o}. (16)

ξ̂ and η̂ are the estimated ratios of the PSDs for speech and
residual noise, and we can combine the estimates for the PSDs
of speech and residual noise from the beamforming and the
post-filtering stages. Unlike the ξ̂ and η̂ in [29] which are
the reciprocal of each other, we propose to estimate ξ and η
separately for specific goals such as the preservation of speech
and clean-up of the spectral valleys. ξ and η are estimated as

ξ̂Z,y =
wξφ̂sBF

+ (1− wξ)φ̂sPF

φ̂oPF

(17)

η̂Z,y =
wηφ̂oBF

+ (1− wη)φ̂oPF

φ̂sPF

(18)

in which wξ and wη are weights and φ̂oBF
, the noise PSD

estimate from the beamformer stage, is computed from the
(1,1)-th component of Φv estimated by the BMC-MCRA ap-
proach, [Φ̂v](1,1), and the magnitude gain function GBF =

max(|Z|2/|Y1|2, 1) as φ̂oBF
= GBF [Φ̂v](1,1) [36].
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Using the MMSE estimators for power spectra in (14) and
(15), the refined estimates for speech and noise PSDs, φ̂rs and φ̂ro,
are obtained by temporal recursive smoothing of power spectra
as in [29]. To further reduce the speech PSD underestimation in
the speech present regions, we combine φ̂rs with φ̂sBF

once more
since φ̂sBF

tends to underestimate φs less in our preliminary
experiment. The final estimate of the speech PSD becomes

φ̂finals = w̃φs
φ̂sBF

+ (1− w̃φs
)φ̂rs (19)

where w̃φs
= wφs

ˆ̄φsBF
is a weighting factor depending on

ˆ̄φsBF
. It is noted that we have used ˆ̄φsBF

as a measure of

speech presence because φ̄sBF
is in [0,1] and ˆ̄φsBF

shows higher
peak-to-valley ratios than the estimates for the SPP. Finally, the
MMSE-LSA gain function of the post-filter in (4) is computed
using the ξ̂final(l, k) and γ̂final(l, k) given by

ξ̂final(l, k) =
φ̂finals (l, k)

φ̂ro(l, k)
, γ̂final(l, k) =

|Z(l, k)|2
φ̂ro(l, k)

. (20)

IV. EXPERIMENTS

A. Experimental Settings

To compare the performance of the proposed method with
previously proposed ones, we have experimented on the simu-
lated data in the CHiME-4 dataset [37] with 6 microphones. The
simulated set in the CHiME-4, which is divided into training,
validation, and test sets, includes 4 noisy environment including
bus, cafe, pedestrian area, and street junction. Among the six
microphones on the tablet device held by the speaker, the fifth
microphone at the bottom center of the frontal surface was
used as a reference microphone. The sampling rate was 16 kHz
and the STFT was applied to a 32 ms window with a 50%
overlap, in which the square-root Hann window was utilized for
analysis and synthesis. The parameter values for wsps , wops , wξ,
wη , and wφs

were determined to 0.5, 0, 0.01, 0.99, and 0.045,
respectively, to maximize WB-PESQ scores for the validation
set. All other parameters were set to be the same as those in [29].

As for DNN1 and DNN2, the batch size, number of channels at
the encoder output, and number of two-stage conformer blocks
were set to 5, 48, and 4, respectively. The weights on the BCEs

for output variables were all 1 except the one for ˆ̄φsBF
in

DNN1, which was set to 8. Models were trained using Adam
optimizer [38] with a learning rate of 5× 10−4 for the first 400
epochs and 2.5× 10−4 for the next 400 epochs, and the models
with the best validation losses were chosen.

B. Experimental Results

Table I summarizes the SE performances on the CHiME-4
dataset including wideband (WB) and narrowband (NB) PESQ
scores [32], [39], short-time objective intelligibility (STOI) [40],
and scale-invariant signal-to-distortion ratio (SI-SDR) [41], with
the numbers of parameters. It is noted that the compared TF-
GridNet is the 6 channel version with a different loss function
in [20], not the original single channel separation model in [42].
A 6 channel version of the CMGAN [31] trained in an end-to-end
way is also compared to the parameter estimation approach
based on a CMGAN architecture. The average WB-PESQ score

TABLE I
SPEECH ENHANCEMENT PERFORMANCES ON THE CHIME-4 DATASET

for the DNN-based parameter estimation (DeepPE) in [29] was
higher than several recently proposed methods directly estimat-
ing clean features or masks despite the far-field assumption
in (6), although it has more number of parameters. By adopt-
ing the proposed architecture using dual-path conformers, the
WB-PESQ of DeepPE could be improved to 3.25, which was
higher than that of the 6 channel CMGAN implying that the
parameter estimation approach was competitive with end-to-end
enhancement approaches. The average WB-PESQ score was
improved by introducing each component of the integrated pa-
rameter estimation, and that for the proposed method (iDeepPE)
with both the new architecture and the integrated estimation was
3.34, which was better than those for all compared methods
except the 6 channel TF-GridNet. 6 channel TF-GridNet [20]
achieved the same WB-PESQ score with significantly higher
computational complexity, i.e., with 5.4 M parameters and 139
Giga floating point operations per second (GFLOPS) compared
to iDeepPE requiring 1.98 M parameters and 39.8 GFLOPS.
The performance improvement of iDeepPE verified that the
integrated parameter estimation incorporating the estimated pa-
rameters in the beamforming stage which enabled exploitation of
spatial and spectro-temporal information was beneficial. More
experimental results and the code for the iDeepPE is available
at https://github.com/CSeIn/iDeepPE.

V. CONCLUSION

In this letter, we propose an integrated DNN-based parameter
estimation for multichannel SE, in which the a posteriori SPP
and PSDs for speech and noise estimated during the beamform-
ing stage are incorporated into the parameter estimation for
the post-filter. The MMSE estimators for the power spectra of
speech and residual noise based on both the beamformer output
and the multi-microphone signals are employed to exploit spatial
and spectro-temporal information. Furthermore, we adopt the
dual-path conformer architecture for both of the DNNs to im-
prove the performance with a reasonable number of parameters.
Experimental results on the CHiME-4 dataset show that the
proposed method outperformed compared methods with similar
levels of computational complexity.
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