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Abstract—In recent years, acoustic scene classification methods
using an acoustic beamformer that takes a multichannel signal as
input have been developed. Generally, prior information such as
the direction of arrival of a target sound is necessary to generate
a spatial filter (directivity pattern) for beamforming. However,
it is not clear which sound is notable (useful for classification)
in each individual sound scene and thus in which direction
the target sound is located. This makes it difficult to simply
apply a beamformer for preprocessing. To address this problem,
we previously proposed an autofocus neural beamformer that
automatically finds a notable sound in each individual sound
scene and generates a spatial filter to emphasise that notable
sound, without requiring any prior information such as the
direction of arrival and the reference signal of the target sound
in both training and testing. In this paper, to further improve
the performance of our conventional method, we modify it so
that a steering vector corresponding to the direction of arrival
of a notable sound is estimated instead of the spatial filter itself
and the spatial filter is calculated using the minimum variance
distortionless response (MVDR) criterion. The effectiveness of
this method is demonstrated by an acoustic scene classification
experiment in a reverberant environment.

1. INTRODUCTION

Acoustic environment recognition is a research field focused
on identifying the sounds present in our surroundings. Within
this field, acoustic scene classification is a core technology
that takes an audio segments of several seconds as input and
determines which predefined scene—such as a restaurant, train
station, or park—it belongs to. This technology is expected
to support applications such as situational awareness for au-
tonomous vehicles and mobile robots, as well as security
systems.

With the rapid progress of deep neural networks (DNNs), a
mainstream approach to acoustic scene classification employs
a log-Mel spectrogram as the input feature and a convolu-
tional neural network (CNN) as the classifier. More recently,
Transformer-based models such as the audio spectrogram Trans-
former (AST) [1] and its faster, regularized variant patchout au-
dio spectrogram Transformer (PaSST) [2] have been introduced,
further improving recognition accuracy. In addition, with a view
toward edge deployment, device robustness, model compression,
and computational efficiency have become critical issues, and
active research is underway to address them [3].

When the input audio is multichannel, applying multichannel
signal processing such as beamforming as a preprocessing step
has been explored [4][5]. By enhancing sounds useful for sound
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scene recognition and suppressing others, we can expect that
beamforming boosts classification performance. Designing a
spatial filter (directivity pattern) for a beamformer normally
requires prior information such as the target sound direction.
However, in practice, the sounds that should be emphasised—
and the directions from which they arrive—are not obvious for
each acoustic scene, making beamforming as a preprocessing
stage inherently challenging.

To address this issue, we previously proposed an acoustic
scene classification method (hereafter, our conventional method)
that employs an autofocus neural beamformer [6]. As shown
in Fig. 1, our conventional method concatenates two neural
networks—one that estimates a spatial filter and another that
performs scene classification—and trains them end-to-end using
the standard cross-entropy loss for classification together with
bespoke losses that evaluate the suitability of the estimated
spatial filter. This framework automatically finds the sounds most
useful for the downstream classifier and produces a spatial filter
that emphasises them, without requiring any prior information
such as the target direction. Nevertheless, it has been reported
that the spatial filter estimation becomes unstable, especially in
reverberant environments.

In this paper, we improve the method by estimating not
the spatial filter itself but the steering vector corresponding
to the arrival direction of sounds useful for classification,
and then computing the spatial filter via a minimum variance
distortionless response (MVDR) beamformer. When the spatial
filter itself is estimated directly, we must evaluate whether
the resulting directivity pattern is appropriate. Although the
conventional method uses three loss functions for this purpose,
they appear insufficient. In contrast, if we estimate the steering
vector, the spatial filter is derived under the MVDR criterion,
guaranteeing its suitability by design. We still need to evaluate
the validity of the steering vector, but this is expected to be
easier than validating an spatial filter. The remainder of the paper
details the proposed method and demonstrates its effectiveness
through acoustic scene classification experiments in reverberant
environments.

II. BEAMFORMING

A. MVDR Beamformer

Beamforming is a technique that extracts a target sound
by enhancing or suppressing signals arriving from specified
directions. In particular, the MVDR beamformer, which achieves
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Fig. 1. Network structure of our conventional method

high enhancement even with a small number of microphones,
passes sound from the designated direction without distortion
while minimising the power of interference. In the MVDR
beamformer, the observed multichannel signal « is modelled
as

a:,fzs,faf+n,f, (1)
where

« x € CM: observed signal vector (M microphones),

« a € CM: steering vector of the target direction,

o s € C: target signal,

« neCM: interference-plus-noise vector,

o t:time-frame index,

 f:frequency-bin index.

Here, = is expressed in the time—frequency domain; for
simplicity, the indices ¢t and f are omitted below. The steering
vector represents, for each microphone, the spatial transfer
characteristics (amplitude and phase) between the source and
the microphones.

The beamformer output y is obtained with a spatial filter
(weight vector) w:

y=wle, )

where w'! denotes the Hermitian (conjugate transpose) of w.
The MVDR beamformer determines w by minimising the
output power while forcing the target signal to pass undistorted:
min E[|y|?] = min w Rw,
w w

Y 3)

subjectto w”a =1,

where R is the spatial covariance matrix of the observations.
Using the method of Lagrange multipliers, we obtain the optimal
MVDR filter as R

H—,all' “)
a"R'a

Applying wyvpr to the observations yields an estimate § of the
desired source in which interference and noise are suppressed.

WMVDR =

B. Neural Beamformers
A neural beamformer estimates the spatial filter w with a

DNN. Existing neural beamformers can be broadly grouped into
two categories.

1) Direct estimation of the spatial filter: In this paradigm,
the DNN outputs the filter coefficients w directly. Li et al.,
for example, proposed a long short-term memory (LSTM)
based system that predicts per-channel, per-frame weights and
generates the beamformer output by a filter-and-sum operation
as a front-end for noise-robust ASR [7]. Because no prior infor-
mation such as the target direction is required, the architecture
is simple and highly flexible, potentially allowing the network to
learn more versatile directivity patterns. The drawback is that the
estimated filter is unconstrained by beamforming theory, so its
directivity may be sub-optimal and the optimisation can become
unstable.

Our previous autofocus neural beamformer addressed this
issue by designing loss terms that evaluate the suitability of the
filter and training the filter estimator and the classifier end-to-
end [6]. Although it successfully focused on the target direction
without any prior information, the filter estimation was reported
to be unstable in reverberant environments.

2) Leveraging an existing beamformer framework: A repre-
sentative approach embeds a DNN into the conventional MVDR
framework so that the spatial filter w is still computed in
a data-driven manner. Typical examples include estimating a
time—frequency mask and the reference microphone with a DNN
and then deriving the MVDR filter from them, or replacing the
explicit matrix inversion in a mask-based MVDR beamformer
with a network to stabilise training [8]. The gradients become
well behaved, when the analytical inversion is eliminated,
making large-scale end-to-end learning feasible.

Because these methods retain the theoretical foundation of
the MVDR beamformer, they carry little risk of producing
unsuitable directivity patterns and training is generally stable.
However, they require prior information such as the target
direction or clean reference signals, which must be provided
or estimated separately.

The proposed method follows this second paradigm. Since
the spatial filter is obtained under the MVDR criterion, its
suitability is guaranteed, yet—crucially—the method dispenses
with any prior knowledge of the target direction, which is the
key advantage of our approach.
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Fig. 2. Network structure of the proposed method
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Fig. 3. Structure of the steering vector estimator

III. ProPOSED METHOD
A. Network Architecture

Figure 2 illustrates the overall architecture of the proposed
method. All components are trained end-to-end with two losses:
the standard cross-entropy loss for the classifier and a custom
loss that evaluates the validity of the estimated steering vector.

Compared with our previous work, the filter estimator is
replaced by a steering-vector estimator. The estimator first
predicts the steering vector corresponding to the direction of the
sound that is useful for classification. An MVDR spatial filter is
then derived from this vector, guaranteeing the suitability of the
filter itself. Consequently, only the validity of the steering vector
must be assessed—a point addressed in the next subsection.

As shown in Fig. 3, the steering-vector estimator is realised by
LSTM. A stereo time—frequency signal, segmented into short-
time frames, is fed into a shared LSTM layer; the network
then branches into channel-wise LSTM layers followed by
fully connected layers, producing complex coefficients for every
frame and frequency bin.

The downstream classifier is a CNN. It receives the log-Mel
spectrogram of the monaural beamformer output and returns

soft-max posteriors over the acoustic-scene classes.

B. Loss Function

To judge the validity of the estimated steering vector, we
introduce the loss term Lsteering. A steering vector can be written
as

a e_jZHfT]
ar e_jznfTZ

a=| . |= . ; &)
apy e‘jzﬂfTM

where each element represents the transfer function from the
source to a microphone. Because a is tightly linked to the
direction of arrival (DoA), a valid steering vector should
point to a single, well-defined direction. Estimating the DoA
independently at every frequency, however, is unreliable at high
frequencies owing to spatial aliasing. We therefore adopt cross-
power-spectrum phase (CSP) analysis [9], which integrates
information over all frequencies, and formulate a loss that
encourages the CSP of the estimated steering vector to peak
sharply at a physically plausible time difference of arrival
(TDOA).

CSP estimates the TDOA from the phase correlation of two
signals:

F (] Flxa@m]
|F [x1 ()] F[x2(m)]*] |

CSP (1) = F! (6)
where

e x1(n), xp(n): signals at microphones 1 and 2,

« ¥, 7' DFT and IDFT,

« x: complex conjugate.
The lag that maximises CSP; »(7) is ¥ = argmax, CSP; »(7),
and the TDOA is

TDOA = —, @)
Fy
where Fj is the sampling rate.
Assuming the target direction is unknown, we define
Lgteering = @ Lror + (1 = @) Lnon-Rrot ®)
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where «a is a weighting factor and

B T
Lgor = % 2. ;(—TEZE:‘OIP(T) IOgP(T)), )
1 B T
Lovkol = 5= > ), ), CSPia(). (10)

b=1 t=1 7€ TNon-ROI
Here,

o B: batch size, T: number of frames, 7: sample index,

o CSP;(7): CSP coeflicient at lag T,

o p(7): soft-max normalised CSP coefficients.

In practice, CSP;»(7) is computed from the estimated
steering vector instead of raw observations. 7ror denotes the
range of physically feasible TDOAS; Tnon-ro1 18 its complement
(Fig. 4). Lror becomes small when a sharp CSP peak appears
within the ROI, whereas Lyon.ror penalises large CSP values
outside it. Minimising Lyeering, therefore, drives the steering
vector to correspond to exactly one direction.

IV. EXPERIMENTS
A. Experimental Conditions

Tables I-IV show the experimental settings. To make it
straightforward to assess whether the beamformer emphasises
sounds useful for classification, we define two scenes: one is a
scene where a male is speaking under noise and another is a scene
where a female is speaking under noise and the system is trained
to decide which scene a given signal belongs to. Each input
consists of a mixture of speech signals arriving simultaneously
from different directions plus pink noise. Impulse responses were
measured in an anechoic chamber and in a variable reverberation
chamber; by switching between them, we generate two datasets,
anechoic and reverberant. All parameters were chosen so that
the best possible performance could be achieved under the
experimental conditions. We ran all experiments on Ubuntu
18.04.4 LTS using an Intel Core i9-10940X processor with
32 GB of memory and NVIDIA Quadro RTX 6000 GPU (24
GB). Our implementation was developed in Python 3.11.0 with
PyTorch 2.0.1 and relied on CUDA 11.8.

The direction of arrival is randomly selected from nine angles
(10°-170° in 20° steps) as shown in Fig. 5, ensuring that the two

TABLE I
SPEECH DATA USED IN THE EXPERIMENTS

Database AS]J Continuous Speech Corpus (Japanese) [10]
Number of utterances | ~9600 sentences
Speakers 64 (30 male, 34 female)
Channels 1
Sampling rate 16 kHz
Quantisation 16 bit

TABLE II

IMPULSE-RESPONSE DATA
Database RWCP Sound Scene Database [11]

Recording array
Environments
Source position

Circular array, 16 ch, 30 cm diameter
Anechoic, reverberation room (RTgy = 0.31 s)
2 m away from the center of the microphone array

Sampling rate 48 kHz
Quantisation 32-bit float
TABLE III
GENERATED DATASET

Number of mixtures samples | 9000 (70% used for training)

Duration per sample 2s

Channels 2

Sampling rate 16 kHz

Quantisation 16 bit

TABLE IV
HYPERPARAMETERS

Optimiser Adam
Epochs 100
Batch size 100
Learning rate 0.001
@ in (8) 0.5
Frame length 75 ms
Frame shift 20 ms
LSTM hidden size (layer 1) | 2048
LSTM hidden size (layer 2) 1664
Log-Mel bins 40

Randomly placed

@ Pink noise
|
!

Speech

Fig. 5. Geometry of microphones and sound sources

sources are not located in the same direction. During training,
only the mixtures are provided and the true DoA remains
unknown, forcing the model to learn by itself which sound is
informative, to enhance that sound (and suppress noise) via the
beamformer, and thereby to improve classification accuracy.
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TABLE V
CLASSIFICATION ACCURACY OF EACH METHOD

Accuracy (%) [ Classifier only Ideal Conventional Proposed
Anechoic 76.2 98.0 92.8 98.2
Reverberant 65.4 86.6 57.4 82.1

B. Results and Discussion

In Figs. 6-9, we compare the spatial directivity patterns esti-
mated by our proposed and conventional method in anechoic and
reverberant rooms. The horizontal axis denotes the time frames,
the vertical axis denotes the azimuth, and the colour indicates
gain (dB); warmer colours correspond to higher sensitivity.
Orange arrows indicate the target direction, whereas blue arrows
indicate the interference direction. With the proposed method, a
deep null is formed toward the noise source in both rooms, and—
especially in the reverberant room—the directivity is noticeably
cleaner than that obtained with the conventional method. This
improvement stems from predicting the steering vector first and
then deriving the spatial filter under the MVDR constraint, rather
than estimating the filter coefficients directly.

Table V shows the scene-classification accuracy. The leftmost
column lists the evaluation environment (anechoic/reverberant);
the four right-hand columns correspond to the following meth-
ods:

« Classifier only: baseline without any beamforming,

« Ideal: upper bound obtained by applying an MVDR filter
using the true steering vector,

« Conventional: our previous method that directly estimates
the filter,

« Proposed: the present method that derives the filter from
the estimated steering vector.

In both environments, the proposed method surpasses the con-
ventional method and approaches the ideal accuracy, confirming
its effectiveness.

Finally, we observed that the LSTM-based steering-vector
estimator occasionally converged to a single, scene-dependent
direction. This implies that, once the MVDR beamformer
achieves sufficiently good performance for the current classifi-
cation task, the network may settle on one steerable point rather
than exploring a wider range of directions. Investigating how
to prevent such premature convergence—e.g., by encouraging
greater steering-vector diversity or by regularising the MVDR
front-end—remains an open issue and will be the focus of our
future work.

V. CONCLUSION

We previously introduced an autofocus neural beamformer
that finds and enhances sounds useful for downstream classi-
fication without any prior directional information. To further
improve its performance, in this paper, we estimate the steering
vector corresponding to the arrival direction of useful sounds
and compute the spatial filter with the MVDR criterion instead
of predicting the filter itself. A new loss based on CSP analysis
is used to evaluate the steering vector. Experiments conducted

Gain{dB) Gain{dB)

Direction[degree]

(a) target 30°, noise 170° (b) target 130°, noise 50°

Fig. 6. Directivity in an anechoic chamber estimated by the
proposed method
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Fig. 7. Directivity in an anechoic chamber estimated by our
conventional method
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Fig. 8. Directivity in a reverberation room estimated by the
proposed method
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Fig. 9. Directivity in a reverberation room estimated by our
conventional method
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in anechoic and reverberant rooms showed that the proposed
method outperforms the conventional method and approaches
the ideal upper bound, demonstrating its effectiveness.
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