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Abstract

This thesis presents a study on advancing spatial audio technologies using deep

learning methods, with a focus on three major areas: sound field estimation, Head-

Related Transfer Function(HRTF) interpolation, and monaural speech enhancement

on drones.

Spatial audio is integral to immersive applications such as entertainment, teleconfer-

encing, and AR/VR applications including gaming and defense applications. How-

ever, challenges persist due to technological constraints like the limited spatial res-

olution of microphone arrays, which impede the full capture and reproduction of

sound scenes. As a result, there is a notable drive to enhance spatial audio tech-

nologies to improve user experience.

The integration of deep learning in spatial audio is transformative, paralleling its im-

pact in fields like image processing and computer vision. Deep learning’s capability

to manage complex, non-linear problems has started to revolutionize spatial audio,

though its application in this field is still in the early stages of development.

This thesis introduces innovative learning-based methods to address challenges in

spatial audio. It employs Physics-Informed Neural Networks for sound field esti-

mation to achieve accurate sound pressure estimation. For HRTF interpolation, it

presents a spherical convolutional neural network designed to enhance interpolation

accuracy. Furthermore, the thesis explores the application of transfer learning to

speech enhancement on drones, focusing on improving clarity and reducing drone

noise.

The findings of this thesis not only contribute to the theoretical advancements in

the field of spatial audio but also have practical implications for enhancing user

experience in many immersive audio applications, including those using VR/AR

techniques. It also enables future use of drone-embedded microphone arrays for

spatial audio capture. This work contributes insights into the application of deep

learning technologies in spatial audio and offers ideas for future studies to build on

and improve these methods.
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Chapter 1

Introduction

Spatial audio is an interdisciplinary field that integrates expertise from numerous

domains including audio engineering, acoustics, computer science, applied psychoa-

coustics, and beyond. Spatial audio research aims to recreate or synthesize acoustic

environments by adeptly combining sound recording, processing, and reproduction

techniques. This involves preserving the fidelity and spatial attributes of the audio

content—reflecting the actual locations of sound sources and the characteristics of

the acoustic environment—and extends into diverse related disciplines. These en-

compass signal processing and machine learning for audio transformation, physics,

fluid dynamics for modeling sound propagation, and electrical, mechanical, and ma-

terials engineering for designing audio hardware. Additionally, the fields of language

and psychology play crucial roles in understanding human communication and the

perception of sound. Consequently, spatial audio stands as a pivotal concept with

broad relevance to both research and commercial industries, significantly impacting

human auditory experiences and communication.

1.1 Background

Fig. 1.1 shows a general spatial audio pipeline consisting of three main stages:

recording, processing, and reproduction of sound. In the recording phase, spa-

tial audio often employs spherical microphone arrays to capture the sound from

all directions, and may also use head-shaped microphones for binaural recordings.

These techniques are designed to preserve the nuanced interactions of sound with

the human head and ears, crucial for creating a realistic auditory experience.

During the processing stage, the spatial characteristics of the captured sound are

either enhanced or manipulated to extract information that is not directly measur-

able. Techniques such as ambisonics are pivotal here; they encode sound sources

within a spherical coordinate system, allowing for an immersive audio playback that

remains consistent regardless of listener orientation. This phase also considers vari-

2
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Figure 1.1: A general spatial audio pipeline

ous acoustic factors such as distance, direction, and environmental reflections, which

are essential for accurately positioning sound sources within a virtual space.

Finally, the reproduction stage auralizes the processed sound scene through multiple

speakers or headphones. This includes the application of the Head-Related Transfer

Function (HRTF) to convert spatial recordings for headphone listening through bin-

aural synthesis, effectively mimicking the natural hearing process. Such advanced

reproduction methods transcend traditional stereo panning by reconstructing a full

three-dimensional audio environment, significantly enhancing the depth and realism

of the listener’s auditory experience.

1.2 Motivation

Accurate spatial audio rendering requires precise sound field estimation and Head-

Related Transfer Function (HRTF) interpolation. Traditional methods for sound

field estimation, which measure the distribution of sound pressure or intensity, often

face limitations due to complex array setups restricted by spatial resolution and envi-

ronmental constraints. Additionally, HRTF interpolation, essential for personalized

auditory experiences in virtual reality, confronts challenges from the high variability

in individual ear and head anatomies that affect auditory perception.

Looking toward future advancements, the field of spatial audio is increasingly ex-

ploring unconventional and dynamic environments for sound capture and reproduc-

tion. Figure 1.2(a) illustrates aerial audio recording with a flying drone, presenting
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(a) (b)

(c) (d)

Figure 1.2: Futuristic Technologies in Spatial Audio: (a) Aerial Audio Recording
Scenario with a Flying Drone (b) High-Density Hemispherical Array of Loudspeakers
for Enhanced Sound Field Control (c) Open Ear Style Smart Glasses (d) VR Devices

new possibilities and challenges for capturing audio in difficult-to-access or rapidly

changing environments. Figure 1.2(b) features a High-Density Hemispherical Ar-

ray of Loudspeakers, designed for precise sound field control. Additionally, Open

Ear Style Smart Glasses and VR devices (Figures 1.2(c) and (d)) integrate spatial

audio into wearable technologies, enhancing user experiences. Among these innova-

tions, drones pose a unique challenge due to their noise characteristics, which can

significantly impact the accuracy of sound recording.

This thesis explores three topics related to immersive audio: sound field estima-

tion, Head-Related Transfer Function interpolation, and speech enhancement. Each

topic addresses specific challenges, including data limitations and the integration

of acoustic and audio domain knowledge with advanced deep learning models. For

sound field estimation, this thesis proposes a method using Physics-Informed Neural

Networks to achieve accurate sound pressure estimation. For HRTF interpolation,

it introduces a spherical convolutional neural network to enhance the interpolation

accuracy. Lastly, the thesis discusses the application of transfer learning to speech

enhancement on drones, focusing on improving clarity and reducing drone noise.

Although this task is monaural, it supports spatial audio workflows by enhancing

signal quality for subsequent spatial encoding and reproduction, especially in dy-

namic recording environments.
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1.3 Thesis Outline

The structure of this thesis is organized as follows:

Chapter 2 provides a foundation on spherical transformation, soundwave propaga-

tion, sound recording, and deep learning, setting the stage for the methods applied

in subsequent chapters.

Chapter 3 presents a method for sound field estimation, emphasizing the application

of physics-informed neural networks.

Chapter 4 presents a method for HRTF upsampling, introducing spherical convolu-

tion and spherical harmonic transformations to enhance spatial representation and

interpolation accuracy.

Chapter 5 presents a method for speech enhancement on drones, exploring transfer

learning, especially the adapter-based tuning method, to improve speech clarity and

reduce drone noise.

Chapter 6 synthesizes the research findings, discusses the implications of this work,

and outlines potential future directions for immersive audio research.



Chapter 2

Background

This chapter introduces the foundational concepts and methodologies essential for

analyzing acoustic and audio research. It begins by explaining Cartesian and spheri-

cal coordinate systems for describing three-dimensional sound fields. It then explores

the spherical harmonics transform for function decomposition and reconstruction on

the sphere. The discussion extends to sound wave propagation and provides a general

solution to the wave equation. It then covers spatial sound recording, highlighting

the roles of the Head-Related Transfer Function and spatial microphone arrays. Fi-

nally, the chapter introduces deep learning concepts like supervised learning, neural

networks, and transfer learning, which provide innovative tools to address challenges

in this field.

2.1 Coordinate Systems

This thesis employs both Cartesian and spherical coordinate systems to describe

the spatial attributes of soundfields within three-dimensional spaces, as shown in

Fig. 2.1. In a spherical coordinate system, a point in space is defined by the position

vector x = (r, θ, ϕ), where r = ∥x∥ represents the radial distance from the origin,

with ∥ · ∥ indicating the Euclidean norm. The polar angle θ is measured from the

vertical axis within the range 0 ≤ θ ≤ π, and the azimuthal angle ϕ is measured in

the horizontal plane from the origin, where 0 ≤ ϕ < 2π. These spherical coordinates

are related to Cartesian coordinates (x, y, z) via

x = r sin θ cosϕ,

y = r sin θ sinϕ,

z = r cos θ.

(2.1)

6
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Figure 2.1: Spherical coordinate system defined relative to the Cartesian coordinate
system

Vector directions can be expressed using the unit vector notation

x̂ =
x

∥x∥
, (2.2)

or alternatively, through the polar and azimuthal angles (θ, ϕ). This flexibility allows

for the interchangeable use of position and direction in function parameterizations,

where f(x) = f(r, θ, ϕ) and g(x̂) = g(θ, ϕ).

2.2 Spherical Harmonics Transform

Spherical harmonics, Y m
n : S2 → C, form an orthonormal basis for L2(S2), the space

of square integrable functions on the sphere. The degree m ∈ Z and the order

n ∈ N define the spherical harmonics. Any function f : S2 → C in L2(S2) can be

decomposed into this basis via the spherical harmonics transform (SHT) as shown

in Eq. (2.3), and reconstructed via its inverse (ISHT) as shown in Eq. (2.4).

The SHT for spherical data, akin to a generalized Fourier Transform, projects func-

tions defined on the sphere into the spherical harmonics space. The SHT for a

function g(θ, ϕ) is given by [4]:

amn =

∫ 2π

0

∫ π

0

g(θ, ϕ)Y m
n (θ, ϕ) sin θ dθ dϕ, (2.3)
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where amn are the spherical harmonic coefficients, Y m
n (θ, ϕ) indicates the complex

conjugate of the spherical harmonic function.

The inverse transformation reconstructs the original function from its spherical har-

monic coefficients:

g(θ, ϕ) =
∞∑
n=0

n∑
m=−n

amn Y
m
n (θ, ϕ), (2.4)

This method enables synthesizing the function f on the sphere utilizing the coeffi-

cients derived from the SHT. For instance, one can capture the sound pressure over

the entire sphere when employing a spherical microphone array. This application

will be discussed in detail in Chapter 4.

2.3 Sound Wave Propagation in Free Field

This section covers the physics of sound waves in an idealized free field. A free

field is defined as a special sound environment in a uniform and isotropic medium,

typically air, where boundary reflections are absent, making conditions like those in

an anechoic chamber or certain open regions ideal for such analysis.

2.3.1 Wave Equation

Sound waves generated by sound sources propagate in a space through a medium,

creating a sound field. This field is a region within the medium where sound waves

can be described by the spatial and temporal distribution of sound pressure p̂(x, t)

in the time domain at location x. In a source-free region, sound pressure in air

satisfies the homogeneous wave equation [5]:

∇2p̂− 1

c2
∂2p̂

∂t2
= 0, (2.5)

where ∇2 denotes the Laplacian operator and c denotes the speed of sound.

2.3.2 Helmholtz Equation

Assuming a time-harmonic solution, we have:

p̂(x, t) = p(x, ω)eiωt, (2.6)
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where p(x, ω) is the space dependent part of the soundfield and i =
√
−1. Substi-

tution of Eq. (2.6) into Eq. (2.5) yields the Helmholtz equation

∇2p(x, k) + k2p(x, k) = 0, (2.7)

where k is the wavenumber, which is related to the angular frequency ω and wave-

length λ through

k =
ω

c
=

2π

λ
. (2.8)

2.3.3 Spherical Harmonics Decomposition

Within a source-free region Ω, characterized by a radius R, the sound pressure at

any point x relative to the origin ΩO can be modeled using spherical harmonics. We

can solve the Helmholtz equation Eq. (2.7), using spherical coordinates to describe

the space-dependent acoustic pressure [6]:

p(x, k) =
∞∑
n=0

n∑
m=−n

αm
n (k)jn(kr)Y

m
n (θ, ϕ), (2.9)

where jn(kr) denotes the n-th order spherical Bessel function of the first kind.

Sound pressure can be determined by solving either the wave equation in the time

domain, the Helmholtz equation in the frequency domain, or using spherical har-

monics decomposition in the spatial domain, depending on the initial and boundary

conditions.

2.4 Boundary Conditions for Sound Pressure

While sound wave propagation in a free field represents an ideal scenario, most prac-

tical situations involve reflective boundaries. At a receiver position, sound waves

are a composite of direct sound from the source and reflections from boundaries.

Boundary conditions are crucial for accurately modeling acoustic wave propagation,

particularly at the domain’s boundaries. These conditions can vary: Dirichlet con-

ditions specify the sound pressure; Neumann conditions involve the derivative of

sound pressure; and Robin conditions incorporate elements of both [5].

Sound Pressure at a Rigid Boundary

A key scenario in acoustic analysis is the interaction of sound waves with rigid bodies,

such as spheres, where specific boundary conditions apply. At a rigid boundary, no
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air particle displacement through the surface is allowed, leading to a Neumann

boundary condition [7]:
∂p

∂v
(x, k) = 0 for x ∈ S, (2.10)

where S denotes the surface of a rigid sphere, ∂p
∂v

represents the derivative of the

sound pressure in the direction normal (perpendicular) to the surface of the sphere.

This condition ensures that the normal component of the velocity at the boundary

is zero, crucial for studying scattering phenomena and resonance effects.

The presence of the rigid sphere alters the sound field, creating patterns of interfer-

ence and diffraction that can be precisely analyzed using the Helmholtz equation in

conjunction with the specified boundary condition.

2.5 Spatial Sound Recording

Sound recording involves capturing sound waves using microphones, which convert

these mechanical vibrations into electrical signals. However, a single microphone

alone cannot capture the complex spatial nature of real-world acoustic environments.

This section introduces spatial sound recording techniques including spherical mi-

crophone arrays and noise reduction for recording.

2.5.1 Recording with Spherical Microphone Arrays

Spherical microphone arrays provide the flexibility to account for head rotation and

personalized head effects. These arrays utilize the higher order ambisonics format,

which encodes the sound field using a weighted sum of spatial basis functions, often

referred to as higher order spherical harmonics. This technique allows for com-

prehensive capture, processing, and reproduction of sound across various acoustic

environments.

In Eq. (2.9), the summation of order up to an infinite order is not practical. Hence, a

truncation of this summation at a maximum order N is common, due to the low pass

nature of the spherical Bessel functions [8]. Thus, Eq. (2.9) can be approximated

as

p(x, k) ≈
N∑

n=0

n∑
m=−n

αm
n (k)jn(kr)Y

m
n (θ, ϕ), (2.11)

where N = ⌈kr⌉ represents the truncation order [8], with ⌈·⌉ denoting the floor

function, which rounds down to the nearest integer. This truncation is essential

for practical computations as it limits the infinite series to a finite number, reduc-

ing complexity and computational demands while maintaining sufficient accuracy
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for modeling the sound field within the defined frequency and spatial resolution

limits.

For a rigid spherical array of radius r0, αnm(k) can be extracted by integrating the

recording over the spherical surface, which gives

αm
n (k) =

1

bn(kr0)

∫ 2π

0

∫ π

0

p(r0, θ, ϕ, k)Y m
n (ϕ, θ) sinϕ dϕ dθ. (2.12)

where

bn(kr) = jn(kr)−
j′n(kr0)

h′
n(kr0)

hn(kr), (2.13)

where hn(·) is the spherical Hankel function, (·)′ refers to the first order derivative.

In practice, this integration is achieved using an equivalent discrete summation of

spatial samples over the sphere, where at least Q = (N +1)2 samples are necessary.

We rewrite it as

αm
n (k) ≈

1

bn(kr0)

Q∑
q=1

p(r0, θq, ϕq, k)Y m
n (θq, ϕq)X (q). (2.14)

where θq, ϕq is the elevation and azimuth angle of the q-th microphone, respectively,

and X (q) is the weighting coefficients specific to the sampling scheme of the micro-

phone array. For regularly distributed sampling, X (q) = 1 for all the microphone

samples.

2.5.2 Noise Reduction

One of the challenges in sound recording is the presence of unwanted ambient noise

which can obscure or distort the sound signal intended to be captured. The micro-

phone recording can be represented as

y(t) = s(t) ∗ h(t) + v(t), (2.15)

where s(t) denotes the clean sound with t being the time index, h(t) is the impulse

response between the human and the microphone, v(t) denotes the noise, and ∗
denotes the convolution operation. Noise reduction methods are therefore employed

to enhance the clarity of the recordings. These techniques involve various signal

processing methods that identify and mitigate noise components from the captured

audio. By improving the signal-to-noise ratio, these processes ensure that the true

essence of the sound, including its spatial characteristics as captured by the micro-

phones, is preserved.
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2.6 Binaural Reproduction

Figure 2.2: Illustration of the HRTF, which describes how sound is transformed
from the sound source before reaching the listener’s eardrum by reflecting off their
upper body, head, and outer ear

Human auditory perception operates through a complex mechanism involving two

ears. Ears interact with various anatomical structures, including the head, pinnae,

and torso, which significantly scatter and diffract incoming sound waves. These

interactions are crucial as they modulate the sound waves reaching each ear, im-

parting essential spatial information that facilitates directional hearing. This com-

plex interaction is described by the Head-Related Transfer Function (HRTF), which

quantifies the overall filtering effects these anatomical features impose on incoming

sounds [9].

HRTFs are individually specified for each ear through the following

HL = HL(rs, θs, ϕs, f, a) =
PL(rs, θs, ϕs, f, a)

Pfree(rs, f)
, (2.16)

HR = HR(rs, θs, ϕs, f, a) =
PR(rs, θs, ϕs, f, a)

Pfree(rs, f)
, (2.17)

where (rs, θs, ϕs) denotes the sound source position relative to the listener; f is

frequency; PL and PR are sound pressures at the left and right ears, respectively;

and Pfree is the sound pressure in a free field at the head’s center when the head

is absent. Each HRTF is inherently unique to an individual, reflecting the specific

anatomical structures and dimensions of each person, represented by the parameter

a. At the far-field distance with rs > 1.0 m, an HRTF is nearly distance independent

and termed the far-field HRTF. In this thesis, we consider far-field HRTF.

Recording with head-shaped microphones involves placing two microphones at the

ear positions of a human-like dummy to capture binaural signals, which inherently

include the dummy’s HRTF. This technique allows for direct playback through head-
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phones, providing listeners with an auditory experience as if they were present at

the original recording scene. However, this method inherently assumes a generic au-

ditory perspective, aligning the listener’s experience with that of the dummy’s head

orientation during the recording. Additionally, it fails to account for individual vari-

ations in HRTF, which can significantly affect the realism and personalization of the

audio experience.

To overcome these limitations, a more flexible approach involves using spherical mi-

crophone arrays for spatial recording. This method not only captures sound from

all directions but also allows for post-processing adjustments to integrate personal-

ized HRTF data. Such a process enables the tailoring of the auditory experience

to individual listeners, enhancing the overall realism and immersion. Consequently,

while direct binaural recording with dummy heads offers immediate and straightfor-

ward playback, the integration of spherical microphone recordings with personalized

HRTF provides a superior and more adaptable spatial audio solution.

2.7 Deep Learning

This section introduces fundamental deep learning concepts. Deep learning is a sub-

set of machine learning where artificial neural networks learn from large amounts

of data. Deep learning can be thought of as a way to automatically learn to rec-

ognize patterns and make decisions based on data. The capability of deep learning

models to perform feature extraction progressively increases their complexity and

abstraction, making them highly effective for large-scale and complex tasks.

2.7.1 Supervised Learning

This thesis focuses on supervised learning, which involves learning a function from

labeled training data by defining a mapping y = F(x; Φ). The model learns to

approximate this function through the parameters Φ [10].

The process involves several key steps. Initially, a dataset comprising input fea-

tures and their corresponding target labels is compiled. Subsequently, the choice of

model is important and depends on the nature of the task and the data available.

The model is then trained using back-propagation to optimize the parameters and

minimize the discrepancies between predicted and actual values. After training, the

model is evaluated on a validation set to assess its performance on new, unseen data,

ensuring that it can reliably generalize the patterns it has learned.

A loss function, such as mean squared error for regression tasks or cross-entropy
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loss for classification, is employed to assess the accuracy of the model’s predictions

against the actual labels. The optimization process, typically executed using algo-

rithms like gradient descent, is crucial for training the model. The optimization

process is

L(Φ) =
1

N

N∑
i=1

ℓ(F(x(i); Φ), y(i)), (2.18)

where L(Φ) represents the loss function, N is the number of samples in the dataset, ℓ

is the loss per sample, F is the model parameterized by Φ, x(i) are the input features,

and y(i) are the true labels. It aims to minimize the loss function to enhance the

model’s accuracy.

Backpropagation calculates the gradient of the loss function for each model param-

eter. These gradients are then used to update the parameters using [11]:

Φ← Φ− η∇ΦL(Φ), (2.19)

where η is the learning rate and ∇ΦL(Φ) represents the gradient of the loss function

for the parameters Φ.

2.7.2 Fully Connected Neural Networks

Fully Connected Neural Networks, also known as Multilayer Perceptrons, are a

fundamental type of neural network in deep learning where each neuron in one layer

is connected to every neuron in the subsequent layer, as illustrated in Figure 2.3.

The structure of a fully connected layer can be represented as:

a(l+1) = δ(W(l)a(l) + b(l)), (2.20)

where a(l) is the vector of activations from the previous layer, W(l) represents the

weight matrix for layer l, b(l) is the bias vector, and δ denotes the activation function

applied element-wise. Figure 2.3 illustrates a typical fully connected layer.

Activation functions introduce non-linearity, allowing the network to learn complex

patterns without altering the scale of the input. One of the most popular activa-

tion functions used in these networks is the Rectified Linear Unit (ReLU), defined

as [12]:

ReLU(x) = max(0, x). (2.21)



2.7. Deep Learning 15

Figure 2.3: fully connected layer Figure 2.4: convolutional layer

2.7.3 Convolutional Neural Networks

Convolutional Neural Networks (CNNs) are a class of deep neural networks designed

to process data that has a grid-like topology, such as images or time series data.

Time series data is treated as a 1-dimensional grid sampled at regular intervals, and

image data as a 2-dimensional grid of pixels.

The architecture of CNNs fundamentally differs from that of fully connected net-

works by the pattern of connections between layers. Unlike fully connected networks

where each neuron is connected to every neuron in the previous layer, neurons in a

CNN are connected only to a local region of the previous layer, utilizing the same

weights across the entire layer. This setup, known as convolution, involves applying

a small window, or filter, across the input data, as illustrated in Figure 2.4. This

operation extracts local feature representations from the input.

The effectiveness of CNNs is most apparent when processing two-dimensional spatial

data, such as images [13]. The convolutional operation can be represented as:

I ∗ k(x) =
∑
y∈Z2

I(y)k(x− y), (2.22)

where I represents the input image on the 2D plane Z2, and k denotes the convolu-

tional kernel. The convolution exhibits shift equivariance, expressed as:

[LtI] ∗ k = Lt[I ∗ k], (2.23)

where Lt represents a translation operation, and LtI is the shifted image. This prop-

erty implies that the convolutional kernel k uses the same weights across different

regions of the image I, effectively reducing the number of parameters and enhancing

the model’s generalization capacity.

Parameter sharing and the convolution operation replace traditional matrix mul-
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tiplication in at least one of the layers within a CNN. This not only reduces the

number of parameters significantly compared to fully connected networks but also

makes CNNs equivariant to translations. In practical terms, if the input data shifts,

the output feature map shifts accordingly. These characteristics make CNNs ex-

ceptionally suitable for tasks requiring the recognition and processing of localized

spatial features.

2.7.4 Transfer Learning

Transfer learning is a powerful strategy in deep learning where knowledge acquired

from one task is leveraged on a different, but related, task [14]. This strategy is

particularly useful for enhancing performance on tasks with limited data availability

by utilizing models pre-trained on large datasets.

The main methods in transfer learning are fine-tuning and feature extraction. Fine-

tuning involves making minor adjustments to a pre-trained model to tailor it to

a new dataset, while feature extraction uses the learned features of a pre-trained

model as the foundation for training a new, simpler model. These strategies not

only save computational resources but also reduce the risk of overfitting on smaller

datasets.

Overall, transfer learning boosts learning efficiency and improves model performance

by applying existing knowledge to new challenges, which is crucial when data is

limited or computational power is restricted.
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Sound field estimation

Accurate estimation of the sound field around a rigid sphere necessitates adequate

sampling on the sphere, which may not always be possible. To overcome this chal-

lenge, this thesis proposes a method for sound field estimation based on a physics-

informed neural network. This method integrates physical knowledge into the ar-

chitecture and training process of the network. In contrast to other learning-based

methods, the proposed method incorporates additional constraints derived from the

Helmholtz equation and the zero radial velocity condition on the rigid sphere. Con-

sequently, it can generate physically feasible estimations without requiring a large

dataset. In contrast to the spherical harmonic-based method, the proposed method

has better fitting abilities and circumvents the ill condition caused by truncation.

Simulation results demonstrate the effectiveness of the proposed method in achiev-

ing accurate sound field estimations from limited measurements, outperforming the

spherical harmonic method and plane-wave decomposition method.

3.1 Introduction

Sound field analysis is a key topic of research with a wide range of applications,

including spatial audio processing [15, 16], augmented reality/virtual reality [17],

and active noise control [18, 19]. To determine the distribution of acoustic pressure

in a region, researchers often use microphone arrays. However, microphone arrays

cause reflections and scattering, which potentially impacts the accuracy of the sound

field estimation. Therefore, understanding the scattering field is essential to ensure

the accuracy of the sound field estimation.

Rigid spherical microphone arrays are extensively employed in sound field analysis

due to their theoretically derived scattering fields, enabling the estimation of sound

fields in three-dimensional space surrounding the array [20–22]. Conventional meth-

ods, such as the spherical harmonic (SH) method [23], represent the sound field

by a set of orthonormal modes. However, these methods have inherent limitations

17
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in practical applications. For instance, the limited number of microphones leads

to a discrete representation through integration, resulting in truncation errors [8].

Plane-wave decomposition method assumes that the sound field only consists of

plane waves [24]. It neglects the spatial variation within each wavefront, which may

not fully capture the intricacies of the scattering fields.

Learning-based methods have been employed in scattering problems, and have

demonstrated effectiveness in fitting nonlinear mappings [25, 26]. Among these

methods, Convolutional Neural Networks (CNNs) have gained popularity due to

their ability to promote parameter sharing and reduce the number of trainable pa-

rameters [27]. However, in the context of sound field estimation, convolutional and

max-pooling layers introduce pixel spaces that can lead to discontinuities in sound

pressure continuity. This discontinuity potentially undermines the physical interpre-

tation of the data [28–30]. Additionally, the heavy reliance on training data often

necessitates a large simulated dataset.

Recently, researchers introduced Physics-Informed Neural Networks (PINNs) as a

method to incorporate physical knowledge into the network architecture and train-

ing [30–37]. This integration allows PINNs to achieve physically feasible estimations

and requires less training data. Fully connected Neural Networks (FNNs) are com-

monly employed as part of PINN due to their ability to approximate any continuous

function, as guaranteed by the Universal Approximation Theorem [38].

In this thesis, we propose a method for sound field estimation around a rigid sphere

using PINNs. We employ a small FNN network structure and incorporate two con-

straints: the Helmholtz equation and the fact that sound pressure cannot generate

radial motion at the sphere boundary. We use the FNN to model the mapping be-

tween Euclidean space positions and sound pressure and use these constraints as a

loss function to train the network. Notably, our method relies solely on measured

data from microphones, eliminating the need for setting up a grid and using sim-

ulated datasets. Simulation results demonstrate the effectiveness of our method,

outperforming the spherical harmonic method and the plane-wave decomposition

method.

3.2 Problem formulation for sound field recon-

struction

We introduce two coordinate systems, as shown in Figure 3.1, where x = (x, y, z)

and r = (r, θ, ϕ) represent Cartesian and spherical coordinates, respectively. Our
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Figure 3.1: System setup: A rigid sphere with microphones showing Cartesian and
spherical coordinates. • represent the microphones, and ⋆ represents a reference
point.

study focuses on a sound field V ⊂ R3, which includes a rigid sphere located at the

origin O with a radius of r0. We aim to estimate the sound field P (r, k) at position

r and wavenumber k around the sphere r ≥ r0, by using measurements from Q

microphones mounted on the rigid sphere.

For a homogeneous sound field (absence of sound sources) around a rigid sphere,

theoretical solutions for the sound field have been established [20]. There are three

issues with the implementation of the theoretical method. First, the infinite series

in Eq. (2.11) needs to be truncated at limited order N [8]. Second, the pressure

on the sphere is sampled at a limited (Q) number of positions. Hence, the integral

in Eq. (2.12) needs to be discretely approximated as Eq. (2.14). Third, when the

distance r increases (r > r0), the reconstruction of the sound field becomes an ill-

posed problem, leading to large variations due to small noise [22]. Consequently,

small variations resulting from truncation errors or noise will be magnified.

We propose a neural network approach integrated with physics laws to overcome

these challenges and obtain more accurate estimations. This method aims to estab-

lish a regression relationship between coordinates and sound pressure while satisfying

the governing Helmholtz equation and the boundary condition.

3.3 Physics-informed neural network (PINN)

method

In this section, we present the PINN method, which consists of three steps: (1)

constructing an FNN using microphone positions and measured sound pressure as

training pairs, (2) incorporating physical knowledge as a constraint in the network,



20 Chapter 3. Sound field estimation

and (3) adjusting the weight of the loss function to facilitate convergence. The

workflow of the PINN method is presented in Figure 3.2.

FNN is a composition of multiple layers, and the nodes between adjacent layers are

fully connected. A single layer of the network is denoted as

F (x) = σ (x⊺w + b) , (3.1)

where x ∈ R3 is the inputs, which in this case are the Cartesian positions in the

sound field V , w represents the weights, b is the bias, and σ is the activation function.

The FNN is a composition of multiple layers

F(x, k; Φ) = (Fn ◦ . . . ◦ F2 ◦ F1) (x), (3.2)

where Φ represents the set of all trainable parameters w and b, and we use the

notation ; to distinguish between the input variable xi and the model parameters

Φ. Hereafter, k, the wavenumber, is omitted in F(x, k; Φ) for notional simplicity. Φ

is learned by minimizing the mean squared error (MSE) loss Ldata with respect to

the training data

Φ∗ = argmin
Φ

Ldata(x; Φ), (3.3)

where Ldata is defined as

Ldata(xi; Φ) =
1

Q

Q∑
i=1

(P (xi, k)− F (xi; Φ))
2 . (3.4)

It fits the regression relationship between the spatial coordinates of the microphones

x and the corresponding sound pressure values P (x, k). The network results F(x; Φ)

represent the estimated sound pressure P̂ (x, k).

The aforementioned approach represents a purely data-driven method. It needs a

large dataset, which is not always possible. We incorporate domain knowledge to

reduce the data requirements and generate physically meaningful estimations.

For sound field estimation around a rigid sphere, we can leverage two domain knowl-

edge to improve the estimation accuracy. Firstly, sound fields are governed by the

Helmholtz equation Eq. (2.7). Therefore, we require the PINN estimation to sat-

isfy (
∇2 + k2

)
F(x; Φ) = 0. (3.5)

Secondly, radial velocity is zero on the rigid sphere:
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Figure 3.2: The workflow includes three components: an FNN for mapping inputs to
outputs with trainable parameters Φ, a Physics-Informed Network that incorporates
governing Helmholtz equations and boundary conditions, and a feedback mechanism
to minimize the loss function and update Φ.

∂P (r, k)

∂r

∣∣∣∣
r=r0

= 0. (3.6)

It represents the derivative of the sound pressure for the radius of the sphere and

can be written in terms of derivatives for the Cartesian coordinates as

∂P (r, k)

∂r
=

∂P (r, k)

∂x

∂x

∂r
+

∂P (r, k)

∂y

∂y

∂r
+

∂P (r, k)

∂z

∂z

∂r
. (3.7)

Conduct the substitutions ∂x
∂r

= x
r
, ∂y

∂r
= y

r
, ∂z

∂r
= z

r
, (3.6) can be expressed in a

matrix form

∂P (r, k)

∂r

∣∣∣∣
r=r0

=
[
x y z

]
∂P (r,k)

∂x
∂P (r,k)

∂y
∂P (r,k)

∂z

 = 0. (3.8)

We denote xb as a point on the rigid sphere with radius r0 and[
∂F(x;Φ)

∂x
∂F(x;Φ)

∂y
∂F(x;Φ)

∂z

]⊺
as J . Therefore, we require the PINN estimation to sat-

isfy (3.8), i.e.,

xbJ = 0. (3.9)

At present, we have constructed an FNN and acquired physical knowledge, which

allows us to develop a PINN. Leveraging automatic differentiation within the neural

network, we can efficiently compute the first-order and second-order derivatives of

F(x; Φ) as required in Eq. (3.5) and Eq. (3.9). These derivatives are essential for

updating the network parameters Φ using gradient descent.
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We formulate the loss function to include three terms, each contributing to the

overall training process

L(Φ) = λ1
1

Q

Q∑
q=1

∥P (xq)− F(xq; Φ)∥22︸ ︷︷ ︸
Ldata

+ λ2
1

D

D∑
d=1

∥∥∇2F(xd; Φ) + k2F(xd; Φ)
∥∥2
2︸ ︷︷ ︸

LPDE

+ λ3
1

B

B∑
b=1

∥xbJ∥22︸ ︷︷ ︸
Lbc

,

(3.10)

where ∥ · ∥2 is the 2-norm. Ldata represents the discrepancy between the PINN

estimations F(x) and the actual measurements P (xq) obtained from microphones.

LPDE ensures that the Helmholtz equation is satisfied at D discrete positions xd

within the domain V , and Lbc imposes the boundary condition of zero radial velocity

at B discrete positions xb on the rigid sphere.

To control the relative importance of these terms and ensure similar influences on

the training process, we introduce weight factors λ1, λ2, and λ3. The weights in

the loss function significantly influence the convergence and accuracy of the PINN.

By balancing loss weights, a compromise can be achieved between accurately fitting

the microphone measurements and adhering to the physical constraints. Direct

normalization is not feasible since all three losses aim to approach zero. Ldata is

influenced by data noise. To address the issue, we balance LPDE and Lbc to the

same order of magnitude during the initial stages of training. Specifically, We set λ1

to 1, λ2 to k2, and λ3 to r0 , which are empirically chosen to match each loss term’s

scales and ensure balanced convergence during training.

3.4 Experimental validation on simulated sound

field

We conduct simulations in a 3D free field to evaluate the proposed method regarding

the sound field estimation surrounding a rigid sphere and compare the performance

of three methods: the spherical harmonic method (SH) [23], the plane wave decom-

position method (PL) [39], and the proposed method (PINN).

We uniformly mount 32 omnidirectional microphones on a rigid sphere with a radius
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Figure 3.3: PINN training loss: Ldata, LPDE, and Lbc.

of r0 = 0.042 m as shown in Fig. 3.1. We simulate the transfer functions between the

sound source and the microphones on the rigid sphere according to [40]. Specifically,

we place two point sources at coordinates (2.5, 0.8, 0.0) m and (−2.0,−0.6, 1.2) m,

both with an amplitude of 1. The speed of sound is set to c = 343 m/s. To account

for realistic conditions, we add white Gaussian noise to the observation signals,

resulting in a signal-to-noise ratio (SNR) of 30 dB. The pressure values are then

normalized within the range of [−1, 1].

We construct a 3-layer FNN with 4 nodes with the hyperbolic tangent (tanh) ac-

tivation function for the PINN method. To train the PINN, we employ the Adam

optimizer [41] with a learning rate of 10−5 for a total of 10,000 epochs. We set Ldata

based on the 32 microphone measurements, LPDE based on 1000 randomly dis-

tributed points surrounding the sphere, and Lbc based on 500 uniformly distributed

sampling points on the rigid sphere. As we train the network in Cartesian coordi-

nates, we calculate the spherical coordinates r and then convert them to Cartesian

coordinates x.

In Fig. 3.3, we illustrate the training process. It demonstrates the simultaneous

and nearly synchronized reduction of the training error LPDE and Lbc in the initial

stages of training for the first 2000 epochs. Subsequently, a gradual decline in Ldata

is observed. Lbc remains consistently higher than the other two losses throughout

training, likely due to the higher spatial variability and numerical magnitude of the

velocity gradients compared to the pressure field. Despite this, the overall down-

ward trend of Lbc indicates that the network is still able to incorporate boundary

information effectively. This observation suggests that the weight configurations of

λ1 = 1, λ2 = k2, and λ3 = r achieve a good balance.
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Figure 3.4: The sound field estimation error NMSE at 1000 Hz as a function of
radius.

We define the pressure error between the true and estimated sound fields as

error := ∥P (xg, ω)− P̂ (xg, ω)∥, (3.11)

where P (xg, ω) and P̂ (xg, ω) represent the true and estimated pressures, respec-

tively.

To evaluate the overall performance, we defined the normalized mean squared error

(NMSE) as

NMSE := 10 log10

∑10000
g=1 ∥P (xg, ω)− P̂ (xg, ω)∥22∑10000

g=1 ∥P (xg, ω)∥22
, (3.12)

The estimation was performed at 10,000 evaluation positions uniformly sampled

within a sphere with a specific radius and frequency.

Fig. 3.4 illustrates the relationship between the radius r of the estimation sphere

and the NMSE at a frequency of 1000 Hz. When r = r0 corresponds to estimating

the sound pressure on the rigid sphere, all three methods yield comparable results.

However, as the radius increases, the SH and PL methods show a significant surge

in error. In contrast, the PINN method exhibits a more gradual increase in error as

the radius increases. It has a lower NMSE of 7− 10 dB for r > 0.05 m than the SH

and PL methods. This indicates that the PINN method performs better compared

to the conventional methods.
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Figure 3.5: The sound field at a frequency of 1000 Hz and r = 0.072 m.(a) Ground
truth, (b) Color bar, (c) PINN estimation, (d) PINN error, (e) PL estimation, (f)
PL error, (g) Spherical Harmonics estimation, (h) Spherical Harmonics error.
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Fig. 3.5 presents the ground truth, estimated sound pressure using these three meth-

ods, and error at a frequency of 1000 Hz and a radius of 0.072 m. It is observed that

the SH method exhibits higher errors around θ = 0.5π, the PL method performs

the worst among the three due to its assumption of far-field conditions, which ig-

nore the scattering information. The PINN method achieves the best results overall,

although it still experiences relatively higher errors at θ = 0.5π.

3.5 Conclusions

In this study, we propose a PINN method to estimate the sound field around a

rigid sphere based on the measurement of a small number of microphones mounted

on the rigid sphere. Our method employs an FNN to model the mapping between

space positions and sound pressure. We incorporate the Helmholtz equation and

the fact that sound pressure cannot generate radial motion at the sphere boundary

as part of the loss function. This integration of physical knowledge into the network

architecture and training process enhances the accuracy of estimation. A major

advantage of our approach is that it relies solely on measured data, eliminating

the need for grid setup and simulated datasets. Simulation results demonstrate

that our method outperforms the spherical harmonic method and the plane-wave

decomposition method.

It is hard to derive theoretical solutions for the scattering sound of complex geome-

tries, but PINN can use physical and geometric constraints to fit the sound pressure

distribution. It allows our method to estimate the sound field of arbitrary geometry

potentially.
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Head-related transfer functions

upsampling

Head-related transfer functions (HRTFs) are transfer functions between point sound

sources and the listener’s ear canal and are crucial for spatial sound field reproduc-

tion in virtual reality applications. HRTFs are usually measured in discrete and

finite directions, necessitating upsampling for unmeasured directions. While deep

learning approaches have recently advanced HRTF upsampling, they often overlook

the spherical nature of the data. This thesis proposes a novel deep learning-based

interpolation method that incorporates spherical convolution to extract spatial fea-

tures directly on the sphere using spherical harmonics (SHs), thereby circumventing

the limitations of conventional plane-based CNNs. Specifically, the convolution pro-

cess is implemented as part of a neural network architecture by decomposing and

reconstructing HRTFs through SH representations. The SHs, an orthogonal function

set defined on a sphere, allow the spherical convolution layers to effectively capture

the spatial features of HRTFs that are sampled on a sphere. Simulation results

demonstrate the effectiveness of the proposed method in achieving more accurate

interpolation from sparse measurements.

4.1 Introduction

The growing popularity of virtual reality and augmented reality applications has

sparked an interest in spatial audio rendering methods [42]. One of the most popular

methods is binaural reproduction, which relies on the head-related transfer function

(HRTF) [43]. HRTFs represent how sound waves are modified as they propagate

from a sound source to the listener’s ears. This acoustic path is affected by several

factors, including sound diffraction, reflection, and absorption by the listener’s head,

shoulders, and torso, as well as the resonances and shape of the listener’s outer ears

(pinnae). makes it highly individual [44] This acoustic path is affected by several

27
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factors, including sound diffraction, reflection, and absorption by the listener’s head,

shoulders, torso, and outer ears (pinnae), making it highly individualized [44].

Individual HRTFs can be obtained through measurement, which is the most common

and accurate method [45]. HRTFs are measured in discrete and finite directions,

sampled in directions around a spatial spherical surface or a horizontal circle. HRTFs

in unmeasured directions can be estimated from the measured data by using various

interpolation methods.

The main interpolation methods can be divided into methods based on nearest mea-

surements and based on basis function decomposition. Bilinear interpolation [46],

Spherical triangular interpolation [47], and Barycentric interpolation [48] use several

neighboring points around the point to be interpolated to calculate a weighted sum or

average. Spherical harmonic decomposition [49, 50] and spatial principal component

decomposition [51, 52] decompose HRTFs into a weighted sum of basis functions,

and HRTFs on different directions are separately represented by variations in basis

functions and weights. These methods only rely on the data of a single subject, it

becomes much more inaccurate when interpolating sparser measurements.

More recently, deep learning methods have been introduced for HRTF interpolation.

These methods extract common features among subjects from datasets, significantly

reducing the required density of HRTF measurements needed to meet a given in-

terpolation accuracy requirement. (Methods of using anthropometric features are

outside the scope of this thesis. ) [53] uses an autoencoder conditioned on source

positions and obtains the source position-independent representation by using an

aggregation module between the encoder and decoder, aggregating latent variables

of a given source position. [54, 55] use neural field, where the HRTF is implicitly

represented as a function of the sound source direction.

In learning-based methods, the Convolutional layer also plays a key role. Researchers

found that HRTF interpolation is similar to the image super-resolution task, both

upsampling from sparse sampling to dense. [56, 57] use the U-NET [58] to map

sparse HRTFs to the dense HRTFs. [59] uses a convolutional super-resolution gen-

erative adversarial network. [60, 61] use a CNN and Transformer architecture to

derive high-resolution HRTFs from sparse data, by mapping latent sequences that

capture spatial and spectral correlations. However, CNN was primarily designed to

process signals in a 2D plane. There exists the need to address the plane-sphere

projection while interpolating sparsely measured HRTF with a CNN. Thus, to pro-

cess HRTF which is defined on a sphere, CNN-based methods require complicated

plane-sphere projection which does not necessarily capture the spatial features of

HRTF [62].
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Spherical CNNs have been proposed to support a spherical form of data with spher-

ical convolution. Spherical CNNs define their convolutional filters via either known

spatial tessellation [63–65] or spherical harmonic decomposition [66–69]. Successful

applications have been demonstrated in tasks such as 3D shape analysis [70], med-

ical imaging [71–73], Direction of Arrival [74]. To the best of our knowledge, our

work was the first to apply spherical CNNs to the processing of HRTFs. Thuillier

et al. [75] have subsequently employed a Neural Process model based on spherical

CNNs.

We propose a spherical CNN method for HRTF interpolation. The spherical CNN

method exploits the spherical harmonics, an orthogonal function set defined on a

sphere, to resolve the plane-sphere projection problem. We transform the magnitude

of sparsely measured HRTF into SH coefficients, which are convoluted with kernel

functions expressed in the SH domain. The kernel function captures the spatial

features of HRTF. Then we convert the convolution result into the magnitude of

dense interpolated HRTF.

4.2 Problem formulation for HRTF interpola-

tion

HRTF depends on the anatomy of a subject and the position of a sound source [43].

Let H
left(right)
i (Ω, l) denote the HRTF for the left (right) ear of subject i ∈ {1, . . . , I},

source position Ω, and frequency bin l ∈ {1, . . . , L}, where I is the total number of

subjects and L is the number of frequency bins.

Source position Ω = (r, θ, ϕ) is defined by spherical coordinates, the radius r, the

elevation θ = [−π
2
, π
2
] and the azimuth ϕ = [0, 2π). Hereafter, the superscript for

the left(right) ear and the subscript for the subject number are omitted for notation

simplicity.

In this paper, we focus on the far-field HRTF magnitude spectra HM(Ω, l), i.e., the

sound source is at a distance r > 1.2 m from the center of subject head [43],

HM(Ω, l) = 20 log10 (|H(Ω, l)|) , (4.1)

which is a logarithmic scale similar to human auditory perception [76]. The far-field

HRTF magnitude spectra HM(Ω, l) exhibits minimal dependence on r [43], and thus

we redefine Ω = (θ, ϕ). In this regard, we treat HM(Ω, l) as a function of spherical

signal H : S2 → RL, where S2 is a two-dimensional manifold parameterized by

(θ, ϕ).
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The problem of interest is to interpolate spatially dense HRTFs{
HM(Ω, l),Ω ∈ Ωdense

}
from spatially sparse HRTFs {HM(Ω, l),Ω ∈ Ωsparse},

where Ωsparse ⊂ Ωdense. The phase of the head-related impulse responses (HRIRs)

can be derived by applying minimum phase reconstruction to the estimated

magnitudes of the HRTF, ensuring it closely resembles the phase of the original

HRTF [77].

4.3 Spherical CNN-based model

4.3.1 Spherical convolution

Given a sparse set of HRTF measurements, provide a reconstructed HRTF set in

high-spatial resolution. HRTF interpolation has previously been considered as an

image super-resolution task, applying CNNs [57, 59]. Conventional CNNs, origi-

nally designed for planar images, exhibit shift equivariance, which reduces model

parameters and enhances generalization. Specifically, each convolutional kernel K
shares weight parameters across different image regions. However, HRTFs, being

defined on a spherical domain S2, do not maintain shift equivariance, making direct

application of conventional CNNs impractical and necessitating complex projections

of HRTF data [57, 59].

Considering the limitations of existing methods, we introduce a spherical convolution

approach for HRTF interpolation, which effectively captures and processes spherical

features. Spherical convolution generalizes CNN to function on data distributed

over a sphere by using spherical convolution.

(g ∗ K)(Ω) =
∫
R∈SO(3)

g(Rη)K
(
R−1Ω

)
dR, (4.2)

where g and K are spherical functions, K is a learnable convolutional kernel, R is

the rotational operator in SO(3), the group of all 3D rotation matrices that preserve

orientation and distance, and η is the north pole [67]. This operation, Eq. (4.2),

exhibits rotational equivariance,

[Rg] ∗ K = R[g ∗ K], (4.3)

allowing spherical CNNs to share kernel weights across different spherical regions.

When considering HM, our goal is to use HM ∗ K to capture spatial features effec-

tively.

The spherical convolution, (4.2), does not possess a closed-form solution and is
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computationally realized through spectral transformation [67], employing a linear

combination of spherical harmonics and corresponding coefficients αnm of g and βn0

of K [78],

(g ∗ K)(Ω) =
∞∑
n=0

n∑
m=−n

2π

√
4π

2n+ 1
αnmβn0Ynm(Ω), (4.4)

where Ynm(Ω) is real spherical harmonics defined as

Ynm(Ω) =

√
2n+ 1

4π

(n−m)!

(n+m)!
Pm
n (cos θ)

×

sin(|m|ϕ) m < 0,

cos(mϕ) m ≥ 0,

(4.5)

where (·) ! represents the factorial function, Pm
n (·) is the associated Legendre func-

tion, n ≥ 0 and −n ≤ m ≤ n denote the order and degree, respectively. The

real spherical harmonics have the same orthonormality properties as the complex

spherical harmonics.

4.3.2 Spherical harmonic decomposition

When considering HM, our goal is use HM ∗K to effectively capture spatial features.

The HM coefficients anm can be obtained through spherical harmonic decomposition.

We decompose HRTF magnitude spectra HM(Ω, l) onto the SHs expansion a finite

order of truncation,

HM(Ω, l) ≈
NH∑
n=0

n∑
m=−n

anm(l)Ynm(Ω), (4.6)

where NH denotes the highest decomposition order. Given P HRTF measurements,

Eq.(4.6) can be expressed in a matrix form as inverse Spherical Harmonic Transform

(ISHT)

H = Ya, (4.7)

where

H =

[
HM(Ω1, 1) · · · HM(Ω1, L)

.

.

.
.
. .

.

.

.

HM(ΩP , 1) · · · HM(ΩP , L)

]
is a P × L matrix.

Y =

[
Y00(Ω1) · · · YNHNH

(Ω1)

.

.

.
.
.
.

.

.

.

Y00(ΩP ) · · · YNHNH
(ΩP )

]
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Figure 4.1: The network structure of the model. (a): It starts with a Mapping Block
for sparse to dense signal transformation, followed by two Convolutional Blocks for
spatial feature learning, and ends with a Mapping Block for dense domain mapping.
(b): The Mapping block: processes the spherical signal through SHT to convert
it into SH coefficients, followed by ISHT maps back to the spherical signal region.
(c): The Convolutional block: performs SHT on the spherical signal, followed by
coefficients multiplication and ISHT.

is the Ynm(·) of order n and degree m, at P directions. It is a P × (NH +1)2 matrix

containing the real spherical harmonic (SH) basis functions.

a =

[
a00(1) · · · a00(L)

.

.

.
.
.
.

.

.

.

aNHNH
(1) · · · aNHNH

(L)

]

is a (NH + 1)2 × L matrix containing the SH coefficients. To accurately derive these

coefficients, we apply the Spherical Harmonic Transform (SHT) using a least-squares

method,

a = (Y⊺Y)−1Y⊺H. (4.8)

This approach is particularly effective when the number of HRTF measurements

significantly exceeds the number of coefficients required for the chosen truncation

order, P ≫ (NH + 1)2, mitigating inaccuracies in sparse data interpolation.

4.3.3 Spherical Convolutional Block

We employ spherical CNNs to learn the coefficients βn0 of kernel functions K. These
kernels capture spherical features in HRTFs across subjects, thereby facilitating

the transformation of low-order coefficients into high-order coefficients to achieve

accurate interpolation of dense HRTFs.

In the first convolutional block, after applying the Spherical Harmonic Transform

(SHT) as Eq.(4.8) with a low-order N = 8, we obtain a feature map U ∈ R(N+1)2×L,

where N and L denote the order and frequency dimensions, respectively. The fre-

quency dimension serves a role similar to that of the channel dimension. To com-

pensate for the limited spatial resolution of low-order SH, we apply a kernel that
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expands the number of channels to 2L, yielding U ′ ∈ R(N+1)2×2L. Subsequently,

through the Inverse Spherical Harmonic Transform (ISHT) as Eq.(4.7), we derive

H′ ∈ RP×2L.

In the second convolutional block, after applying the SHT with a high-orderN ′ = 16,

we achieve a feature map U ∈ R(N ′+1)2×L. Applying a kernel with L channels results

in the output U ′ ∈ R(N ′+1)2×L. Then, following the ISHT with Y′, a P ′ × (N ′ + 1)2

matrix, we obtain H′ ∈ RP ′×L. At this stage, the channel number is reduced back

to L to match the original scale and to avoid overparameterization.

For example, for a 120 × 93 matrix H, the first convolutional block transforms it

into a 120 × 186 matrix H′. After processing through the second convolutional

block, it results in a 480 × 93 matrix H′. Fig. 4.1 illustrates the detailed network

structure.

4.4 Evaluation on HRTF dataset

In this section, we conducted experiments on HRTF interpolation to assess the

effectiveness of our proposed method, and compare it with the SH method [50],

the SH+DNN method [79], HRTF field method [54], and the CNN+GAN method

[59].

4.4.1 Data pre-processing

We chose to conduct experiments on the HUTUBS dataset due to its comprehensive

subject coverage [80]. This dataset includes HRIR measurements from 94 unique

subjects, after excluding any duplicates. We divided these subjects into three groups

for our experiments: 77 for training, 10 for validation, and 7 for testing. Fig. 4.2

shows the direction of 120 known HRTFs and 360 unknown HRTFs.

We used ground truth 16-order SH coefficients to generate HRTFs from 480 direc-

tions and across L = 93 frequency bins, spanning from 172 Hz to 16 kHz.

4.4.2 Training

The Log Spectral Distortion LSD (Eq. (4.9)) serves as the loss function for the

training process.

LSD =

√√√√ 1

PL

P∑
p=1

L∑
l=1

∣∣∣HM (Ωp, l)− ĤM (Ωp, l)
∣∣∣2. (4.9)
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Figure 4.2: Directions of 360 unknown and 120 known HRTFs.

Table 4.1: Comparison of model parameters and average LSD for test Subject IDs
88–94, averaged over 360 unknown spatial directions.

HRTF model Parameters Unknown
SH N = 8 [50] - 7.24
SH+DNN [79] 803241 5.11
HRTF field [54] 4458589 4.19
CNN+GAN [59] 100827332 4.36
Proposed 484530 2.17

The training procedure used the Adam optimizer [81] with a batch size of 14. Our

model was trained on a V100 GPU for about 700 epochs using a learning rate of

0.001, with early stopping based on validation data.

4.4.3 Data post-processing

To obtain the head-related impulse responses (HRIRs) of the estimated HRTF mag-

nitudes, we can use a method of assigning a phase to the HRTF magnitude. For

example, a method based on minimum-phase reconstruction provides a phase similar

to that of the original HRTFs in sound image localization [77]. The minimum phase

reconstruction method is applied to HRTF magnitudes to generate HRIRs.

4.4.4 Result and discussion

We conducted a comparative analysis by adopting interpolation methods, includ-

ing SH, SH+DNN, HRTF field, and CNN+GAN. Table 4.1 provides insights into

the number of parameters and average LSD of learning-based methods for unknown

HRTFs across Subjects ID 88-94. Notably, the proposed method exhibits the lowest
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Figure 4.3: Interpolation LSD over frequencies.
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Figure 4.4: The left ear HRTF at ϕ = π of Subject ID 89. (a) Ground truth, (b)
SH+DNN, (c) HRTF field, (d) Proposed method.

parameter count due to its streamlined architecture consisting of only two convo-

lution blocks. In contrast, both SH+DNN and HRTF field methods rely on fully

connected networks. SH+DNN requires sub-networks training for each frequency bin

while CNN+GAN employs a generator with 11 conventional CNN layers. This obser-

vation highlights the efficiency of our approach. Furthermore, our method achieves

the lowest LSD. The SH method with 8th-order coefficients performed worse than
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SH+DNN with 4th-order coefficients, due to its inability to accurately compute 8th-

order coefficients with 120 known HRTFs. The 8th order was chosen as it provides a

higher spatial resolution and is commonly used in SH-based HRTF representations.

However, higher-order SH requires more dense spatial sampling to achieve accurate

reconstruction, which may not be satisfied with the limited number of input HRTFs.

It indicates that the proposed method learns from convolution blocks, rather than

solely relying on direct inferences through the mapping blocks.

We compare the HRTF interpolation performance of the proposed model with the

SH+DNN and HRTF field model which has fewer parameters. Interpolating the

high-frequency part of HRTF (above 8 kHz) is challenging. Fig. 4.3 demonstrates

that our method performs well in high frequencies. Fig. 4.4 showcases HRTF in-

terpolation at ϕ = π. It provides a visual assessment of how well the methods fit

the notch, which represents a notable decrease at high-frequency, crucial for sound

source direction detection [43]. The ground truth exhibits a peak in the 8 to 12 kHz

frequency range. The other two methods show a different spectral shape compared

to the ground truth. In contrast, our proposed method appropriately captures the

peaks and notches of the ground truth.

4.5 Conclusions

This paper proposed a spherical CNN method to interpolate HRTFs based on sparse

measurements. By leveraging the SH transformation, the proposed method directly

exploits spherical information, eliminating the need for plane-sphere projection.

Simulation results demonstrated that our method outperforms both conventional

SH methods and learning-based methods. This method not only enhances HRTF

interpolation but also offers a compelling alternative to the widely employed SH

method in soundfield reproduction tasks.



Chapter 5

Monaural speech enhancement on

drones

Monaural Speech enhancement on drones is challenging because the ego-noise from

the rotating motors and propellers leads to extremely low signal-to-noise ratios at

onboard microphones. Although recent masking-based deep neural network methods

excel in monaural speech enhancement, they struggle in the challenging drone noise

scenario. Furthermore, existing drone noise datasets are limited, causing models

to overfit. Considering the harmonic nature of drone noise, this thesis proposes a

frequency-domain bottleneck adapter to enable transfer learning. Specifically, the

adapter’s parameters are trained on drone noise while retaining the parameters of

the pre-trained Frequency Recurrent Convolutional Recurrent Network (FRCRN)

fixed. Evaluation results demonstrate that the proposed method can effectively

enhance speech quality. Moreover, it is a more efficient alternative to fine-tuning

models for various drone types, which typically requires substantial computational

resources.

5.1 Introduction

Speech enhancement using a drone-mounted microphone enables services in diverse

areas, such as search and rescue missions, video capture, and filmmaking [82]. How-

ever, the microphone’s proximity to the drone’s noise sources, such as motors and

propellers, results in an extremely low signal-to-noise ratio (SNR) of recordings,

typically ranging from -25 to -5 dB [83]. This severely limits the drone audition

applications.

While multi-channel microphone array methods are commonly used to improve audio

quality, they often require specialized hardware that is either too large or heavy for

most drones. For instance, drones used in the DREGON dataset [84] are equipped

with an 8-channel microphone array and have a total weight of up to 1.68 kg, and

37
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Wang et al. [85] employ a drone with a 0.2 m diameter circular microphone ar-

ray. Moreover, the performance of these methods degrades significantly in dynamic

scenarios with moving microphones or sound sources [86]. Thus, developing effi-

cient single-channel solutions is preferred for extending the applicability of drone

audition.

Monaural speech enhancement, or single-channel noise suppression, has been exten-

sively studied for decades. Traditional approaches include spectral subtraction [87]

and filtering [88], while recent advances use deep neural networks (DNNs). Par-

ticularly, masking-based DNN methods showcased promising results in recent Deep

Noise Suppression Challenges (DNS) [89]. These methods often use Convolutional

Recurrent Networks (CRNs) to extract features from temporal-spectral patterns,

and then predict a ratio mask for noisy speech on the time-frequency spectrum [90–

92]. However, these models are typically optimized for scenarios with relatively high

input SNRs (e.g., > −5 dB). Applying these pre-trained models directly to drone

noise often results in sub-optimal enhancement performance.

Research specifically addresses drone noise suppression is still in its early stages [93],

and public drone noise datasets are relatively small [84, 86, 94, 95], containing only

a few types of drones and lacking the diversity needed for training. Mukhutdinov

et al. [83] comprehensively evaluated the performance of DNNs in monaural speech

enhancement on drones. They rely on limited drone noise datasets, leading to the

overfitting to specific drone types.

To address challenges in drone audition, we propose a frequency-domain bottleneck

adapter for transfer learning, specifically designed to capture the harmonic nature

of drone noise. This adapter-based tuning method selectively trains adapter param-

eters while retaining the pre-trained model’s parameters [96, 97], which prevents

overfitting with the small-scale training data. We apply this method by fine-tuning

a pre-trained FRCRN on drone noise datasets. The proposed method efficiently

adapts to the distinct acoustic characteristics of various drone types, thereby en-

hancing speech quality and intelligibility in drone recordings.

While this work focuses on monaural enhancement due to the hardware constraints

of drones, we note that lightweight and scalable multi-channel designs may be con-

sidered in future work to further improve spatial awareness, provided they meet

drone payload limitations.
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5.2 Problem formulation for drone noise suppres-

sion

Consider a single microphone mounted on a flying drone to capture human speeches

as shown in Fig. 5.1a. The microphone recording can be represented as

y(t) = s(t) ∗ h(t) + v(t), (5.1)

where s(t) denotes the clean speech with t being the time index, h(t) is the impulse

response between the human and the microphone, v(t) denotes the noise, and ∗
denotes the convolution operation. v(t) is mainly contributed by the drone propeller

rotations and vibrations of the structure and is dominated by multiple narrow-band

noises [98, 99], as demonstrated in Fig. 5.1b. As the drone-mounted microphone is

close to the noise sources (i.e. motors and propellers), the SNR of y(t) is very low,

resulting in the extreme difficulty in uncovering s(t) from y(t). This is demonstrated

in Fig. 5.1c.

To leverage information from both the time and frequency domains, we apply the

Short-Time Fourier Transform (STFT) to Eq.(5.1), yielding the Time-Frequency

(T-F) domain representation:

Y (K, l) = S(K, l)H(K, l) + V (K, l), (5.2)

where Y (K, l), S(K, l), and V (K, l) are the complex spectra of y(t), s(t), and v(t),

respectively, with K denotes the frequency bin index and l denotes the time frame

index. Fig. 5.1d illustrates a typical Y (K, l), highlighting the time-frequency sparsity

of harmonic noise and energy concentrated at isolated frequency bins.

The noisy speech can be enhanced by complex masking [100]. In the ideal case, the

enhanced speech is obtained by

Ŝ(K, l) = c IRM(K, l)⊙ Y (K, l), (5.3)

where c IRM(K, l) is the complex Ideal Ratio Mask (cIRM), and ⊙ is element-wise

complex multiplication. The cIRM is formulated by

c IRM(K, l) = Mr(K, l) + iMi(K, l), (5.4)
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Figure 5.1: Problem setup: (a) illustration of the monaural speech recording scenario
over a flying drone (b) drone ego noise in the frequency-domain (c) noisy speech in
the time domain (d) noisy speech in the time-frequency-domain.

where Mr(K, l) and Mi(K, l) are, respectively, given by

Mr(K, l) =
Yr(K, l)Sr(K, l) + Yi(K, l)Si(K, l)

Y 2
r (K, l) + Y 2

i (K, l)
,

Mi(K, l) =
Yr(K, l)Si(K, l)− Yi(K, l)Sr(K, l)

Y 2
r (K, l) + Y 2

i (K, l)
,

(5.5)

where the subscripts r and i indicate the real and imaginary components of the spec-

tra, respectively. Since S(K, l) is unknown, directly deriving c IRM(K, l) is not fea-

sible. Then, the research problem reduces to estimate a complex mask M̂(K, l) that

approximates c IRM(K, l) using the single channel recording and the pre-knowledge

about drone noise.
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Figure 5.2: The overview of the Adapter pipeline. (a) Pre-trained FRCRN with
adapter embedded; (b) Adapter; (c) Adapterr.

5.3 Design of frequency-domain adapter

5.3.1 Transfer learning with FRCRN

To enhance monaural speech for drones, we develop a transfer learning-based

method to estimate the M̂(K, l) using the FRCRN. FRCRN achieves state-of-the-

art (SOTA) results in the recent DNS challenge [89], which includes a wide variety of

noise types. Fig. 5.2a shows the FRCRN architecture with convolutional recurrent

(CR) blocks, each comprised of a convolutional layer and a Feedforward Sequen-

tial Memory Network (FSMN) layer. This design enables the model to capture

local temporal-spectral structures and long-range frequency dependencies, making

it well-suited for exploiting the long-range frequency correlations found in drone

noise [98].

5.3.2 Adapter tuning on FRCRN

Transfer learning includes fine-tuning and adapter tuning, both of which involve

copying the parameters from a pre-trained FRCRN 1 and tuning them on the tar-

get data. The fine-tuning is trained on a subset of pre-trained model parameters,

while the adapter-based tuning method only is trained on the adapter parameters

but keeps the pre-trained model’s parameters fixed, making adapter tuning more

parameter-efficient.

We propose a frequency-domain bottleneck adapter to learn drone noise character-

1https://github.com/modelscope/modelscope
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istics. Figure 5.2a shows the adapter embedded in the encoder module, positioned

after each CR block. When tuning the drone dataset, the pre-trained model’s param-

eters are frozen, and the adapter and the attention block parameters are fine-tuned

to learn. The attention block acts as the skip pathway to facilitate information flow,

hence it is kept unfrozen.

Figure 5.2b illustrates the structure of the adapter. The adapter processes features

in the frequency domain and maintains consistent input and output dimensions. It

includes a skip connection which helps in relaying the original information directly to

subsequent layers, thus preserving its integrity and enhancing the model’s expressive

capacity. The adapter parameters are initially set to zero, allowing the adapter to

function as an approximate identity function initially. This design ensures that

the adapter can be seamlessly integrated into the model, gradually learning and

adapting to new tasks or data without disrupting the performance of the pre-trained

model.

The detailed operations of the adapter are as follows. The adapter consists of two

cells for the real and imaginary parts of the input. We adopt a transformation that

mimics complex multiplication in Cartesian form to preserve the algebraic structure

of complex numbers. Specifically, given input components Ain
r and Ain

i , the outputs

are computed as:

Aout
r = Adapterr

(
Ain

r

)
− Adapteri

(
Ain

i

)
,

Aout
i = Adapterr

(
Ain

i

)
+Adapteri

(
Ain

r

)
.

(5.6)

Fig. 5.2c illustrates the real cell operation. For a real part Ur ∈ RC×F×T of a

feature map U ∈ RC×F×T×2, C, F , T denote channel, frequency, and time frame

dimensions, respectively, , applying the real cell of the adapter, Adapterr, yields the

output U ′
r ∈ RC×F×T :

h = ReLU(W1Ur + b1),

U ′
r = W2h+ b2.

(5.7)

Here, ReLU represents the activation function [12]. W1 performs a frequency-

domain downward projection, reducing F to F/2, and W2 is a frequency-domain

upward projection, expanding F/2 back to F . The terms b1 and b2 are biases.

Complex cell shares the same structure as the real cell.

5.3.3 Loss function

The original loss function for FRCRN combines scale-invariant SNR (SI-SNR) and

the mean squared error (MSE) losses of cIRM estimates. In our method, we use only
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SI-SNR as the loss function to avoid the need to balance two losses. The SI-SNR

loss L(s, ŝ) is defined as [101]:

L(s, ŝ) = 10 log10

(
∥starget ∥22
∥enoise ∥22

)
(5.8)

with starget = (⟨ŝ, s⟩·s)/∥s∥22 and enoise = ŝ−starget . Here, ⟨·, ·⟩ denotes dot product
and ∥ · ∥2 is the L2 norm.

5.4 Evaluation on drone noise data

5.4.1 Dataset

We use clean speech and drone ego-noise to generate clean-noisy pairs for training,

validation, and testing. Clean speech data is sourced from DNS-2022 [89] and Lib-

riSpeech [102]. Table 5.1 details the drone ego-noise datasets, which include AS [86],

AVQ [95], DREGON [84] and samples using DJI Phantom 2. The IDs for AS and

AVQ are based on data entries from a public repository2, while the IDs for DREGON

and DJI describe flight states. The noise types are categorized based on flight con-

ditions, specifically constant denotes noise levels are relatively stable, and dynamic

denotes noise levels varying. For multichannel recordings, only single-channel data

is used. Some audio samples have been trimmed to remove takeoff sequences, and

all audio samples are resampled at 16 kHz.

The training set is generated using clean speech from DNS-2022 and drone ego-noise

from AVQ (excluding n116), DREGON, and DJI. The validation set is generated

using clean speech from DNS-2022 and noise from AVQ’s n116. The test set is

created with clean speech from LibriSpeech and drone ego-noise from AS. Clean

speech segments and noise segments are randomly cropped to the same length and

then mixed at an SNR varying from -25 to -5 dB. In total, we generate 5 hours of

training data, 1 hour of validation data, and 1 hour of testing data. The average

SNR is -15 dB. Considering that the duration of existing drone ego-noise datasets

is short, we did not generate longer-duration data.

5.4.2 Evaluation

We compare the proposed method (Adapter tuning) with 3 methods: (i) a pre-

trained FRCRN without tuning (w/o tuning); (ii) an untrained FRCRN, trained

on the training data (w/o pre-trained); (iii) a fine-tuning method (Fine-tuning)

2https://zenodo.org/records/4553667
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Table 5.1: Drone ego-noise dataset

Dataset ID Noise type Length [s]
AS [86] n121 constant 130

n122 dynamic 140
AVQ [95] n116 constant 120

n117 constant 120
n118 constant 40
n119 constant 210
n120 dynamic 214

DREGON [84] Free Flight dynamic 72
Hovering constant 25
Up&Down dynamic 28
Rectangle dynamic 25
Spinning constant 23

DJI Free Flight dynamic 60
Hovering constant 60

Table 5.2: Evaluation results

Trainable
Params(m)

Evaluation Metrics
PESQ ESTOI SI-SNR

Noisy speech - 1.06 0.09 -14.65
w/o tuning - 1.04 0.32 -8.49
w/o pre-trained 14 1.25 0.36 2.56
Fine-tuning 1.2 1.12 0.32 2.64
Adapter tuning 0.3 1.31 0.47 2.87

where only the encoder module and attention block are trainable. To conduct a com-

prehensive evaluation, multiple evaluation metrics are used, including the Perceptual

Evaluation of Speech Quality (PESQ) [103], Extended Short-Time Objective Intel-

ligibility Measure (ESTOI) [104], and SI-SNR [101]. Additionally, we compare the

efficiency of different methods in terms of the number of trainable parameters.

The results are presented in Table 5.2. Overall, Adapter tuning outperforms the

competing methods for all metrics. The w/o tuning shows limited effectiveness,

as it is not designed for drone scenarios. w/o pre-trained demonstrates improved

performance, especially in PESQ and SI-SNR. This indicates the significant differ-

ence between drone noise and the noise in the normal training dataset. Although

the FSMN layer in the encoder module processes frequency-domain information

as the proposed adapter, Fine-tuning does not yield optimal results. This may

be because Fine-tuning leads to the forgetting of previously learned information,

whereas Adapter tuning preserves all pre-trained parameters. The trainable pa-

rameters indicate the proposed method’s efficiency, surpassing Fine-tuning with
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Figure 5.3: Results comparison: (a) clean speech (b) noisy speech (c) adapter tuning
enhanced speech (d) noisy speech and adapter tuning enhanced speech in the time
domain.

much less trainable parameters.

Figures 5.3a, 5.3b, and 5.3c illustrate the time-frequency spectra for segments of

clean speech, noisy speech, and adapter-enhanced speech, respectively. Figure 5.3d

illustrates the time-domain plot of speech before and after enhancement. As shown

in Fig. 5.3b, in the noisy speech, the speech is obscured in the drone noise, and sound

power is mainly concentrated in the harmonic frequencies. A comparison between

Figures 5.3c and 5.3a reveals that the enhanced speech retains a sound power dis-

tribution similar to that of the clean speech, demonstrating the effectiveness of the

proposed method. Fig. 5.3d shows that the enhanced speech is significantly clearer,

with an 18 dB improvement in Signal-to-Noise Ratio (SNR).
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5.5 Conclusions

Due to the cost and weight constraints, monaural speech enhancement for drones is

preferred over multichannel speech enhancement. However, the absence of spatial

information and the low SNR makes monaural speech enhancement challenging.

By exploiting the harmonic nature of the drone ego noise, this thesis developed

a frequency-domain bottleneck adapter for transfer learning. The method takes

advantage of transfer learning to re-use knowledge learned from large data, thereby

achieving effective training on small data. The proposed method enhances speech

quality and intelligibility in drone recordings, paving the way for broader drone

audition applications.



Chapter 6

Conclusions and Future Work

In this chapter, we state the general conclusions drawn from this thesis. We also

outline some future research directions arising from this work.

6.1 Conclusions

This thesis has explored the integration of deep learning methods into acoustic and

audio research, addressing several challenging aspects of spatial audio technologies.

Starting with a foundation in spherical transformations, sound wave propagation,

and deep learning, established in Chapter 2, each subsequent chapter has built

upon this groundwork and developed innovative solutions for sound field estimation,

HRTF interpolation, and speech enhancement.

Chapter 3 introduced a Physics-Informed Neural Network (PINN) method for esti-

mating the sound field around a rigid sphere. This method leverages a Feedforward

Neural Network (FNN) to approximate the function between spatial positions and

sound pressure, incorporating the Helmholtz equation and boundary conditions di-

rectly into the loss function. By addressing the limitations inherent in traditional

sound field estimation methods, which often struggle with spatial resolution con-

straints, the PINN approach showcases a robust capability.

Chapter 4 detailed the development of a spherical convolutional neural network to

interpolate Head-Related Transfer Functions (HRTFs) from sparse measurements.

By integrating spherical harmonic transformations directly, our method avoids the

complexities of plane-sphere projections, thereby enhancing the interpolation accu-

racy. This method effectively uses sparse measurements to achieve accurate, dense

HRTF interpolations, demonstrating the robustness of adapting to the high vari-

ability in individual ear and head anatomies.

In Chapter 5, we tackled the problem of monaural speech enhancement on drones,

a field complicated by low signal-to-noise ratios. This study effectively leverages

large datasets to facilitate training on limited data by designing a frequency domain

47
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bottleneck adapter that incorporates transfer learning. The developed method not

only enhances speech clarity and intelligibility but also specifically addresses the

challenges posed by the noise characteristics of drones, which can significantly impact

sound recording accuracy.

6.2 Future Work

Several future research problems arise from the work presented in this thesis. We

outline potential directions for future research below.

6.2.1 Sound field estimation

Our research has focused on sound field estimation around rigid spheres in free-

field conditions. Future work could extend these analyses to more complex acoustic

environments. Notably, scenarios involving reverberant conditions, such as those

found within enclosed spaces like rooms, or dealing with irregularly shaped objects,

present significant challenges and opportunities for further research.

6.2.2 HRTF interpolation

We addressed the magnitude of HRTFs, while the phase component was not consid-

ered. Future research could employ spin-weighted spherical convolutions to directly

manipulate HRTFs as complex values, enhancing the precision and applicability of

our models. Additionally, while we have used sparse HRTF data, incorporating

anthropometric features based on simple photos of users’ heads could significantly

improve personalization and commercial viability. Integrating these features with

sparse HRTFs represents a promising direction for making HRTF interpolation more

user-specific and practical.

6.2.3 Speech enhancement on drones

Our method of enhancing speech on drones has leveraged frequency domain tech-

niques with transfer learning. Currently, this approach is implemented in a single-

channel format as outlined in Chapter 5, serving as a foundational stage for our

research. We plan to extend this work to multi-channel systems, aiming to more

effectively capture expansive sound fields across multiple drones, thereby enhancing

spatial audio recording over larger areas. There is potential to explore fine-tuning

time-domain-based learning models, which may offer new insights and improve-

ments. Expanding the use of various transfer learning methods could further enhance
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the effectiveness and robustness of speech enhancement technologies, particularly in

challenging drone environments.
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