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

Directional Selective Fixed-Filter Active Noise
Control Based on a Convolutional Neural Network
in Reverberant Environments

Boxiang Wang*, Zhengding Luo*, Haowen Li*, Dongyuan Shif, Junwei Ji*, Ziyi Yang*, Woon-Seng Gan*
* School of Electrical and Electronic Engineering, Nanyang Technological University, Singapore
Email: {boxiang001, luoz0021, junwei002, ziyi016} @e.ntu.edu.sg, {haowen.li, ewsgan} @ntu.edu.sg
t Center of Intelligent Acoustics and Immersive Communications, Northwestern Polytechnical University, China
E-mail: dongyuan.shi@nwpu.edu.cn

Abstract—Selective fixed-filter active noise control (SFANC)
is a novel approach capable of mitigating noise with varying
frequency characteristics. It offers faster response and greater
computational efficiency compared to traditional adaptive algo-
rithms. However, spatial factors—particularly the influence of
the noise source location—are often overlooked. Some existing
studies have explored the impact of the direction-of-arrival (DoA)
of the noise source on ANC performance, but they are mostly
limited to free-field conditions and do not consider the more
complex indoor reverberant environments. To address this gap,
this paper proposes a learning-based directional SFANC method
that incorporates the DoA of the noise source in reverberant
environments. In this framework, multiple reference signals are
processed by a convolutional neural network (CNN) to estimate
the azimuth and elevation angles of the noise source, as well
as to identify the most appropriate control filter for effective
noise cancellation. Compared to traditional adaptive algorithms,
the proposed approach achieves superior noise reduction with
shorter response times, even in the presence of reverberations.

I. INTRODUCTION

Active noise control (ANC) is an advanced technique that
effectively attenuates low-frequency noise, offering a more
compact and lightweight alternative to traditional passive noise
control methods [1]. In an ANC system, a secondary source
is driven by the control signal to generate anti-noise with
equal amplitude but opposite phase as the unwanted noise,
thereby reducing the disturbance through the sound destructive
interference principle [2]. Owing to its compact size and
effective noise reduction capabilities, ANC has been widely ap-
plied in various applications [3], [4]. To address time-varying
noise and dynamic acoustic environments, adaptive algorithms
such as the filtered-x least mean squared (FXLMS) algorithm
are commonly employed to update the control filter in real
time [5], [6]. However, these algorithms often involve high
computational complexity, slow convergence speed, and are at
risk of divergence [7], [8]. To ensure simplicity and stability,
many commercial ANC systems utilize pre-trained control
filters with fixed coefficients [3]. Nevertheless, the performance
of such fixed-filter approaches is highly sensitive to variations
in noise source type and direction-of-arrival (DoA), leading to
suboptimal results when either of these factors changes.
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To address these limitations, the selective fixed-filter ANC
(SFANC) method has been proposed to select the most appro-
priate control filter for various incoming noise types, utilizing
either traditional signal processing techniques [9], [10] or deep
learning-based approaches [11]-[13]. This method provides a
more robust solution for noise sources with diverse frequency
characteristics, while maintaining low computational cost and
fast response time. However, SFANC methods mainly focus
on the frequency content of the noise and overlook spatial
information, such as DoA, which has also been proven to be
critical for the performance of ANC systems [14].

To date, several researchers have developed methods to
incorporate the influence of DoA into ANC systems. Some
studies have aimed to enhance noise cancellation from various
directions by improving the causality of the ANC system
[15]. Others have focused on achieving spatial selectivity, in
which unwanted noise is suppressed while the desired sound is
preserved. This has been accomplished either by initially can-
celing both the noise and the desired sound and subsequently
reproducing the desired sound [16], [17], or by selectively
controlling the unwanted noise while leaving the desired sound
unaffected [18]. However, these techniques rely on adaptive
algorithms for real-time control filter updates. Toyooka et al.
proposed a method that selects fixed filters corresponding to
different noise source locations [19]. Su et al. proposed an
alternative approach that considers both the frequency and
directional information of the noise source for control filter
selection in a multichannel ANC system [20], [21]. However,
these methods are limited to free-field environments and rely
on traditional signal processing techniques for DoA estimation,
which are ineffective in handling noise sources under complex
reverberant environments. In contrast, deep neural networks
(DNNs) are powerful models for accurate source locations
without requiring specific modeling assumptions, making them
well-suited for such challenging acoustic conditions [22].

To address this limitation, this paper proposes a convolu-
tional neural network (CNN)-based directional SFANC method
that incorporates DoA information of the noise source in
reverberant environments. To achieve this, a CNN trained using
multi-task learning is deployed on a co-processor to estimate



the elevation and azimuth angles of the noise source based on
multiple reference signals, and to select the most appropriate
control filter at the frame level. The selected control filter is
then applied on a sample-by-sample basis to enable delayless
noise control.

The remainder of this paper is organized as follows. Section
II introduces the fundamentals of DNN-based DoA estimation
and the multi-reference ANC system. Section III describes
the overall framework and details of the proposed directional
SFANC method. Section IV evaluates the performance of the
proposed algorithm through numerical simulations. Finally,
Section V concludes the paper with future research directions.

II. PRELIMINARIES OF DNN-BASED DIRECTIONAL ANC
A. General Principle of DNN-based DoA Estimation

DNN-based DoA estimation depends on the multichannel
signals recorded with an array of J microphones spatially
distributed in the environment, which collectively capture the
directional information of the sound source. In reverberant
environments, the signal received at the j-th microphone can
be modeled as

rj(n) = g;(n) x z(n), (D

where 7;(n) denotes the signal received at the j-th micro-
phone, z(n) is the source signal, ¢;(n) represents the room
impulse responses (RIRs) between the source and the j-th
microphone and * denotes the linear convolution operator.

Due to differences in source location, microphone location,
and room acoustics, each microphone captures a version of the
source signal convolved with a distinct RIR. These variations
result in interchannel differences in delay and amplitude, which
encode spatial information about the DoA of the sound source
relative to the microphone array. DNNs can automatically
identify the relationship between the multichannel signal fea-
tures and the sound source location. This offers a significant
advantage over traditional DoA estimation techniques, which
often rely on specific modeling assumptions and tend to
perform poorly in complex indoor environments. Accordingly,
the proposed directional SFANC framework employs a CNN
to estimate the DoA, specifically the azimuth angle 6 and
elevation angle ¢ of the noise source.

B. Multi-Reference Active Noise Control System

In addition to DoA estimation, the multichannel signals can
also serve as reference inputs for the ANC system. Figure
1 illustrates the block diagram of the multi-reference ANC
system that consists of J reference microphones, 1 secondary
source and 1 error microphone. The control signal utilized to
drive the secondary source is expressed as

y(n) = _rj(n)w;(n), )

j=1
where rj(n) = [rj(n),rj(n—1),---,rj(n—L+1)]T
is the j-th reference signal vector, w;(n) =

[wj1(n),wja(n), -+ ,w;(n)]T is the j-th control filter
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Fig. 1. Block diagram of the multi-reference active noise control system.

vector, L is the control filter length and T denotes the matrix
transpose operator.
The error signal picked up by the error microphone is stated
as
e(n) = d(n) — y" (n)s(n), 3)

where d(n) is the disturbance at the error microphone, y(n) =
[y(n),y(n —1), -+ ,y(n — Ly + 1)]T is the control signal
vector, s(n) = [s1(n),sa(n), -+ ,sr.(n)]T is the secondary
path impulse response and L is the secondary path length.

According to the FXLMS algorithm, the j-th control filter
coefficient is updated by

w;(n+1) = w;(n) + prj(n)e(n), )

where p is the stepsize, r9 (n) is the filtered reference signal
generated by passing the reference signal through the estimated
secondary path as

ri(n) = 3(n) *r;(n) ®)

However, the adaptive FXLMS algorithm requires time to
converge and an inappropriate step size may even lead to noise
amplification. To improve response time and enhance system
stability, the proposed directional SFANC method selects a
pre-trained fixed-filter based on the DoA of the noise source.

III. PROPOSED DIRECTIONAL SFANC METHOD

The block diagram of the proposed directional SFANC
technique is shown in Fig. 2. The system consists of two
main components: a real-time controller for noise cancellation
and a co-processor for control filter selection. As illustrated
in Fig. 2, the controller operates at the sampling rate to
generate the control signal. Meanwhile, reference signals are
collected at each frame and transmitted to the co-processor.
The objective is to estimate the azimuth and elevation angles
of the noise source relative to the reference microphone array,
using information embedded in the reference signals. Based
on these inputs, the CNN outputs the predicted probabilities
for each azimuth and elevation class as

(f’azim; f’clcv) = CNN(R, @*) (6)

where R is the short-term fourier transform (STFT) spectro-
grams of J-channel reference signals at one frame, ©* is the
trained CNN parameters, IA)azim = [ﬁazim,laﬁazim,% '~'7ﬁazim,A]
is the predicted probability distribution over the A azimuth an-

gle C1a55657 ﬁelev = [ﬁelev,laﬁelev,% -~-aﬁelev,B] is the predicted
probability distribution over the B elevation angle classes.
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Fig. 2. Block diagram of the proposed directional SFANC method.

Then, the estimated azimuth index a can be obtained as

a = argimax ﬁazim,i- @)
i€{1,2,... A}
where P.,im,; denotes the predicted probability of the i-th
azimuth class. .
And the estimated elevation index b can be obtained as

b= arg max ﬁelev,k- (8
ke{1,2,....,B}
where Pelev,k denotes the predicted probability of the k-th
elevation class.

Finally, based on the predicted azimuth index and elevation
index, the coefficients of the selected control filter are updated
at the frame rate. By facilitating cooperation between the
real-time noise controller and the co-processor, the proposed
directional SFANC method enables delayless noise control.

A. Pre-trained Control Filter Library

Prior to the online execution of the directional SFANC
method, a control filter library must be pre-trained to account
for various combinations of azimuth and elevation angles of the
noise source. Specifically, the horizontal plane of the reference
microphone array is divided into A azimuth classes, and the
vertical plane is divided into B elevation classes. At each
discrete direction defined by this grid, the FXLMS algorithm
is used to pre-train a control filter for broadband noise. These
control filters are then stored in a library for deployment.

B. CNN Trained Using a Multi-Task Learning Strategy

In this work, a CNN is employed for DoA estimation,
which has been found to be effective for this task [23]. The
architecture of the proposed CNN is illustrated in Fig. 3.
The input consists of a one-frame, .J-channel reference signal,
which is transformed into J magnitude spectrograms and J
phase spectrograms using the STFT for feature extraction. The
pre-processed data is passed through three convolutional mod-
ules, each comprising a convolutional layer followed by group
normalization, ReLU activation, and max-pooling. Adaptive
average pooling is then applied to reduce the feature maps by
averaging over both frequency and time. These pooled features
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Fig. 3. Architecture of the proposed CNN.

are subsequently fed into two fully connected (FC) layers to
estimate the class probabilities for A azimuth and B elevation
angles. Final predictions are obtained through softmax layers.

As previously discussed, the selected control filter is deter-
mined by the azimuth and elevation angle indices predicted by
the CNN. To enable this, the CNN is trained using a multi-
task learning strategy that simultaneously performs azimuth
and elevation classification. The loss functions for both tasks
are cross-entropy loss functions, denoted as LoSSa,im and
LosSeley respectively. The joint loss function used to train the
CNN is formulated as

Loss = L0oSSazim + L0SSeley )

This joint loss allows the network to learn shared represen-
tations while balancing the learning of both tasks, offering a
more efficient alternative to training separate models [24].

IV. NUMERICAL SIMULATIONS

The effectiveness of the proposed directional SFANC
method is evaluated in a 4x1x1 multi-reference ANC system
in reverberant environments, where a four-channel tetrahedral
microphone array with a diameter of 2.5 cm is employed as the
reference microphone array to effectively capture the spatial
characteristics of the noise source [25]. For the construction
of the pre-trained control filter library, as illustrated in Fig. 4,
the horizontal plane of the microphone array is divided into
six azimuth classes: 0°, 60°, 120°, 180°, 240°, and 300°, while
the vertical plane is divided into three elevation classes: 90°,
30°, and -30°. The distance between the noise source and the
microphone array is fixed at 0.2 m. At each discrete direction
defined by this spatial grid, a control filter is pre-trained using
the FXLMS algorithm with broadband noise in the 20-2020
Hz range, targeting the low-frequency band typically addressed
by ANC systems. A total of 13 control filters are trained and
stored in the library. The STFT is computed using a Hann
window of 1024 samples, a hop size of 64 samples, and the
system operates at a sampling frequency of 16 kHz.
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Fig. 4. Illustration of the pre-trained control filter library: (a) azimuth angle
classes defined in the horizontal plane, and (b) elevation angle classes defined
in the vertical plane.

TABLE 1
CONFIGURATIONS FOR TRAINING, VALIDATION AND TESTING DATASETS.

Training and Validation Datasets
Synthesized noises & real noises
R1: (6x4x3); R2: (12x8x3.5); R3: (16x14x4)
8 arbitrary positions in each room
R1: 0.1, 0.2, 0.3; R2: 0.4, 0.5, 0.6; R3: 0.7, 0.8, 0.9
Uniformly sampled from 30 to 50
Testing Dataset
Synthesized noises & real noises

Noise signal
Room size (m)
Array positions

RTg0 (s)
SNR (dB)

Noise signal

Room size (m) (11x9x3.2)
Array positions 4 arbitrary positions in each room
RTso (s) 0.48
SNR (dB) 30, 40, 50
TABLE II
THE CLASSIFICATION ACCURACY OF THE CNN WITH DIFFERENT SNRS.
Metrics SNR =30dB | SNR=40dB | SNR =50 dB
Azimuth angle Acc. 96.4% 96.4% 96.4%
Elevation angle Acc. 90.7% 90.8% 91.0%

A. DoA Estimation with CNN

1) Dataset generation: A noise dataset consisting of both
synthetic and real noise signals is first constructed. The syn-
thetic noises are generated as bandlimited white noise with
varying bandwidths, while the real noises are sourced from the
UrbanSound8K dataset [26]. The generated noise signals are
then convolved with a variety of RIRs to produce reference
signals captured by the tetrahedral microphone array, with
additive noise included. The azimuth angle of the noise source
relative to the microphone array is randomly selected from the
range [0°, 360°], the elevation angle from [-60°, 90°], and the
source-to-array distance from [0.1 m, 0.6 m], with the array-to-
surface distance maintained at over 1 m. The nearest azimuth
and elevation angle classes, as defined in Fig. 4, are assigned as
the corresponding labels. To enhance the system’s robustness
under adverse acoustic conditions, the training and validation
datasets incorporate variations of the RIRs made with different
room sizes, array positions, reverberation time (RTgp), and
signal-to-noise ratio (SNR) levels. For the testing dataset,
both the noise types and acoustic environments are distinct
from those used during training, ensuring a fair evaluation
of generalization performance. A summary of the dataset
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Fig. 5. Simulation arrangement of the 4x1x1 multi-reference ANC system.

configuration is provided in Table I. The RIRs are generated
using the gpuRIR library [27] based on the image method [28].

In total, the dataset includes 46080 training samples (38400
synthetic, 7680 real), 5760 validation samples (4800 synthetic,
960 real), and 4800 test samples (4000 synthetic, 800 real).
Each sample is a four-channel, 0.5-second frame.

2) Classification accuracy under unseen acoustic environ-
ments and noise types: As shown in Table II, the proposed
CNN achieves a classification accuracy of approximately 96%
for azimuth angle and 91% for elevation angle under vary-
ing SNR levels. Notably, these results are obtained using
unseen noise types and acoustic environments during testing,
highlighting the model’s strong generalization capability and
robustness to real-world variability. In addition, the CNN is
computationally efficient, with only 0.03 million parameters,
a CPU runtime of 7.83 ms, and 119.86 million multiply-
accumulate operations (MACs), making it suitable for deploy-
ment on embedded devices. These findings demonstrate the
effectiveness of the proposed method in selecting appropriate
control filters for noise sources with different DoAs, thereby
enabling efficient noise control in reverberant environments.

B. Noise Cancellation based on DoA Estimation

Noise cancellation simulations are conducted in the testing
environments summarized in Table 1 with the arrangement of
the 4x1x1 multi-reference ANC system shown in Fig. 5. The
proposed directional SFANC method is compared with several
baseline methods, including the conventional FXLMS algo-
rithm, standard SFANC [29], and generative fixed-filter ANC
(GFANC) [30]. For both the standard SFANC and GFANC
methods, the pre-trained control filters are trained using a noise
source located at (6 = 0°,¢ = 30°), corresponding to the
center of the reference microphone array.

1) Broadband Noise Cancellation: To evaluate the noise
reduction performance of the proposed directional SFANC
method for broadband noise, a primary noise signal in the
100-700 Hz range is first positioned at (6 = 120°,¢ = 30°)
corresponding to the reference microphone array. The power
spectral density (PSD) of the residual noise after applying the
FxLLMS, SFANC, GFANC, and directional SFANC methods is
shown in Fig. 6(a). The PSD is computed by averaging across
the entire duration of the signal and the step size of the FXLMS
algorithm is set to 1 x 10~%. Additionally, the averaged noise
reduction levels per 0.5 second achieved by the four methods
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Fig. 6. (a) PSD and (b) averaged noise reduction level per 0.5 second
attenuated by different ANC algorithms for 100-700 Hz broadband noise
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Fig. 7. (a) PSD and (b) averaged noise reduction level per 0.5 second
attenuated by different ANC algorithms for 100-700 Hz broadband noise
located at (§ = 0°, ¢ = —30°) relative to the reference microphone array.

are presented in Fig. 6(b). A similar evaluation is conducted for
a noise source located at (¢ = 0°,¢ = —30°) corresponding
to the reference microphone array, with the results shown in
Fig. 7. As shown in Fig. 6 and Fig. 7, the proposed direc-
tional SFANC method outperforms the conventional FXLMS
algorithm in terms of both response time and noise reduction
performance. Furthermore, when the azimuth or elevation
angle of the noise source deviates from the pre-trained filter
location used in the SFANC and GFANC methods, these
approaches exhibit limited noise reduction capability or may
even amplify the noise. This degradation is attributed to their
inability to track changes in the DoA of the noise source.

2) Real-world Noise Cancellation: To evaluate the noise
reduction performance of the proposed directional SFANC
method on real-world noise, a washing machine noise source
is positioned at (# = 110°,¢ = —15°) corresponding to the
reference microphone array. The PSD of the residual noise
after applying the FXLMS, SFANC, GFANC, and directional
SFANC methods is shown in Fig. 8(a). In addition, the average
noise reduction levels per 0.5-second interval achieved by the
four methods are presented in Fig. 8(b). It can be observed that
the proposed directional SFANC method continues to achieve
superior noise reduction performance and faster response time
compared to the FXLMS algorithm, even when the noise source
is located at a position not included in the pre-trained control
filter library. In contrast, the SFANC and GFANC methods
tend to amplify the noise due to their inability to adapt to
variations in the DoA of the noise source.

V. CONCLUSIONS

This paper proposes a novel directional SFANC method to
tackle noise sources with varying DoA in complex reverberant

(a) Power Spectral Density (b) Average Noise Reduction per 0.5

4
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Fig. 8. (a) PSD and (b) averaged noise reduction level per 0.5 second
attenuated by different ANC algorithms for washing machine noise located
at (0 = 110°, ¢ = —15°) relative to the reference microphone array.

environments. A lightweight CNN, trained via multi-task learn-
ing, is employed to dynamically select the optimal control filter
based on the reference signals. Simulation results show that the
proposed method significantly outperforms the conventional
FxLMS algorithm for both broadband and real-world noises
across various DoAs, offering faster response and superior
noise reduction under reverberant conditions. In contrast, many
existing learning-based ANC approaches struggle to adapt to
directional variations in the noise source.

Despite its advantages, the current method does not consider
the source-to-array distance, which may also affect ANC
performance. Future work will address this by integrating
distance estimation into the control framework.
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