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Abstract—Source signal extraction and direction-of-arrival
(DOA) estimation are core tasks in microphone array signal
processing. However, their performance degrades significantly
in reverberant environments: DOA estimation struggles to dis-
tinguish the direct path from strong reflections, while source
extraction fails to effectively exploit the spatial cues in early
reflections. This paper proposes a novel formulation of the
source array-manifold vector (AMV) as a linear combination
of free-field AMVs corresponding to the direct path and the
four first-order reflections from the surrounding walls. A neural
network is developed to jointly estimate the DOA and the
combination weights of these component AMVs. The resulting
composite AMYV is then used in a minimum variance distortionless
response (MVDR) beamformer for enhanced source extraction.
Additionally, we introduce a location-based training strategy that
enables end-to-end learning to automatically identify the direct-
path direction. Simulation results show that the proposed method
significantly improves both speech quality and DOA estimation
accuracy in reverberant environments.

Index Terms—Beamforming, real-and-virtual source localiza-
tion, DOA estimation, deep neural network.

I. INTRODUCTION

Direction-of-arrival (DOA) estimation and source extraction
are essential techniques in a wide range of applications [1]-
[6], including video broadcasting, acoustic scene analysis,
surveillance, human-robot interaction, and speech recognition.
Accurate DOA estimation enables dynamic steering, while
effective source extraction enhances signal clarity and intel-
ligibility by isolating the target source from noisy mixtures.
This paper addresses the joint integration of DOA estimation
and source extraction, with a focus on improving performance
under reverberant acoustic environments.

Over recent years, significant efforts have been made to in-
tegrate parameter learning with microphone array-based source
extraction, giving rise to the field of neural beamforming [7]—
[14]. For example, In [11], a data-driven minimum-variance-
distortionless-response (MVDR) beamformer was proposed,
in which both the source array-manifold vector (AMV) and
the noise covariance matrix are learned directly from array
observations. In [10], a method was introduced for learning a
time-varying interference AMYV based on a given source AMV
and a noise coherence matrix. A two-stage neural beamforming
approach was developed in [15], which combines multiple
beamforming techniques [16], [17] with learned source di-
rections using a delay-and-sum beamformer as the backbone.
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The work in [9] approximates the source AMV using only the
direct-path free-field model, ignoring early reflections though
this simplification may lead to performance degradation in
reverberant environments [18].

Despite substantial progress, most neural beamforming
methods are designed primarily for source extraction and often
overlook simultaneous DOA estimation. This leads to the
following limitations.

o Lack of explicit DOA representation: DOA information
is not explicitly encoded in the learned parameters,
preventing direct extraction of DOA estimates through
array processing.

o Oversimplified AMV models: The learned AMVs, when
tied to fixed or encoded DOAs, are often too simplistic to
fully leverage the spatial diversity of array observations,
particularly in the presence of reverberation.

« Inability to resolve direct-path DOA: These methods
typically do not distinguish between different DOAs,
making it difficult to isolate the direct path: a capabil-
ity crucial for applications such as dynamic camera or
beamformer steering.

In this paper, we propose a method that models the target
speech AMV as a linear combination of AMVs corresponding
to the direct path and first-order reflections, with associated
transfer functions that capture key propagation characteristics.
A multi-task neural network is employed to jointly estimate
the DOAs of individual sources and their respective transfer
functions from the observed microphone signals. The resulting
AMV is then used to construct an MVDR beamformer for
source extraction. Simulation results demonstrate the strong
potential of the proposed approach in reverberant environ-
ments.

II. SIGNAL MODEL AND PROBLEM FORMULATION

Let us consider a reverberant environment, where the speech
source signal is captured by a microphone array consisting
of M elements, then the noisy observation in the short-time
Fourier transform (STFT) domain can be expressed as

y(w,t) =x(w,t) + v(w,t)
=a(w,t)S(w,t) + r(w,t) + v(w,t), (1)

where y(w,t) € CM*1 x(w,t) € CM*! and v(w,t) €
CMX1 are, respectively, the noisy, clean speech, and additive
noise received at the array, w is the index of frequency bins, ¢
is the time-frame index, S(w,t) represents the source signal,
a(w, t) is the associated AMV that captures both the direct path



of the actual source and early reflections modeled as virtual
sources, and r(w, t) is the late reverberation not accounted for
in the AMV.

To extract the source signal of interest from the observation
signal vector, y(w,t), a spatial filter, h(w, t), is applied as

Z(w,t) = b (w, )y(w, 1) )
= Zfd(w, t) + er(wa t) + Zrn(wa t)a (3)
where Zy(w,t) = hf(w,t)a(w,t)S(w,t), Zp(w,t) =

h#(w, t)r(w,t), and Zy(w,t) = hf(w,t)v(w,t) are the
filtered desired signal, residual reverberation, and residual
noise, respectively. Over the past decades, numerous methods
have been developed to design the spatial filter in (2), resulting
in a variety of beamforming approaches [18]-[25]. In this
work, we adopt the widely used and highly effective MVDR
beamformer for source signal extraction, which is expressed
as

@, (w)a(w,t)
af (w, 1)@y (w)a(w,t)’

where @, (w) = ®,(w) + Py (w) represents the spatial co-
variance matrix of the undesired signal components, including
late reverberation r(w, ¢) and additive noise v(w, t). As evident
from (4), the AMV, a(w,t), plays a central role in the design
of the MVDR beamformer.

As shown in [26], the AMV governs the extraction of the
target source signal from array observations. This AMV is
generally influenced not only by the direct-path component
but also by early reflections and source statistics. In this work,
we parameterize the source AMV using the DOAs of the direct
path and first-order reflections of the desired source. This
formulation enables the integration of DOA estimation and
beamforming, leading to improved performance in reverberant
environments. Further details are provided in the following
section.

“4)

hyvpr(w, t) =

III. PROPOSED NEURAL ESTIMATOR

To estimate the AMV, a(w,t), required for the optimal
MVDR beamformer, we first model it as a weighted sum of
AMVs corresponding to the direct path and early reflections,
modulated by their respective transfer functions. A multi-task
neural network is then employed to jointly estimate the DOAs
and transfer functions of these components. The estimated
AMV is subsequently used in (4) to compute the optimal
beamformer. An overview of the proposed system is illustrated
in Fig. 1.

A. Parameterization of AMV

By explicitly incorporating the DOAs of the direct path and
early reflections, the AMV can be parameterized as

N
)= d(w,0n)An1(w,t), )
n=0
where
T
d(w,0,) = [1 e 1wm2(0n) . pmswTar(0n) (6)

denotes the time-invariant free-field AMV corresponding to 6,,,
Tm (0, represents the time delay at the mth microphone for
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Fig. 1. Diagram of the proposed neural estimator.

the nth path (also referred to as the nth virtual source) relative
to the reference microphone (m = 1), N is the total number of
propagation paths, n = 0,1,2,..., N indexes both the direct
path (n = 0) and early reflection paths, and A,, 1(w, ) is the
corresponding time-variant transfer function at the reference
channel.

B. Model Architecture

To jointly capture the DOAs of both the direct and early
reflection paths along with their corresponding transfer func-
tions, a multi-task neural network is employed. It consists
of two downstream tasks: one estimates the set of {6, }_,
and the other estimates the corresponding transfer functions
{A, 1(w,t)}N_,. Both tasks leverage shared features learned
directly from the microphone array observations.

Specifically, the real-valued input feature of the network,
denoted as Y;, € REXT*2M g firgt derived from the observed
signals, which consists of 7 neighboring frames, i.e.,

Yo = {Y(W)}2,, %)
Y(w)=[F(w,t) y(w,t=1) - g =T+, @®
Vwt) = [yE(,t) yhwt)]", ©)

where y(w, t) and y;m(w,t) are the real and imaginary parts
of y(w, t), respectively, and 2 is the number of frequency bins.

1) Encoder: The encoder consist of a set of narrow band
one dimensional convolution layer (Convld) along the time
frame axis. Given Yj, as input, the encoder produces an output
expressed as

Yen = Convld [Yi], (10)

where Y, € R?*7*Fe is the output of the encoder and F,
is the feature dimension of the Convld.

2) Feature extraction: To extract features from Yy, this
work employs J SpatialNet layers [27] to construct the feature
extraction block. Each layer consists of a cross-band and
a narrow-band module designed to capture time-frequency
domain characteristics. For simplicity, the output of the jth
SpatialNet layer, denoted as Yf(ej ) e RXTxFe for ] =
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1,2,...,J, is expressed as
Y{ = SpatialNet, [ Y], (1)
where Yf(f ) 2 vy, and SpatialNet;[] indicates the jth

SpatialNet layer [27]. After J SpatialNet layers, the output,
Yf(e']), is treated as a shared feature for all downstream tasks.

3) Decoder for DOA estimation: Prior to being fed into the
decoder, layer normalization is applied to the shared feature,
followed by mean pooling along both the frequency and frame
dimensions to produce a feature vector of shape Fe. The DOA
estimation decoder consists of three fully connected linear
layers, each interleaved with batch normalization and ReL.U
activation functions. The dimensionality of each linear layer
is set to 2F,. To address angular discontinuities and improve
training stability, a sine-cosine encoding scheme is employed
to represent the directions. The embedding corresponding to a
direction 6 is given by

c(f) = [ sinf cos6 ]T, (12)

where the mapping c(f) is a numerically continuous and
uniquely defined function for each 6 € [0°, 360°]. Accordingly,
an additional linear layer is used to project the feature vector
to a dimension of 2(N + 1), followed by a hyperbolic tangent
activation to constrain the output within the range [—1, 1]. This
process can be summarized as

5 Y )
{C(Gn)} 0 Decoderpoa [Yfe ] (13)
n=
and the estimated DOAs are calculated as
. T(h
0, = arctan M , (14)
c™(0,,)es

where e; = [1 0]7 and e; = [0 1]7.

4) Decoder for transfer function estimation: The decoder
for transfer function estimation consists of two components:
an additional SpatialNet layer, followed by a fully connected
linear layer that projects the feature dimension to © x T X
2(N + 1), representing the real and imaginary parts. This can
be expressed as

{Amm, Amm}:[:O = Decodertg [Yf(é])] (15)

and the transfer function for nth source An e C*T s
obtained as
An = An,re + ]An,im

Ana(1,t) Ap1(L,t =T +1)
S : : . (16)

An1(Q,1) Ap1(Qt =T +1)
C. NN-Based MVDR Beamforming

With the learning-based DOAs and transfer functions for the
direct and N early reflection paths, the AMV can be rewritten
from (5) as

alw,t) = d(w,0)An(w,1), (17)

where 6,, and An,l(w,t) are the DOA and transfer function
estimates obtained through (14) and (16), respectively, and
d(w,én) is calculated according to (6). Hence, the neural
network (NN) assisted MVDR beamformer is obtained by
substituting the DOA, transfer function and AMV estimates
into (4). The enhanced signal is finally obtained by applying
the MVDR beamformer to the array observation, y(w,t), as
shown in (2).

D. Training Strategy

The entire multi-task neural network is trained using two
loss functions: a mean-squared error (MSE) loss for DOA es-
timation, and a time-domain scale-invariant signal-to-distortion
ratio (SI-SDR) loss [28] for speech enhancement, which
implicitly guides the estimation of the transfer function.

To resolve the permutation ambiguity associated with first-
order early reflections, location-based training (LBT) [29] is
employed. LBT enforces a predefined order in the output
alignment, corresponding to reflections from the left wall, right
wall, front wall, and back wall. With this ordering, the DOA
estimation loss using the MSE criterion can be expressed as

Lpoa = ;{; HC(GO) - C(éO)H

1 & NNTE
+ 5 2 |e(6a) = (62| } (18)

where ||-||2 represents the ¢ norm. As seen in (18), the direct-
path component and all early reflections are treated with equal
importance during training, despite the fact that the direct-path
signal d(w, 00)Ap1(w,t)S(w,t) typically carries more energy
in the observation mixture. In addition, the loss function for
speech enhancement, based on the SI-SDR criterion, is given
by

2
2

Lsi.spr = —101og;q

E (|as|?)
E(|as—z|2)1 ’ (19)

where s and z are the time-domain source and enhanced
signals constructed from its STFT domain estimation S(w, t)

and Z(w,t), respectively, and o = z”s/||s||2 is a scaling
factor. Finally, the entire loss function is defined as
L = Lsispr + ALpoa, (20)

where A\ is a weighting factor. Using this joint loss function,
the DOAs and their corresponding transfer functions, including
those for both the direct path and early reflections of the target
speech, can be directly estimated from the observed signals.

IV. EXPERIMENTAL EVALUATION
A. Experimental Setup

A simulated reverberant room environment is considered,
where a target speech signal is captured by a microphone
array in the presence of additive noise. The room dimensions,
including length, width, and height, are uniformly sampled
from the ranges [8 m,12 m], [6 m,8 m], and [3 m,4 m],
respectively. The microphone array consists of seven channels:
six microphones arranged in a circle with a diameter of
8.5 cm, and one microphone placed in the center. The array

2025 Asia Pacific Signal and Information Processing Association Annual Summit and Conference (APSIPA ASC) 21



TABLE 1
THE AVERAGE SDR (DB) AND PESQ FOR THE ENHANCED SIGNAL OF THE PROPOSED AND BASELINE METHODS.

Methods \ SDR (dB) \ PESQ
RTgo 300 ms 600 ms 300 ms 600 ms
SNR 25dB 15dB 5dB |[25dB 15dB 5dB [25dB 15dB 5dB [25dB 15dB 5 dB
Unprocessed | 15.64 1249  4.66 10.26  9.02 3.66 1.92 138 1.08 | 149 1.27 1.08
DBNet [9] 23.25 20.13 1248 | 19.19 17.14 11.25 | 2.98 213 1.32 | 238 187 1.27
Proposed 23.46 21.74 16.71 | 2042 19.19 1540 | 3.89 327 209 | 349 3.00 1.97
TABLE II 8 Mixture signal 20 }g\
THE AVERAGE RMSE OF THE DOA ESTIMATION ERROR. = b L =
L6 0 g
Methods | RMSE (deg) San 03
RTs 300 ms 600 ms £? “0g
SNR 25dB 15dB 5dB | 25dB 15dB 5 dB 0 -60 é“
[38] 37.23 39.45 40.82| 35.68 38.40 40.39 ) .
[39] 270 276 3.15 | 2.72 2.78 3.28
Proposed | 2.37 241 255 | 237 241 2.58 6 B

is randomly positioned within a 1 m X 1 m square region
in the center of the room, at a fixed height of 1.5 m. A
point source representing the desired speech is placed at a
random DOA and at a random distance from the array center
within the range [1.5 m,2 m]. The clean speech signals are
randomly selected from the Wall Street Journal (WSJ0)-2mix
dataset [30], which contains 20, 000, 5,000, and 3, 000 speech
clips for training, validation, and test, respectively. The value
of T is set to 2, following the setup in [10]. All time-domain
signals are transformed into the STFT domain using a 32-
ms Hann window with 50% overlap, where the fast Fourier
transform (FFT) length is set equal to the frame length. Room
impulse responses (RIRs) between the source and microphones
are generated using the image-source method [31], [32], and in
the training stage, the room surface reflection coefficients are
calculated based on reverberation times (RTgg) [33], randomly
drawn from [200 ms, 900 ms]. Additive noise includes diffuse
noise [34] and white Gaussian noise, mixed with a random
energy ratio between [15 dB,25 dB]. The overall signal-
to-noise ratio (SNR) is randomly selected from the range
[5 dB, 35 dB]. In this work, N is set to 4, corresponding to
the first-order reflections from the left, right, front, and back
walls.

The Adam optimizer [35] is employed to train the network
from scratch with an initial learning rate of 10~2, which decays
by a factor of 0.99 at each epoch. The weighting coefficient A
in (20) is set to 10. The number of SpatialNet layers .J used
in the feature extraction module is set to 6, and the feature
dimension Fg is fixed at 96. Training is conducted for up to
50 epochs, with early stopping applied if the validation loss
does not improve for 10 consecutive epochs.

B. Results and Discussion

Figure 2 presents an example of the log-magnitude spectra
for the observation, clean, and enhanced signals, and the
frame-wise beampattern obtained using the proposed learning-

Frequency (kHz)
S

()

S
Beampattern (dB)

Time (s)

Time (s)

Fig. 2. The log-magnitude spectra of the mixture (top left), the source (top
right), and the enhanced signal obtained by the proposed method (bottom left)
are shown, along with the frame-wise beampattern of its optimal beamformer
(bottom right). The red solid line indicates the estimated direct-path DOA of
287.16°, with the ground-truth value being 288.67°. And four red dotted lines
represent the estimated first-order reflection DOAs from the surrounding walls
at 190.84°, 351.60°, 271.23°, and 88.41°, with corresponding ground-truth
values of 188.94°, 348.56°, 274.80°, and 86.36°, respectively.

based AMV approach. The spectra demonstrate that undesired
components, such as background noise and late reverberation,
are effectively suppressed by the MVDR beamformer when
guided by the learned AMVs. Additionally, the frame-wise
beampattern reveals that, beyond the direct-path signal, the
proposed system also accounts for four first-order reflections
from the surrounding walls, taking advantage of these strong
early reflections to enhance signal quality.

To evaluate performance, DBNet [9] is adopted as a baseline
for comparison. Unlike the proposed method, DBNet employs
a single AMV directed only toward the estimated direct-path
DOA. In contrast, the proposed method incorporates AMVs
directed toward both the direct path and early reflections, using
learning-based DOAs and corresponding transfer functions.
For a fair comparison, both methods utilize the MVDR
beamformer. Table I summarizes the average SDR (dB) [36]
and perceptual evaluation of speech quality (PESQ) [37] scores
of the enhanced signals under different reverberation times
and input SNRs. The results show that the proposed method
consistently outperforms DBNet, with particularly significant
gains in PESQ, highlighting its ability to exploit informative
early reflections.

Furthermore, Table II presents the average root MSE
(RMSE) of the DOA estimation, compared with the indepen-
dent subspace spatial matching (ISSM)-based MUSIC algo-
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rithm [38] and a neural network-based MUSIC approach [39].
The proposed method achieves the lowest DOA estimation
errors among all compared methods, demonstrating its robust-
ness in distinguishing coherent sound sources in reverberant
environments.

V. CONCLUSIONS

In this paper, we proposed a novel neural network-assisted
adaptive beamforming method that jointly estimates the DOAs
of both the direct path and the paths of four first-order
reflections from the surrounding walls, along with their corre-
sponding transfer functions, using a multi-task neural network.
Through an end-to-end training strategy, these parameters
are directly inferred from observed signals and subsequently
applied to an MVDR beamformer to enhance the target
speech. Experimental results demonstrate that the proposed
method outperforms baseline approaches in both source signal
enhancement and DOA estimation performance.
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