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Abstract—Recently, acoustic scene classification using an acous-
tic beamformer that is applied to a multichannel input signal
has been proposed. Generally, prior information such as the
direction of arrival of a target sound is necessary to generate
a spatial filter for beamforming. However, it is not clear which
sound is notable (i.e., useful for classification) in each individual
sound scene and thus in which direction the target sound is
located. It is therefore difficult to simply apply a beamformer for
preprocessing. To solve this problem, we propose a method using a
neural beamformer composed of the neural networks of a spatial
filter generator and a classifier, which are optimized in an end-to-
end manner. The aim of the proposed method is to automatically
find a notable sound in each individual sound scene and generate
a spatial filter to emphasize 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.
The loss functions used in the proposed method are of four
types: one is for classification and the remaining loss functions
are for beamforming that help in obtaining a clear directivity
pattern. To evaluate the performance of the proposed method,
we conducted an experiment on classifying 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. The experimental
results showed that the segmental SNR averaged over all the test
data was improved by 10.7 dB. This indicates that the proposed
method could successfully find speech as a notable sound in this
classification task and generate the spatial filter to emphasize it.

I. INTRODUCTION

The research field of environmental sound classification and

detection, which aims to utilize sounds around us, consists of

various fundamental technologies. Acoustic scene classifica-

tion (ASC) is one of them, and it takes an acoustic signal of

several seconds in duration as input and classifies it among

predefined scenes. For example, if we want to classify the

location where an acoustic signal was recorded, a set of scenes

may include a restaurant, a train station, and a park. This

technology is expected to improve multimedia retrieval and

situational awareness for autonomous robots.

Detection and classification of acoustic scenes and events

(DCASE) is an international research community and has been

holding regular competitions since 2013 [1]. As shown by

the methods submitted to the competitions, acoustic features

have changed from handcrafted features such as mel frequency

cepstral coefficients to more primitive features such as log

spectrograms, and classifiers have also changed from support

vector machines [2] and Gaussian mixture models [3] to deep-

learning-based classifiers such as convolutional neural network

Fig. 1. Overview of ASC incorporating spatial preprocessing

(CNN) [4].

In recent years, ASC methods incorporating spatial pre-

processing that is applied to a multichannel input signal as

shown in Fig. 1 have been proposed. For example, Han et
al. employed mid-side processing as spatial preprocessing [5]

and Tanabe et al. also applied blind source separation [6].

This is because the classification accuracy can be improved if

sounds useful for classification can be extracted in advance.

However, it is not clear which sound is notable (i.e., useful

for classification) in each individual sound scene and thus in

which direction the target sound is located and furthermore

how many sound sources exist. It is therefore difficult to simply

apply spatial preprocessing to ASC.

To solve this problem, we propose a method using a neural

beamformer composed of the neural networks of a spatial filter

generator and a classifier, which are optimized in an end-to-end

manner. The aim of the proposed method is to automatically

find a notable sound in each individual sound scene and

generate a spatial filter to emphasize that notable sound. The

loss functions used in the proposed method are of four types:

one is for classification and the remaining loss functions are

for beamforming, which are inspired by the minimum variance

distortionless response (MVDR) beamformer [7] and help

to obtain a clear directivity pattern. Unlike previous neural

beamformers [8], [9], [10], the proposed method does not

require any prior information such as the direction of arrival

and the reference signal of the target sound in both training and

testing. To evaluate the performance of the proposed method,

we conduct an experiment on classifying 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.

II. BEAMFORMER

A. Acoustic beamformer

An acoustic beamformer is a technique to enhance a target

signal from a specific direction. First, we suppose that the
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target signal stk is observed by a microphone array with M
microphones. The observed signal vector xtk is given by

xtk = stkak + ntk, (1)

where ak is the steering vector of the target signal and ntk the

noise signal vector. t and k denote the time frame index and

frequency bin index, respectively. Then the enhanced target

signal ŝtk can be obtained as

ŝtk = wH
k xtk, (2)

where wH
k represents the spatial filter coefficient vector and

H the Hermitian transpose. The MVDR beamformer [7] is one

of the widely used methods and its spatial filter is given by

wk =
R−1

k ak

aH
k R−1

k ak

, (3)

where Rk denotes the spatial covariance matrix. This is

obtained by solving the following constrained minimization

problem.

minimize E[|wH
k xtk|2], subject to wH

k ak = 1 (4)

This means that the MVDR beamformer minimizes the output

signal power under the constraint that the sensitivity in the

direction of the target signal is set to 1 (undistorted), resulting

in forming the directivity pattern with directional nulls in

the directions of the undesired noise signals. Therefore, it is

appropriate to suppress directional noise signals using a small

number of microphones. One drawback is that the MVDR

beamformer needs to be given (or estimate) the steering vector

in the direction of the target signal. It is therefore difficult

to simply apply the MVDR beamformer in preprocessing for

ASC as described above.

B. Neural beamformer

Neural beamformers can be divided into two approaches

in terms of how the spatial filter is obtained: by acoustic

beamformer formulation and by using DNNs.
1) Obtaining spatial filter by acoustic beamformer formu-

lation: In this approach, DNNs are utilized as an auxiliary to

obtain the spatial filter according to an acoustic beamformer

formulation such as Eq. (3) in the MVDR beamformer. For

example, a method that uses a neural beamformer as the

frontend of automatic speech recognition (ASR) has been

proposed [8]. In this method, DNNs are used for mask

estimation and reference microphone estimation, which are

simultaneously optimized with ASR to improve recognition

performance in noisy environments. A method of replacing

matrix inversion and eigenvalue decomposition with DNNs

has also been proposed [9]. In both methods, the spatial filter

is obtained according to the mask-based MVDR beamformer

formulation [11].

This approach has the advantage that the spatial filter with

the intended directivity pattern can be obtained reliably. On the

other hand, prior information such as the direction of arrival

of the target sound must be given or estimated as well as the

original acoustic beamformer.

Fig. 2. Overview of the proposed method

2) Obtaining spatial filter using DNNs: In this appoach, the

spatial filter is directly obtained using DNNs. For example, Li

et al. proposed a method that employs a DNN-based spatial

filter generator for improving the performance of ASR in

noisy environments [10]. The spatial filter generator consists of

some long short-term memory (LSTM) layers and generates

the spatial filter in each time frame. Although this method

requires parallel data of noisy speech and its original clean

speech for training, there is no guarantee that the spatial filter

with the intended directivity pattern can be obtained because

no constraint is imposed on the generated filter.

Our proposed method is under this category but differs from

the methods mentioned above in the following respects.

• It does not require any prior information such as the

direction of arrival and the reference signal of the target

sound in both training and testing.

• The loss functions that help to obtain the spatial filter

with the intended directivity pattern are introduced.

III. PROPOSED METHOD

A. Overview

Fig. 2 shows the overview of the proposed method, where

the number of microphones M is set to two for simplicity. In

the proposed method, the spatial filter is first generated from

only the multichannel input signal. The enhanced signal is then

obtained by applying the spatial filter to the multichannel input

signal. After the enhanced signal is converted to the log-mel

spectrogram and fed to the classifier, the softmax probability

over scenes is outputted by the classifier.

Fig. 3 shows the network structure of the spatial filter

generator, which was designed on the basis of the work of

Li et al. [10]. The input signal in each channel is divided into

small time frames that overlap one-quarter length of the frame

size. Then the sequence of the input signal vectors, which

are obtained by concatenating the two channel signals in each

time frame, is inputted to the first LSTM layer. The second

LSTM layer in each channel outputs the time-domain filter

coefficient vector in each time frame. After that, the spatial

filter is applied to the two channel signals in each time frame.

Finally, the enhanced signal is obtained by the overlap-add

method.
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Fig. 3. Network structure of the spatial filter generator

B. Loss function

In the proposed method, the entire network is trained in an

end-to-end manner by minimizing the following loss function.

L = α1Lcross+α2Lpower+α3Ldirectivity+α4Lconsistency,
(5)

where α1, α2, α3 and α4 represent the weight of each loss

function. The loss functions are of four types. Lcross is the

cross entropy loss used for general softmax-based classification

and given by

Lcross = −
∑
x

p(x) log q(x), (6)

where p and q represent the true probability distribution and the

estimated probability distribution, respectively. By minimizing

Lcross, we find that the estimated probability distribution

approaches the true probability distribution.

The remaining three types of loss functions are for helping

to obtain a clear directivity pattern. These loss functions are

defined as

Lpower =
1

T

∑
t

∑
k

|wH
tkxtk|2, (7)

Ldirectivity =
1

T

∑
t

(
(Θ−N)− 1

K

∑
θ

∑
k

|wH
tkaθ,k|

)2

,

(8)

Lconsistency =
1

T

∑
t

(
1

Θ

∑
θ

varθ
(|wH

tkaθ,k|
))

, (9)

where T is the number of time frames, K the number of

frequency bins, Θ the number of directions, and N the number

of directional nulls (N = M − 1). The proposed method aims

to form the directivity pattern with directional nulls similarly

to the MVDR beamformer. Lpower in Eq. (7) represents

the frame-averaged power of the beamformer output signal.

Minimizing Lpower is identical to the power minimization in

Eq. (4). On the other hand, since the target direction is now

Fig. 4. Meaning of Ldirectivity

Fig. 5. Meaning of Lconsistency

unknown, it is impossible to impose the same constraint in

Eq. (4).

Therefore, we introduce the constraint Ldirectivity in

Eq. (8). A directivity matrix is obtained by finding the sensi-

tivity (i.e., the inner product of the generated spatial filter and

the steering vector) at each frequency bin and each direction.

A directivity evaluation score is then defined by averaging the

directivity matrix over frequency bins and then summing over

directions. Note that this score can be calculated without the

target and the null directions. Minimizing Ldirectivity means

bringing the score closer to Θ−N . Fig. 4 shows an example

of the directivity matrix when K = 5, Θ = 4, and N = 1.

The directivity matrix in Fig. 4 has a directional null at the

third θ and represents a sensitivity of 1 for the other θ. The

directivity evaluation score for such a clear directivity pattern

with a directional null becomes 3, which is equal to Θ −N .

Therefore, it can be expected that bringing the score closer

to Θ − N will lead to obtaining a clear directivity pattern

with directional nulls. However there are of course many other

spatial filters with a score of Θ − N . Therefore, Ldirectivity

is the loose constraint to ensure that the directivity pattern of

the generated spatial filter does not deviate significantly from

the intended one.

Finally, Lconsistency in Eq. (9) is the constraint on the con-

sistency of the direction of the directional null. As mentioned

above, since Ldirectivity is the loose constraint, the directional

nulls can appear in different directions in each frequency bin

as shown in Fig. 5. However, this is often undesirable for

wideband signals such as speech. Thus, Lconsistency leads so

that the directional null in each frequency bin appears in the

same direction by minimizing the variance of the sensitivity

in each direction.

Simultaneously minimizing the four loss functions enables

us to automatically find a notable sound in each individual

sound scene and generate a spatial filter to emphasize that

notable sound. The most attractive feature is that our loss

function can be calculated without any prior information such

as the direction of arrival and the reference signal of the target
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Fig. 6. Arrangement of microphones and sounds

sound.

IV. EXPERIMENT AND RESULTS

A. Overview

The effectiveness of the proposed method is evaluated from

the following two viewpoints.

• Can the proposed method improve the classification ac-

curacy?

• Can the proposed method find the notable sound and

generate the spatial filter that emphasizes it?

To perform this evaluation reliably, we designed the task of

classifying 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. It is obvious that the notable sound in this task

is speech. However, clean speech, which can be used as a cue

of a notable sound, is not included in the training data, and

the direction of arrival of the notable sound is not given. Thus,

this task requires learning that the notable sound is speech and

generating the spatial filter that enhances it.

B. Dataset

As shown in Fig. 6, mixed sounds of speech and pink

noise arriving from distinct directions at the same time were

generated with a signal-to-noise ratio (SNR) of −20 dB.

Two microphones of the circular microphone array were used

for the experiment. The directions of arrival of speech and

pink noise were randomly selected from 10◦, 30◦, · · · , 170◦ (9

directions in 20◦ steps) so as not to overlap. Sound propagation

was simulated by convolving the measured impulse responses

included in the RWCP sound scene database [12] shown in

Table I. Male and female speech data were randomly selected

from the ASJ continuous speech corpus for research (ASJ-

JIPDEC) [13] shown in Table II.

Finally, the mixed-sound dataset shown in Table III was

generated. The number of mixed sounds is 4500 for each of

TABLE I
DETAILS OF MEASURED IMPULSE RESPONSES DATA

Recording device circular microphone array
(16 ch, 30 cm in diameter)

Microphones used two adjacent microphones
(distance 11.4 cm)

Recording environment anechoic chamber
Sound source position 2 m from microphone array center
Sample rate 48 kHz
Format 32 bit float

TABLE II
DETAILS OF SPEECH DATA

# of speech data 9600 sentences
# of speakers 64 (30 male and 34 female)
Channels 1
Sample rate 16 kHz
Format 16 bit integer

TABLE III
DETAILS OF GENERATED DATA

# of data 4500 per scene (70% is used for training)
Signal length 2 seconds
Channels 2
Sample rate 16 kHz
Format 16 bit integer

the male and female scenes, 70% of which is used for training

and the remaining 30% for testing. Note that clean speech,

which can be used as a cue of a notable sound, is not included

in this dataset.

C. Configuration

In the spatial filter generator, the frame size was set to 80

ms, the hop size to 20 ms, and the length of the spatial filter

to 5 ms. The sizes of the hidden states of the LSTM layers

were 1536 for the first layer and 768 for the 2nd layer. In the

experiment, the CNN-based classifier was used, which is the

same as that of the baseline method in the DCASE 2019 Task

1A [14] and its network configuration is shown in Table IV.

When training, the AdamW optimizer [15] was adopted with

the learning rate of 0.001. The batch size was 100 and the

entire network was trained for 100 epochs.

For the loss functions, the number of frequency bins K was

set to 1024, the number of directions Θ to 9 as described

above, and the number of directional nulls to 1 since the

number of microphones M was 2. All the weights of the four

loss functions, a1, a2, a3, and a4 were set to 1.

D. Result

Fig. 7 shows the examples of the directivity pattern of

the spatial filter generated by the proposed method. In this

figure, the pink noise directions are selected in order from

10◦, 30◦, · · · , 170◦, whereas the speech directions are ran-

domly selected. In each figure, the vertical axis represents

the direction and the horizontal axis the time frame index.

The color map shows that the bluer the color, the lower the

sensitivity (0 dB means the sensitivity is 1). The blue and

orange arrows indicate the pink noise direction and the speech
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Fig. 7. Directivity pattern of the spatial filters generated by the proposed method

TABLE IV
NETWORK STRUCTURE OF THE CLASSIFIER

Layer Kernel Stride Feature maps Dropout rate
input
conv (7, 7) (1, 1) 32 0.3

BN and ReLU
maxpool (5, 5) (2, 2)

conv (7, 7) (1, 1) 64 0.3
BN and ReLU

maxpool (4, 20) (2, 2)
ReLU

fc 100 0.3
fc 2

softmax
output

direction, respectively. From these figures, we can see that

the directivity pattern with one-directional null in the noise

direction was successfully generated for various combinations

of the speech and noise directions. This means that the loss

function in the proposed method works as intended.

The segmental SNR, which is the average of SNRs over

segmented frames, is one of the evaluation metrics of speech

enhancement. The segmental SNR averaged over all the test

data was improved by 10.7 dB. This indicates that the spatial

filter emphasizing speech was successfully generated. As a

result, the proposed method achieved a classification accuracy

of 95.8%, which was 20.3% higher than when using only

the classifier with monaural input data (i.e., the method that

excludes the spatial filter generator from the proposed method).

The experimental results confirmed that the proposed

method could successfully find speech as a notable sound

in this classification task and generate the spatial filter to

emphasize that notable sound.

V. CONCLUSIONS

In this paper, we proposed the method using a neural

beamformer composed of the neural networks of the spatial
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filter generator and the classifier, which are optimized in an

end-to-end manner. The feature of the proposed method is to

automatically find a notable sound in each individual sound

scene and generate a spatial filter to emphasize 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. To realize it, we devised

the four types of loss functions: one is for classification and

the remainings are for beamforming that help to obtain a

clear directivity pattern. To evaluate the performance of the

proposed method, we conducted an experiment on classifying

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. The experimental results showed that the proposed

method can successfully find speech as a notable sound in this

classification task and generate the spatial filter to emphasize

that notable sound.
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