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Abstract

Conventional acoustic materials, such as porous or fibrous absorbers, are limited in their

ability to achieve low-frequency sound attenuation within compact volumes. Acoustic meta-

materials (AMMs) offer a promising alternative, enabling extreme subwavelength resonances

and tunable acoustic performance. However, designing AMMs that are simultaneously high-

performing, fabrication-robust, and physically interpretable remains a major challenge. Addi-

tive manufacturing (AM) allows complex geometries to be realised, but introduces imperfec-

tions that can degrade acoustic performance, while traditional design methods often provide

limited insight into the underlying structure–performance relationships.

In this thesis, robustness is defined as the ability of an AMM design or predictive model

to maintain consistent acoustic performance in the presence of manufacturing tolerances,

modeling uncertainties, and experimental variability. Interpretability refers to the capacity

to extract physically meaningful insights from data-driven models, enabling designers to

understand how geometric features influence acoustic response rather than treating models

as black boxes.

This thesis presents a comprehensive framework for the design, optimisation, and robust

realisation of AMM absorbers using deep learning (DL) approaches, with an emphasis on

interpretability and real-world manufacturability. An AMM absorber, termed the Hybrid

Resonant Acoustic Meta-Absorber (HRAM), consisting of an Archimedean spiral embedded

in a hexagonal cavity with a perforated top plate, was developed and successfully validated

through analytical modeling, high-fidelity numerical simulations, and experimental testing.

The analytical model, while sufficient for the subsequent data-driven studies, showed observ-

able discrepancies when compared to experimental results especially in terms of bandwidth

characteristic. The high-fidelity numerical simulation also shows observable bandwidth mis-

matches relative to experimental curves. These observable deviations were largely attributed

to unmodeled physical effects in the absorber behaviour, manufacturing issues and the un-
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realistic assumption of sound-hard boundaries in numerical simulations. Furthermore, due

to the computational demand of the full-wave (FW) numerical simulation, a simplified nu-

merical model (SNM) was developed which significantly reduced the simulation time from

from the order of hours to minutes, and this simplified model was subsequently used in all

references to numerical results.

Using the validated analytical model, a representative spectrum–geometry dataset was

generated and employed to compare traditional optimisation methods, exemplified by a gen-

eralised pattern search (GPS), with deep learning (DL) approaches. A structured latent au-

toencoder (SLAE) was trained for both forward and inverse design tasks, and its performance

was enhanced using on-the-fly data augmentation (artificially increasing the size and diversity

of the training dataset by applying spectral transformations to existing data) and a trans-

fer learning (TL) strategy incorporating sparse experimental data to capture manufacturing

variability. The resulting SLAE-TL model demonstrated efficient, robust, and predictive

performance, bridging the gap between theoretical design and real-world behaviour.

Beyond predictive capability, a novel design-space segmentation approach was developed

to provide interpretability, revealing the relationship between geometric features and acoustic

performance. This framework was applied to the design of a broadband AMM absorber for

room acoustics, demonstrating both practical utility and scientific insight.

Collectively, the work establishes a unified methodology for the design of robust, inter-

pretable, and high-performance AMMs. By integrating physics-based modelling, deep learn-

ing, and experimental validation, this research addresses long-standing challenges in AMM

design and paves the way for real-world deployable solutions, advancing both the scientific

understanding and practical implementation of AMMs.
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INTRODUCTION 1.1. CONTEXT AND MOTIVATION

1.1 Context and motivation

Noise, unlike desirable sounds such as music or speech, is generally intrusive or harmful.

Its sources are diverse, including transportation systems, industrial processes, and urban

activities. Chronic exposure to environmental noise has been linked to cardiovascular diseases,

sleep disturbance, cognitive impairment, and psychological stress [11, 12]. Indoor noise, in

particular, can disrupt learning, communication, and productivity in workplaces, schools,

and healthcare facilities [13]. Controlling noise in these environments is therefore critical for

both health and functional performance.

The effectiveness of conventional acoustic materials is often limited, especially at low

frequencies. Porous and fibrous materials rely on viscous and thermal losses for absorption,

which are most effective when the material thickness approaches a quarter of the target

wavelength. This makes low-frequency attenuation impractical due to the large thickness

required [14, 15]. Resonant absorbers, such as Helmholtz resonators and micro-perforated

panels, can target specific low frequencies but typically operate over narrow bands and may

become bulky when designed for extreme low-frequency attenuation.

Acoustic metamaterials (AMMs) provide a promising alternative, enabling subwavelength

control of sound, tunable absorption, and lightweight structures [2, 16]. By manipulating the

geometry of the material’s building blocks—such as coiled channels, labyrinthine paths, and

embedded resonators—AMMs can achieve enhanced low-frequency attenuation in compact

volumes where traditional absorbers would require prohibitive thickness. These materials

enable applications such as low-frequency room acoustic control, compact HVAC noise re-

duction, and targeted noise mitigation in industrial and transportation contexts.

Despite these advantages, designing AMMs is challenging. The acoustic performance

can be highly sensitive to geometric parameters, manufacturing imperfections, and modeling

assumptions. Traditional design approaches, relying on trial-and-error experimentation or

computationally expensive simulations, are time-consuming and often lack interpretability.

Additive manufacturing (AM) enables the production of complex geometries, but introduces

variability that can degrade performance if not properly accounted for [17, 18].

This thesis addresses these challenges by developing a data-driven framework for the

design of AMM absorbers that is robust, interpretable, and predictive. The framework inte-

grates analytical modeling, high-fidelity simulations, and deep learning techniques to enable

both forward and inverse design, while incorporating manufacturing tolerances and real-world

2



INTRODUCTION 1.2. PROBLEM STATEMENT

uncertainties. By linking geometric features to acoustic performance, the approach not only

improves efficiency and robustness but also provides scientific insight into design principles.

Figure 1.1 illustrates the general workflow for the robust AMM design adopted in this thesis.

Figure 1.1: Schematic overview of the robust design workflow, from dataset generation
based on the underlying AMM absorber geometry to the final robust design.

1.2 Problem statement

AMMs have garnered significant interest in recent years due to their ability to manipulate

sound waves in unconventional ways, which opens up new possibilities for applications in areas

such as noise control, acoustic focusing, vibration isolation, and soundproofing. These mate-

rials have the potential to achieve effects that traditional materials cannot, such as negative

refraction, acoustic cloaking, and sound wave steering. However, the design and optimization

of AMMs remain complex and resource-intensive processes, presenting significant challenges

for researchers and engineers working in the field. The traditional design approach for AMMs

relies heavily on trial-and-error experimentation, a method that can be both time-consuming

and inefficient. Designers often have to explore a vast design space of possible geometries and

materials, testing various configurations to find those that meet the desired acoustic proper-

ties. This process can involve a significant amount of manual tuning and iteration, which is
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not only slow but also prone to sub-optimal outcomes due to the reliance on intuition and

experience rather than systematic exploration of the design space. One of the key challenges

in AMM design is that the desired acoustic behaviour is highly dependent on the geometry of

the material. These properties, such as sound absorption, transmission, and reflection, can be

deeply influenced by factors like the shape, size, orientation, and spacing of the constituent

elements. Since the relationship between the material’s geometry and its acoustic behavior is

often nonlinear, predicting the performance of a given configuration can be difficult without

extensive simulation. While traditional optimisation methods, such as gradient-based tech-

niques or global optimizers like genetic algorithms, can be effective, they are often laborious

and computationally expensive. These methods typically evaluate a vast number of potential

solutions to find an optimum, which can be prohibitively costly in terms of time and resources.

Additionally, gradient-based methods may struggle with local minima and non-smooth de-

sign spaces, often leading to sub-optimal results. In light of these challenges, the need for

alternative, more efficient design methodologies is evident. The traditional methods are lim-

ited in their ability to handle the high dimensionality and complexity of the design problem.

This calls for the exploration of methods that are more efficient, providing solutions that

are both optimised and computationally feasible. Secondly, additive manufacturing (AM),

also known as 3D printing, has emerged as a revolutionary method for fabricating complex

material structures, offering the ability to design and produce AMMs with unprecedented

geometric freedom. While state-of-the-art artificial intelligence (AI) (machine/deep learning)

methods have revolutionised the design landscape, the process hitherto does not account for

the real-world imperfections that arise in the manufacturing process. AM is prone to varia-

tions in material properties, geometric tolerances, and structural inconsistencies, which can

significantly impact the performance of the designed AMMs [17–21]. The lack of robustness

in the modern use of AI (and traditional) design methods limits the practical application

of AMMs, as they may not perform as expected when subjected to manufacturing varia-

tions or environmental factors. Thus, incorporating robust design principles that account

for these imperfections is crucial for achieving reliable, high-performance AMMs. Thirdly,

state-of-the-art deep learning methods for AMM inverse design often operate as black boxes,

offering little scientific intuition about why a particular geometry is predicted. This lack of

interpretability limits their usefulness for designers, who require not just accurate predic-

tions but also insight into the geometric–acoustic relationships that drive performance. An
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interpretable framework allows researchers to trace spectral features back to dominant geo-

metric parameters, providing physical understanding, design control, and clearer pathways

for corrective tuning when experimental responses deviate from simulations. By linking per-

formance outcomes with geometric trends, interpretability strengthens both the reliability

and the practical adoption of data-driven AMM design strategies.

To this end, there is a pressing need for efficient and robust design pipelines that explic-

itly incorporate fabrication tolerances while also offering interpretable connections between

geometry and acoustic performance. Such methodologies would ensure that AMMs per-

form optimally not only under idealized simulations but also in real-world applications where

imperfections are unavoidable. This thesis therefore addresses the dual challenge of robust-

ness and interpretability in AMM design. By developing data-driven frameworks that are

both reliable and transparent, this work advances the practicality of machine-learning-based

metamaterial design, bridging the gap between theoretical predictions and experimental re-

alizations.

1.3 Research aim and objectives

This thesis addresses the dual challenges of robustness and interpretability in AMM design.

The overarching aim is to develop data-driven frameworks that enable the efficient design of

high-performance, fabrication-robust, and interpretable AMMs for noise control. The specific

objectives are:

• To conceptualise and design a suitable AMM absorber structure, referred to as hybrid

resonant acoustic meta-absorber (HRAM) that is optimisable, easy to manufacture,

simple in structure, yet sufficiently complex for the the DL studies.

• To validate the proposed HRAM design numerically, analytically, and experimentally.

• To collect a representative dataset of the validated HRAM for data-driven studies,

and to evaluate the use of DL models over traditional optimisation methods based on

robustness and time complexity analyses.

• To select and train a suitable DL architecture for both forward and inverse design, en-

abling prediction of acoustic responses from HRAM geometry and, conversely, HRAM

geometric parameters from target responses, while incorporating manufacturing imper-
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fections and compensating for model imperfections through data augmentation tech-

niques.

• To integrate pre-trained DL model into a transfer learning (TL) framework, leveraging

experimental data that incorporate AM defects.

• To develop interpretability tools that provide physical insights into the design spaces,

revealing key design features and decision-making criteria that influence performance.

• To deploy the robust DL HRAM model to design frequency-targeted acoustic panels

for practical room acoustic application.

1.4 Key definitions and terminology

For clarity, the following terms are used throughout this thesis with specific meanings:

• Acoustic Metamaterial (AMM): An engineered structure whose acoustic behavior

is governed primarily by its geometry rather than its base material properties, enabling

subwavelength control of sound.

• Robust Design: A design approach that explicitly accounts for uncertainties—such

as manufacturing tolerances, modeling assumptions, and experimental variability—to

ensure consistent performance under real-world conditions.

• Interpretability: The ability to extract physically meaningful relationships between

design parameters and acoustic performance from a model, allowing designers to un-

derstand why a particular geometry works.

• Deep Learning (DL): A class of machine learning methods based on multi-layer neu-

ral networks capable of learning complex, nonlinear mappings between high-dimensional

inputs and outputs.

• Inverse Design: A design paradigm in which desired acoustic performance is pre-

scribed as input, and the corresponding geometric parameters are predicted as output.

• Transfer Learning (TL): A machine learning strategy where a model trained on

a large, simulated dataset is fine-tuned using limited experimental data to improve

real-world predictive accuracy
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These definitions provide a consistent conceptual framework for the methods and analyses

developed in this thesis.

1.5 List of publications

This thesis is informed by several journal and conference publications authored or co-authored

by the candidate. For clarity, these publications are categorised below based on their relevance

to the core contributions of the thesis and the candidate’s role in each work.

Journal papers forming the core of this thesis:

The following journal papers directly underpin the methodology, analysis, and contributions

presented in this thesis. The candidate was the lead author and primary contributor to the

conceptual development, modeling, data analysis, and manuscript preparation.

[1] Ogun, O., Rice, H., & Kennedy, J. (2025). Bridging model and experiment in the de-

sign and validation of a sub-wavelength acoustic metamaterial. Journal of Applied Physics,

137(19).

[2] Ogun, O., & Kennedy, J. (2025). Design-space segmentation of an acoustic metamaterial

for interpretability and insight. Journal of Sound and Vibration, 119443.

[3] O. Ogun and J. Kennedy, Modeling Acoustic Metamaterials with Manufacturing Uncer-

tainties Using Deep Learning. Journal of Sound and Vibration

Conference publications arising from this thesis:

The following conference papers disseminate intermediate results, methodological compar-

isons, and application-focused extensions of the research presented in this thesis.

[1] Ogun, O., & Kennedy, J. (2022, September). Noise Attenuation Through Optimised

Acoustic Metamaterials: A Low Form Factor Design for Targeted Noise Reduction. In 2022

28th International Workshop on Thermal Investigations of ICs and Systems (THERMINIC)

(pp. 1-4). IEEE.

[3] Ogun, O., & Kennedy, J. (2024, October). Comparison of traditional and deep learning

optimisation for the design of acoustic metamaterials. In INTER-NOISE and NOISE-CON

Congress and Conference Proceedings (Vol. 270, No. 10, pp. 1352-1362). Institute of Noise

Control Engineering.
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[4] Ogun, O., Rice, H. J., & Kennedy, J. The influence of dataset generation on the perfor-

mance of deep learning for AMM design. ISMA2024 - International Conference on Noise and

Vibration Engineering, Leuven.

[5] Ogun, O., & Kennedy, J. (2025). Deep learning-aided design of a broadband low-frequency

meta-absorber for room acoustic applications. In Proceedings of Euronoise 2025 (Spain).

Related collaborative journal publications:

The following journal/conference papers were collaborative works led by other researchers.

While thematically related to metamaterials and inverse design, they are not directly exam-

ined in this thesis and are included for completeness and contextual relevance only.

[1] Muhammad, Ogun O, & Kennedy J. Inverse design of a topological phononic beam with

interface modes. Journal of Physics D: Applied Physics. 2022 Nov 15;55(1):015106.

[2] Muhammad, Kennedy J, & Ogun O. Design and fabrication of 3D-printed composite

metastructure with subwavelength and ultrawide bandgaps. New Journal of Physics. 2023

May 18;25(5):053015.

[3] Wasala, S., Zhao, W., Ogun, O., Stevens, L., Sosseh, R., Kennedy, J., & Persoons, T.

(2023, November). Acoustic metamaterials for electronics cooling fan noise reduction. In

INTER-NOISE and NOISE-CON congress and conference proceedings (Vol. 268, No. 5, pp.

3145-3153). Institute of Noise Control Engineering.

1.6 Thesis outline

This thesis is organised into eight chapters, each building upon the previous to progressively

address the overarching aim of developing interpretable and robust frameworks for acoustic

metamaterial (AMM) design using data-driven and deep learning methods.

Chapter 2 presents a comprehensive review of the literature. It discusses the impact of

noise on human health and quality of life, and an in-depth review of AMMs, highlighting

their unique capabilities, design challenges, and limitations. Finally, a review on the use

of state-of-the-art deep learning methods as a modeling tool for efficient design of AMM,

including the identification of existing gaps that motivate the objectives of this thesis.
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Chapter 3 presents a detailed methodological procedure of the approaches used to achieve

the thesis objectives. The development of an AMM structure that is easy to fabricate and

geometrically rich for optimisation purposes, yet sufficiently complex to capture the various

mismatch scenarios that are commonly encountered in AMM modeling, and perhaps difficult

to model analytically, is developed. Furthermore, numerical modelling procedures, experi-

mental setups, and additive manufacturing workflows are presented in detail. The chapter

also introduces the proposed DL framework, including dataset generation, data augmentation

strategies, and a transfer learning pipeline for robust model adaptation.

Chapter 4 provides a comprehensive validation of the proposed HRAM, using finite ele-

ment modeling (FEM), analytical method and experimental testing using the two-microphone

impedance tube method. Parameteric studies to investigate the impact and the sensitives of

the geometric parameters on the acoustic response, are also presented.

Chapter 5 provides a comprative study between traditional optimisation and deep learning

methods using different metrics, such as robustness and time complexity. It aims to investi-

gate the benefits of deep learning in AMM research and to highlight the areas of strength and

situations where either method may be preferred over the other. The chapter also investigates

the impact of input data configurations on the performance of DL models.

Chapter 6 develops and tests the robust design framework. Building on the autoencoder

architecture described earlier, the chapter implements augmentation and transfer learning

strategies to incorporate manufacturing imperfections and model inaccuracies. The resulting

robust model is also implemented in an on-demand case scenario, where simulated responses

are not available as input to the DL model.

Chapter 7 introduces a segmentation-based framework for interpretable AMM design.

By partitioning the design space into meaningful clusters, this methodology provides trans-

parency and scientific insight into absorber behaviour, complementing the predictive power

of DL with interpretability. The segmentation-based framework is also applied here to design

HRAM panels for room acoustic application.

Finally, Chapter 8 synthesises the findings of the thesis, reflecting on how the objectives

were achieved and outlining the contributions to the field. The chapter also proposes avenues

for future research, including opportunities for generalising the frameworks developed here

to broader classes of metamaterials and practical multi-functional applications.

9



Chapter 2

Literature Review

10
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2.1 Introduction

The detrimental impact of noise includes hearing loss, stress, sleep disturbances, and cog-

nitive impairments, particularly in sensitive populations such as children and the elderly

[22–24]. As such, noise control has become an essential aspect of engineering, with both reg-

ulatory frameworks and technological advancements seeking to reduce noise levels in various

environments [25, 26].

The control of sound, whether to suppress unwanted noise, enhance speech intelligibility,

or shape acoustic environments, has long been a central concern in fields such as architectural

acoustics, transportation, industrial design, and consumer electronics. Over the decades, a va-

riety of traditional materials and techniques have been developed to address these challenges,

relying on well-established physical principles of sound absorption, reflection, transmission,

and scattering. Materials such as porous absorbers, panel resonators, Helmholtz resonators,

and micro-perforated panels have formed the foundation of conventional noise control strate-

gies. These systems offer practical solutions across many frequency ranges and applications,

particularly in mid-to-high frequency domains. However, traditional acoustic materials and

designs often exhibit key limitations, especially in achieving high-efficiency performance at

low frequencies, where the wavelength of sound is long and requires correspondingly bulky

treatments. Additionally, these materials typically lack the ability to dynamically adapt to

different acoustic environments or to provide precise, frequency-selective control over sound

propagation. In recent years, the emergence of acoustic metamaterials (AMMs) has opened

new pathways for overcoming the constraints inherent in traditional noise control systems.

Inspired by the field of electromagnetic metamaterials (EMMs), AMMs are artificially struc-

tured materials engineered to exhibit properties not found in nature—such as negative ef-

fective mass density or modulus, allowing for unprecedented manipulation of sound waves

at sub-wavelength scales. These capabilities have led to innovative devices such as compact

sound absorbers, waveguides, lenses, and acoustic cloaks. Building on these advances, acous-

tic metasurfaces have further pushed the boundaries of wave control by enabling tailored

reflection, phase shifting, and redirection of sound using ultrathin, surface-based structures.

This shift from bulk materials to functional surfaces has opened up possibilities for low-

profile, lightweight, and frequency-tunable acoustic devices. Noise control can be broadly

divided into two categories: passive and active [27–32]. Passive noise control (PNC) primar-

ily involves the use of materials and structural modifications to absorb, reflect, or deflect
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sound waves. Active noise control (ANC), on the other hand, uses electronic systems to pro-

duce sound waves that cancel out unwanted noise. This thesis, however, focuses on PNC, and

this chapter provides a comprehensive review of the state-of-the-art in traditional acoustic

materials and metamaterials.

This chapter is organised as follows. Section 2.2 reviews conventional noise control strate-

gies, beginning with traditional approaches such as barriers, enclosures, and porous absorbers,

before introducing resonant absorbers as a bridge to modern AMM concepts. Section 2.3 in-

troduces the concept of metamaterials, outlining their evolution and foundational principles

in the context of acoustics. Section 2.4 discusses acoustic metasurfaces and their underlying

physics, with emphasis on the generalised Snell’s law. A review of acoustic metasurface de-

signs targeting reflection, transmission, and absorption objectives is presented in Section 2.5.

Section 2.6 reviews the use of deep learning methods in AMM design. Finally, conclusions

are drawn in Section 2.7.

2.2 Acoustic materials

Acoustic materials are designed to reduce noise by controlling, directing, and manipulating

sound waves. Traditional materials have long been used for sound attenuation in various ap-

plications. These materials are typically categorised based on their acoustic properties such

as absorption, reflection, and transmission. Thus, they can be classified into enclosures, ab-

sorbers and barriers. If a layer of material is placed in the path of a propagating sound wave

as shown in Fig. 2.1, and it is desired to prevent sound from being transmitted to medium 2,

then the material should reflect or dissipate more but transmit less. Barriers and enclosures

come under this category. Similarly, to control the noise in medium 1, along with medium

2, the material should reflect less, transmit less, and dissipate more. Absorbers come under

this category. These traditional approaches become impractical for low-frequency sound, as

they require excessively large material thicknesses to achieve sufficient attenuation, and lack

tunability to target specific frequencies. To address this limitation, resonant absorbers have

been introduced. Unlike porous absorbers, resonant devices provide strong, narrowband ab-

sorption at specific, tunable frequencies, making them particularly suitable for low-frequency

noise control.
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D
is

s
ip

a
te

d

Transmitted

Incident

Reflected

Medium 1 Medium 2

Layer of material

Figure 2.1: Interaction of sound wave with a layer of material. The incident sound energy
is decomposed into reflected, dissipated and transmitted sound depending on the type of
material used

2.2.1 Sound absorbing materials

Absorptive materials are designed to reduce the reflection and attenuate airborne sound en-

ergy by converting it into other forms of energy, typically heat [33], through viscous and

thermal dissipation mechanisms. Commonly used absorptive materials include foams and

fibrous materials, such as polyurethane foam, mineral wool, fiberglass, and cotton fibers.

They are widely used in architectural acoustics, vehicle cabins, industrial enclosures, sound-

proofing applications, etc., due to their high absorption efficiency across a broad frequency

range, and increasingly in the design of AMMs. Sound absorbers can be categorised into

porous and resonant absorbers. The former absorb sound via viscous losses in interconnected

pores, while the latter use a neck and cavity to create a localised resonance that traps and

dissipates sound energy [14, 34]. The performance of sound absorbers is evaluated using the

sound absorption coefficient, α(f), or noise reduction coefficient, NRC. α is the fraction of

the incident sound energy absorbed by the material, and is a function of frequency. Thus,

α(f) =
Eabsorbed

Eincident
= 1− |R(f)|2, (2.1)

where 0 ≤ α(f) ≤ 1. NRC is the average of the measured α(f) for 250 [Hz], 500 [Hz], 1000

[Hz] and 2000 [Hz] octave bands rounded off to the nearest multiple of 0.05. Thus,

13



LITERATURE REVIEW 2.2. ACOUSTIC MATERIALS

NRC =
α250[Hz] + α500[Hz] + α1000[Hz] + α2000[Hz]

4
. (2.2)

This is an approximate and quick single value metric for material selection, but inappropriate

in very low and high frequencies. Thus, sound absorption coefficient remains the standard

metric to measure the absorptivity of a material

2.2.2 Resonant absorbers

Resonant sound absorbers of the Helmholtz resonator-type have long been employed across a

variety of applications due to their effective performance at low frequencies. These systems are

typically built with a perforated outer panel, beneath which lies a porous material backed by

a rigid wall. In this configuration, the air contained within the perforations or slits acts as the

primary oscillating mass, as the panel itself is generally quite rigid. The restoring force—or

stiffness—originates from the enclosed air volume behind the panel, while the porous material

contributes to damping through viscous dissipation. Despite their traditional design, these

resonant absorbers continue to receive considerable interest in current research. Much of

this renewed focus is driven by advancements in our understanding of porous materials and

their interaction with acoustic waves [35]. Resonant absorbers can be classified into special

categories based on the Helmholtz principle: classic Helmholtz resonator (HR), perforated

panel absorber (PPA) and micro-perforated panel absorber (MPP).

2.2.3 Classic Helmholtz resonator

The Helmholtz resonator, as shown in Fig. 2.2(a), consists of an acoustical cavity contained

by rigid walls and connected to the exterior by a small opening called the neck. It is a special

type of air-spring oscillator. Here, the dimension of the resonator is required to be much

smaller than the wavelength to be absorbed., i.e., V << λ3, where V is the volume of the

cavity. The equivalent mass-spring analogy is shown in Fig. 2.2(b). When an incident wave

impinges on the neck, the air molecules in it start to vibrate back and forth, while the air

inside the cavity provides the restoring force. The air in the neck constitute the mass of the

system, while the air in the cavity constitute the spring element. When an incident acoustic

wave impinges on the neck of the resonator, the air in the neck oscillates back and forth

due to the pressure variation, acting as an inertial mass. Meanwhile, the air trapped in the

cavity compresses and decompresses in response, serving as the spring in the system. This

behavior is analogous to a mass-spring system, as shown in Fig. 2.2(b), where the resonance
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occurs when the mass and spring are in dynamic equilibrium. At resonance, the system

exhibits maximum energy absorption. To obtain the fundamental (or natural) frequency of

the resonator, it is assumed that the volume , V , and pressure, p, inside the cavity remains

spatially uniform and varies only with time.

L

d

V

M

k

(b)(a)

Figure 2.2: (a) Schematic of a classic Helmholtz resonator consisting of a neck and a cavity.
(b) Equivalent mass-spring model representing the dynamic behavior of the resonator, where
the mass corresponds to the air in the neck and the spring to the compressibility of the cavity
air

Assume that the acoustic pressure inside the neck and cavity is denoted pn(x, t) and pc(t),

respectively. As air oscillate in and out along the neck, the acoustic pressure causes air inside

the cavity to compress and expand. If the compression/expansion is assumed to be adiabatic,

and the fluctuations are again sufficiently small, so that ρ - ρ0 = ρ0 = ρc, then according to

Eq. (D.7), the pressure inside the cavity is derived as

pc(t) = B
(ρ− ρ0)
ρ0

, c2 =
B

ρ
. (2.3)

pc(t) = c2(ρ− ρ0) = c2ρc. (2.4)

As mass flows into the cavity, the density increases, and vice versa.

dρc
dt

=
ṁ

V
= ρ0 =

1

V

∫ t

0
ṁdt, (2.5)
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where ṁ is the mass flow into the cavity. Substituting Eq. (2.4) into Eq. (2.5), we have

that

pc(t) =
c2

V

∫ t

0
ṁdt. (2.6)

Applying Newton’s second law to the air movement in the neck, and noting that the

pressure gradient generated throughout the neck length is opposite to the direction of the

velocity since air will always move from a zone of high pressure to a zone of low pressure,

hence, the negative pressure gradient constitutes the force that generates the air flow.

ρ0
dv

dt
= −∂pn

∂x
− F, (2.7)

where F is the resistive force due to viscosity and any other resistive forces. From the

theory of viscosity and resistive forces, F ∝ v, and F ∝ 1
L , so that F = Rcv

L , where Rc is the

constant of proportionality. Now, assuming harmonic solutions in the neck, pn and v(t) can

be written as

pn(t) = pne
jωt; v(t) = veiωt. (2.8)

Upon differentiating Eq. (2.8) w.r.t t,

∂pn
∂t

= jωpn;
∂vn
∂t

= jωv. (2.9)

Equation (2.7) can subsequently be re-written as

jωρ0v +
Rcv

L
= −∂pn

∂x
. (2.10)

Upon integrating Eq. (2.10) w.r.t. x, from 0 to L, we have that

[pn]L0 = pn − pc = jωρ0vL+Rcv. (2.11)

Differentiating Eq. (2.11) w.r.t. t, we have

jωpn =
dpc
dt
− ω2ρ0vL+ jωRcv. (2.12)

Differentiating Eq. (2.5) w.r.t t, and substituting the result into Eq. (2.12), the pressure,

pn, can be written as
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pn = −j c
2ṁ

ωV
+ jωρ0vL+Rcv. (2.13)

From Eq. (2.5), ṁ = ρ0Sv, where S is the surface area of the neck. Substituting this into

Eq. (2.13), pn becomes

pn = Rcv − jρ0c
[
cS

ωv
− ωvL

c

]
. (2.14)

The acoustic impedance of the resonator can thus be written as

Z =
pn
v

= Rc − jρ0c
[
cS

ωv
− ωL

c

]
. (2.15)

The resonant frequency, fr, of the resonator is obtained when the resistance offered by

the system to the flow of sound is minimum. Thus, Z is minimum at resonance so that

ρ0c

[
cS

ωv
− ωL

c

]
= 0. (2.16)

Solving for the resonant frequency, fr, yields

ωr = c

√
S

V L
=> fr =

c

2π

√
S

V L
(2.17)

Due to geometric discontinuity at x=0 and x=L, a correction factor is normally included

in the neck length at both ends. See Crocker [36] for different end correction factors depending

on the neck geometry. For a circular aperture, a factor of 0.85 is used to correct for both

ends of the neck.

fr =
c

2π

√
S

V (L+ 0.85d)
(2.18)

2.2.4 Perforated panel absorbers

As an enhancement to the Helmholtz resonator, perforated panel absorbers are a class of

acoustic treatments composed of a thin, rigid sheet—typically made of metal, wood, or high-

density polymer, with an array of evenly spaced circular or slotted perforations. This per-

forated panel is mounted over an enclosed air cavity, which is backed by a rigid, reflective

surface, as illustrated in Fig. 2.3(a). The acoustic behavior of this system can be modeled

analogously to a mass-spring-damper system. In this analogy, the air in the perforations acts

as discrete oscillating masses, while the enclosed air volume in the backing cavity functions
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as a compressible spring due to its bulk modulus. The damping, which accounts for energy

dissipation, can be introduced either by viscous losses at the perforation edges or by adding

porous materials within the cavity.

When an incident acoustic wave impinges on the surface of the panel, it induces pres-

sure fluctuations that drive the oscillation of air plugs within the perforations. This motion

compresses and decompresses the air in the cavity, thereby storing and dissipating acoustic

energy. The system exhibits a resonant frequency that is determined primarily by the geom-

etry of the perforations (e.g., hole diameter, spacing, and panel thickness) and the depth of

the backing cavity [37–40]. At resonance, the system achieves maximum acoustic absorption,

making it particularly effective in narrow frequency bands. Perforated panel absorbers are

widely used in architectural acoustics, HVAC systems, and noise control applications, where

passive, frequency-selective absorption is required.

Air cavity
Perforated panel

Rigid backing

hp

rp

(a) (b)

dh
rp

Figure 2.3: (a) Schematic of a perforated panel absorber consisting of a rigid panel with
regularly spaced circular holes, backed by an air cavity. The panel thickness, hole diameter,
perforation ratio, and cavity depth determine the resonant frequency and overall acoustic
absorption performance of the system, and (b) Illustrates the perforated sheet

The porosity or open area ratio, σ, of a perforated panel can be thought of as effective

hole area per unit area of the panel. For evenly spaced circular perforations,

σ =
πd2h
4r2p

, (2.19)

where rp is the inter-centre spacing between the holes, and dh is the diameter of the

holes. Equation (2.19) is based on the assumption that the rectangular region marked in red

in Fig. 2.3(b) represents a single repeating unit, so that the repetition of this unit makes up

the panel, and σ is calculated for a single unit. Now, every perforation can be assumed to

be a Helmholtz resonator, so that each would have the same fundamental resonant frequency

similar to that of Helmholtz resonator in Eq. (2.18). Thus,
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fp =
c

2π

√
πd2h

4V (L+ 0.85dh)
, (2.20)

where L in this case is the thickness of the perforated sheet or neck length, and V = r2php,

is the volume of the backing cavity. Again, this expression is derived using the classical

Helmholtz resonator model, where the perforations act as acoustic necks and the backing

cavity provides the compliance (see for example, [41], for more information). Absorption is

maximum when the air gap between the panel and rigid wall is hp = λ/4, and minimum

when hp = λ/2.

2.2.5 Micro-perforated panel absorber

Both Helmholtz resonator and perforated panel absorber have limitations in the absorption

peak or maximum absorption they can achieve, and more so, a broadband absorption is not

possible. Micro-perforated panel absorbers are thus designed to address these limitations. In

contrast to conventional perforated panels, which typically feature perforations on the mil-

limeter to centimeter scale and offer minimal intrinsic acoustic resistance, micro-perforated

panels (MPPs) utilise much smaller holes—typically ranging from 0.5 to 1 [mm] in diameter.

These fine perforations are designed to independently generate sufficient acoustic resistance

and exhibit low mass reactance, enabling effective broadband sound absorption without the

need for supplementary fibrous or porous materials size [38]. MPP consists of a thin sheet

of material with numerous micro holes cut out on it and the sheet backed by an air cavity

followed by a rigid backing. It works exactly like a Helmholtz resonator/perforated panel al-

ready discussed. When the holes in an MPP become too small (less than 1 [mm] in diameter),

then the thickness of the boundary layer around the hole orifices is approximately equal to

the hydraulic diameter of the holes, so that viscosity cannot be neglected. This high viscous

loss occurs as air passes through the perforations, leading to high absorption magnitude. The

acoustic impedance model of MPP, separated by distances much larger then their diameters

(radius), but small compared to the wavelength of impinging sound wave, was derived as

[38, 42],

ZMPP =
8µt

ϕρcr2

√1 +
x2

32
+

√
2

16

xr

t

+ jω

[
t

ϕc

(
1 +

1√
9 + x2/2

+ 1.7
r

t

)]
, (2.21)
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where x = r
√
ωρ/µ, ∀ x ∈ [1,10], µ is the dynamic viscosity, t is the panel thickness,

and ϕ is the porosity of the panel, and r is the radius of the hole. Taken into consideration

end corrections due to geometric discontinuities at the inlet and exit of the perforation, Eq.

(2.21) becomes

ZMPP =
8µt

ϕρcr2

√1 +
x2

32
+

√
2

4

xr

t

+ jω

[
t

ϕc

(
1 +

1√
9 + x2/2

+ 1.7
r

t

)]
. (2.22)

The total impedance of the MPP can thus be defined as the sum of the impedance of the

panel, and that of the air cavity behind it. i.e., Z = ZMPP + Zcavity. For each perforation,

the cavity acts as a long tube driven by harmonic plane wave source (e.g., a piston) at x =0,

and terminated by rigid boundary at x = d, as shown in Fig. 2.4.

d

x=0 x=d

Figure 2.4: An illustration of a single perforation in an MPP where each perforation serves
as the neck of a Helmholtz resonator, and a long tube acting as the cavity which is backed
by a rigid boundary at x=d.

The acoustic impedance of the cavity is given by

Zcavity = −jρ0c. cot(kd). (2.23)

2.3 Metamaterials: An overview

The foundation of metamaterials research originates in the electromagnetic domain, partic-

ularly with the theoretical work of Veselago [43], who first discussed materials characterised

by simultaneously negative permittivity and permeability. Such hypothetical materials were

predicted to exhibit negative refraction, paving the way for future research on artificial me-

dia with tailored properties. At the time, these kind of materials were only a theoretical

construct/idealisation with no special name given to them. R.M Walser [44] first coined the

term for these materials as ’metamaterials’ at the University of Texas, Austin, and defined it

as macroscopic composites having a man-made, three dimensional, periodic cellular architec-
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ture designed to produce an optimised combination, not available in nature, of two or more

responses to specific excitation.

In 1995, Pendry et al.[45] constructed a novel material from a periodic array of thin

metallic wire as the building microstructure, and were able to demonstrate that the new

structure could depress plasma frequency in the GHz band, which is not achievable with any

existing material. Following this theoretical demonstration, this concept was experimentally

realised in which negative permeability material was obtained from copper etched ‘split-ring’

type resonators [46]. Shelby et al.[1] experimentally realised negative values of refractive index

over a range of frequencies using a periodic array of copper split-ring resonators and wire strips

on a fiberglass circuit board as shown in Figure 2.5, and called their fabricated structure left-

handed metamaterial. Refraction is the principle upon which lenses and imaging operate, and

according to Snell’s law, a ray crossing the boundary of two media must be refracted (slightly

bent towards the normal to the surface, but not on the same side as the incident ray) at some

angle. According to Snell’s law, all naturally occuring materials would possess a positive

refractive index, however, Shelby’s experiment proved the possibility to engineer a material

with unusual property of negative refraction (at certain frequencies ) with the refracted ray

on the same side as the incident ray. The two critical parameters of a material that are used

Figure 2.5: A periodic array of copper split-ring resonators on fibre glass circuit board [1].

to control electromagnetic waves in an electromagnetic medium are the permitivity, ε, and

permeability, µ. The refractive index, n, is thus defined as in Eq. (2.24).

n =
√
µε. (2.24)
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A negative index material is realised when both ε and µ are simultaneously negative.

Following these research works, the field of metamaterial has expanded and found applications

in other fields such as in optics [47, 48] and acoustics [2, 49, 50], and it took about three

decades for the first AMM to be fabricated and experimentally validated.

2.3.1 Photonic crystals

Yablonovitch [51] proposed the idea of a ”photonic bandgap” in a periodic dielectric structure,

drawing parallels to electronic bandgaps in semiconductors. This concept laid the foundation

for photonic crystals. Yablonovitch and Sajeev [52, 53] then independently introduced the

concept of photonic bandgap materials and proposed that periodic dielectric structures could

prohibit the propagation of certain wavelengths of light, leading to bandgaps in the optical

spectrum.

Researchers began conducting experiments to verify the existence of photonic bandgaps.

The first experimental demonstration of a two-dimensional photonic crystal was achieved by

Yablonovitch and colleagues [54] to validate the predict bandgap behavior. Kurt Busch and

Sajeev [55] later extended the concept of photonic crystals to three dimensions. They intro-

duced the idea of three-dimensional periodic structures that could exhibit complete photonic

bandgaps, opening up new avenues for light manipulation. The development of fabrication

techniques at the time played a crucial role in advancing photonic crystals. Electron beam

lithography and other nanofabrication techniques enabled the precise structuring of periodic

dielectric materials at the submicron scale. Throughout the late 1990s and early 2000s, re-

search in photonic crystals expanded rapidly,with experimental efforts focused on improving

fabrication techniques, achieving higher-quality structures, and exploring novel materials.

In optics, engineered structures designed to manipulate electromagnetic waves are called

photonic crystals, and were first presented in 1987 [51, 53] for controlling optical waves in

refraction index-modulated periodic structures. Photonic crystals are periodic structures

that control the propagation of electromagnetic waves, particularly in the optical or near-

infrared frequency range. These crystals are engineered to exhibit specific photonic bandgaps,

which are frequency ranges where the transmission of light is strongly prohibited. Photonic

crystals rely on the periodic arrangement of materials with contrasting refractive indices to

achieve these bandgaps. The design of photonic crystals to achieve unusual wave manipulation

requires tailoring the arrangement and properties of the constituent materials in order to

realise negative values of effective permittivity and permeability. The resulting materials are
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so-called left-handed or negative-index photonic crystals, and has led to applications including

negative refractions [56], inverse Doppler effects [57] and superlens [58].

In the 2000s, the field of metamaterials emerged, encompassing both photonic and elec-

tromagnetic metamaterials. Metamaterials extended the concept of photonic crystals by

introducing subwavelength unit cells and achieving unconventional optical properties.

2.3.2 Phononic crystals

Phononic crystals emerged in the 1990s, building upon the theoretical foundations of elec-

tronic band structures and photonic crystals, where researchers began exploring the possibil-

ity of manipulating the propagation of elastic waves, such as sound and vibrations, in periodic

structures.

In the early 1990s, researchers like Sigalas et al. [59, 60] delved into the study of elastic

and acoustic wave band structures in periodic systems. They developed mathematical models

and theoretical frameworks to analyze the behavior of elastic waves in two-dimensional and

three-dimensional structures. Kushwaha et al.[61, 62] introduced the concept of phononic

bandgaps, they showed that by using a periodic arrangement of materials with different

acoustic properties, it is possible to prohibit the propagation of elastic waves of specific fre-

quencies, resulting in bandgap formation. Following these theoretical developments, the first

phononic bandgap was experimentally demonstrated in 1998 by Del [63] , Sanchez [64] and

Robertson[65], and since then, a plethora of work has been done and researchers began fabri-

cating and characterizing phononic crystal structures using various materials and techniques

[66–68].

Phononic crystals are periodic structures used to control acoustic waves/create acous-

tic bandgaps. The periodic arrangement of materials in a phononic crystal creates a band

structure that governs the propagation of mechanical waves. This band structure consists of

allowed and forbidden frequency ranges known as bandgaps. However, the presence of scat-

terers can be used to modify the band structure and hence alter the behavior of waves within

the crystal. These scatterers are specific elements or features within the crystal structure

that cause scattering of mechanical waves. Scatterers can take various forms, such as impu-

rities, dislocations, defects, or engineered inclusions. These features typically have different

acoustic properties compared to the surrounding materials, leading to the scattering of waves

incident upon them. Phononic crystals are characterised by elastic bulk moduli and mass

densities [61, 69]. The propagation of acoustic waves in a phononic crystal is governed by
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the Bloch or Floquet theorem [70, 71] so that, when an acoustic wave propagates through

a periodic structure, constructive interference leads to band gaps (stop bands) that inhibit

wave propagation through the structure at the target frequencies. In this state, all the inci-

dent energy of the wave gets reflected in the source. In the case of destructive interference,

all the incident energy is transmitted through the structure, resulting in the formation of

passbands that allow wave propagation. Band gaps of specific target frequencies can be re-

alised by tuning the cell’s structural parameters. The width of the band gap increases with

increase in the difference in mass density between the material of the scatterers and that of

the host matrix [72]. Thus, the mass density, elastic modulus, shape, location, and topology

of the scatterers, are essential parameters for manipulating acoustic wave propagation in the

structure [73], and depending on their size, shape, and arrangement, scatterers can influence

the transmission, reflection, and localization of mechanical waves. Some notable applications

of phononic crystals include, acoustic and vibration control, waveguiding [74–76] and filter-

ing [77–79], negative refraction [80, 81], sound focussing [82], energy harvesting [83–85] and

acoustic sensing [86, 87].

With the passage of time, advancements in theoretical modeling, computational tech-

niques, and fabrication methods (such as the 3D printing technology) have allowed for more

complex and sophisticated phononic crystal designs. Researchers explored three-dimensional

phononic crystals, investigated the existence of full bandgaps in various configurations, and

studied the effects of defects, interfaces, and nonlinearity on phononic crystal behavior. More

so, the development of AMMs with sub-wavelengtht units, whose underlying mechanisms en-

able unusual properties based on the interaction between the incident sound waves and the lo-

calized resonators within the metamaterial, leading to unprecedented material behaviour and

acoustic properties, are currently receiving intense interest and attention among researchers.

2.3.3 Acoustic metamaterial

AMMs represent a rapidly evolving field of research that draws inspiration from the broader

class of electromagnetic metamaterials (EMMs). Defined broadly, AMMs are artificially

engineered structures designed to manipulate the propagation of acoustic waves in ways

that surpass the capabilities of conventional materials. These metamaterials often rely on

subwavelength-scale structural features that result in unusual effective acoustic parameters,

such as negative mass density, negative bulk modulus, or both simultaneously. Since their
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inception, AMMs have enabled novel acoustic phenomena including negative refraction, sub-

wavelength imaging, acoustic cloaking, and advanced sound absorption.

The invention of metamaterials generally originated from the desire to overcome the

limitations of conventional materials, explore unconventional behaviors, tailor the material

properties, and unlock new possibilities in applications and technologies. While metamate-

rials originated from the field of electromagnetics, AMM is inspired by its electromagnetic

counterpart to manipulate acoustic wave. AMMs have thus evolved with massive interest

among researchers and the industry in recent years, and this has significantly broadened its

scope and application areas. These materials possess the bulk acoustic properties of conven-

tional materials on a cellular level, but behave as a homogeneous system on a macroscopic

level, having a unique effective bulk properties not present in its constituent building units

[88].

The term ’metamaterial’ comes from the fusion of two words: ’meta’ and ’material’. In

ancient Greek, ’meta’ means beyond, and ’material’ means matter. Hence, beyond conven-

tional material or matter. That said, metamaterial can be defined as any material that is

engineered to have a property that is uncommon in conventional materials. Thus, due to the

limitations of conventional acoustic materials, new materials have emerged which can control

and manipulate sound waves like no other existing materials. AMMs are artificial materials

composed of periodic arrangement of sub-wavelength units engineered to manipulate sound

in an unconventional manner. The unit cells constitute the basic building blocks which are

designed to have the desired properties. The extra-ordinary sound wave manipulation are

achieved by controlling the two critical bulk acoustic properties of a material: adiabatic bulk

modulus, B, and effective mass density, ρ. This is based on the linear acoustic wave equation

which governs the propagation of sound wave in a homogeneous fluid medium as in Eq. (2.25)

∇2p− 1

c2
∂p

∂t2
= 0, (2.25)

where p is acoustic pressure, c =
√

B
ρo

is the thermodynamic speed of sound, and ρo is the

mean density of the medium. From Eq. (2.25), the overall behavior of the propagating wave

is entirely dependent on ρ and B of the material. B = ρo

(
∂P
∂ρ

)
ρo

, measures the resistance to

compression or expansion of the fluid medium, while ρ or the effective mass density can be

considered as the ratio of force acting on a body and the net acceleration per unit volume

produced in the body, in the direction of the force, based on Newton’s second law. Thus,
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to achieve extra-ordinary material property, either or both of B and ρ must be negative,

analogous to those of electromanetic material where the permittivity and/ permeability of

the material must be negative. Thus, an AMM can be of the type negative B or negative

ρ or negative B and ρ simultaneously. In the regions of negative ρ and/or negative B,

materials violate the mass-frequency law and remarkable sound manipulation is achieved. It

is noteworthy that the unit cells of AMMs do have conventional or positive values of ρ and

B, but the geometry and the way in which these cells are arranged within the lattice results

in an unconventional homogeneous material property on a macroscopic scale. Similar to the

concept of negative index materials that were used to control electromagnetic waves, a similar

concept was borrowed to control acoustic waves.

Liu et al. [2] fabricated the first AMM in the year 2000, and was called sonic crystals.

This type of AMM had negative B values. The unit cell was a 1 [cm] diameter hard lead

ball coated with a 2.5 [mm] layer of silicone rubber as shown in Figure 2.6. It worked on the

principle of negative bulk modulus, B. The unit cells were arranged in an 8× 8× 8 cube as

shown on the right figure in Fig. 2.6. When sound wave impinged on the cubic structure, a

transmission coefficient curve, τ , generated from the wave-structure interaction is produced

as shown in Fig. 2.7. The individual balls were found to obey the mass-frequency law with

conventional bulk acoustic properties, however, when the balls were arranged as shown in

Fig. 2.6, it resulted in the curve in Fig. 2.7 which violates the mass-frequency law especially

at around 400 [Hz] and 1100 [Hz], where we have sudden drops in transmission coefficient.

This means that the material can provide exceptional performance with high transmission

loss at those frequencies.

The second AMM was proposed in 2004 by Liu and Chan [89]. It was based on simul-

taneous negative B and ρ. The idea here was similar to Veselago’s medium in electromag-

netism and exhibited various interesting properties, including a negative refractive index.

In acoustics, the double negativity arises from low-frequency resonances, similar to that of

electromagnetism. However, unlike electromagnetism where the negative permeability and

negative permittivity stem from different resonance mechanisms, in acoustics, the negative

density and modulus are derived from a single resonance structure. Although the concept of

double negative acoustic material was theoretically proven, no experimental validation was

provided.
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Figure 2.6: Sonic crystal: First AMM fabricated [2].

Figure 2.7: A transmission coefficient curve generated from the first 8× 8× 8 sonic crystal
[2].

In 2008 [3], the first complete model of a membrane type AMM came into existence. The

unit cell is a stretched membrane with a centre mass clamped within a subwavelength wave

guide as shown in Fig. 2.8. It works on the principle of negative mass density. For a 6 [mm]

diameter circular steel disk of 300 [mg] fixed at the centre of the stretched membrane made of

rubber, the observed transmission coefficient curve (on the right plot of Fig. 2.8 expressed in

percentage, shows a sharp drop in transmission coefficient at extremely low frequency, which

is contrary to what would be expected from a conventional acoustic material.
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Figure 2.8: Membrane type AMM [3].

2.4 Acoustic metasurface

Over the years, there has been growing interest across various technological fields in devel-

oping smaller, lighter, and more compact devices and system components. Miniaturisation is

evident in sectors such as consumer electronics, healthcare, and aerospace, where it has rev-

olutionised industries and opened up new possibilities. The demand for compact systems is

driven by the need for portability, enhanced performance, energy efficiency, and the integra-

tion of multiple functionalities into smaller form factors. In line with this trend, this research

adopts the metasurface concept to enable design simplicity, lower fabrication complexity, and

compact device footprints.

The field of metasurfaces is driven by the need to control sound wave propagation using

miniaturised, compact devices. Compared to their bulk AMM counterparts, metasurfaces

offer added value and enable unconventional functionalities [90]. Acoustic metasurfaces are

essentially 2D realisations of bulk AMMs, designed to control and manipulate sound with

high precision. While traditional metamaterials are typically 3D structures, metasurfaces

operate in a single plane, allowing for more compact and surface-conformal implementations.

The class of thin 2D metasurfaces was introduced since 2011 for optical waves via the

the generalised Snell’s law, and this has unearthed novel opportunities for optical wave ma-

nipulation and other applications [91], and since acoustic waves also follow the Snell’s law,

a plethora of research works [4, 5, 7, 92–107] have adapted this material for sound control,

and also opened up new opportunities to different applications in the field of acoustics. How-

ever, major challenges emerge in translating the success of electromagnetic metasurface to

the acoustic domain, and this lies in the mechanical nature of sound and the wide dissim-

ilarity between the wavelength of electromagnetic waves and that of acoustic waves [7, 92]:
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the longer wavelength of acoustic waves require a thicker structure for the wave to effectively

interact with the structure and produce the desired acoustic behaviour.

Acoustic metasurface concept is based on the arrangement of sub-wavelength unit in a 2D

plane, and several design concepts have been proposed based on, but not limited to, Helmholtz

resonators [108], membranes [95] and coiling-up space structures [7, 96, 109]. With extraor-

dinary sound absorption capabilities, the uniqueness of metasurfaces lies in their ability to

freely steer the wave fields such that the phase and/or amplitude is utterly controlled, and

one vital reason for the interest in acoustic metasurfaces is to overcome the challenge of using

bulk AMMs to control acoustic wave of long wavelengths in air and water [90]. Following

from the success of bulk AMMs [110–113], acoustic metasurfaces have significantly advanced

the field of acoustic wave manipulation, enabling the design of compact lightweight structures

with unprecedented functionalities. Thus, use of metasurfaces with optimised geometries can

well overcome the challenge of bulk AMM with lightweight compact structures

Owing to the millimetre/submillimeter sizes of acoustic metasurfaces’ sub-wavelength

units, one obvious challenge would be the fabrication of these sizes using traditional fab-

rication methods. However, with the rapid advancements in additive manufacturing, these

sub-wavelength units can be easily manufactured to sufficient precision, enhancing straighfor-

ward experimental validations of fabricated structures. And with the high air-solid impedance

mismatch, polylactic acid (PLAs) or resin based 3D printers (such as fused deposition mod-

elling (FDM) or Stereolithography) commonly used are able to provide a highly reflective

boundaries for the sound wave.

2.4.1 Physics of acoustic metasurface

Acoustic waves incident on a planar boundary between two media obey the Snell’s law, which

describes the relationship between the angles of incidence and the angle of refraction when a

wave crosses the boundary between two different media, and these two angles are dependent

on the difference in refractive indices between the two media. Of course this law is based on

the understanding that waves are continuous and coherent phenomena, and their behavior

is governed by the principles of wave propagation. In other words, the change in phase of a

wave as it crosses the boundary between two media occurs smoothly and continuously as the

wave propagates. This assumption allows for the mathematical description of the relation-

ship between the angles of incidence and refraction in Snell’s law to be possible. Snell’s law

can thus be leveraged to control the reflected and transmitted acoustic waves beyond what is
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obtainable with natural medium boundaries. This extraordinary control of acoustic waves is

realised by introducing instantaneous phase shifts in the acoustic propagation path by arrang-

ing periodic sub-wavelength structures on a planar interface [90]. By carefully designing the

geometry, size, and arrangement of the sub-wavelength structures, acoustic meta-surfaces can

achieve diverse functionalities such as abnormal reflection, refraction, absorption, wavefront

modulation, etc.

Figure 2.9: Schematic illustration of generalised Snell’s law and acoustic metasurface. The
interface is treated with an engineered periodic structure which results in an instantaneous
phase shift along the acoustic path, and the generalised Snell’s law of reflection and refraction
occurs at the interface

Consider an acoustic plane wave impinging on the interface between two media treated

with a periodic material such that an additional phase shift, which is a continuous function,

Φ(x), of the position along the interface, is introduced to the acoustic wave which is then

transmitted or reflected from this interface as shown in Fig. 2.9. If the interface lies on the

x-y plane (z=0), then a phase shift, Φ(x), for a 1D interface can be created for the incident

wave as it is reflected from or passes through the interface. Using Fermat’s principle which

states that the acoustic path length (product of the physical length and the refractive index

of the medium) of an acoustic ray travelling from point A to point B after reflection from the

interface (or to point C after refracting into a second medium) is a minimum (see Fig. 2.9).

Following wave theory, the difference in acoustic path length is equivalent to the variation of

the propagation phase and according to Fermat’s principle, the path traversed by the acoustic

wave between two points A and B for instance, should be the path of least phase change.
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When an acoustic ray travels from point A at coordinates (xA, zA) and impinges the interface

at point O with coordinates (x, 0) at angle of incidence, θi, and then reflects to point B at

coordinates (xB, zB), the overall phase change of the acoustic wave along this path is given

by

Φr(x) = ϕ(x) + k1

√
(x− xA)2 + z2A + k1

√
(xB − x)2 + z2B, (2.26)

where k1 (=2π
λ1

) is the wavenumber in medium 1, and the instantaneous phase change, ϕ(x),

appears in Eq. (2.26) due to the contribution from the engineered interface. Differentiating

Φr(x) with respect to x and equating the resulting expression to zero for minimum acoustic

path length yields

dΦr(x)

dx
=
dϕ(x)

dx
+

2π(x− xA)

λ1

√
(x−xA)2 + z2A

− 2π(xB − x)

λ1

√
(xB − x)2 + z2B

= 0, (2.27)

where λ1 = c1
f is the wavelength of sound in medium 1, and c1 and f are the speed of

sound and the frequency, respectively. Upon simplification, Eq. (2.27) becomes

dϕ(x)

dx
+

2π

λ1
(sinθi − sinθr) = 0. (2.28)

where, based on Fig. 2.9, sin θi = (x−xA)√
(x−xA)2+z2A

and sin θr = (xB−x)√
(xB−x)2+z2B

. Rearranging Eq.

(2.28) yields Eq. (2.29).

sinθr − sinθi =
λ1
2π

dϕ(x)

dx
(2.29)

The reflection of acoustic waves off the interface is governed by the generalized Snell’s law

of reflection as in Eq. (2.29), where a nonlinear relationship exists between θi and θr. It is

noteworthy that Eq. (2.29) contradicts the conventional law of reflection which requires that

sinθi− sinθr = 0. In the same vein, applying the Euclidean distance between two coordinate

points from Figure 2.9, the total phase change for the transmitted wave from point A to point

C through refraction at the interface point O is given by

Φt(x) = ϕ(x) + k1

√
(x− xA)2 + z2A + k2

√
(xC − x)2 + z2C , (2.30)

where the coordinates of point C is (xC , zC), k2(=
2π
λ2

) is the wave number in medium 2,

and λ2(=
c2
f ) is the wavelength of the sound in medium 2. The relationship between θi and
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θt can be obtained by differentiating Eq. (2.30) and equating the resulting expression to zero

for the shortest acoustic path from A in medium 1 to C in medium 2.

dΦt(x)

dx
=
dϕ(x)

dx
+

2π(x− xA)

λ1

√
(x−xA)2 + z2A

− 2π(xC − x)

λ2

√
(xC − x)2 + z2C

= 0, (2.31)

Simplifying Eq. (2.31) and rearranging gives the generalised Snell’s law of refraction

1

λ2
sinθt −

1

λ1
sinθi =

1

2π

dϕ(x)

dx
. (2.32)

If ϕ(x) is independent of x, then Eq. (2.29) and Eq. (2.32) follow the conventional Snell’s

law, i.e., dϕ(x)
dx = 0. Now suppose that ϕ(x) is a linear function of x such that ϕ(x) = bx, then

Eq. (2.29) and Eq. (2.32) become, respectively

sinθr − sinθi =
λ1
2π
b. (2.33)

1

λ2
sinθt −

1

λ1
sinθi =

1

2π
b. (2.34)

Here, the reflected wave has a specific value θr, and the transmitted wave also has a specific

value θt, resulting in an anomalous reflection and refraction governed by the generalised

Snell’s law. Thus, θr and θt can be controlled using the parameter, b. Also of note is the

unconventional phenomena that +θi and −θi do not give the same θr and θt according to the

generalised Snell’s law. In the same vein, if ϕ(x) is a non-linear function of x such that, say

ϕ(x) = αx2, then Eq. (2.29) and Eq. (2.32) become, respectively

sinθr − sinθi =
λ1
π
αx (2.35)

1

λ2
sinθt −

1

λ1
sinθi =

1

π
αx (2.36)

Here, the reflected and refracted angles depend on the position, x, along the interface.

This provides the opportunity to manipulate the reflected and transmitted acoustic beams

by tuning the nonlinear function such that the local acoustic response at each point behaves

differently [90].

In practice, planar structures that are capable of introducing instantaneous phase shift

in the path of wave propagation can be engineered from a single layer of unit cells with
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periodically arranged units on a 2D plane. Such structures are called metasurfaces. The

periodic arrangement of these subwavelength units on a planar interface is vital to realising

the desired acoustic behaviour. The periodicity determines the interaction of the sound

waves with the metasurface. Furthermore, it is noteworthy that acoustic metasurfaces do

not necessarily have near-zero thicknesses but rather sub-wavelength thicknesses, and the

sub-wavelength units constituting the metasurface can be of any shape, and can only have

vanishing thicknesses when compared to the incident wavelength [90].

While the concepts and principles from optics provide the foundation for acoustic meta-

surface, directly applying these concepts to acoustic waves is not straightforward due to

inherent differences between the two. Thus, developing and implementing acoustic meta-

surfaces require specific adaptations and considerations to suit the properties and behavior

of sound waves. The fundamental differences between electromagnetic (optical) waves and

acoustic waves that need to be taken into account include:

• Nature: Electromagnetic waves are transverse waves, meaning that particle oscillations

occur in a direction perpendicular to the direction of wave propagation. Acoustic waves,

on the other hand, are longitudinal waves, with particles oscillating in the direction of

wave propagation.

• Speed and Wavelength: Electromagnetic waves, such as light, typically have much

higher speeds and shorter wavelengths compared to acoustic waves. The wavelength

of light is typically on the order of hundreds of nanometers, while sound waves have

wavelengths on the order of meters or larger.

• Interaction: Electromagnetic waves consist of oscillating electric and magnetic fields

that can interact with matter primarily at the atomic and molecular level, involving

the interaction of the electromagnetic fields with charged particles and the electronic

structure of matter. Acoustic wave on the other hand are mechanical waves that require

a material medium to propagate. They interact with matter primarily through the

compression and rarefaction of the particles of the fluid medium, leading to effects such

as absorption, reflection, and refraction.

Furthermore, there are acoustic phenomena which are not present in optical systems.

For example, the frequency-dependent thermo-viscous losses are not uncommon in acoustic

systems with narrow channels, and their impact on the performance of acoustic metasurfaces

33



LITERATURE REVIEW 2.5. REVIEW OF ACOUSTIC METASURFACE DESIGNS

has been investigated [114]. Another acoustic effect is the fluid–structure interaction at the

wall (or non-rigid boundary) of an acoustic metasurface [115], although this has been said

to have a less significant impact than thermo-viscous losses. That said, research works in

[8, 116, 117] have shown that acoustic metasurfaces may still be a challenging task to realise,

and thus requires the development of a fundamentally new physics beyond the generalised

Snell’s law upon which optical metasurface was developed.

2.5 Review of acoustic metasurface designs

A number of acoustic metasurface design concepts have been explored in the literature,

including the coiling-up space structures [4, 93], the hybrid structure concept comprising

Helmholtz resonators and straight pipes [108], membrane-type metasurfaces with hybrid

resonances [95]. Designs of acoustic metasurfaces focused on controlling one of reflected,

transmitted or absorbed waves, require a precise control of the phase and amplitude of the

wave propagation, and this can be realised by exploiting existing AMM structures including

Helmholtz-resonator-like structures, coiling-up space structures and membrane-type struc-

tures [90].

2.5.1 Acoustic metasurfaces for controlled reflection

The coiling-up space metasurfaces with subwavelength dimensions creates a longer propagat-

ing path for the acoustic wave, such that the wave travels through a longer path beyond the

physical dimension of the structure. A simple space coiling labyrinthine structure can achieve

extreme elongation of the propagation path by coiling-up space [118–123]. The longer path

length, which is achieved by introducing additional spatial loops or twists in the metasurface

structure, allows to modulate or control the properties of the reflected wave such as its am-

plitude, phase, or direction, and also allows to adjust the reflected wave to have any phase

shift in the range [0, 2π], offering a wide range of possibilities for controlling the sound wave.

A coiling-up space structure whose propagation path can be tuned is a viable approach to

design a metasurface of the acoustic-reflection type [4, 93, 96, 124–127]. The basic labyrinthine

unit as shown in Fig. 2.11(a), forms the fundamental building unit of an acoustic metasurface

for controlling sound reflection. The acoustic wave enters the the labyrinthine structure

through the inlet, propagates through the coiled channel and is completely reflected at the

hard end, traversing the same path back to exit at the inlet. This constitutes the reflected
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wave. In a free space, the path length of the propagating wave would be the sum of the straight

distances of the forward and backward propagation, i.e., 2ax, as shown in Fig. 2.11(a).

However, with the introduction of the coiling-up space structure into the medium, the wave

zigzags through the structure, and its propagating length is significantly increased. Hence,

the phase of the reflected wave due to the labyrinthine structure is significantly delayed,

which enables full control of the phase shift. And by varying the geometric parameters

of the structure, the phase shift can be controlled over a full range [90]. In addition to

the labyrinthine structure, a planar surface realised from Helmholtz resonators can generate

double reflections, namely, an ordinary reflection and an extraordinary one that obeys the

generalized Snell’s law of reflection [125].

Acoustic metasurfaces with compact/lightweight geometries are expected to manifest new

functionalities through reflected wavefront manipulation. One such planar design is the ultra-

thin Schroeder diffuser proposed in [5], which is based on the acoustic metasurface concept,

and is composed of a 2D array of locally resonant Helmholtz-like structures each carefully

designed to produce a specific phase shift according to a certain quadratic residue sequence

delineated by Schroeder’s theory. The unit cell of this system is a locally resonant element,

and its acoustical response can be tuned flexibly and precisely by adjusting a single geomet-

rical parameter. The design focus of the system is to have minimal thickness while ensuring

that the performance is not affected significantly by thermo-viscous losses.

2.5.2 Acoustic metasurface for controlled transmission

The problem of impedance matching is very key when designing acoustic metasurfaces for

manipulating transmissive acoustic waves, which may not be considered in the design of

reflective metasurfaces [90]. Acoustic metasurfaces of the transmissive type are able to ma-

nipulate the transmitted wavefront curvature across the metasurface, and provide a precise

control over the transmission properties of sound waves such as the amplitude, phase and di-

rection. Solids generally do not allow the propagation of sound through them due to the high

impedance mismatch between the ambient air and the solid and this reduces the transmission

efficiency of the acoustic system. That said, the design of a transmissive acoustic metasurface

are tailored towards minimising the impedance mismatch between the metasurface and the

ambient air.

Unconventional refraction of acoustic waves at the interface between two media demon-

strates how a transmissive acoustic metasurfaces may be realised (see Fig. 2.9). Phase change

35



LITERATURE REVIEW 2.5. REVIEW OF ACOUSTIC METASURFACE DESIGNS

(a) (b)

(c) (d)

Figure 2.10: Acoustic metasurfaces based on controlling the reflected wave by wavefront
manipulation. Figure (a) is the phase shifts of the reflected waves from four different types
of labyrinthine units in Figure (b), where Figure (b) is a 3D printed labyrinthine structure
with eight labyrinthine units. The label (m, n) indicates that m plates from the top and n
plates from the bottom are used for a labyrinthine unit. The eight dots in Figure (a) refer
to the chosen eight units shown in B [4]. Figure (d) is a schematic of the Schroeder diffuser.
The top and bottom images are the top and 45o angle views o, while the insets is the cross
section of unit cells in SD and MSD, with the thicknesses being λo

20 [5]
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Figure 2.11: Metasurface structures of the (a) coiled-up type, (b) Helmholtz type, and (c)
membrane type
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across the interface is gradual and continuous according to the classical Snell’s law, however,

the additional phase gradient introduced by acoustic metasurfaces create an anomalous re-

fractive angle, different from the classical angle as shown in the generalised Snell’s law of Eq.

(2.32). This theory shows that an engineered surface can achieve various forms of wavefront

modulation, such as wave focusing [119, 128, 129] and wave deflections [6, 7, 94], etc.

The design of an acoustic metasurface unit composed of four Helmholtz resonators to

control the phase, and a straight pipe to induce hybrid resonances for impedance mismatch

compensation, was the first realisation of a high refractive index and high transmission struc-

ture (Fig. 2.11(b)). This metasurface possess an adjustable phase velocity and a near-perfect

transmission efficiency, and features a deep sub-wavelength width. Since then, a number of

designs have been proposed to realise transmissive acoustic metasurfaces, such as the tapered

labyrinthine metamaterials [130], spatially varied coiling-slit units [6, 131] and impedance-

matching layers of gradient index [132].

Figure 2.12: Fabricated supercell of an acoustic metasurface structure (top image) for
anomalous deflection of transmitted acoustic wave [6]. Composed of spatially varied coiling-
slit subunits, with a deep subwavelength thickness. By optimizing its microstructures, high
performance wavefront steering is exhibited. (b)-(d) Measured amplitude, temporal, and
phase field distributions. The green arrows and parallel lines indicate the propagating wave-
fronts

Researchers [7, 130] proposed a horn-like labyrinthine transmissive metasurface with a

spiral-shaped geometry and a high transmission efficiency. The fabricated structure is a

supercell containing six types of such horn-like labyrinthine cells with different levels of spi-

rallings as shown in Fig. 2.13 is able to span a phase change range of 2π (i.e., [−π, π]) while

maintaining a uniform sub-wavelength thickness in the frequency range of 2500–3500 [Hz].
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Figure 2.13: Fabricated supercell of a tapered labyrinthine metasurface structure (left) and
phase changes corresponding to six types of unit cells [7].

2.5.3 Acoustic metasurfaces for controlled absorption

Sound absorption for noise reduction is an important application of AMM, and has received

massive attention among researches and the industry, owing to the detrimental effect of

noise to humans, animals, and also to machines and system components [88]. Currently,

transportation generally contribute the bulk of the noise problem, with low-frequency noise

being especially pernicious and challenging for traditional acoustic treatment. Traditional

sound-absorbing materials have fixed absorption spectra, and are tuned by manipulating

their thicknesses which can become very bulky and not necessarily effective at low frequency

[133]. It is therefore imperative to develop an advanced class of sound absorbers that are

compact, lightweight, and subwavelength in thickness, and that can be embedded within

structures and reconfigured as needed.

Sound absorption in the low-frequency range ≤ 500 [Hz] have been a scientific and techno-

logical challenge for engineers. To be specific, the absorption of low-frequency noise is a diffi-

cult one because of the weak dissipation of conventional materials in the low-frequency regime

[134], which include visco-elastic materials, porous and fibrous materials [135], gradient-index

materials [91, 136] and micro-perforated plates with backing cavities [41].

A surface can be engineered to eliminate reflections by using, for instance, the configu-

ration in Fig. 2.11(c). The resulting metasurface realises perfect absorption at a frequency

close to the anti-resonance despite the deep-subwavelength thickness, using hybrid resonance

concept [90]. It is noteworthy that several designs have achieved narrow band sound ab-

sorptions with thin absorbers without any complimentary dissipative mechanism [41, 137],

these designs dissipate acoustic energy using the thermo-viscous effect occurring in the nar-
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row channels of the system. However, the membrane-based structures enable large change in

membrane vibration, resulting in a full absorption when a very weak absorption coefficient

is amplified by a large energy density [90].

The field of AMM has received a surging interest and development since its inception

in 2000, and has grown to include a range of functionalites and novel applications, such as

sound absorption. There are a few demonstrations of sound absorption for low-frequency

application [112, 138–141] which are mostly based on two configurations: membrane-type

and plate-type AMM. However, these types are either weak or operate a little above the

targeted frequency range [90].

Sound-absorbing structures designed to have specific properties, such as using sound dissi-

pating materials, resonant chambers, or employing geometrical configurations that dampens

sound energy, have been reported. Specifically, it discussed the relationship between absorp-

tion and the thickness of the structure and the approach to realising broadband acoustic

absorbers [133]. These structures are designed to minimise sound reflections and to maximise

absorption. Planar structures, on the other hand with deep subwavelength thicknesses can

provide exceptional functionalities that have enabled the development of modern acoustic

absorbers.

Acoustic metasurface for impedance matching

Acoustic metasurfaces with impedance-matched capabilities and hybrid resonances are capa-

ble of realising perfect absorption to incident sound wave. Such surfaces minimise reflection

and transmission [95]. Such simple design may be based on Figure 2.11c, which incorporates

a reflecting membrane resonator composed of an elastic membrane with a platelet and a

reflecting hard surface. A gas with a small adiabatic index is sealed between the platelet

and the hard surface. The decorated membrane resonator has two resonant modes: one re-

lated to the platelet’s oscillation and another related to the surrounding elastic membrane’s

oscillation. The sealed gas and reflecting surface introduce additional impedance in series

with the decorated membrane resonator, altering the resonance conditions. Consequently,

the resonances of the decorated membrane resonator are compelled to combine, creating new

hybrid modes with absorption conditions. In other words,, its working mechanism is that

the amount of displacement in the membrane is separated from the radiation mode. Al-

though the material has a low dissipation, the displacement in the membrane can be quite

significant. This significant displacement results in full absorption when a small absorption

39



LITERATURE REVIEW 2.5. REVIEW OF ACOUSTIC METASURFACE DESIGNS

coefficient is multiplied by a high energy density. This absorbing metasurface is designed to

match the impedance and is usually very thin, smaller than the incident wavelength. It can

work effectively at very low frequencies, around 150Hz [95]. However, it is noteworthy that in

certain situations, using these metasurfaces can be difficult due to their fragility and limited

effectiveness across a narrow range of frequencies [90].

Acoustic metasurface with ultra-thin geometry

Extremely thin and highly efficient acoustic metasurface absorbers based on coiled-up struc-

tures are increasingly gaining traction. These absorbers leverage high-refractive-index ma-

terials to effectively slow down acoustic waves [8] using coiled chambers such as spirals,

labyrinthine structures, etc. These structures essentially create phase lags along the propa-

gation path [118, 121]. The primary purpose of this is to reduce the size of large structures to a

scale much smaller than the wavelength of the acoustic waves. Additionally, it enables signifi-

cant dissipation of the incident acoustic energy, resulting in a nearly perfect absorption. This

absorption can be achieved when specific conditions of resonance and impedance-matching

are met. Hence, in recent years, there has been an increasing focus on investigating acous-

tic absorption using coiled metasurfaces. This approach shows potential in addressing the

difficulties associated with absorbing low-frequency airborne sound.

A deep sub-wavelength metasurface composed of a perforated plate and a coiled coplanar

air chamber (Figure 2.14) was proposed in [8]. The metasurface realises a deep subwavelength

thickness down to a feature size of ≈ λ/223. The system parameters which achieved full

absorption at 125 Hz are d = 3.3 [mm], t = 0.2 [mm], w = 12 [mm], b = 1 [mm] and a

= 100 [mm]. In order to achieve perfect or near-perfect absorption, the metastructure was

designed to fulfill two essential conditions: a resonant state and impedance matching with

the surrounding air. These conditions ensure that all the acoustic energy is transferred into

the coiled chamber instead of being reflected, and eventually absorbed within the perforated

hole due to thermo-viscous losses. As the acoustic waves travel through the channel, the

overall propagation length of the wave increases, resulting in a reduced sound velocity and

an elevated acoustic refractive index. This facilitates the dissipation of acoustic energy by

converting it into heat.

Another design of the coily type [9] explores a multi-coiled concept based on a coplanar

coiled chamber with labyrinthine passages, and an embedded aperture, to achieve a near-

perfect absorption at extremely low frequency of 50 Hz, and featuring an ultra thin thickness
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Figure 2.14: Acoustic metasurface composed of a centred perforated plate and a coiled
air chamber (left) and the corresponding acoustic response (right) at a resonant frequency of
125 Hz [8].

down to λ/527. The embedded aperture adds an extra degree of freedom to the system, which

helps to shift the resonance frequency towards extreme low-frequency without increasing the

total thickness of the metasurface and the effective length of the channel. The physics behind

this metasurface is based on a hybrid resonance mechanism of coiling-up space geometry

due to the spiral chamber (with labyrinthine passages), and the resonance of Helmholtz-like

cavities formed by the corners of the spiral. The system parameters for the presented result

in Figure 2.15 are, a = 100 [mm], d = 6.5 [mm], ha = 9 [mm], hc = 12 [mm], w = 12 [mm],

t= g =2 [mm].

Some other designs have also exploited the coiled-up (spiral structures) space approach

to realise perfect absorption at low frequencies (≤ 500 Hz) [142, 143].

In general, the approach to designing acoustic metasurfaces depends on the desired phys-

ical properties and the targeted applications, which can include reflection, transmission, and

absorption. It is therefore important to evaluate the design choices before addressing specific

applications to ensure effective and appropriate functionality [90]. Metasurfaces based on

Helmholtz resonator-like elements are advantageous because they are easy to fabricate and

are adjustable [90]. They are mostly used for controlling reflection. These metasurfaces rely

on local resonance, which makes them thinner and simpler in design compared to coiling-up

space structures. On the other hand, coiling-up space structures are better suited for appli-

cations where sound absorption is key, and transmission is not required due to impedance
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Figure 2.15: A multi-coiled metasurface absorber with an embedded aperture (left) and
the corresponding acoustic absorption response (right) which achieves a full absorption at a
resonant frequency of 50 [Hz] [9].

mismatch [90]. They generate dissipation in intricate channels and slow down the effective

phase velocity. However, this concept requires a trade-off between metasurface thickness and

thermo-viscous dissipation caused by the coiled channels. The choice of materials and fabrica-

tion process also adds complexity to the design. In the case of membrane-type metasurfaces,

they are very thin and highly efficient for absorbing sound at low frequencies. However, they

have the drawback of being delicate and more difficult to fabricate [90].

2.6 Deep learning optimisation

Before the use of data-driven techniques, the design of AMMs primarily relied on physics-

based modelling and traditional optimisation algorithms. These approaches typically com-

bined analytical or numerical simulations (e.g., finite element method (FEM), boundary

element method (BEM)) with optimisation heuristics to improve key acoustic performance

metrics such as absorption coefficient, transmission loss, or bandgap width. Given the com-

putational cost and scaling limitations of traditional optimisation methods, especially in

high-dimensional, multi-objective cases, researchers have increasingly turned to DL as an

alternative approach.

Unlike traditional materials, the performance of AMMs is determined not only by con-

stituent materials but also by the intricate geometric structuring at sub-wavelength scales.

As AMMs evolve toward multi-functionality, compactness, and tunability, the design space
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expands correspondingly. Traditional physics-based approaches, such as parameter sweeps,

gradient-based optimisation, or topology optimisation—have contributed significantly to early

AMM research, but they are computationally expensive and do not scale well for inverse de-

sign [144] or real-time applications. One of the primary challenges in AMM design is inverse

mapping: given a desired acoustic response (e.g., absorption spectrum, transmission loss,

or phase modulation), how can one determine the geometry or structural parameters that

produce it? Traditional solvers must iterate through thousands of simulations, often guided

by heuristics or evolutionary algorithms, to approximate a feasible design. These methods,

although powerful, suffer from long convergence times and may fall into local optima.

DL offers a compelling alternative by enabling data-driven surrogate models that are

trained (calibrate the DL model parameters) to learn the underlying structure–property rela-

tionships from data. Once trained, such models can perform near-instantaneous predictions

of acoustic responses or generate optimal geometries for target functionalities. For example,

Wang et al. [145] demonstrated the use of deep generative model that are able to generate

thermal metamaterial geometries for the control, manipulation and processing of heat flow

with high efficiency. Similarly, Yan et al. [146] implemented a hybrid deep neural network-

genetic algorithm (DNN-GA) to optimise a multi-functional acoustic absorber for enhanced

absorption efficiency across a wide frequency range, and was reported to achieve a 4000-fold

improvement in computational efficiency compared to traditional FEM.

Another major benefit of DL is its ability to generalise across parameter spaces. Whereas

traditional methods must recompute for every new design, a well-trained deep neural net-

work can interpolate and even extrapolate, offering robust predictions over a wide range

of configurations. Trinh et al. [147] trained a surrogate neural network on data generated

from a multi-scale acoustic model based on the Johnson–Champoux–Allard–Pride–Lafarge

(JCAPL) framework to map between microstructure and acoustic response in a physics-

informed way. Their approach enables robust model identification and validation under tight

data constraints and supports efficient exploration of design parameter spaces. Furthermore,

the use of hybrid strategies, combining physics-based modelling with machine learning, has

enhanced the interpretability and reliability of these data-driven models [148].

2.6.1 Review of deep learning models in AMM design

DL has spurred a paradigm shift in AMM design, enabling both forward modeling (predict-

ing performance) and inverse design (identifying geometry/parameters for desired behavior).
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These data-driven approaches dramatically reduce design cycle time and simulation cost,

moving from iterative physics-based workflows to intelligent, real-time generation of AMM

structures.

Liu et al. [149] proposed a novel DL-based design framework to develop an ultra-

broadband AMM absorber capable of achieving near-perfect sound absorption across a wide

frequency range. Recognising the limitations of conventional Fabry–Pérot (FP) channel ar-

rays, i.e., arrays of straight acoustic ducts that rely on standing-wave resonances and therefore

require physically long channels to achieve low-frequency absorption, particularly the com-

plexity of accurately modelling the coupled resonance effects across numerous non-uniform

channels, the authors employed a data-driven approach to circumvent the need for compu-

tationally intensive parametric optimization. A dataset comprising approximately 20,000

FEM-simulated configurations of 10×10 FP micro-structures was generated, with each struc-

ture defined by unique channel-length distributions. Two convolutional neural networks

(CNNs) were trained: one for forward modeling (predicting absorption spectra from geome-

try), and another for inverse design (predicting geometry from target spectra). By cascading

the networks, the authors rapidly identified metamaterial designs exhibiting average absorp-

tion rates exceeding 97% across 860–8000 [Hz] in simulation. The paper reported a training

time of 10 [min]. To validate their results, the optimised structure was fabricated using high-

resolution 3D printing and tested in an impedance tube. The experimental measurements

confirmed good agreement with numerical predictions, achieving near-total absorption from

860–3200 [Hz], limited only by the tube’s upper frequency range. This study demonstrates

the integration of DL and physical simulation in the inverse design of AMMs, offering a

scalable and efficient route to broadband absorbers without reliance on traditional iterative

or gradient-based optimisation techniques. The transmission of vibrations and structure-

borne noises through plate and shell structures commonly occurs through the propagation

of elastic flexural waves. Phononic metamaterials, which possess frequency band gaps, have

proven effective in blocking elastic waves within specific frequency ranges. However, de-

signing these metamaterials traditionally involves a time-consuming trial-and-error process

[150]. Liu, Chan, and Wu [150] developed a deep-learning-based inverse design framework

for phononic-plate metamaterials aimed at attenuating structure-borne flexural wave noise

in the critical 2–4 [kHz] auditory frequency band. Employing the Mindlin plate theory for

forward modeling, they generated only 360 FEM-based training samples, each defined by five
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geometric slot parameters of a periodic unit cell. A deep neural network (DNN) was trained

to predict unit cell geometry for a desired bandgap, achieving 2% error in center-frequency

matching during testing. The optimised design exhibited ≈ –1 [dB/mm] omni-directional

attenuation at approximately 3 [kHz], effectively blocking flexural waves in both principal

lattice directions. This work demonstrates how a compact dataset and physics-informed sur-

rogate model enable rapid, accurate inverse design of phononic metamaterials for structural

noise control, avoiding laborious manual tuning or extensive parametric sweeps. By bridg-

ing plate-wave physics and deep learning, it sets a precedent for efficient AI-driven design

of lightweight metamaterials with targeted vibration isolation functionality. The design of

AMMs has relied mostly on the expertise of specialists, as many effects are based on local-

ized solutions and interference. However, Gürbüz et al. [151] introduced a generative DL

approach to the inverse design of acoustic metamaterials by leveraging conditional Generative

Adversarial Networks (cGANs). Their objective was to generate novel unit cell geometries

that achieve prescribed acoustic transmission loss characteristics over a wide frequency range

(2–10 [kHz]), thereby bypassing the trial-and-error nature of traditional design methods. The

authors developed a data generation framework that synthesizes pixel-based binary images of

metamaterial unit cells, assigning rigid or fluid domains, and evaluated their corresponding

transmission loss spectra using finite element simulations in COMSOL. A total of 2800 unit

cell designs, including scatterers and locally resonant C-shaped and rectangular Helmholtz

resonators, formed the dataset for training the GAN. The generator network, conditioned on

a desired transmission loss spectrum and a latent vector, produced candidate cell geometries,

while the discriminator distinguished between real and synthetic cell–spectrum pairs to guide

learning. The trained cGAN produced diverse and acoustically meaningful unit cell designs

that closely matched input transmission spectra. Simulated validation of generated designs

revealed good agreement with target acoustic responses, particularly for scattering-type and

Helmholtz-resonant cells, although some designs showed minor deviations in frequency or am-

plitude around resonant peaks. The performance was quantitatively evaluated using cosine

similarity and relative error metrics, with many generated samples achieving >0.8 similarity

to their target spectra. Notably, the generator was able to autonomously infer geometric

features such as cavity shapes and sizes associated with specific acoustic responses, even

when those features were not directly labeled, demonstrating its ability to learn implicit

design rules from data. This work marks the first application of cGANs to AMM design
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and establishes a blueprint for integrating machine learning with physics-based simulation.

It also highlights practical considerations such as dataset balance, feature coherence, and

post-processing to filter non-manufacturable geometries. The authors suggest the framework

can be extended to include visco-thermal effects, finer frequency resolution, and real-world

manufacturing constraints, pointing toward future applications in tailored sound insulation

systems for vehicles, buildings, and industrial noise control. Mahesh et al. [152] used a deep

convolutional autoencoder network for the inverse design of low-frequency acoustic absorbers,

specifically targeting Helmholtz-resonator-based and hybrid absorber geometries augmented

with curvilinear necks and micro-perforated panels. Leveraging an analytical model grounded

in effective-medium theory and electro-acoustic analogies, the authors generated a large train-

ing dataset that maps absorber geometries to absorption spectra. The autoencoder’s encoder

learned a compressed representation of desired spectral responses and predicted correspond-

ing geometric parameters, while the decoder reconstructs the absorption profile from these

predicted parameters. The method was first validated on standard Helmholtz resonators and

then extended to more complex hybrid absorbers, achieving high prediction accuracy with-

out requiring prior geometric initialisation. Notably, the network architecture contained few

learnable parameters, improving computational efficiency. The model is used to synthesise

four distinct absorber designs that exhibited near-perfect absorption across targeted low-

frequency bands (200–650 [Hz]), with designs featuring deep sub-wavelength thicknesses (≈

λ/23 at 200 [Hz]). The use of acoustic metasurfaces has emerged as a highly promising method

for controlling acoustic waves due to their ultra-thin profile. However, the conventional design

process for acoustic metasurfaces relies on numerical and trial-and-error methods to deter-

mine the effective properties of local resonant unit cells. This approach can be inefficient and

computationally intensive, particularly when dealing with narrow cavities that require the

consideration of thermo-viscous loss. To address this challenge, Donda et al. [9] introduced

a DL-based inverse design framework for creating ultrathin acoustic metasurface absorbers

that achieve near-perfect absorption at extremely low frequencies with thicknesses far below

the typical quarter-wavelength limit. They trained a CNN on a comprehensive dataset of pix-

elated unit cell designs, including narrow, high-aspect-ratio cavity structures—paired with

their full-spectrum absorption responses computed via thermo-viscous FEM models. This

CNN effectively models the wideband absorption behavior in mere milliseconds, compared

to prohibitively slow traditional simulations. Once trained, the network was used to rapidly
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generate novel metasurface absorbers; the authors demonstrated an absorber with 100% ab-

sorption at just 38.6 [Hz] and thickness of only λ/684. Notably, this design greatly surpasses

conventional quarter-wavelength limits, achieving a total internal path of just λ/5.7. They

also combined unit cells into broadband supercells, validating both numerically and experi-

mentally that the network-designed structures accurately produced target absorption profiles

at ultralow frequencies. This work highlights the efficacy of DL in navigating complex, non-

intuitive metasurface design spaces, offering a fast, highly automated, and experimentally

validated route to ultra-thin, low-frequency acoustic absorbers.

Wu et al. [153] proposed a novel DL-based multi-fidelity optimisation framework to enable

efficient and accurate inverse design of acoustic metasurfaces that achieve uniform scattered

acoustic fields, a key requirement for applications such as acoustic cloaking. The framework

integrates low and high-fidelity simulation data using a custom Multi-Fidelity Composite

Convolutional Neural Network (MF-CCNN), which learns both linear and nonlinear cor-

relations between fidelity levels. The MF-CCNN predicts the high-dimensional scattered

acoustic field from physical input parameters (density and Young’s modulus of metasurface

units), achieving high accuracy at a significantly reduced data cost. A fully connected neural

network is then used to optimize the physical parameters of the metasurface, leveraging back-

propagation through the frozen MF-CCNN to minimise field variance as an objective. The

method is validated through comparison with two other multi-fidelity models (MF-PCNN

and BFTL-1) and single-fidelity networks. MF-CCNN consistently outperforms alternatives

in terms of prediction error and generalization, with mean absolute error reduced by over

20% and optimisation time reduced to only 8% of that required by a genetic algorithm. The

framework enables rapid generation of near-optimal metasurface configurations, demonstrat-

ing its strong potential for accelerating acoustic metamaterial design through deep learning

and surrogate modelling.

Donda et al. [154] proposed a DL framework for both forward and inverse design of

acoustic metasurface absorbers with high structural complexity and many degrees of freedom,

particularly under oblique incidence conditions and in the low-frequency regime. The authors

first develop a 2D CNN to predict the absorption spectra of metasurface structures based on

input design parameters including a freeform 2D propagation channel, cylindrical aperture

diameter, thickness, and incidence angle. To reduce computational demands and improve

robustness, data augmentation and principal component analysis (PCA) are applied to the
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training dataset of over 9000 COMSOL-simulated samples. The CNN model achieves accurate

forward predictions with a mean squared error (MSE) below 0.01, even for ultrathin absorbers

with thicknesses as low as λ/64 at 82 [Hz]. For inverse design, a cGAN is employed to

generate structural patterns that yield target absorption spectra under specified conditions.

The cGAN learns to produce viable metasurface designs directly from spectral requirements,

offering a rapid, non-iterative alternative to traditional trial-and-error or simulation-based

optimisation. The proposed approach demonstrates strong agreement between predicted and

simulated absorption responses and confirms the potential of DL to accelerate and automate

the design of complex, performance-driven acoustic devices.

The application of DL to the design and analysis of AMMs is still an evolving field,

with growing momentum driven by advances in neural architectures, simulation fidelity, and

fabrication techniques. As this convergence between computational acoustics and artificial

intelligence (AI) matures, several emerging trends and future directions are reshaping the

research landscape such as in the introduction of generative models, such of VAE and GAN;

the use of transfer learning approaches that reuse knowledge from related tasks, incorporation

of multi-scale interactions (microstructure <=> macro-structure) and multi-physics coupling

(e.g., vibro-acoustics, thermo-acoustics, or fluid-structure interactions); incorporation of ex-

perimental information into the design pipeline, use of data-augmentation to enhance DL’s

prediction fidelity; the integration of interpretable mechanisms into the design pipeline; and

the integration with design automation and human-AI collaboration

2.7 Conclusions

The control of unwanted sound and noise has historically relied on a variety of traditional

acoustic materials and configurations, each grounded in well-established physical principles.

Enclosure systems, acoustic barriers, and damping treatments have long formed the backbone

of noise control strategies in both industrial and architectural applications. These materials

primarily function by absorbing or reflecting sound energy, and their effectiveness is heav-

ily reliant on bulk, geometry, and placement relative to the source and receiver. Among

traditional absorbers, porous materials such as mineral wool, foam, and fibrous composites

have been extensively used due to their broadband absorption characteristics at mid to high

frequencies. These materials operate via viscous and thermal losses as air particles oscillate

within their interconnected voids. While effective in many applications, their performance
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diminishes significantly at low frequencies unless substantial thickness is employed, posing

limitations where space and weight are constrained. Panel sound absorbers and resonant

absorbers address some of these limitations. Panel absorbers exploit membrane or plate vi-

brations to absorb energy at specific frequency ranges, especially in the low-frequency domain.

Similarly, Helmholtz resonators, perforated panel absorbers, and micro-perforated absorbers

(MPPs) use resonance effects to target narrowband absorption, often tunable through geo-

metric parameters such as cavity volume, neck dimensions, and perforation characteristics.

These systems offer more compact solutions but still suffer from trade-offs between band-

width, tuning flexibility, and overall absorption efficiency. Despite their utility, traditional

materials and approaches face inherent challenges: limited low-frequency performance with-

out large volumes, narrowband behavior in resonant devices, and reduced adaptability to

dynamic acoustic environments. These constraints have spurred the exploration of novel

classes of engineered materials that enable more precise and compact control over sound

propagation. Acoustic metamaterials (AMMs) represent a transformative development in

this regard. Based on concepts from electromagnetic metamaterials (EMMs), AMMs are

artificially structured composites designed to manipulate sound waves in ways that are not

possible with conventional materials. By tailoring sub-wavelength-scale structural features,

AMMs can exhibit exotic effective properties, such as negative bulk modulus or negative

density, leading to phenomena such as acoustic bandgaps, negative refraction, and super-

lensing. These properties enable highly selective frequency control and sub-wavelength-scale

performance that traditional absorbers cannot achieve. More recently, acoustic metasur-

faces, a two-dimensional counterpart of bulk metamaterials, have emerged as an even more

compact and versatile platform for wave manipulation. Through judicious design of unit

cell geometries and surface impedance profiles, metasurfaces allow for engineered reflection,

refraction, phase modulation, and absorption, all within subwavelength thicknesses. This

opens promising avenues for low-profile acoustic cloaks, flat lenses, and adaptive noise con-

trol solutions. While traditional acoustic materials have played a foundational role in noise

control engineering, their limitations in efficiency, compactness, and tunability, especially at

low frequencies, have driven the need for advanced engineered materials. AMMs and meta-

surfaces provide a fundamentally new paradigm, offering unprecedented control over sound

with greater spatial efficiency and functional customisation. Furthermore, this chapter also

examines the application of DL to the design and analysis of AMMs represents a paradigm
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shift in how these materials are conceived, optimised, and realised. Traditional optimisation

and physics-based approaches, though powerful, are often limited by computational intensity,

high-dimensional parameter spaces, and design complexity. DL offers a complementary strat-

egy, one that leverages data-driven models to capture complex acoustic phenomena, acceler-

ate simulation workflows, and enable inverse design in ways that were previously intractable.

Supervised learning methods such as CNNs, RNNs, feedforward networks, etc., have been

employed for rapid performance prediction and forward modelling of AMMs. These mod-

els have demonstrated high accuracy and computational efficiency, particularly in mapping

geometries to their acoustic properties. In the inverse design landscape, generative models,

including VAEs, GANs, and tandem networks, have emerged as powerful tools for creating

new AMM structures conditioned on specific performance targets. These methods not only

reduce design time but also unlock the ability to explore vast and non-intuitive design spaces.

Despite significant progress, several challenges remain, such as the need for interpretability

of black-box AI models for design trust and debugging, the incorporation of robustness into

the design pipeline, and the reliable integration of these methods into real-world applications.

These issues will be addressed in subsequent chapters.
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3.1 Introduction

This chapter presents a comprehensive validation of the hybrid resonant acoustic meta-

absorber (HRAM) model used in this thesis for the sole purpose of data generation for deep

learning (DL) applications. In parallel, it introduces the proposed DL methodology aimed

at achieving efficient and robust acoustic metamaterials (HRAM) designs. The chosen AMM

structure serves as the core physical system throughout the thesis, providing the foundation

for subsequent data-driven exploration and optimisation tasks. The analysis begins with the

development of an analytical model of the absorber (composed of an acoustic cavity with

a resonant inclusion and a top perforated plate), formulated using transfer matrix methods

(TMM), which offer a fast and sufficiently accurate approximation of the system’s acoustic

behaviour: The TMM expresses the acoustic state variables (pressure and particle velocity)

at the input and output of each constituent element through a linear matrix relationship.

By cascading the matrices of individual components, the overall acoustic response of the sys-

tem can be efficiently computed. Complementary finite element simulations are performed

in COMSOL Multiphysics to validate the analytical predictions. To physically realise the

designs, additive manufacturing using the fused deposition modelling (FDM) is employed,

supporting rapid and cost-effective prototyping. The fabricated samples are experimentally

characterised using a two-microphone impedance tube setup, following standardised acoustic

testing protocols. Building upon the analytical model of the HRAM as the data generator,

a deep learning framework termed the Structured Latent Autoencoder (SLAE) is trained

(calibrate the SLAE model parameters) on this data to achieve both forward prediction and

inverse inference of the absorber performance. To bridge the gap between idealised simula-

tions and real-world measurements, data augmentation techniques are applied, incorporating

known sources of manufacturing uncertainty into the training data. Finally, a transfer learn-

ing (TL) approach is employed to adapt the pre-trained SLAE model to experimental data,

enabling accurate geometric inference under real-world fabrication deviations. Together,

these interconnected methodological components establish a rigorous pipeline for the design,

fabrication, characterisation, and modelling of AMM absorbers, laying the foundation for the

results and discussions presented in subsequent chapters. Figure 3.1 shows a schematic of the

overall process from design concept to robust design. This chapter is structured as follows:

Section 3.2 introduces the proposed AMM absorber configuration, outlines the overall

modelling and validation workflow, and provides detailed derivations of the analytical model
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based on TMF. Section 3.3 presents the numerical simulation framework, describing the FEM

implementation in COMSOL Multiphysics. Section 3.4 outlines the additive manufacturing

(AM) process employed to fabricate the absorber samples, including a discussion of the FDM

technology used and associated manufacturing uncertainties. Section 3.5 details the experi-

mental setup and measurement procedures used for acoustic characterisation, including the

two-microphone impedance tube method adopted for all fabricated samples. Section 3.6 in-

troduces the deep learning framework developed in this work. It covers the data acquisition

and pre-processing pipeline, the deep learning model architecture, the data augmentation

techniques, and the transfer learning procedure used to adapt the model to real-world ex-

perimental data. Finally, Section 3.7 summarises the key developments and methodologies

presented in the chapter.

Figure 3.1: Schematic overview of the methodology adopted in this chapter, illustrating the
complete workflow from AMM concept design through modelling, data-driven learning, and
robust design integration.

3.2 Absorber description

The design concept chosen, based on inspiration drawn from different designs in the literature

(e.g., [90, 143, 155], in this research is based on a spatially coiled Helmholtz resonator. The

resulting form was designed with simplicity in mind, while maintaining sufficient complexity

to investigate the accuracy of traditional modelling methods. The system consists of an
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Archimedean spiral (similar to [142, 143]) embedded within an acoustic cavity, along with

a top perforated plate that allows the incident wave to propagate through the device, as

shown in Fig. 3.2. It is noteworthy that the coiled inclusion can take various forms, such as

a rectangular or C-shaped coils, and concentric split-rings with laterally inverted openings.

The spiral structure shifts the resonance to lower frequencies by elongating the effective

propagation path (phase delay) within a fixed thickness, H, enabling the wave to travel a

longer distance than the physical dimensions of the device. This hybrid design introduces a

complex tuning framework due to the interaction of two resonance mechanisms: the acoustic

cavity and the embedded spiral. The hexagonal cavity is so chosen to allow for compact and

economical arrangement of units on the metasurface.

The final absorber design, based on hybrid resonant mechanism, underwent several mod-

ifications to improve analytical accuracy and facilitate additive manufacturing. Initially, a

circular aperture (acoustic inlet) was used, but the analytical model was insensitive to changes

in the aperture radius. Additionally, early 3D-printed samples experienced acoustic leakages

when the cavity and the top plate were printed separately and then glued together. To

resolve these issues, the aperture was re-designed to match the geometry of the first turn

of the embedded spiral, allowing the entire absorber to be printed as a single unit, thereby

preventing leakages. This adjustment also improved the analytical model by integrating the

perforation into the spiral channel, ensuring geometric continuity and simplifying modelling

for subsequent optimisation studies.

Ls

H

Acoustic inlet

(a) (b) (c)

Top plate

Rigid 
backing

tp

p

t

�

ro

Figure 3.2: The unit structure of the absorber: (a) disassembled system comprising a rigid
backing, hexagonal boundary and a top perforated plate, (b) parameterised spiral, and (c)
assembled system

The design parameters of the absorber are presented in Table 3.1. The initial radius,

ro, although influences absorption performance, it is not directly controlled here to preserve
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geometric continuity of the spiral channel. Thus, it is defined in terms of other parameters

as will be described in Subsection 3.2.1

Table 3.1: Geometric design parameters defining the unit cell of the metasurface acoustic
absorber. These parameters control/influence the absorption behaviour of the absorber.

Parameter Description Unit

Ls Side length of the hexagonal cavity mm
H Depth/thickness of the cavity mm
tp Thickness of the top perforated plate mm
p Spacing between spiral turns mm
t Thickness of spiral wall mm
ro Initial radius of the spiral mm
Nt Number of spiral turns -

3.2.1 Analytical model

Numerical models, while highly accurate and capable of capturing complex system behaviours,

are often computationally intensive. This limitation becomes particularly significant in sce-

narios requiring extensive parametric sweeps or optimisation studies, where numerous evalu-

ations of the system response are necessary. Although simplified numerical models (SNMs),

where feasible, can significantly reduce computational cost, numerical approaches often re-

main inefficient in iterative design and sensitivity analyses. This is particularly true for AMMs

operating at low frequencies, where narrowband, high-Q resonant behaviour necessitates fine

frequency sampling to accurately resolve the system response. In addition, the presence of

subwavelength features and thermo-viscous boundary layers requires local mesh refinement,

further increasing computational expense.

In contrast, analytical models offer a streamlined alternative, enabling rapid evaluation

of system behavior under varying conditions. These models are derived from first principles

and simplified approximations, which allow for closed-form solutions or explicit expressions

that can be quickly computed. As a result, they are particularly well-suited for scenarios

involving high-dimensional parameter spaces or rapid evaluation of absorber designs. While

analytical derivations may not fully capture all the intricacies of the system, their ability to

generate rapid and sufficiently accurate predictions ensure their role as a cornerstone in the

workflow of parametric and optimisation studies.

The perforation indicated by the acoustic inlet in Fig. 3.2(c) is designed to have the

same cross-section as the coiled channel for analytical convenience and to this end, the initial

radius, ro > 0, is determined such that
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∫ 2π

0
0.5R∗(θ)2dθ − S1 = 0, (3.1)

where R∗(θ), defined in Eq. (3.2), is the polar equation of the spiral, and S1 = pH, is the

cross-sectional area of the coiled channel.

R∗(θ) = ro +
(p+ t)

2π
θ (3.2)

The system is essentially a Helmholtz resonator with a spatially coiled cavity that in-

troduces a secondary resonance channel. The channel is modeled as an equivalent straight

rectangular duct with a cross-section much smaller than the working wavelength, allowing the

use of narrow region acoustics to capture the thermal and viscous losses occurring within the

duct. For a rectangular duct of dimensions p and H, the viscous and thermal field functions,

Ψi, ∀ i ∈ {v, h}, based on the low-reduced frequency (LRF) model, are given by [156, 157]

Ψi = κ2i

∞∑
m=0

[
(αmm

′)−2

(
1− tan(αmp/2)

αmp/2

)

+ (βmm
′)−2

(
1− tan(βmH/2)

βmH/2

)]
,

(3.3)

where

αm =

√(
k2i −

2m′

p

)
, βm =

√(
k2i −

2m′

H

)
. (3.4)

k2v = −iω ρ
η and k2h = −iω ρCp

κ , are the viscous and thermal wave numbers, respectively,

and m′ = (m+ 1/2)π. The upper limit of the infinite series in Eq. (3.3) is chosen such that

the acoustic response is stable. Cp, ρ, η and κ are the specific heat capacity at constant

pressure, the density of air, the dynamic viscosity of air and the thermal conductivity of the

fluid, respectively. The complex wave number, kc, and the complex density of air, ρc, in the

medium can be derived as

k2c = k2

(
γ − (γ − 1)Ψh

Ψv

)
,

ρc =
ρ

Ψv
,

(3.5)

where k is the wave number. The transfer matrix of each region can be expressed as
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Tj =

cos(kjLj) iZjsin(kjLj)

i
sin(kjLj)

Zj
cos(kjLj)

 , (3.6)

where Lj , kj and Zj , ∀ j ∈ {channel, cavity}, are the length, wave number and normalized

impedance, respectively, associated with each region, Zchannel = ρccc
S1

and Zcavity = ρc
S2

(cc is

the complex speed of sound in the channel). It is noteworthy that the coiled channel occupies

part of the cavity space so that the effective volume of the cavity is reduced. The effective

depth of the cavity is Lcavity = vfH, where Vsp is the volume of the spiral and is given by

Vsp = H

∫ 2πNt

2π(Nt−1)
0.5(R(θ) + t)2dθ. (3.7)

The channel length is given by Lchannel = L1 + L2. The length, L2, is computed along

the centroid of the channel, as

L2 =

∫ 2π(Nt−1)

0
(

√√√√(R∗(θ)2 +

(
d

dθ
R∗(θ)

)2)
dθ, (3.8)

noting that ro is effectively modified as ro + t + 0.5p in this case, and L1 = H + tp. An

alternative approach to computing the effective length through the aperture is to account

for its coiled geometry. Thus, L1 may be re-written as: L1 =
√

(2πra)2 + tp2 − ζ, where

ra = ro + (p + t)/2, is the effective radius of the aperture, obtained by averaging R∗(θ)

over the first turn, and ζ = 0.96
√
S1 [158]. This alternative is found to provide a more

accurate result over a wider operational range. The overall transfer matrix of the single unit

can thus be obtained as T = Tchannel.Tcavity, and the scaled surface impedance is defined as

Z = S2.T1,1/T2,1, where T1,1 and T2,1 refer to the elements in the first column of matrix T ,

and S2 = 1.5
√

(3)Ls2 is the cross-sectional area of the incident unit surface. The complex

reflection coefficient of the unit, R, and the absorptivity, α, are subsequently calculated

according to Eq. (3.9).

R =
Z − Zo

Z + Zo
, and α = 1− |R|2, (3.9)

where Zo = ρc is the impedance in air. For a perfect absorption (α ≈ 1), the impedance

matching condition requires that the surface impedance of the absorber matches that of the

background medium, i.e., Re(Z) = Zo, and Im(Z) = 0.
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3.2.2 Broadband model

Broadband absorption has garnered significant attention in the field of noise control due

to its practical applications. However, one of the primary challenges in designing broad-

band absorbers lies in achieving an optimal balance between compactness and wideband

performance. While thicker absorbers generally excel at low-frequency sound attenuation,

space constraints often necessitate innovative approaches, such as locally resonant structures

[159, 160] or metamaterial-based solutions [9, 161–163]. Recent advancements in computa-

tional modeling and optimisation, particularly the integration of machine learning and deep

learning techniques, have further accelerated the design process. These approaches enable

the rapid prototyping and testing of novel absorber geometries, paving the way for more

efficient and compact solutions. The narrowband design is extended here for the broadband

case. To broaden the typically narrow effective absorption bandwidth of the absorber, four

(4) inhomogenous units are parrallely combined to form a single unit as schematised in Fig.

3.3. Each unit of the supercell contributes six (5) parameters, so that the supercell comprises

twenty (24) parameters in total. The parameter, Ls, is same for all the component cells to

facilitate arrangement, while H may vary for each cell. t and tp are again held constant

as with the narrowband case. The total impedance of the supercell is obtained using the

electro-acoustic theory as in Eq. (3.10).

St
Zt

=

4∑
i=1

Si
Zi
, (3.10)

where Si = S2 (∀ i ∈ {1,· · · , 4}), and St =
∑4

i=1 Si, is the surface area of the supercell.

Zi is the impedance of the i-th unit, and Zt is the total impedance of the supercell.
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Figure 3.3: (a) Schematic of the supercell composed of four inhomogeneous units arranged
parallelly, in an edge-to-edge hexagonal tiling. While four units are considered in this thesis,
the configuration can be generalised to include more units as required by the application.

3.3 Numerical model setup

Numerical modeling based on finite element analysis (FEA) is performed in COMSOL®

Multiphysics software. The thermo-viscous acoustic module is utilised to account for the

thermal and viscous losses occurring within the narrow channels of the absorber. An acoustic

manifold with thickness, 2(H+tp), is defined at the top of the absorber to simulate the

surrounding environment and an incident sound wave, defined by a background pressure

field with unit amplitude, normally impinges on the absorber surface in the -z direction.

Furthermore, a perfectly matched layer is defined above the hexagonal volume to simulate

an open and non-reflecting infinite domain. Hard boundaries are imposed on the interfaces

between air and solid due to the high impedance mismatch between air and solid materials

[164]. The absorber is discretised using a tetrahedral element with a maximum element size of

λ/20, where λ is the wavelength corresponding to the highest frequency of interest, while the

minimum element size is set to δ/10, where δ is the thickness of the boundary layer defined

as

δ = 220[µm]
√

100[Hz]/fo. (3.11)

The value 220 [µm] in Eq. (3.11), is the thickness of the viscous boundary layer in air

at 100 [Hz], 20oC and 1 [atm], and fo is the maximum study frequency. The perforation is

meshed with a fine resolution. Boundary layers with a first layer thickness of 0.4δ are defined

at the air-solid interfaces of the absorber. These settings, determined through experimenta-

tion, are applied consistently across all subsequent simulation studies. A separate mesh study
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in this work further refines the mesh resolution in the perforation region, as previous settings

proved less accurate at extremely low frequencies, albeit with a higher computational cost.

Notably, this refinement is applied only to the perforation, where the bulk of acoustic dissipa-

tion occurs. All numerical simulations are performed on a Precision 5820 Tower workstation

equipped with a 12-core Intel® processor running at 3.5 GHz and 256 GB of RAM.

3.3.1 Linearised Naivier-Stokes equations

The losses within the narrow coiled path of the absorber system has been captured by the

thermo-viscous acoustic module of COMSOL, which is based on solving the the Linearised

Navier-Stokes equations expressed in time harmonic form exp jω. These equations are for-

mulated in the frequency domain to capture losses owing to viscosity and thermal conduction

in an acoustic system. Acoustic variations in pressure, velocity, and temperature are thus

computed in the presence of any stationary isothermal or non-isothermal background mean

flow.

The linearised Navier-Stokes equations in the frequency domain interface are the linearised

continuity, momentum (Navier-Stokes), and energy equations. The physics interface solves

for the acoustic variations in the pressure, p, velocity field u, and temperature, T, using a

first-order perturbation around the steady-state background condition, i.e.,

p = p′ + po; u = u′ + uo; T = T ′ + To (3.12)

where po, uo and To are background conditions, p, u, and T are the total variables and p′,

u′ and T ′, are the acoustic (perturbed) variables. The constitutive equations for the stress

tensor and the linearised equation of state (density perturbation) in the frequency domain

are given by:

σ = −pI + µ(∇u+ (∇u)T ) + (µb −
2

3
µ)(∇.u)I (3.13)

ρ = ρo(βTCp − αpT ) (3.14)

where βT is the isothermal compressibility, αp is the coefficient of thermal expansion, and

Cp is the specific heat capacity (heat capacity per unit mass) at constant pressure. At the

fluid-solid boundary, a no-slip isothermal condition is applied i.e., u = 0, and T = 0. The

fluid simulation parameters used in this study are presented in Table 3.2
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Table 3.2: Fluid simulation parameters.
Symbol Value Unit

To 343.2036 K
po 101325 Pa
ρo 1.2 kg/m3

µ 1.825e-5 Pa.s
µb 0 Pa.s
Cp 1005.4 J/kgK
c 343 m/s

3.4 Additive manufacturing

Recent advances in additive manufacturing (AM), commonly referred to as 3D printing, have

significantly transformed the landscape of rapid prototyping and functional material design.

What was once limited to digital simulations and CAD visualisations can now be physically

realised with high precision and at low cost. This evolution has been particularly impactful

in the field of AMMs, where the ability to produce intricate, sub-wavelength geometries

is critical for achieving desired wave manipulation effects. Complex geometries that were

only digitally realisable can now be manufactured rapidly with precision. One of the most

compelling advantages of 3D printing is the capacity for rapid iteration. Designs can be

quickly modified, fabricated, and tested without the lead time and expense traditionally

associated with subtractive or injection-molding processes. This flexibility facilitates not

only research and development but also the customisation of parts for niche applications.

Several 3D printing technologies exists each with its own challenges and their impacts on

additively manufactured parts. Factors such as surface roughness, and dimensional fidelity,

can influence how accurately a printed metamaterial performs compared to its simulated

model. These effects must be considered carefully during the modeling and validation process

[17, 21].

In this thesis, fused deposition modelling (FDM) is used as the primary fabrication tech-

nique. While FDM is widely used in prototyping due to its cost-effectiveness, it also in-

troduces challenges that must be addressed. Layer adhesion variability, surface roughness,

and dimensional fidelity, are among the factors that can influence the performance of fab-

ricated acoustic structures. To ensure that the influence of FDM-induced variability is not

neglected, a dedicated focus is placed on quantifying and compensating for these effects in

later chapters. Specifically, DL techniques are employed to integrate manufacturing-related

uncertainties into the forward and inverse modeling of AMMs. By incorporating these imper-
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fections through experimental samples into the learning models, the system can be trained

to understand how variations in print quality and dimensional accuracy affect the acoustic

response, enabling more robust and realistic predictions

All the samples used in this work are fabricated using polylactic acid (PLA) on a Prusa

i3 MK3S+ 3D printer. The CAD models are exported in .stl format and processed using

PrusaSlicer. Default slicing settings are used, with the exception of the temperature: the

first layer was printed at 215 ◦C to enable it stick very well to the build plate and prevent

warping or detachment during printing, while all subsequent layers are printed at 200 ◦C to

reduce stringing or oozing.

3.5 Experimental setup

The test rig used in this research work is a cylindrical impedance tube of diameter, d = 127

[mm]. A high-amplitude loudspeaker, housed in a custom-built plywood unit with a circular

flange opening for mounting onto one end of the aluminium tube, is attached to the tube at

one end. The loudspeaker is a JBL 2206H/J12 [in.] sub-woofer. An adjustable back-cavity

depth termination/sample holder is built around the other end of the tube to accommodate

different sample thicknesses, and allows for samples to be printed on a 199.5 × 199.5 [mm]

square panel. It has a depth of 65 [mm] and a 24.75 [mm] wall thickness. Two G.R.A.S. 40

PH microphones, located at positions x1 = 0.212 [m] and x2 = 0.127 [m] from the end of the

tube, are used to instrument the rig in accordance with ISO 10534-2:2001 [165]. The tube

schematic setup is shown in Fig. 3.4. Two microphones, M1 and M2, are located at positions

x1 and x2, respectively, and white noise propagates from the loudspeaker through the tube.

Using the measured transfer function between M1 and M2, H12, to correct for mismatch in

their frequency responses via the switching technique [165], the complex reflection coefficient

under plane wave assumption is given by Eq. (3.15)

R =
H12 − e−jks

ejks −H12
e2jkx1 , (3.15)

where s ( = x1 - x2) is the microphone spacing. The absorptivity is subsequently calculated

from α = 1 − |R|2. The lower and upper frequency limits of the measurement are functions

of the microphone spacing and tube diameter, respectively. Thus, the lower limit of the tube

is 0.01c/s [166] (≈ 40 [Hz]), and the upper limit is 0.586c/d (≈ 1568 [Hz]). The frequency

resolution used in the experiment is approximately 0.6 [Hz] with a sample rate of 40,000 [Hz].
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Figure 3.4: Schematic of the two-microphone impedance tube setup used for acoustic ab-
sorption measurements. Adapted from Hossain et al. [10].

Figure 3.5 shows the laboratory setup of the impedance tube during a testing session of

the acoustic absorber.
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Figure 3.5: Photograph of the experimental impedance tube setup used for acoustic ab-
sorption measurements in a typical testing session. Key components include the loudspeaker,
two calibrated microphones, sample holder, and data acquisition system.

63



METHODOLOGY 3.6. DEEP LEARNING FRAMEWORK

3.6 Deep learning framework

One benefit of the DL framework is to accelerate the on-demand design process for AMMs.

Traditional optimisation methods can be computationally intensive, especially when dealing

with complex designs with high dimensionality [167]. DL offers a more efficient alternative

by enabling near-instantaneous predictions (after training), often in the order of millisec-

onds [167], which makes real-time design iteration and inverse design feasible. Moreover, this

framework is designed to integrate manufacturing imperfections, such as fabrication toler-

ances, surface roughness, or material inconsistencies, into the design process itself. Rather

than treating these imperfections as post-fabrication issues, the proposed approach embeds

them into the training data and learning objectives, allowing the model to predict and opti-

mize for performance under more realistic, imperfect conditions. Thus, the methodology is

outlined as follows.

3.6.1 Data acquisition

Often, for any deep neural network based technique, a large dataset is essential to obtain a

good prediction model. Here, the generation of sufficient data using experimental or numerical

means is practically a challenging task, and thus the training data for the DL model are

generated using the analytical model of the absorber described in Subsection 3.2.1. The

input to the network comprises the spectral characteristics, i.e., [αp, fr fu, fL ], while the

outputs are the corresponding geometric parameters, p and Nt. It is noteworthy that H and

Ls are coalesced in the input spectra to provide the designer with the flexibility to tailor

the device’s size as needed on the one hand, and to address the non-uniqueness problem

of inverse mapping on the other hand. To this end, the input to the network becomes

[αp, fr, fu, fL, Ls, H], where t=0.8 [mm], and tp = 1.5 [mm] are fixed during modelling. The

band-edge frequencies, fu, fL, are derived from the spectral data using the full width at half

maximum (FWHM) method. This approach identifies the range of frequencies over which

the absorptivity remains above half of its peak value.

Let α(f) denote the absorption coefficient as a function of frequency, and let αp be the

peak absorption. The half-maximum threshold is defined as:

αhalf =
αp

2
. (3.16)
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The frequencies at which α(f) = αhalf are then computed on both sides of the peak, the

lower bandwidth frequency, fL, and the upper bandwidth frequency, fu. The bandwidth, ∆f ,

is defined as the difference between these two frequencies, i.e., ∆f = fu − fL. This method

captures the effective spectral width where the absorber maintains strong performance, and

is widely used in acoustic and electromagnetic metamaterials to characterise resonance-based

behavior [168–171].

In many DL approaches for AMM design found in the literature, the networks were typi-

cally trained on the full absorption spectrum. While this provides comprehensive information,

it also leads to high input dimensionality, more complex network architectures, and increased

computational costs, which make training and hyperparameter tuning more difficult. In con-

trast, this thesis adopted a more compact and efficient strategy by training on the most

critical features of the spectrum. This significantly reduces the dimensionality of the input

space, enabling faster training, simpler network architectures, and reduced computational

complexity, while still maintaining sufficient accuracy for design prediction.

The geometric parameters were randomly sampled from a uniform distribution over their

respective ranges, as presented in Table 3.3, ensuring adequate coverage of the design space

while respecting experimental constraints. A total of 250,000 samples are generated with a

resolution of 0.5 [Hz], and divided into 90% training and 10% hold-out sets. The training set

was further divided into 70% training and 30% validation sets as illustrated in Fig. 3.6.

Acquired data

Hold-out set
(10%)

Validation set
(30%)

Training set
(70%)

Training set
(90%)

Figure 3.6: Data distribution scheme used for deep learning training and validation. The
diagram illustrates how the dataset is partitioned into training, validation, and test subsets,
supporting model development and performance evaluation
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Table 3.3: Parameter ranges for deep learning, where t = 0.8 [mm] and tp = 1.5 [mm] are
fixed

Parameter Range Unit

p 1 - 15 mm
Nt 1.5 - 5 -
Ls 10 - 50 mm
H 5 - 30 mm

The hold-out test set is used to independently evaluate the performance of the network

after the training process is completed, ensuring an unbiased assessment of generalisation

capability. Meanwhile, the validation set is employed during training to monitor the network’s

performance and to determine when to trigger the stopping criteria. This criteria is triggered

when the performance on the validation set deteriorates or does not improve for a consecutive

number of training epochs, to prevent overfitting. In this study, an early stopping threshold

of 50 epochs was used.

To enhance the learning process and ensure numerical stability during training, both the

input and output data are normalized according to Eq. (3.17).

un =
u− umin

umax − umin
, (3.17)

where un represents the normalised value, u is the original, unnormalised data point, umin

and umax, are the minimum and maximum values, respectively, of the feature (variable).

The transformation ensures that all features contribute equally to the learning process and

prevent dominance by variables with larger magnitudes. It is noteworthy that, although

the absorption spectra already have normalised values, the size-related features (H and Ls)

included in the spectra varies significantly over wider ranges, thus normalising the features

together ensures a uniform transformation process across the dataset. This avoids introducing

inconsistencies where some variables are processed differently than others. In order to account

for real physical constraints in the acquired data, the geometric constraints in Eq. (3.18)

are imposed during data generation to ensure non-negative values of ro and to prevent the

embedded coil from intersecting or spiraling into the walls of the cavity in any sample instance.

ro ≥ 0;
Ls

R(θ)
∣∣
θ=2πNt

+ t
> 1, (3.18)

where

R(θ) = ro +
(p+ t)

2π
θ. (3.19)
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3.6.2 Model architecture

Considering the significantly reduced dimensionality of the input space, a network with mod-

erate complexity is sufficient. Thus, a structured latent autoencoder (SLAE) is implemented,

where the latent space is explicitly structured to learn the geometric features of the absorber.

An autoencoder network consists of two main components: an encoder, which compresses

the input into a lower-dimensional latent representation, and a decoder, which reconstructs

the original input from this representation. Let the input vector be denoted as:

u = [αp, fr, fu, fL, Ls,H] ∈ R6 (3.20)

where the first four (4) components represent key spectral features of the acoustic ab-

sorber, and the last two are size-related parameters for customization purposes. The encoder

function, E, maps the input vector, u, to a latent representation z ∈ Rm, with m being the

dimension of the latent space:

z = E(u) (3.21)

Here, the latent space is supervised to learn the absorber geometric properties, namely

p and Nt. The parameters Ls and H, are directly injected into the latent representation

to enhance reconstruction fidelity. The decoder function, D, then reconstructs the spectral

characteristics:

û = D(z) (3.22)

Loss function

The model is trained using a combination of supervised and reconstruction losses. The

primary loss components are:

• Reconstruction loss: Measures how well the decoded output, û, matches the original

spectral input u. Mean squared error (MSE) is used:

Lrecon =
1

N

N∑
i=1

∥∥∥û(i) − u(i)
∥∥∥2 (3.23)

• Latent supervision loss: Ensures that the latent vector, z, match the true geometric

parameters g ∈ R2. This encourages the network to embed physical meaning into part
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of the latent space:

Lgeom =
1

N

N∑
i=1

∥∥∥z(i)g − g(i)
∥∥∥2 (3.24)

The total loss is a weighted sum of both components:

Ltotal = ψ · Lrecon + β · Lgeom, (3.25)

where ψ and β are tunable hyper-parameters that control the balance between reconstruc-

tion accuracy and supervision of the latent geometry, and are set to 0.005 and 1, respectively.

The SLAE enables a partial embedding of physical meaning into the latent space by explic-

itly supervising the first two latent dimensions to represent geometric design parameters.

The network architecture, illustrated in Fig. 3.7, consists of two main components: the en-

coder and the decoder. The encoder maps the 6D input vector to a 4D latent representation,

through a sequence of four fully connected layers with dimensions 6→64→128→64→4. ReLU

activation functions are applied after each hidden layer, while the final latent layer uses linear

activation. Layer normalization is applied after each hidden layer (excluding the latent layer)

to stabilize training and accelerate convergence. The decoder adopts a symmetric architec-

ture with layer sizes 64→128→64→ 6, to reconstruct the original input from the latent space.

The full spectrum may be recovered from predicted spectral features using the Lorentzian

model defined in Eq. (3.26).

L(f) = αp.
γ2

(f − fr)2 + γ2
, (3.26)

where γ = fu−fL
2 , and f is the frequency grid vector which is defined over the range 50

- 500 [Hz] throughout this thesis. It is important to note that the decoder component of

the network was used solely for validation purposes and is not needed for inverse (geometry)

predictions in practice.

Network training is performed using the ADAM optimizer, with a learning rate of 1 ×

10−4, weight decay of 1 × 10−5, and a batch size of 64 samples, to minimize the loss in

Eq. (3.25). To prevent overfitting and unnecessarily long training epochs, early stopping

is employed with a stopping threshold of 50 epochs. The performance of the network is

evaluated based on mean squared error (MSE), and coefficient of determination (R2) in Eq.

(3.27).
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Figure 3.7: Schematic of the proposed SLAE architecture, consisting of an inverse model
(encoder) that predicts a 2D latent vector of geometric features from the given spectral
features, and a forward model (decoder) that reconstructs the original input features from
the latent space. The size-related features (Ls and H) are directly passed into the latent
space to support reconstruction. The encoder comprises 4 fully connected layers, including
the latent layer, with ReLU activations, while the decoder mirrors this architecture. Both
modules incorporate layer normalization (LN).

R2 = 1− SSresidual

SStotal
, (3.27)

where:

• SSresidual =
∑n

i=1(ui − ûi)
2, is the residual sum of squares, representing the sum of

squared differences between the observed values, ui, and the predicted values, ûi.

• SStotal =
∑n

i=1(ui − ū)2, is the total sum of squares, representing the variance of the

observed data, calculated as the sum of squared differences between the observed values,

ui, and their mean, ū, and

• n, is the number of data samples.

3.6.3 Data Augmentation

In practical AMM design workflows, training data is often obtained from numerical/analytical

simulations based on idealised models. These simulations do not capture the imperfections

and uncertainties introduced during real-world fabrication processes such as 3D printing. As

a result, models trained solely on simulated data may fail to generalise well to experimental

or fabricated prototypes. A well-trained model should make predictions that are invariant

to spectral variations of the same geometry. One way to achieve this is data augmentation,

where the training set is artificially augmented by including random perturbations of the

input samples under different transformations that preserve the geometry (or labels) [172].
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Table 3.4: Summary of the proposed SLAE architecture, showing the encoder–decoder layer
types, output shapes, and number of trainable parameters

Layer type Output Shape No of trainable parameters

Linear [-1, 64] 448
LayerNorm [-1, 64] 128

ReLU [-1, 64] 0
Linear [-1, 128] 8,320

LayerNorm [-1, 128] 256
ReLU [-1, 128] 0
Linear [-1, 64] 8,256

LayerNorm [-1, 64] 128
ReLU [-1, 64] 0
Linear [-1, 4] 260
Linear [-1, 64] 320

LayerNorm [-1, 64] 128
ReLU [-1, 64] 0
Linear [-1, 128] 8,320

LayerNorm [-1, 128] 256
ReLU [-1, 128] 0
Linear [-1, 64] 8,256

LayerNorm [-1, 64] 128
ReLU [-1, 64] 0
Linear [-1, 6] 390

Data augmentation is extensively utilised in neural network-based pattern recognition tasks

[173–176], and techniques such has translation, deformation, and reflection [173, 176], have

significantly enhanced accuracy in image recognition problems. In recent years, DL has

made dramatic impact in AMM modeling and has delivered state-of-the-art performances.

However, work related to data augmentation for deep learning in AMM research has been

rarely reported. In this thesis, random transformations are programmatically applied to

the spectral responses to enhance data diversity and, more importantly, to mitigate the

mismatches observed in the SLAE, which originated from analytical data. Care is taken to

ensure that the applied augmentations preserve the underlying absorber physics by avoiding

excessively large or non-physical alterations.

The impact of fabrication and imperfections in theoretical models on the acoustic response

is investigated through the following spectral transformations: bandwidth modulation, spec-

trum scaling, spectrum shifting, and spectrum noise. In this phase, data augmentation is

applied directly to the four key spectral features. This approach simplifies both augmenta-

tion and normalization processes, and facilitates easier interpretation during inference. Given

the 4 spectral feature vector u = [αp, fr, fu, fL], the following transformations are applied.
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3.6.4 Bandwidth modulation

Bandwidth modulation adjusts the effective bandwidth of the spectral response by scaling

the distances between the peak frequency and the half-power frequencies. Given the right

and left frequency distances relative to the peak frequency as

du = fu − fr, dL = fL − fr. (3.28)

A random scaling factor, s, is sampled uniformly from the range s ∼ U(smin, smax). The

modulated half-power frequencies are then calculated

f ′u = fr + s · du,

f ′L = fr + s · dL.
(3.29)

fr and αp, remain unchanged.

3.6.5 Peak scaling

To simulate variations in spectral intensity, the peak absorption, αp, is scaled by a random

factor k, sampled from k ∼ U(kmin, kmax). The scaled peak is computed as

α′
p = αp · k. (3.30)

The other feature values remain unchanged during this transformation.

3.6.6 Frequency shifting

Frequency shifting translates the frequency components uniformly to simulate effects such

as temperature variation or sensor calibration errors. A random frequency offset, ∆f , is

drawn from ∆f ∼ U(−δ, δ), where δ controls the maximum shift magnitude (e.g., δ = 0.007

corresponding to a shift of 3 [Hz]). The shifted frequencies are given by

f ′r = fr + ∆f,

f ′u = fu + ∆f,

f ′L = fL + ∆f.

(3.31)
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3.6.7 Noise addition

To mimic environmental or measurement noise, additive Gaussian noise, n, is applied element-

wise to the feature vector, n ∼ N (0, σ2nI), where σn is a small standard deviation, and I is

the identity matrix. The noisy feature vector is then written as

x′ = x + n. (3.32)

This feature-level augmentation approach provides computational efficiency and preserves

key physical characteristics, improving model generalization.

This feature-level augmentation approach provides computational efficiency and preserves

key physical characteristics, improving model generalization while avoiding complex full-

spectrum transformations.

Figure 3.8 illustrates sample augmentation scenarios. Augmented samples are generated

dynamically on-the-fly using the described transformations, applied sequentially within each

training batch, with 50% split between real and augmented samples per batch. Noise is

added with a probability of 20% and a noise factor of 1%. Informed by previous validation

studies [177], deviations in absorption peak amplitude are constrained to within ±10% and

biased toward amplitude reduction. The maximum frequency shift is limited to ±3 [Hz]. To

improve network robustness, a broader augmentation range is allowed during training (up to

± 4 [Hz]), this larger range was used only for training augmentation, it is not presented as

an observed physical shift. Bandwidth augmentation is applied within the range [1.0, 3.0],

allowing for bandwidth expansion only. It is noteworthy that the augmentations applied in

this work are not intended to rebalance the data distribution or to synthesize new geometric

labels, as generating physically consistent target parameters for augmented spectra is not

feasible under the imposed geometric constraints. Instead, the proposed augmentation strat-

egy introduces controlled, physically motivated variability to emulate known discrepancies

between analytical predictions and experimentally measured responses. These discrepancies

arise from cumulative effects such as manufacturing tolerances, surface roughness, and un-

modeled viscothermal losses, which predominantly affect the spectral response rather than

the nominal geometry. Consequently, all augmented samples retain the target parameters of

their corresponding original prototypes during training. This formulation reflects the prac-

tical reality that a single manufactured geometry may exhibit a range of plausible acoustic

responses, rather than a unique deterministic spectrum
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3.6.8 Transfer learning

The 3D printing technology fabricates components by building them up layer by layer using

engineering materials, as opposed to subtracting material, which helps minimize waste while

achieving a high-quality surface finish [17, 21]. In addition, it reduces production costs by

eliminating the need for traditional manufacturing tools and has seen significant growth in

both its applications and production volume. Several 3D printing technologies exist [17], but

the most widely used is FDM. This method operates by employing a solid plastic filament,

typically PLA, as the primary material. During the process, the filament is fed into the

machine, where it is heated to a temperature sufficient to melt the plastic. The melted

material is then extruded through a nozzle in a controlled manner. Layer by layer, the

machine deposits the molten filament onto a build platform, with each layer adhering to the

one below it as it cools and solidifies. This sequential layering continues until the desired 3D

object is fully formed. A significant drawback of FDM is the poor surface finish often observed

in the final products. This issue arises primarily from the layer-by-layer deposition inherent

to the fabrication process, which creates visible layer lines. Furthermore, the tessellation of

the original CAD model significantly contributes to surface irregularities, as the geometric

approximation of curves and surfaces impacts the smoothness of the printed specimen [18]. To

predict or address surface roughness, researchers have explored methods such as integrating

informed roughness factors into numerical models [18, 178] or utilising machine learning

techniques [179–183]. While machine learning approaches offer state-of-the-art predictions,

further work is required to effectively integrate the predicted information into realistic model

development.

The lack of consistency in part quality and reliable repeatability of the manufactured

part [17, 21] stems from the intricate and dynamic nature of the manufacturing process,

where numerous variables, such as material properties, geometric features, and processing

conditions, interact in complex ways. Even within a single system, capturing the underlying

physics is a daunting task due to these constantly changing factors [184]. Consequently, the

manufacturing process can unintentionally alter the behavior of printed parts or compro-

mise the structural integrity of the material [17, 18, 21, 185–187]. This discrepancy often

arises due to inherent process-induced defects such as geometrical deviations, porosity, sur-

face irregularities, surface roughness, and voids, among others [17, 188]. Consequently, the
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obtained material behavior may deviate significantly from the intended design, which can

lead to suboptimal or undesirable performance in applications.

However, while the influence of additive manufacturing is often viewed as a drawback in

this regard, it can also be leveraged as an advantage. When these process-induced imperfec-

tions are strategically controlled or harnessed, they can serve as a tool to achieve targeted

material behaviours that may not otherwise be feasible through conventional manufacturing

methods. For example, controlled porosity can be used to enhance acoustic absorption or

thermal insulation properties. In the case of biological implants, controlling surface-breaking

pores allows for better integration with biological tissues [189], while surface irregularities

may be exploited to improve mechanical interlocking/adhesion or to scatter waves for uni-

form energy distribution. Similarly, geometrical deviations in periodic structures can be used

to fine-tune the dynamic response of metamaterials, enabling unique mechanical or acoustic

functionalities.

Such an approach requires a paradigm shift in how manufacturing defects are perceived,

not as flaws to be eliminated in many applications, but as design opportunities to be opti-

mised. By integrating computational modelling, advanced characterisation techniques, and

DL-based process optimization, it is possible to intentionally introduce or tailor these im-

perfections to enhance the performance of advanced materials and devices. This defect en-

gineering approach holds great promise, particularly for fields such as AMMs, where the

interaction between structure and wave behavior is highly sensitive to small-scale variations.

while the imperfections inherent in additive manufacturing processes can pose challenges,

they also offer a unique opportunity to realize materials with customized and application-

specific properties. By shifting focus toward controlling and utilizing these effects, one can

turn manufacturing-induced defects into a “blessing in disguise”, opening new frontiers in

material design and functionality.

The central objective of this thesis is to extend the predictive capability of a modelled

system beyond ideal simulations to real-world fabricated absorbers. To this end, transfer

learning (TL) is employed to incorporate experimental measurements and adapt the pre-

trained SLAE to handle manufacturing imperfections. TL is a machine learning paradigm

where knowledge learned from one domain (source domain) is re-used or adapted to improve

performance on a different but related domain (target domain). In this context, the source

domain comprises synthetic data generated from an analytical model, while the target do-
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main consists of spectral samples obtained from experimental measurements. Fabrication

techniques such as FDM used in this thesis, introduce imperfections including surface rough-

ness, voids, dimensional inaccuracies, and material property variation, which can significantly

affect the absorption performance. These factors are typically not accounted for in simulated

data. Therefore, a naive model trained only on synthetic data will not be robust in practice.

To achieve this, a small set of experimental data is introduced to the pre-trained SLAE

model, and the network is fine-tuned using TL. Specifically, the encoder and decoder weights

are frozen—except for the last two layers—to preserve the learned spectral embedding. These

final layers remain trainable and are re-trained using the experimental data. This approach

enables the network to adapt to real-world artifacts while retaining the general knowledge

acquired from simulation. Figure 3.9 illustrates the TL process.

Let θsim denote the weights learned from simulation, and θexp the updated weights after

fine-tuning on experimental data. The objective is to minimize the following adapted loss on

the experimental set, Dexp = {(u,g)}:

min
θexp

E(u,g)∼Dexp
[Ltotal(u, û; θexp)] (3.33)

where Ltotal is the same combined loss function defined in Eq. (3.25), g is the ground

truth geometric parameters, and u is the spectral input to the model. The expectation oper-

ator, E(u,g)∼Dexp
, denotes the average of this loss over all samples drawn from the empirical

distribution defined by the experimental dataset. By initializing θexp ← θsim, the network

benefits from prior knowledge and requires fewer experimental samples to converge to an

accurate solution. This TL strategy ensures that the model can anticipate and compensate

for discrepancies introduced during fabrication, resulting in a more robust and practically

deployable predictor of AMM performance. The TL workflow is shown in Fig. 3.10.
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Figure 3.8: Illustration of sample data augmentation scenarios. The red curve represents
the original (theoretical) spectrum, while the black curves depict augmented spectra gener-
ated using various transformation techniques. These transformations include, (a) bandwidth
adjustment to reflect potential broadening or narrowing of spectral features, (b) peak scaling
to emulate variations in absorption amplitude, (c) horizontal shifts to simulate frequency
drift, and (d) noise addition to account for experimental imperfections. Each augmented
spectrum demonstrates the ability of the applied methods to introduce realistic variability
while preserving key spectral characteristics.
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Figure 3.9: Schematic representation of the transfer learning process. Only the final two
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remain frozen. The network input consists of experimentally measured spectra that reflect
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Figure 3.10: Overview of the design workflow for the robust AMM design. The pipeline
incorporates a pre-trained model within a transfer learning framework, utilising experimen-
tally measured absorption data.
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3.7 Conclusions

This chapter has presented the systematic methodology employed to design, fabricate, and

experimentally evaluate the acoustic absorber device investigated in this thesis. The de-

sign stage utilised an analytical modelling framework to provide an efficient mathematical

description of the absorber. This will enable rapid and cost-effective data acquisition, as

well as fast preliminary characterisation to support the investigations presented in the sub-

sequent chapters. Fabrication was carried out using FDM technology with PLA material.

Subtle variations in key printer parameters, such as nozzle temperature, layer height, and

infill density, were made to improve the quality of manufactured parts. The adoption of FDM

offered several advantages: rapid prototyping of intricate absorber geometries, cost-effective

production, and flexibility for iterative refinement during the design-validation cycle.

Experimental testing procedure using a two-microphone impedance tube setup, was de-

scribed, enabling precise measurement of normal-incidence absorption spectra over the target

frequency band. To ensure reliability, special emphasis was placed on experimental repro-

ducibility, accurate calibration of the measurement system.

A DL framework, referred to as Structured Latent Autoencoder (SLAE), was introduced

to establish a bidirectional mapping between geometry and acoustic performance. In the

inverse mode, the SLAE predicts geometric parameters from measured or simulated spectral

properties. In the forward module, it reconstructs the input spectrum from its latent (ge-

ometry) representation. To improve computational efficiency without sacrificing prediction

accuracy, the original 901D analytical spectra were post-processed to extract a reduced set of

key spectral features, thereby lowering input dimensionality while retaining the key physical

information.

To bridge the gap between idealised analytical data and real-world measurements, physics-

informed data augmentation strategies were presented. These augmentations aim to mimic

plausible deviations in spectral characteristics arising from manufacturing tolerances and

unmodeled physical effects. This strategy improves the network’s ability to generalise beyond

the purely analytical domain. Subsequently, a TL procedure was proposed to incorporate real-

world manufacturing artefacts, through experimental data, into the network training. This

process aims to incorporate the effects of fabrication imperfections into the model, enhancing

its robustness and predictive accuracy in practical deployment scenarios.
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The methodology described in this chapter provides a coherent framework for integrating

analytical modelling, additive manufacturing, experimental characterisation, and DL into

a unified workflow for acoustic absorber design. The combination of model-driven design,

targeted fabrication, precise measurement, and intelligent data-driven modelling lays the

foundation for the comprehensive results and discussions presented in the subsequent chap-

ters.
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4.1 Introduction

In Chapter 3, the absorber model underpinning this thesis was presented in detail, encompass-

ing its conceptual design, analytical formulation, and numerical simulation framework. Before

any practical implementation or further optimisation, it is crucial to thoroughly validate and

characterise the acoustic performance of the proposed HRAM absorber. Validation ensures

the model’s accuracy, while characterization provides critical insights into the absorber’s op-

erational effectiveness across the intended frequency range. This chapter is dedicated to the

comprehensive validation and performance evaluation of the designed acoustic metamaterial

absorber (AMM). The objectives of this chapter are threefold: 1) to assess the absorber’s

sound absorption characteristics under experimental conditions using the two-microphone

impedance tube method, 2) to verify the accuracy of the analytical and finite element mod-

els by comparing their predictions with experimental measurements, and 3) to identify and

analyse any discrepancies between the modeled and measured responses, investigating their

potential causes, including fabrication tolerances, material properties, and unmodeled phys-

ical effects. The validated model will serve as the foundation for the subsequent chapters,

which focus on leveraging deep learning (DL) methodologies to optimize AMM performance,

improving robustness against manufacturing uncertainties and enhancing the model’s pre-

dictive accuracy. The results presented in this chapter are largely drawn from the author’s

peer-reviewed publication [177].

4.2 Numerical modelling

The HRAM design, inspired by many designs found in the literature and presented in Fig.

3.2, is modelled using finite element analysis in COMSOL® multiphysics. Two numerical

model setups are considered here, as shown in Fig. 4.1.

Fig. 4.1(a) models the case of a single unit with a cylindrical manifold defined at the

top of the absorber, having the same size and cross-section as the experimental test tube.

Fig. 4.1(b) models the case where multiple absorber units are arranged in parallel, with

the manifold having the same size and cross-section as each absorber unit, and each unit

covers approximately 1/n of the tube’s cross-section, where n is the number of units. It is

noteworthy that the designed absorber has a hexagonal structure, while the impedance tube

is cylindrical, thus, the cross-section of the material would be smaller than that of the tube,

resulting in a lower experimental absorptivity compared to the actual absorptivity of the
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(a) (b)

Manifold

Figure 4.1: Numerical model setups for (a) a single unit of the absorber with a cylindrical
inlet manifold of the same size and cross-section as the experimental tube, and (b) multiple
homogeneous units with a hexagonal inlet manifold of the same size and cross-section as each
absorber unit

material. Since this would not be a true reflection of the sound absorption performance of

the absorber, multiple units are printed on a panel to span the incident cross-section with

each unit spanning approximately 1/n of the tube’s cross-section, which is the case modeled

by the setup of Fig. 4.1(b).

4.2.1 Test case 1

Consider a geometric sample of dimensions Ls = 35 [mm], t = 0.8 [mm], p = 2.7 [mm], H

= 20 [mm], tp = 1 [mm], ro = 2.3 [mm], and Nt = 3, is designed in CAD and additively

manufactured using polylactic acid (PLA) on a Prusa mini machine. Fig. 4.2 shows the

printing process and the test sample. A single unit of the absorber is fabricated on a 127

[mm] cylindrical panel, and tested in the impedance tube shown in Fig. 4.2(c). Note that the

system has been printed as a single piece to mitigate the problem of acoustic leakage from

glued parts. This is facilitated by the acoustic inlet (perforation) having the same geometry

as the first turn of the spiral. Fig. 4.2(d) compares the experimental absorption curve to

that of numerical based on the setup in Fig. 4.1(a). It can be observed that the absorption

curves match sufficiently in this case.
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Figure 4.2: (a) The 3D printing process used to fabricate the meta-absorber, illustrating
the printing setup and methodology, (b) the completed fabricated sample showcasing the
final design, (c) the experimental text rig, and (d) shows the experimental result compared
to the numerical absorption curve.

4.2.2 Test case 2

A second sample with parameters Ls = 50 [mm], t = 0.5[mm], p = 7.2 [mm], H = 13 [mm],

tp = 1 [mm], ro = 2.5 [mm] and Nt = 4, is additively manufactured to evaluate the current

mesh settings at an extreme sub-wavelength frequency of 111 [Hz]. A discrepancy in the

absorption amplitude between experimental and numerical results, as shown in Fig. 4.3(a),

is observed. Fig. 4.3(c) depicts the current mesh setup, as detailed in Section 4.2. While

this difference could typically be attributed to manufacturing imperfections or tolerances, the

velocity and energy dissipation (Fig. 4.4) provide crucial information. Figure 4.4(a) shows

the instantaneous total acoustic particle velocity magnitude, revealing strong flow accelera-

tion at the aperture entrance. This behaviour reflects the resonant nature of the absorber,

whereby acoustic energy is effectively trapped and funneled within the internal cavity–channel

system. This elevated velocity indicates regions of strong acoustic motion and energy con-
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centration. Figure 4.4(b) shows the total thermoviscous power dissipation density, showing

that acoustic energy loss is predominantly localised along the channel walls rather than in

regions of maximum velocity. This confirms that absorption at resonance is governed by

thermoviscous loss mechanisms arising from viscous shear and thermal conduction within the

acoustic boundary layers adjacent to the solid surfaces. When the boundary layer thickness

becomes comparable to the characteristic channel dimensions, these losses are significantly

enhanced. To this end, the mesh density at the inlet and within the channels may be refined

for improved accuracy. Figure 4.3(b) and (d) demonstrate the effect of mesh refinement at

the inlet only, with a maximum element size of 0.2×10−3 [m] applied to this critical region.

Thus, at extreme sub-wavelength scales, the baseline mesh settings may be insufficient for

accurate predictions. However, increasing the mesh density to achieve the required accuracy

significantly increases the computational cost. To address this trade-off between accuracy

and computational efficiency, an equivalent model of the absorber is developed in the next

section.

Figure 4.3: Experimental and numerical absorption curves of the absorber with parameters
Ls = 50 [mm], t = 0.5 [mm], p = 7.2 [mm], H = 13 [mm], tp = 1 [mm], ro = 2.5 [mm] and
Nt = 4.
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Figure 4.4: Acoustic field distribution of the HRAM at resonance. (a) Instantaneous total
acoustic particle velocity magnitude, showing strong flow acceleration at the aperture en-
trance. (b) Total thermoviscous power dissipation density, indicating that acoustic energy
dissipation is concentrated along the channel walls where viscous and thermal boundary-layer
effects dominate. The contrast between velocity and dissipation fields highlights that absorp-
tion at resonance is governed by thermoviscous losses near solid boundaries.

4.3 Simplified numerical model

Although numerical modeling plays a crucial role in engineering and scientific simulations,

enabling detailed analysis of complex systems, a high-fidelity numerical models, such as those

based on FEA, often come with significant computational costs. These models require ex-

tensive processing power and memory, making real-time simulations and iterative design

optimization challenging. One approach to alleviate this computational burden is to ap-

proximate complex structures with simplified representations that facilitate efficient meshing

and reduced computation while preserving the essential behavior of the original system.

Thus, to reduce the complexity involved with the FW absorber system, a simplified numer-

ical model is developed for improved efficiency. Here, the spiral is modeled as a straight

rectangular duct connected to an equivalent cylindrical cavity with an equivalent radius of

req =
√

(1.5
√

3Ls2)/π. The cavity is determined such that the volume occupied by the spiral

is accounted for. To this end, the effective depth of the cavity is the depth, H, scaled by the

volume fraction, vf , where,

vf =
Vc − Vsp
Vc

, (4.1)
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Vc = S2H is the volume of the cell, S2 is the cross-sectional area of the hexagonal cell, and Vsp

is the volume of the spiral. The length of the straight duct is calculated along the effective

flow path of the coiled channel as shown in Fig. 4.5(b), so that the total length of the duct

is calculated as (L2 + tp + ϵ), where L2 is the length along the effective flow path, and ϵ

accounts for corrections at both ends of the channel due to geometric discontinuities. Thus,

for an arbitrary aperture, a simple correction ϵ = 0.96
√
S1 [158] is used, where S1 = pH,

is the cross-sectional area of the channel. The expressions for Vsp and L2, will be presented

in a later section. A cylindrical manifold, highlighted in blue in Fig. 4.5(a), with the same

cross-sectional area as the cavity is defined above the duct. Thermo-viscous physics is applied

to both the duct and cavity, while pressure acoustics is applied to the manifold. The system

is then meshed following the same procedure described in Section 4.2 and a unit pressure

excitation is applied to the inlet manifold in the -z direction. To further reduce the com-

putational load, a quarter section of the system is modeled, leveraging symmetry, as shown

in Fig. 4.5(a). Fig. 4.6 presents the acoustic absorption curves comparing experimental

result, FW simulation, and the SNM. Simulations are performed based on the setup shown

in Fig. 4.1(b). The cavity side length of Ls = 35 [mm] allowed four (4) cells to be manu-

factured on a 199.5 × 199.5 [mm] square panel for testing. The SNM closely matches the

FW simulation while significantly reducing computational time to approximately 80 minutes,

compared to approximately 6 hours required for the FW simulation, and around 96 hours

after mesh refinement at the inlet. The SNM thus offers a valuable and efficient tool for

low-cost optimization studies.

4.3.1 Effect of the number of absorber units on acoustic response

To investigate the effect of the number units on acoustic response, four square panels of

size 199.5 × 199.5 [mm], each having different number of homogeneous units (schematised

in Fig. 4.7) are additively manufactured. A maximum of four units can be printed on the

square panel due to experimental constraints. Fig. 4.8 show the results. Note that the

setup of Fig. 4.1(b) has been used for the multi-cell case in the numerical simulation. It

is observed that the peak absorptivity in the experimental measurements increases as more

units are printed on the panel. This increase continues until a maximum peak absorptivity is

reached, which aligns with the numerical prediction of an infinite surface. The convergence

of numerical and experimental absorptivities at four units in this case suggests that this
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r +t+p/2
O

Effective flow path

(a) (b)

Figure 4.5: Equivalent model of the absorber showing: (a) a quarter-section view of the
equivalent model comprising a cavity and an equivalent straight channel which includes the
perforation. The manifold is highlighted in blue, and (b) a schematic representation of the
coiled channel, with the effective length calculation path explicitly marked to demonstrate
the acoustic pathway.

configuration effectively matches the simulated infinite surface and beyond this point, edge

effects are negligible, and the acoustic response becomes stable.
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Figure 4.6: Comparison of absorption performance curves obtained from the simplified
numerical model (SNM), full-wave (FW) simulations, and experimental measurements. The
absorber parameters used in the simulations are Ls = 35 [mm], t = 0.8 [mm], p = 2.7
[mm], H = 20 [mm], ro = 2.3 [mm], and Nt = 3. The figure highlights the alignment
between the simplified model and the full-wave simulations, as well as their agreement with
experimental results, demonstrating the validity and accuracy of the equivalent model for
predicting absorber performance.
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Figure 4.7: Schematic arrangement of unit cells on 199.5 [mm] by 199.5 [mm] square panels.
These are additively manufactured and responses are compared and shown in Fig. 4.8.
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Figure 4.8: Comparison of experimental absorption curves for units 1 through 4 (shown
as circular markers) and the numerical absorption curve (depicted by the black solid line).
The plots show that absorptivity increases with increase in the number of units printed on
the panel and convergence is reached at infinity, corresponding to the numerically stimulated
result with infinite surface assumption. Thus, four units are optimal and infinite in this case
to realize the true absorption performance of the absorber.
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4.4 Experimental validation

The impedance tube measurements are performed according to ISO 10534-2 standards, as

detailed in Section 3.5. Sample geometries are simulated and additively manufactured (see

Table 4.1 for the geometric values), and the air parameters used in the models (numerical and

analytical) are presented in Table 4.2. Fig. 4.9(a) shows that the analytical result matches

well with those of numerical and experiment in terms of the peak absorptivity and reso-

nant frequency. The 199.5 × 199.5 [mm] panel allowed for four (4) homogeneous absorber

units, each of cavity size Ls = 35 [mm], to be fabricated on it, taking into consideration the

tube’s circular cross-section. The bandwidth of the analytical curve is noticeably narrower

and slightly overestimates the absorptivity compared to the numerical and experimental re-

sults. This discrepancy may be attributed to unmodeled physics in the absorber system,

arising from complex wave interactions between the component resonant structures, i.e., the

cavity and the coiled channel. As previously described and shown in Fig. 4.4, the perfora-

tion dominates the damping as the particle velocity changes more rapidly there, especially

around the sharp curvature, while in the rest part of the channel, no significant friction loss

is observed as the air particle moves comparably slower. Thus, the coiled channel functions

as the neck of a Helmholtz resonator where the sound energy is consumed by fierce flow

friction. The second validation case in Table 4.1 aims to achieve a compact design in both

lateral and vertical dimensions. Fig. 4.9(b) shows the result which achieves a near per-

fect absorption at 204 [Hz], with a lateral side length, Ls, of 30 [mm] and a thickness of

15 [mm]. However, it can be observed that both the numerical and analytical bandwidths

fail to match the experimental results. More so, the numerical curve slightly underestimates

the absorptivity, despite mesh refinements. These deviations could be due to over-simplified

modeling assumptions for the current system and/or artifacts introduced during the manu-

facturing process. The third validation case aims to achieve a near-perfect absorption at a

much lower resonant frequency and sub-wavelength thickness. Here, only three units can be

manufactured on the panel as shown in Fig. 4.9(c) due to experimental constraints. Again,

the narrower bandwidths observed in the analytical and numerical absorption curves persist.

These deviations are primarily attributed to the limitations of traditional acoustic modeling,

which fails to capture the complexities of the current system’s behavior, and the impact of

additive manufacturing on the fabricated sample is also a contributing factor, as the spiral

wall thickness t = 0.5 [mm] used in this case is sufficiently thin, which may compromise
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its acoustic rigidity as assumed in simulation. This discrepancy likely introduces additional

acoustic damping and peak broadening due to structural excitation, thereby contributing to

the observed differences. The higher absorptivity observed in the analytical curve is largely

Table 4.1: Sample geometric parameters of the simulated absorber with tp = 1 [mm] in all
cases

Sample no p t Nt Ls H

1 2.7 [mm] 0.8 [mm] 3 35 [mm] 20 [mm]
2 2.2 [mm] 0.8 [mm] 2.5 30 [mm] 15 [mm]
3 7.2 [mm] 0.5 [mm] 4 50 [mm] 16 [mm]
4 6.7 [mm] 0.8[mm] 4 45 [mm] 18 [mm]

due to over-estimation. Nonetheless, a near-perfect absorption is achieved at 111 [Hz] with

an extremely sub-wavelength thickness of about 1/193 of the operating wavelength (H = 16

[mm]). Notably, the absorber’s performance is not governed by classical quarter-wavelength

theory but rather by a hybrid resonance mechanism combining the coiled channel (spiral) and

Helmholtz cavity effects. Consequently, the effective path length of the wave inside the coiled

channel is approximately λ/9, which is significantly shorter than that required by conven-

tional quarter-wavelength resonators. The fourth case also shows significant disparities in the

absorption bandwidths. These results shows the inconsistencies in performance across differ-

ent simulated geometries. It is important to note that models (numerical or analytical) are

simplified representations of real systems and are often sufficient within a chosen operational

range. However, the behavior of the absorber system underscores the need for advanced mod-

elling methods that ensure robustness and consistency across the entire operational range for

precise noise control.

Table 4.2: Air simulation parameters used in all models
Symbol Name Value Unit

η Dynamic viscosity 1.825× 10−5 Pa.s
ρ Density of air 1.204 kg/m3

c Speed of sound in air 343 m/s
γ Specif heat ratio 1.4 -
κ Thermal conductivity 0.0257 W/(mK)
Cp Heat capacity at constant pressure 1005 J/(kgK)
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(a) (b)

(c) (d)

Figure 4.9: (a) Comparison of the analytical absorption curve with numerical and experi-
mental results. The insets show the CAD designs of the four geometric cases from Table 4.1
that are fabricated.

4.5 General design considerations

A design guideline to achieving a suitable trade-off between absorber thickness and lateral size

for a compact device, is provided in this section. Figs. 4.10(a) and 4.10(b) present the contour

plots illustrating the resonance behavior for varying thickness and cavity size. Keeping other

parameters constant, larger values of H and Ls tend to yield higher peak absorptivity, and

lower resonance frequency. This phenomenon occurs because larger H allows for increased

interaction (or exposed surface area) between the sound wave and the absorber, and longer

acoustic wavelengths (associated with lower frequencies) are much favoured with larger cav-

ities. The color map represents the magnitude of the plotted variables, with different colors

indicating different levels of H and Ls. Each color strip connects approximately same levels

of H and Ls. Thus, an absorber with a target frequency of 180 [Hz] and peak absorptivity

of ≈ 1 would have Ls of about 35 [mm], and a thickness of about 17 [mm]. Similarly, the

influence of the number of turns, Nt, on the resonance behavior is shown in Fig. 4.10(c).
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Increasing Nt lowers the resonance frequency until Nt = 6, primarily due to the elongation of

the channel length. However, beyond Nt = 6, the cavity dominates and resonance switches

to higher frequencies due to a substantial reduction in effective cavity volume. Subsequently,

absorption performance deteriorates and eventually plateaus. In fact, for design purposes,

2 ≤ Nt ≤ 4, is sufficient.

(a)

(b)

(c)

Figure 4.10: Influence of size-related parameters and the number of turns on resonance
behavior. (a) and (b) are contour plots illustrating the resonance behavior of the absorber
at varying values of Ls and H, while keeping other geometric parameters constant: tp = 1.5
[mm], Nt = 3, p = 5 [mm], and t = 0.8 [mm], and (c) illustrates the effect of of varying Nt on
resonance behavior, with the parameters tp = 1.5 [mm], p = 4.2 [mm], t = 0.8 [mm], Ls =
63.5[mm], and H = 15 [mm], held constant. This highlights the interplay between Ls and H
as well as the impact of increasing the channel length through Nt on the resonant frequency.

4.5.1 Sensitivity analysis

The effects of channel width, p, and wall thickness, t, on absorption peak are investigated, as

shown in Fig. 4.12. The parameter, p, is varied in the range of 5.7 - 7.2 [mm] in increment

of 0.5 [mm], and t is varied in the range of 0.8 - 2.5 [mm] in increment of 0.5 [mm] so that

the rates of increase in p and t are 7.7 % and 62.5 %, respectively. During the simulation,
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parameters Nt =3, Ls=50 [mm], H =20 [mm], and tp = 1.5 [mm], are fixed as defined. It

is clear that the shift in resonance frequency is more sensitive to variations in t than in p,

and decreasing (increasing) t moves the peak to higher (lower) frequency, while decreasing

(increasing) p moves the peak to lower (higher) frequencies, as shown in Figs 4.11(a) and

4.11(b). This shows that the spiral wall thickness is significant in controlling the acoustic

behaviour of the absorber. The impedance matching condition for perfect absorption is

realised when Re(Z/Zo) = 1 and Im(Z/Zo) = 0. It can be observed from Fig. 4.12 that the

imaginary parts cross zero, a signature of resonance, however, the real parts are not equal to

Zo in most cases, implying partial reflection and imperfect absorption (less than unity)

Figure 4.11: Absorber responses to variations in (a) p and (b) t. The absorber responses are
more sensitive to changes in t than in p, implying that the wall thickness plays a significant
role in shaping the acoustic response of the absorber.
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Figure 4.12: The real and imaginary parts of the impedance for different channel widths, p,
and spiral wall thickness, t. Zero crossings of the imaginary part indicate resonances, though
absorption remains below unity in most cases due to incomplete impedance matching

4.6 Conclusions

This chapter has presented a comprehensive, multi-method validation of the proposed AMM

absorber, integrating analytical, numerical, and experimental approaches. The primary aim

was to verify the reliability of the design’s predicted performance while identifying and under-

standing discrepancies arising from modelling assumptions, computational limitations, and

fabrication realities.

The FEM simulations provided a high-fidelity representation of the absorber’s acoustic

behaviour, capturing complex physical phenomena such as viscothermal losses, higher-order

mode interactions, and non-uniform pressure fields, effects that may be neglected in analytical

models. Numerical results provided good qualitative agreement with analytical predictions,

particularly in the location and magnitude of peak absorption. Minor deviations, such as

small shifts in resonance frequency and modest variations in absorption bandwidth, were
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traced to geometric features and dissipative mechanisms not accounted for in the analytical

framework. Given the high computational cost of full-wave (FW) FEM simulations, ap-

proximately 6 hours per configuration, a simplified numerical model (SNM) was developed

to reduce computational demand. This reduced-order model achieved comparable accuracy,

while lowering the runtime to around 80 minutes. However, despite this improvement, the

computational cost remained prohibitive for rapid parametric studies or downstream appli-

cations such as DL-based optimisation, which require the generation of large datasets in a

short time.

The analytical model offered a computationally efficient alternative for predicting the

absorber’s performance. Its mathematical simplicity allowed for clear insight into the in-

fluence of geometric parameters on the overall absorption behaviour, making it particularly

well-suited for sensitivity analyses and preliminary design screening. Nevertheless, the as-

sumptions inherent in the TMF, combined with unmodelled wave phenomena within the

absorber, resulted in measurable discrepancies when compared with high-fidelity FEM re-

sults and experimental measurements.

The experimental validation, carried out using impedance tube measurements in accor-

dance with ISO 10534-2, confirmed the overall performance trends predicted by both models.

While the peak absorption values and general spectral profiles were consistent, small dis-

crepancies in absorption magnitude and resonance position were observed. These deviations

were attributed, on one hand, to manufacturing imperfections that were not represented in

either the numerical or analytical models, and, on the other hand, to unmodelled physical

phenomena in the theoretical and computational frameworks.

Across all three validation approaches, the absorber demonstrated strong sub-wavelength

performance, confirming the feasibility of the proposed design for targeted sound attenua-

tion. The alignments between analytical, numerical simulation, and experimental measure-

ment provide sufficient evidence that the basic underlying physics of the absorber has been

captured. Importantly, the identified sources of discrepancy highlight areas where design

robustness must be addressed—particularly in accounting for manufacturing imperfections

and variability in real-world conditions.

The findings from this chapter form a critical foundation for subsequent chapters. The

established validation framework not only confirms the performance of the baseline AMM

design but also provides the necessary insight into its sensitivity to parameter variation.
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This understanding is essential for the development of the DL-based strategies implemented

in subsequent chapters, where the goal is to optimise performance while enhancing robustness

against fabrication uncertainties.
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Chapter 5

Traditional and Deep Learning
Methods in AMM Design
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5.1 Introduction

The optimisation of acoustic metamaterial (AMM) absorbers remains a central challenge

in the pursuit of compact, efficient, and tunable noise control solutions. While traditional

optimisation techniques, such as gradient-free search algorithms, genetic algorithms, and

gradient-based routines integrated into commercial solvers, have been widely applied in con-

ventional acoustic absorber design for several decades, their use in AMM research is more

recent, coinciding with the emergence of metamaterials in the early 2000s. These approaches

have been employed to tune geometric parameters and resonant features to achieve desired

absorption characteristics.

A central consideration in the use of DL for AMM design lies in the choice of representation

for the acoustic response. Traditional optimisation methods often rely on metrics derived

from the absorption spectrum, such as peak absorption, resonance frequency, or bandwidth.

In contrast, DL models can learn from either full spectral data or condensed information

depending on the desired balance between model accuracy, computational efficiency, and

training data requirements. Determining the most effective input representation remains

an important methodological question, with implications for both prediction quality and

optimisation speed.

This chapter provides a comparative study of traditional optimisation techniques and

DL-based approaches for AMM absorber design. The comparison will be made across several

key metrics, including accuracy, time complexity, scalability, and robustness against uncer-

tainties. The objective is to elucidate the relative strengths and limitations of each approach,

and to highlight scenarios in which one methodology may be more advantageous than the

other. Ultimately, this analysis will provide a framework for selecting the most appropriate

optimisation strategy depending on the application context, computational resources, and

robustness requirements of the AMM design process. The content of this chapter is largely

based on prior work in the conference [167] and subsequent studies [190]. All simulations in

this chapter were performed in MATLAB on a workstation equipped with an Intel® Xeon®

W-2265 CPU @ 3.50 GHz (12 cores, 24 threads) and 256 GB of RAM.

This chapter is structured as follows. Section 5.2 introduces the design principles of AMMs

and presents a detailed formulation of the generalized pattern search (GPS) traditional opti-

misation method, along with the deep learning architecture employed in this study. Section

5.4 presents a comparative analysis of the two approaches, using robustness and computa-
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tional time as evaluation metrics. Section 5.5 examines the impact of different input data

configurations on the predictive performance of the deep learning model. Finally, the main

conclusions of the chapter are summarized in Section 5.6.

5.2 Design principle

The absorber developed in this thesis is guided by the principle that acoustic metamaterials

derive their functionality not from the intrinsic properties of their constituent materials, but

from carefully engineered sub-wavelength structures. By exploiting tailored resonances, the

design enables strong control of wave–structure interactions within a compact form factor,

while remaining amenable to fabrication by additive manufacturing. A central challenge lies

in balancing acoustic performance with manufacturability. The design space of AMMs is in-

herently high-dimensional, with performance dictated by the delicate interplay of geometric

parameters, resonant mechanisms, and viscothermal losses. Exploring this space exhaustively

using finite element analysis is computationally prohibitive, while fabrication imposes addi-

tional constraints related to feature resolution, robustness to imperfections, and scalability

of production. These considerations highlight the need for absorber concepts that combine

theoretical efficacy with structural simplicity, robustness against uncertainty, and suitability

for experimental demonstration. In this thesis, the proposed HRAM absorber design reflects

these requirements: it is geometrically rich enough to capture the complex resonance phe-

nomena that challenge conventional modelling, yet structurally simple to enable optimisation,

experimental validation, and integration into data-driven design workflows. This pragmatic

design principle ensures that subsequent investigations—numerical, analytical, experimental,

and deep-learning-based—are grounded in a model system that is both scientifically tractable

and practically realisable.

5.3 Traditional optimisation

Traditional optimisation methods can broadly be categorised into three groups: gradient-

based algorithms, gradient-free local search methods, and global optimisation techniques.

Gradient-based methods, such as steepest descent and quasi-Newton routines, rely on the

evaluation of derivatives of the cost function with respect to design parameters. These ap-

proaches are computationally efficient when the optimisation landscape is smooth and dif-

ferentiable, but they can easily become trapped in local minima, an important limitation
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in AMM design where the response surfaces are often highly nonlinear and multimodal.

Gradient-free local search methods, such as the Nelder–Mead simplex algorithm, overcome

this reliance on derivatives and can operate on noisy or discontinuous functions, making them

attractive for FEM-based optimisation. However, their local nature restricts their ability to

explore large design spaces effectively. Global optimisers, on the other hand, such as genetic

algorithms (GA), particle swarm optimisation (PSO), and generalized pattern search (GPS),

provide a more systematic exploration of the design space and are better suited for handling

complex, multimodal optimisation problems characteristic of AMM design. Among these,

GPS is particularly noteworthy because it combines the robustness of global search with

the simplicity of derivative-free evaluation. GPS proceeds by exploring candidate solutions

on a structured mesh that is iteratively refined, allowing for efficient convergence without

the need for gradient information. Its deterministic nature makes it more predictable than

stochastic global optimisers such as GA or PSO, while still retaining robustness to noise

and non-linearity. Given these attributes, GPS is selected in this study as the representa-

tive traditional optimisation method for comparison against deep learning-based approaches,

particularly in terms of accuracy, computational cost, and robustness to modelling and fab-

rication uncertainties.

5.3.1 Generalised pattern search

Numerous traditional optimisation algorithms exist in the literature, and to facilitate the

current study, a non-stochastic GPS algorithm, proposed by Torczon [191], is deployed. Al-

though genetic algorithm (GA) is more commonly deployed for AMM design [192, 193], a

different approach is adopted in this study, which is comparatively simpler to implement and

avoids the need for defining genetic operators, parameter tuning, and managing population

dynamics. GPS is a global derivative-free optimisation algorithm that explores a set of points,

called a mesh, around the current point at each iteration. This mesh is constructed by adding

the current point to a scalar multiple of vectors, called patterns. GPS polls (computes the

objective function) the points in the current mesh, and the exploration is deemed successful

if the function value at any point is smaller than the previous one. One GPS version of

Torczon with a maximal positive basis of 2N vectors is adopted here, where N is the number

of decision variables. In this case, the mesh points for N=4 variables are defined, and the

eight pattern vectors are each scaled by ∆. The mesh size is controlled by ∆, and is increased

by a factor of 2 for every successful poll, or halved if the poll is unsuccessful. The search
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begins by initialising p, Nt, Ls and H, with ∆0 =1. Here, the target frequency, fo and t =

0.8 [mm], are fixed for simplicity , while the algorithm searches for the optimal output, y, as

its maximises α at a given target frequency. ro is determined based on the values of p and t

by solving Eq. (3.1) for ro > 0.

Consider the optimisation of the absorber parameterised by four design variables, collected

into the vector

u =
[
p Nt Ls

]T
∈ R3, (5.1)

the optimisation problem is posed as

min
u∈Ω

J(u), (5.2)

where J(u) = 1
α (α is the absorptivity defined in Eq. (3.9)) is the objective function defined

at a target frequency value. The feasible set, Ω, is defined by bound constraints on each

design variable:

Ω =
{
u ∈ R3

∣∣ umin
i ≤ ui ≤ umax

i , i = 1, . . . , 3
}
. (5.3)

Within the GPS framework, let uk ∈ R3 denote the current iterate and ∆k > 0 the

current mesh size. The polling directions are defined as the maximal positive basis in three

dimensions:

D =

 I3

−I3

 ∈ R6×3, (5.4)

which corresponds to the eight pattern vectors {±e1,±e2,±e3}. The corresponding poll set

at iteration k is

Pk =
{
uk + ∆kdj

∣∣ j = 1, . . . , 6
}
, (5.5)

or equivalently, in matrix form,

Mp = 16 u
T
k + ∆kD ∈ R6×3, (5.6)

where 16 ∈ R6 is an all-ones column vector and the j-th row of Mp corresponds to the poll

point

pj = uk + ∆kdj . (5.7)

For a broadband response, a supercell composed of n inhomogeneous units is defined by

the set U = {u1, u2, . . ., un}, and the objective function is posed to maximise the average

absorptivity over a given frequency range. The average absorptivity over the frequency band
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of interest F = [fmin, fmax], is

α(U) =
1

|F|

∫
F
α(U, f) df, |F| = fmax − fmin, (5.8)

where α(U, f) ∈ [0, 1] denotes the absorptivity of the supercell U at frequency f . To simul-

taneously maximise the average absorption and minimise the variation across the band (i.e.,

to keep resonances close together or avoid deep dips between peaks), a composite objective

function may be defined to minimise

J(U) = −α(U) + Θσα(U), (5.9)

where Θ > 0 is a weighting factor controlling the trade-off between high mean absorption

and flat broadband performance. Here, the discrete average absorption over the frequency

band is given by

α(U) =
1

m

m∑
i=1

α(U, fi), (5.10)

and the standard deviation of absorption, quantifying the spread of the response, is

σα(U) =

√√√√ 1

m

m∑
i=1

(
α(U, fi)− α(U)

)2
, (5.11)

where m is the length of the frequency grid over which the mean absorptivity is maximised.

Rationale and implications of deterministic global optimisation

The GPS algorithm was selected as the representative traditional optimisation method in

this study due to its deterministic, derivative-free nature and its suitability for highly non-

linear and multimodal design spaces typical of acoustic metamaterials. Unlike stochastic

global optimisers such as genetic algorithms or particle swarm optimisation, GPS produces

reproducible solutions for a given problem formulation, mesh definition, and initialisation.

This determinism was deliberately chosen to ensure consistent benchmarking against deep

learning models and to isolate performance differences attributable to methodology rather

than random sampling effects. However, it is important to recognise that determinism does

not imply global optimality nor independence from process initialisation. The convergence

behaviour of GPS is influenced by the choice of the initial design point, the initial mesh size

and the mesh refinement strategy. Different initialisations may lead the algorithm to distinct
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locally optimal basins within the feasible design space, particularly in problems exhibiting

strong non-convexity and multiple resonant mechanisms, as is the case in AMM design.

In this context, the decency of a solution refers not solely to the attainment of a high

objective value, but to the stability, reproducibility, and physical plausibility of the resulting

design under realistic perturbations. While GPS often yields solutions with near-optimal

peak absorptivity, these solutions may exhibit heightened sensitivity to parameter variations,

reflecting convergence to narrow optima. This behaviour motivates the subsequent robustness

analysis and highlights an inherent trade-off between peak performance and tolerance to

uncertainty.

The deterministic nature of GPS therefore provides a controlled and interpretable op-

timisation baseline, while also exposing limitations related to initialisation dependence and

local convergence. These characteristics make GPS a suitable but deliberately constrained

comparator for assessing the advantages of data-driven design approaches, particularly in

terms of robustness, generalisation, and scalability.

5.3.2 Deep learning model

The training data for the subsequent comparative study are generated using the analytical

model of the meta-absorber. Geometric parameters are sampled from a uniform distribution

within the ranges specified in Table 3.3. A fully connected deep neural network (DNN) is

then trained on this dataset. The network architecture consists of four fully connected layers

with the following number of units: 3 → 100 → 50 → 25 → 3. All hidden layers use the

ReLU activation function, while the output layer employs a linear activation. The input

to the network is u = [α, fr, H]T . H is included in the input vector to address the non-

uniqueness problem of inverse mapping. The network output is y = [p, Nt, Ls]T . Data were

collected from the analytical model described in Section 3.2, and are divided as described in

Fig. 3.6. The network was trained using the scaled conjugate gradient (SCG) algorithm [194].

SCG is an efficient second-order optimization method that approximates the Hessian without

performing computationally expensive line searches, making it suitable for large datasets and

deeper networks. The weight update in SCG is given by:

wk+1 = wk + αkdk (5.12)

where wk is the weight vector at iteration k, dk is the conjugate search direction, and αk is

the step size determined by the scaling procedure.
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The search direction is updated according to:

dk+1 = −gk+1 + βkdk (5.13)

where gk+1 = ∇E(wk+1) is the gradient of the loss function E with respect to the weights,

and βk is a scaling factor computed from the local curvature approximation.

The network architecture is shown in Fig. 5.1. y1, · · · , yn are the outputs of layers 1

through n, W1, · · · , Wn and b1, · · · , bn are the layer weight matrices and bias vectors,

respectively. The output of a layer, L, is given by yL = ReLU(WL.yL−1 + bL), ∀ L =

1, 2, · · · , n-1, and y0 = u. The output of the nth (last) layer is yn = Linear(Wn.yn−1 +

bn), where the activation ”Linear(.)” is an identity. The network training was performed in

MATLAB using its Deep Learning Toolbox.

Figure 5.1: Architecture of the DNN with layer input and output dimensions and those of
the weights and biases. SL denotes the number of artificial neurons in layer L, ∀ L = 1, 2,
· · · , n

Figure 5.2 illustrates the learning curve of the network. Both training and validation

losses decrease sharply during the initial 500 epochs, indicating rapid learning. Between

epochs 500 and 1000, the rate of decrease slows, and the curves begin to converge, suggesting

the model is approaching optimal performance. After epoch 1000, the training loss stabilizes

at a low level, with the validation loss completely superimposed on it. The lack of divergence

between the two curves indicates no signs of overfitting, and the model maintains good gener-

alization throughout training. Table 5.1 presents the quantitative assessment of the network

performance on the three predicted outputs. It summarises the predictive performance of

the DNN model on the three geometric parameters. The performance indicates that the

model achieves good agreement with the reference data for parameter p (R2 = 82.1%), while

prediction accuracy is moderate for Nt (R2 = 58.3%) and Ls (R2 = 66.0%). This demon-

strates that the network is capable of reliably capturing underlying trends for some geometric

105



DESIGN OPTIMISATION 5.3. TRADITIONAL OPTIMISATION

500 1000 1500 2000

Epoch

10
-1

10
0

10
1

10
2

M
S

E
Training

Validation

Figure 5.2: Training and validation learning curves of the DNN model showing rapid de-
crease in the loss and close convergence of the training and validation loss, indicating no signs
of overfitting

features, although others exhibit greater variability or nonlinear dependencies that are more

difficult to learn from the available data. Despite these limitations, the achieved accuracy

remains valuable for reducing the design search space, as the model provides sufficiently ac-

curate estimates for use in subsequent comparative studies. Several network configurations,

training algorithms, and pre-processing strategies were explored, yet the performance consis-

tently converged to a similar range, suggesting that the observed errors arise primarily from

the intrinsic complexity of the problem rather than model underfitting. These results there-

fore establish a practical baseline for geometry–response prediction and are further enhanced

in a later chapter using an inverse–forward autoencoder architecture, which facilitates data

augmentation and transfer learning for subsequent studies.

Table 5.1: Quantitative assessment of DNN performance on the predicted outputs.
Output MSE R2 (%)

p 8.01 × 10−3 82.1
Nt 3.30 × 10−2 58.3
Ls 2.20 × 10−2 66.0
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5.4 Comparative study

The absorptivity curves based on the predicted geometric parameters from DNN and GPS

are compared relative to arbitrarily chosen target performances. The primary objective here

is to assess the effectiveness of DL in the design of AMMs, and to determine whether the

advantages of DL approaches outweigh those of traditional optimisation (TO) techniques.

Alternatively, the analysis may reveal specific trade-offs that must be considered depending

on the problem at hand. The comparison is based on the following key metrics: robustness,

inference time, and time complexity. For validation purposes, two prediction scenarios were

obtained from both the DNN and TO. Table 5.2 presents the predictions from both models

based on the desired spectral and geometric targets, i.e., αp, fr, and H. It is noteworthy

that these values were set based on some reference (experimentally measured) targets, thus,

the TO optimised absorptivity may be higher. Fig. 5.3 shows the comparison plots.

Table 5.2: Comparison of predicted output values for geometric parameters from the DNN
and GPS models.

Design spec 1 (αp = 0.97, fr = 110 [Hz], H = 16 [mm])

p [mm] Nt Ls [mm]

DNN 4.73 3.86 43.84
GPS 6.78 4.28 46.46

Design spec 2 (αp = 0.92, fr = 151 [Hz], H = 20 [mm])

DNN 4.37 3.08 37.34
GPS 3.84 5.0 28.53

5.4.1 Robustness to parametric uncertainty

To ensure a consistent and reliable performance when the geometric parameters are subject to

variations/noise, it is desired to have a robust system that is tolerant to such conditions. Such

variations could arise from, for example, dimensional inaccuracies from additive manufacture,

variations in environmental conditions/material properties. For fused deposition modelling

(FDM) using a 0.4 [mm] nozzle and PLA filament, deviations in the final printed geometry

arise from three main sources:

• XY positional tolerance: The printer’s stepper motors allow fine positional resolu-

tion (typically ∼0.01 [mm]), but mechanical imperfections, filament extrusion variabil-

ity, and nozzle diameter effects introduce an effective uncertainty in XY dimensions,

approximated as ±0.1 [mm] for general features.
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Figure 5.3: Absorption spectra obtained using the predicted geometric parameters from the
DNN (black) and GPS (gray). Both predictions closely align, reproducing the targets (fr =
110 [Hz] and 151 [Hz]) reasonably well.

• Z-layer discretization: The layer-by-layer deposition process quantizes vertical heights

according to the selected layer thickness. For a 0.1 [mm] layer height used throughout

this study, vertical dimensions may be effectively rounded to the nearest 0.1 [mm], with

minor variations (∼ ±0.05 [mm]) due to filament compression and stepper motor pre-

cision. In this comparative study, however, H, which is related to the Z-axis movement

is not predicted, but defined by the user.

• Material shrinkage: As PLA cools, it contracts slightly, typically 0.2–0.5% of the

designed dimensions, introducing a multiplicative reduction across all geometric pa-

rameters.

To systematically evaluate the robustness of absorber designs against these realistic man-

ufacturing uncertainties, a Monte Carlo (MC) simulation approach was employed. Both DL

and GPS predictions were sampled under random perturbations representing the aforemen-

tioned tolerances. In each simulation, the parameters were adjusted according to:

p, Nt, Ls ∼ Nominal× (1− shrinkage) +N (0,XY tol2),

where XY tol = 0.1 [mm], and the shrinkage factor was sampled uniformly between 0.2–0.5%.

For each sampled geometry, the acoustic absorption was computed using the analytical model.
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From the ensemble of simulated spectra, the mean and standard deviation of absorption

were calculated across the frequency range of interest, providing a direct visualisation of

the sensitivity of each design to manufacturing imperfections. Robustness was visualized

using a ±2σ prediction band around the mean, which encompasses approximately 95% of the

individual perturbed samples. This approach provides a conservative estimate of variability,

capturing most of the potential deviations due to manufacturing uncertainties.

Quantifying robustness

To evaluate the robustness of absorber designs under fabrication perturbations, the absorp-

tivity within a frequency band around the target frequency fo = 110 [Hz] is considered.

The analytical model predicts a nominal resonance bandwidth of approximately 10 [Hz],

so a conservative half-width of ∆f = 5 [Hz] was used, resulting in an analysis window of

[fo −∆f, f0 + ∆f ] = [105, 115][Hz]. For each MC perturbed sample, the peak absorptivity

within this band was extracted:

αp,i = max
f∈[fo−∆f, fo+∆f ]

αi(f),

where αi(f) is the absorption spectrum of the i-th sample. The distribution {αp,i}Ni=1 was

characterised by the mean αp and standard deviation σα,p. A ±2σ prediction interval,

[
αp − 2σα,p, αp + 2σα,p

]
,

was used to visualise the 95% confidence bounds of absorptivity under realistic fabrication

variability. To quantify robustness relative to the absorptivity peaks, an acceptance band

around the mean with ±1σ was defined,

[
αp − ε, αp + ε

]
,

with ε being the standard deviation of perturbed samples. Two key robustness metrics were

computed:

1. The fraction of perturbed samples whose peak absorptivity lies within the acceptance

band around the mean, indicating stability and robustness.

2. The fraction of samples lying outside the ±2σ prediction interval, providing a measure

of extreme deviations due to fabrication variability.
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To evaluate the robustness of each design, MC simulations with stochastic perturbations

were applied to the geometric parameters. For each run, a total of 181 perturbed samples

were generated, corresponding to the frequency discretisation used in simulation (0.5 [Hz]

steps from 90–180 [Hz]). This procedure was repeated across 5 independent random seeds

to assess statistical consistency and account for variation due to sampling noise. Thus, each

design was evaluated over a total of 905 perturbed realisations (181 samples × 5 seeds).

For each run, key robustness metrics were computed such as the mean peak absorptivity,

standard deviation, the fraction of samples within ±1σ of the mean (as a stability proxy),

and the fraction of outliers beyond ±2σ. These metrics were then averaged across the 5

MC realisations to produce the final robustness statistics reported. Table 5.3 presents the

statistical results, and Fig. 5.4 shows the visual summary.

Table 5.3: Robustness comparison between DL and GPS over 5 random seeds. Metrics are
reported as mean ± standard deviation.

Metric DL GPS

Mean peak absorptivity 0.983± 0.002 0.996± 0.001
Standard deviation (peak) 0.034± 0.010 0.011± 0.008
Fraction within ±1σ absorption band 0.976± 0.006 0.903± 0.193
Fraction outside ±2σ prediction band 0.021± 0.006 0.008± 0.003
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Figure 5.4: Histogram summary of robustness metrics computed over 905 MC realisations.
Each bar corresponds to one robustness metric, mean peak absorptivity, peak variability,
fraction within ±1σ, and fraction outside ±2σ, with error bars showing the standard deviation
across runs. The visual representation allows direct comparison between DL and GPS designs
across all robustness criteria.
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The robustness analysis in Table 5.3 shows that the GPS design achieves a comparable

variability to DL in the peak absorptivity, indicating precise and consistent performance

around their optimised parameters. However, only about 90% of GPS samples fall within

the ±1σ absorption band, compared to the significantly higher samples (≈ 98%) for DL,

suggesting higher sensitivity to perturbations in certain cases for GPS. While DL has a

significantly higher fraction of samples outside the ±2σ prediction band compared to TO,

this trade-off reflects its broader generalisation. Figure 5.5 illustrates these trends for a single

MC run, showing a narrower prediction band around the mean for TO, whereas DL shows

broader prediction band. To further validate the robustness analysis, the same procedure

was applied to Desigh spec 2 in Table 5.2, i.e., αp = 0.92, fr = 151 [Hz], H = 20 [mm]),

and the same trend was consistently observed.

Figure 5.5: Comparison of robustness between DL and TO designs under FDM manufac-
turing perturbations. Shaded regions represent ±2σ prediction bands across the frequency
spectrum, and solid black lines indicate mean absorption. The prediction band from GPS is
slightly narrower but on the overall, both methods achieve good robustness property.

General comments

It is noteworthy that the GPS design achieves a higher peak absorptivity, which is expected

since it was explicitly optimised for that objective, reaching, for example, a near-perfect

absorption of 0.996. In contrast, the DL design shows a relatively lower peak value, which

is not surprising given that it was not trained to fine-tune a single design point but rather

to generalise over a broader distribution of geometries. Moreover, the DL absorption targets
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were derived from experimentally measured values, with peak absorptivities of 0.97 and 0.92

as reported in Table 5.2. Consequently, the higher peak values obtained from GPS are not

unexpected, as it was optimised without such experimental constraints.

5.4.2 Time complexity

The time it takes to make a prediction using a trained DL network is in no where comparable

to that it takes to train it (training took 32.5 [min] in this case, with training data size

of 250,000 samples), as predictions only involve a forward pass through the network and no

parameters are learned. The inference time complexity of a DL model is primarily determined

by the size and complexity of the model, as well as the size of the input data. Consider the

equation for a single layer of the DNN network of Fig. 5.1, i.e., y = f(W.u + b). The

weight matrix, W, has dimensions Sn X Sn−1, and Sn−1 is the number of neurons in the

previous layer (input dimensionality). The input vector, u, has size Sn−1 X 1. Thus, the

time complexity of the matrix-vector multiplication, W.X, is of order O(Sn X Sn−1). The

bias vector, b, has size Sn X 1. Addition of the bias vector to the matrix-vector multiplication

is performed element-wise, so that the complexity is O(Sn). Applying the activation f(.) to

the result adds additional O(Sn) complexity. For a single layer of the network, the overall

complexity is then O(Sn X Sn−1) + O(Sn) + O(Sn). Thus, for a network of n layers and k

input samples, the total time complexity is

k∑
ns=1

n∑
L=1

O(SnXSn−1), (5.14)

where, in practice, the dominant term is usually the matrix-vector operation, and other

contributions are deemed relatively negligible as reflected in Eq. 5.14. Furthermore, during

inference, the number of layers and neurons in each layer are constant, so that Eq. 5.14

reduces to a linear time complexity O(k). Thus, for a constant sample size, k, the complexity

is constant time O(1). In the worst case scenario as k → ∞, the computational load scales

linearly with order O(k).

Time complexity of the GPS

The computational complexity of the GPS algorithm is influenced by several factors, including

the complexity of the objective function, the dimensionality of the search space, N , and the

number of function evaluations performed per iteration. In GPS, the dominant operation is
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typically the polling step, where the algorithm evaluates the objective function at a set of trial

points on a mesh to identify a direction of improvement. At each iteration, GPS polls the

current solution by perturbing it in a set of basis directions. Using a positive spanning set such

as the 2N basis (which includes both positive and negative directions in each dimension), the

number of polling directions per iteration is proportional to 2N . Therefore, the computational

complexity per iteration is approximately O(N), assuming one objective function evaluation

per direction. If the total number of iterations is T , the overall time complexity becomes

O(NT ). However, the actual runtime also depends on the computational cost of the objective

function itself which may involve expensive evaluations. As such, even with modest N and

T , the total runtime can become substantial.

Procedure

The goal of this comparison is to evaluate the computational efficiency of both approaches

as the input size or number of geometries increases. Each method takes an input vector u

representing a target absorber performance specification and returns a predicted geometry.

The performance of the two approaches was compared in terms of:

• Total runtime required to solve N inverse design cases (i.e., N geometries).

• Average runtime per case, computed as total time divided by N .

The following setup is used:

1. The trained DNN is used to map inputs u directly to absorber geometries.

2. The GPS method minimises the objective function defined in Eq 5.2 to obtain corre-

sponding geometries.

3. For fair comparison, both methods were evaluated on identical sets of N randomly gen-

erated input vectors {u(i)}Ni=1. The input values were sampled uniformly from physically

realistic ranges: αp ∈ [0.1, 1.0], fr ∈ [50, 500] [Hz], and H ∈ [5, 30] [mm]

4. To reduce the effect of noise and variability in timing results, each experiment was

repeated M = 5 times with different random seeds. The average runtime over M = 5

MC realisations is reported.

Figure 5.6 compares the total runtime of the trained DNN with the GPS algorithm as a

function of input size (number of geometries).
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Figure 5.6: Comparison of time complexity between TO (GPS) and (b) DNN. The com-
putational cost of TO increases approximately linearly with input size, O(N), whereas the
DNN achieves a near-constant inference time, O(1).

The GPS approach in Fig. 5.6(a) exhibits a clear linear trend, with runtime increasing propor-

tionally to the number of geometries. This behavior is consistent with an O(N) complexity,

where each additional geometry requires a full optimisation process, resulting in cumulative

growth in computational load. In contrast, the DL model in Fig. 5.6(b) achieves an empirical

near-constant inference time. After an initial overhead for the first evaluation, the runtime

stabilises around 7−9×10−3 [s] approximating O(1) scalability. This highlights the efficiency

of the trained network, which can predict outputs for new geometries almost instantaneously,

in the order of milliseconds, once the training phase is complete. Figure 5.7 shows the aver-

age time complexity per case as the number of geometries increases, providing a measure of

scalability for both GPS and DL approaches. In the case of GPS (Fig. 5.7(a)), the average

runtime per geometry remains nearly constant at approximately 0.31–0.32 [s]. This indicates

that each new geometry requires a comparable computational effort, confirming the linear

complexity observed in the total runtime analysis. Minor fluctuations are attributed to solver

variability, but overall the per-case runtime does not improve significantly as more geometries

are considered. In contrast, the DL model demonstrates a sharp decline in average runtime

per case as the number of geometries increases (Fig. 5.7(b)). Starting from around 3× 10−3

[s] for the first few evaluations, the average cost quickly converges to the order of 10−4 [s]
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per geometry. This empirical trend reflects the fixed and nearly negligible inference cost of

the trained network, where adding more geometries simply reduces the initial overhead. This

comparison highlights a critical distinction: while GPS scales linearly and incurs a persistent

per-case cost, DL inference achieves near-constant time per evaluation. The slight decrease

in average runtime at small N reflects the reduction of initialisation overhead, after which

the cost stabilises. This property makes DL particularly attractive for high-throughput de-

sign tasks and real-time applications, where rapid evaluation of a large number of geometries

is required. Overall, while GPS provides high-fidelity solutions, its linear growth in runtime

makes it computationally expensive for large-scale studies. The DL model, on the other hand,

enables rapid evaluations, offering a practical trade-off between accuracy and computational

efficiency, especially when large datasets or real-time applications are considered.
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Figure 5.7: Time complexity plots of (a) IDDNN and (b) GPS.

Computational cost, effort, and methodological trade-offs

While the comparative results demonstrate clear differences in runtime and robustness be-

tween traditional optimisation and DL approaches, it is important to contextualise these

findings in terms of both computational and human effort. Traditional optimisation methods

such as the GPS require minimal upfront investment: no training data are needed, and the

optimisation process can be applied directly to a new design objective with limited algorith-
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mic tuning. However, this convenience comes at a significant computational cost, as each new

design query necessitates a full optimisation run, often involving hundreds or thousands of

expensive model evaluations. Consequently, the time-to-solution scales linearly with the num-

ber of optimisation queries, making such methods impractical for rapid design exploration

or real-time applications. In contrast, DL-based approaches incur a substantial upfront cost

associated with dataset generation, network architecture selection, and training. This pro-

cess requires both domain expertise and careful validation to avoid learning model bias or

spurious correlations. Depending on the size of the dataset, the complexity of the network ar-

chitecture, and the available computational resources, training times may range from several

minutes or hours to multiple days. In the comparison performed in this chapter, the network

training took about 32 [min]. Once trained, however, the marginal cost of generating new

designs is negligible, with inference times on the order of milliseconds. This fundamental shift

from iterative optimisation to amortised inference enables rapid design space exploration and

supports scalable and interactive design workflows. From a fairness perspective, it is also

important to note that DL models are not universally superior. Their performance is inher-

ently tied to the representativeness of the training data, and they may struggle to extrapolate

beyond the sampled design space. Traditional optimisation methods, while slower, do not

suffer from this limitation and can adapt more readily to changes in objective functions or

constraints. These observations suggest that traditional optimisation methods remain well

suited for one-off design tasks where robustness and minimal setup are prioritised, whereas

DL approaches are most advantageous in scenarios requiring repeated design queries, rapid

evaluation, or integration into data-driven and interactive design frameworks.

Comments

The GPS-based TO used in this study exhibits a clear linear scaling of runtime with the num-

ber of geometries, as each case requires a full optimisation run. This behavior is representative

of many derivative-free heuristic methods, which incur a full cost per-case. Gradient-based

methods, in contrast, typically scale polynomially with problem dimension and number of

iterations. When gradients are accessible, they can converge more efficiently than GPS; how-

ever, their applicability is limited in highly non-convex or noisy design spaces where local

minima trap the solution. Meta-heuristic (evolutionary) approaches such as genetic algo-

rithms or particle swarm optimisation, often have even higher computational demands, with

scaling that can exceed linear growth. In comparison, the DL model achieves near-constant
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inference cost per geometry, making it especially advantageous for high-throughput evalua-

tions or real-time applications, even though its training phase is computationally intensive

(about 32 [min] in this case). It is noteworthy that the MATLAB fitnet function used to

train the DNN employs a vectorised approach to process multiple inputs simultaneously,

which makes the observed inference time appear nearly constant, particularly for small to

moderate batch sizes. Consequently, this empirical behavior does not reflect the theoretical

worst-case linear complexity of O(N) as reported in [167].

5.5 Data quality consideration

This section examines different data generation strategies and their impact on the perfor-

mance of the DL model. The size and quality of the input dataset directly influence the

predictive capability of the DNN, and performance is evaluated using MSE and R2 metrics.

The aim here is to underscore the critical role of both data quality and data quantity in

shaping DL performance, thereby enabling informed decisions about the trade-offs between

computational efficiency and predictive accuracy in practice. In Section 5.3.2, the network

input was restricted to salient spectral features. While this representation significantly sim-

plifies the network and reduces the dimensionality of the input space, it inevitably discards

much of the rich information contained in the full spectrum. As a result, the model may

overlook subtle yet important patterns such as bandwidth characteristics, or overall spectral

shape, that are essential for accurately capturing the underlying geometry–response rela-

tionship. This simplification may subsequently trade accuracy for efficiency, and may have

contributed to the sub-optimal predictive performance observed in the metrics presented in

Table 5.1. In the subsequent investigation, 6 layers are used, with architecture: u → 1024

→ 512 → 256 → 128 → 64 → 2. Batch normalisation is applied after each layer to ensure

stable and efficient learning. This architecture is used consistently across all three cases in

the ensuing study to enable fair comparison. Early stopping with a patience of 50 epochs

is implemented to prevent overfitting, and the ADAM optimisation algorithm is used for

training. The outputs in all cases are p and Nt.

5.5.1 Peak information data

In this approach, the input vector to the DNN is a compact representation derived from the

spectral data. Specifically, the peak absorption value, αp, and its corresponding resonant

117



DESIGN OPTIMISATION 5.5. DATA QUALITY CONSIDERATION

frequency, fr, are extracted and used as input features, i.e., u = [αp, fr, H]. The network

outputs are the absorber geometric parameters p, Nt, Ls, and H. By focusing on peak-

based descriptors rather than the full 901D spectrum, the dimensionality of the input space

is drastically reduced. This not only decreases the computational burden but also simplifies

the learning task, as the network is trained to map a small set of salient acoustic features to

the underlying design parameters. However, this feature selection also limits the amount of

spectral information available to the model. Bandwidth characteristics, or subtle deviations

across the frequency range are not explicitly captured, which may reduce predictive accuracy

for more complex absorber behaviors.

5.5.2 Peak data enriched with bandwidth information

In this configuration, the input vector to the DNN is extended beyond the peak absorptiv-

ity and resonant frequency to include bandwidth information. Specifically, the upper and

lower band-edge frequencies, fu and fl, are extracted from the spectral data using the full

width at half maximum (FWHM) method. The resulting input vector is therefore defined

as u = [αp, fr, fu, fl, H]. This representation increases the dimensionality of the input while

embedding information on both the peak response and the effective absorption bandwidth.

The inclusion of band-edge frequencies provides a richer description of the spectral response,

capturing not only the strength and location of the resonance but also its spread across

frequency. Such information is critical to distinguish spectral characteristics, which are not

adequately represented when only the peak information is considered. Consequently, the

model is expected to achieve improved accuracy in mapping from acoustic features to ab-

sorber geometry, particularly in cases where absorbers exhibit similar peak values but differ

in their spectral widths. The same feedforward network configuration illustrated in Fig. 5.1

is employed.

5.5.3 Full spectrum data

In this configuration, the full 901D spectral response is used as input to the DNN. The use

of high-dimensional spectral data preserves the complete frequency-dependent information of

the absorber within the defined operational range , ensuring that subtle features across the

absorption response are not lost through pre-processing or feature reduction. However, the

large input dimensionality significantly increases the complexity of the learning problem. To

capture the intricate, often nonlinear relationships between the spectral signatures and the
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underlying geometric parameters, the network architecture must therefore be correspondingly

deeper and more expressive, with sufficient capacity to avoid underfitting while mitigating

the risk of overfitting.

Table 5.4 summarises the result of the comparison in terms of R2 and MSE

Table 5.4: Performance of the DNN under different input feature configurations.
Input vector, u MSE R2

[αp, fr, Ls, H] 3.89× 10−3 94.47%
[αp, fr, fu, fl, Ls, H] 1.06× 10−3 98.48%
[α1, α2, . . . , α901, Ls, H] 1.85× 10−3 97.51%

Table 5.4 compares the predictive performance of the DNN across three different input

scenarios. When only peak information (αp, fr) and size-related parameters (Ls, H) are

used, the model achieves a moderate accuracy of R2 = 94.47%. Incorporating bandwidth

descriptors (fu, fl) significantly improves performance, reducing the MSE to 1.06× 10−3 and

raising R2 to 98.48%. Using the full 901D spectrum as input yields R2 = 97.51%, which is

better than the peak-only case but slightly inferior to the bandwidth-enriched representation.

This slightly lower performance may be attributed to redundancies and small variations in

the full spectral data that may not directly relate to the geometry. This result highlights

the trade-off between information richness and dimensionality: peak-only features are too

limited, full-spectrum data is prone to overfitting despite its completeness, while bandwidth-

enriched features strike the most effective balance, providing high accuracy with relatively

low input dimensionality. Table 5.8 presents a visual assessment of the result. This outcome

motivates the choice of bandwidth-enriched inputs for the autoencoder architecture used in

the next chapter for robust AMM design synthesis.
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Figure 5.8: Comparison of DNN performance under different input feature configurations.
Three input scenarios are evaluated: (i) peak-based features, (ii) bandwidth-enriched features,
and (iii) full-spectrum features. The bandwidth-enriched input achieves the best balance of
accuracy and dimensionality, yielding lower MSE and higher R2 compared to both peak-only
and full-spectrum inputs.

5.6 Conclusions

In this chapter, a detailed performance comparison between deep learning (DNN) approaches

and traditional optimisation (TO) methods for AMM design, was presented. Specifically, a

DNN model with three hidden layers and one output layer was trained, and its perfor-

mance was benchmarked against a traditional generalised pattern search (GPS) optimisation

methodology. Multiple metrics, including robustness and time complexity, were employed to

assess the relative performance of each approach. The study demonstrated that, once trained,

a DNN offers a significant advantage in prediction efficiency, often producing design outputs

in milliseconds, which is especially beneficial for complex AMM structures. However, the

accuracy of DNN predictions can be comparable to that of TO algorithms, which inherently

leverage the underlying physics of the system. Interestingly, the study also revealed that the

predicted geometric or design parameters from DNN and TO may differ substantially, yet

still yield the desired acoustic response, highlighting the existence of multiple viable design
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solutions for the same target performance. While DNN models enable rapid exploration of

non-intuitive designs, their generalisation to new operating conditions or design scenarios

can be time-consuming. Re-training the model for each new scenario can be computationally

intensive and may disrupt workflow. In contrast, TO methods, once the underlying physical

model is established, can often be efficiently adapted to new design conditions, providing a

more efficient approach to test/investigate new design cases.

Furthermore, the study investigated the impact of input feature configuration on DNN

performance. It was observed that excessively redundant information can lead to overfitting

and reduce model efficiency, whereas overly limited input may compromise predictive accu-

racy. A balanced, bandwidth-enriched feature set was found to provide the most effective

compromise, achieving high accuracy with relatively low input dimensionality. This insight

informs the design of the training data employed in subsequent chapters.

Overall, the main advantage of DNN lies in its computational speed and capacity to

rapidly generate design solutions, while TO provides the advantage of quickly assessing the

performance of new designs for on-the-fly application.
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Chapter 6

Robust Design Considerations
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6.1 Introduction

The use of approximate simulation models and the inherent imperfections introduced by

additive manufacturing (AM) present persistent challenges to the reliable performance of

acoustic metamaterials (AMMs). While these limitations are well recognised within the re-

search community, systematic efforts to directly mitigate their impact remain limited. This

chapter presents a deep learning framework to bridge the gap between what is designed,

what is expected, and what is actually obtained. A Structured Latent Autoencoder (SLAE)

is trained on a simulated dataset generated from the HRAM absorber model detailed in

Chapter 3. To enhance robustness, two complementary integration strategies are proposed.

The first involves a data augmentation scheme, wherein the original spectral dataset is per-

turbed using informed transformations, such as spectral scaling, shifting, noise injection, and

bandwidth modulation. This strategy serves a dual purpose: it compensates for inaccuracies

stemming from model simplifications or unmodeled physical effects, and it simulates spec-

tral distortions induced by AM-related fabrication errors. The second strategy introduces

a transfer learning pipeline that incorporates experimental data to adapt the pre-trained

SLAE to real-world manufacturing deviations. This transfer learning approach enables the

model to generalise beyond idealised simulations by aligning with empirical observations.

Collectively, these methods establish a robust and data-efficient inverse design framework

capable of producing AMMs that are not only high-performing in theory but also resilient

to fabrication uncertainties in practice. By embedding robustness directly into the learning

pipeline, this work advances the reliability and practical deployability of AI-assisted AMM

design. This chapter is organised as follows. Section 6.2 outlines the motivation for interest

in robust design methods in the context of AMM, and highlights the challenges introduced

by additive manufacturing. Section 6.3 presents an analysis of the dataset obtained from the

analytical model, providing insights into the statistical distribution and underlying structure

of the data. Section 6.4 reports the results of the network training and data augmentation

studies, accompanied by a detailed discussion of their implications. Section 6.5 introduces

the transfer learning framework that trains the model on experimental data (which inherently

captures the fabrication artefacts) for a robust network. This is followed by a robustness anal-

ysis that evaluates the performance of the transfer learning-enhanced model against networks

trained without augmentation or transfer learning. Section 6.7 demonstrates the practical

applicability of the robust network by exploring its behaviour under different input wave-
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form configurations. Finally, Section 6.8 summarises the key findings and contributions of

the chapter. The results presented in this chapter are based on the author’s paper submit-

ted to the Journal of Sound and Vibration, titled: Modeling Acoustic Metamaterials with

Manufacturing Uncertainties Using Deep Learning

6.2 Motivation for fabrication-robust design

AMMs promise unprecedented control over sound, but their performance can be highly sensi-

tive to geometric precision and material fidelity. While additive manufacturing (AM) enables

rapid prototyping of complex AMM geometries, it inevitably introduces imperfections, such

as deviations in geometry, surface finish, or material uniformity, that can significantly shift

or degrade acoustic responses [17, 18, 192, 195]. Because AMMs rely on sub-wavelength res-

onances, such discrepancies are magnified, often leading to measurable mismatches between

predicted and fabricated absorbers [9, 161, 162]. While these challenges are well recognised,

most AMM design studies focus on idealised models or demonstrate the advantages of deep

learning (DL) over traditional optimisation without fully addressing robustness. As a re-

sult, the reliability of data-driven methods under realistic manufacturing variability remains

uncertain. This gap poses a critical obstacle to the transition of AMMs from laboratory

demonstrations to real-world noise-control applications. The motivation for this chapter is

therefore to reposition fabrication variability as an intrinsic part of the design process. The

SLAE model, described in Chapter 3, is trained for the subsequent analysis. The dataset,

generated from the analytical model based on the procedure described in Section 3.6, is first

analysed to visualise the distribution of the design space. This step is critical to under-

standing the underlying structure and variability of the input space, which could impact the

accuracy of the model’s predictions.

6.3 Data visualisation

The distribution of peak absorptivity in Fig. 6.1(a) is heavily right-skewed, with a strong

concentration of values near unity. This implies that a large portion of the theoretical samples

exhibit high absorption, suggesting that the dataset may be biased toward near-perfect ab-

sorbers. Despite this, the lower absorptivity regime (< 0.2) is still represented, albeit sparsely,

indicating that the model will be exposed to a wide but imbalanced range of absorptivity

values.
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Figure 6.1(b) displays the distribution of the peak frequencies. The majority of spectral

samples have peak absorption within the 100–200 [Hz] range, with a pronounced concentration

around 130–150 [Hz], indicating a strong design preference or resonant behavior within this

band. The number of spectra peaking at higher frequencies decreases monotonically beyond

200 [Hz], suggesting fewer configurations at these ranges under the current design constraints.

A notable feature is the sharp monotonic drop in sample density between 300–450 [Hz],

suggesting a non-uniform coverage of the frequency space. Although the full 50–500 [Hz]

range is populated, the concentration around specific bands implies a sampling bias that

could influence the generalizability of learned models.

The rightmost panel in Fig. 6.1(c) shows the distribution of bandwidths, computed as

the absolute difference between the right and left band edges. The bandwidths span a wide

range from ≈ 2.5 [Hz] to 182 [Hz], with a mean of approximately 24.27 [Hz]. The distribution

is strongly skewed toward narrower bandwidths, with a heavy concentration below 50 [Hz],

and a long tail extending toward broader resonances. This suggests that narrowband spectral

responses are significantly more common in the dataset, potentially reflecting the dominant

physical modes in the parameter space.

The observed asymmetries and modal distributions in the dataset primarily result from

the inherent geometric constraints imposed during the data generation process. These con-

straints lead to non-uniform coverage of the parameter space, with clustering around specific

regions and skewed distributions. Such characteristics introduce a significant level of com-

plexity and challenge for data-driven modeling approaches, necessitating models capable of

capturing nonlinear relationships and accommodating the uneven representation of features

within the data.
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Figure 6.1: Histogram distributions of key spectral parameters in the training dataset.
(a) Peak absorptivity showing a strong concentration in the high absorptivity region. (b)
Peak frequency exhibiting noticeable non-uniformity and modal clustering. (c) Bandwidth
distribution, revealing a strong skew toward narrowband responses.
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6.4 Results and discussion

Figure 6.2 shows the learning curve (see Chapter 3 for the SLAE network and data acquisi-

tion procedure) of the evolution of the mean squared error (MSE) for both the training and

validation sets over 395 epochs. The initial sharp decline in both losses indicates that the

model rapidly learns the underlying structure in the data during the early training phase (ap-

proximately the first 100 epochs). After this initial drop, both curves gradually flatten out,

with minor fluctuations in the validation loss likely due to sensitivities to validation batch

statistics. The lack of divergence between the two curves indicates that the model has neither

underfit nor overfit. The final MSE values for both training and validation are well below

2 × 10−3, suggesting that the SLAE architecture achieves a good balance between model

complexity and performance. Early stopping was triggered after 50 consecutive epochs with-

out improvement, selecting the model at epoch 345 with a validation loss of approximately

6.0 × 10−4. This demonstrates rapid convergence during training. Overall, training took

approximately 2 hours.
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Figure 6.2: Learning curves of the SLAE on training and validation datasets. Both train-
ing and validation losses converge closely to a minimum, indicating stable learning and no
significant overfitting.

To further evaluate the generalization ability and performance of the network on the hold-

out set, kernel density plots for the outputs, p and Nt, are shown in Figs. 6.3(a) and 6.3(b),

respectively. The smooth, continuous curves represent the probability density of the errors for

each output. Most of the error values (approximately 68%) fall within one standard deviation
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of the mean (indicated by the blue dashed vertical lines), while the red lines represent the

means of the distributions, which are sufficiently close to zero.

Additionally, the error distributions appear approximately symmetric around their re-

spective means, suggesting low systematic bias and an overall Gaussian-like shape. However,

the distribution for parameter p exhibits greater variability in the tail region. Furthermore,

the regression plots in Figs. 6.3(c) and 6.3(d) for p and Nt, respectively, show that the

predictions lie sufficiently close to the 45◦ reference line.
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Figure 6.3: Kernel density plots of the errors for outputs p and Nt (top row), and linear
regression plots comparing true versus predicted values (bottom row). The vertical dashed
lines in the KDE plots indicate the mean and one standard deviation from the mean for each
error data. The linear regression plots show the relationship between the true and predicted
values for each output. Labels (a), (b), (c), and (d) correspond to each plot as described in
the figure.
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Table 6.1 summarizes the metrics used to evaluate the network’s performance for each

output, while Fig. 6.4 shows sample predictions based on three randomly generated spectra

from the analytical model. Overall, good agreements are observed in all cases. Note that

the predicted spectra are recovered from their predicted spectral features using the Lorentz

model in Eq. (3.26).

Table 6.1: Summary of the evaluation metrics used to assess the network’s performance.
Encoder (Inverse model)

MSE R2 (%)

p 1.92× 10−4 99.57
Nt 8.59× 10−4 98.92

Decoder (Forward model)

1.0 × 10−3 98.49
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Figure 6.4: Predicted absorption spectra from SLAE (black lines) compared to the true
spectra (red dots) for 3 randomly generated samples from the analytical model. The plots
illustrate the model’s ability to accurately reconstruct the spectral features.

To more effectively validate the performance of the network, random geometric instances

are numerically simulated in COMSOL® Multiphysics 6.1 with parameters defined in Table

6.2

Table 6.2: Sample Geometric parameters of the simulated absorber with t = 0.8 [mm] and
tp = 1.5 [mm] in all cases

Sample no p Nt Ls H

1 5.5 [mm] 4 48 [mm] 16 [mm]
2 3 [mm] 2.5 25 [mm] 15 [mm]
3 2 [mm] 1.8 20 [mm] 10 [mm]

Figure 6.5 presents a comparison between the predicted and corresponding true spectra

obtained from numerical simulations. Overall, the predicted SLAE curves closely match the

corresponding ground truth. However, a noticeable amplitude and bandwidth mismatches
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Figure 6.5: Predicted absorption spectra from SLAE (black lines) compared to the true
spectra (red dots) for 3 random samples based on finite element simulations. The plots
illustrate the model’s performance to previously unseen spectral characteristics.

are observed in Fig. 6.5(c). It is important to note that the SLAE was trained using theo-

retical data whose spectral characteristics differ slightly from those of the numerical model,

particularly in terms of bandwidth [177]. Nonetheless, the model shows good generalization

performance despite the fundamental differences between the data sources used for training

and evaluation. One potential approach to improve on this domain gap is to apply data

augmentation techniques that introduce controlled variability into the training set.

The learning curve of the SLAE based on the augmentation described in Chapter 3, is

shown in Fig. 6.6. Only the training set was augmented, the validation and holdout sets

consisted exclusively of real data. To ensure a fair comparison, the same network architec-

ture and training settings used previously were retained. The learning curve over 256 epochs

shows the training loss (black curve) with a smooth and consistent decrease, indicating steady

optimization and effective learning on the training data. The validation loss (gray curve), al-

though exhibiting some fluctuations, follows a general downward trend and stabilizes around

a low value after approximately 40 epochs. Importantly, the validation loss remains con-

sistently lower than the training loss throughout the training process. This behavior, while

somewhat atypical, can be explained by the use of data augmentation during training. Aug-

mented data introduces additional variability and noise into the training process, effectively

regularizing the model and potentially making the training data more challenging than the

un-augmented validation set. This often results in a validation loss that appears lower, espe-

cially when augmentation is applied aggressively or when the validation set is relatively clean.

Despite the inherent noise introduced by augmentation, the model demonstrates strong gen-

eralization capabilities, as evidenced by the low and stable validation loss. The absence of a
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divergence between training and validation curves further suggests that the model is neither

underfitting nor overfitting. Early stopping was triggered after 207 epochs with a validation

loss of 9.0 × 10−4 due to lack of improvements in learning after 50 consecutive epochs. The

resulting metrics based on holdout set are presented in Table 6.3, validating the adequacy of

performance.

Table 6.3: Summary of the evaluation metrics for the augmented dataset scenario. The
results demonstrate good predictive performance of the model under this condition, with R2

values exceeding 90% and sufficiently low MSE values
Encoder (Inverse model)

MSE R2 (%)

p 4.0 × 10−4 99.11
Nt 1.37 × 10−3 98.28

Decoder (Forward model)

1.31 × 10−3 98.02
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Figure 6.6: Learning curve of the SLAE trained with a mix of real and augmented data. The
plot depicts the training and validation losses over successive epochs, highlighting the model’s
convergence behavior. The inclusion of augmented data introduces additional variability in
the training and validation sets, which can enhance the model’s generalization capabilities
and mitigate overfitting. The relatively stable validation loss demonstrates the robustness of
the model under these conditions.

The impact of augmentation on the SLAE network is investigated using the samples

presented in Table 6.2, and the resulting spectra are compared with those from the unaug-

mented model, as shown in Fig. 6.5, and with numerical simulations. The augmented SLAE

is henceforth referred to as SLAE-AUG. The results demonstrate significant improvement,
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particularly in Fig. 6.5(c), where the mismatch is notably more pronounced without augmen-

tation. It is noteworthy that the scaling and shifting operations are particularly beneficial in

sparse regions of the input space, where the available data may not sufficiently capture local

variations. These transformations introduce plausible variations that help the model gener-

alize better in under-sampled areas. In contrast, densely populated regions already exhibit

a wide range of variations, making additional augmentations less impactful. As a result, the

marginal utility of these augmentation is significantly higher in sparse regions, where they

effectively enrich the training data and help account for limitations or simplifications in the

analytical model.
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Figure 6.7: Comparison of spectra obtained from SLAE-AUG, the unaugmented SLAE,
and numerical simulations. The results highlight the improvements in spectral accuracy with
augmentation, particularly in regions where the mismatch between the unaugmented model
and the numerical response is most pronounced.

6.5 Manufacturing uncertainty consideration

In this section, a transfer learning (TL) framework is developed to incorporate real-world

manufacturing imperfections into the final design of the AMM. The objective is to leverage

the inherent variability introduced during the 3D printing process to enhance the material’s

robustness. Rather than predicting specific defects directly, the framework aims to model

how such imperfections manifest in the final product and affect its acoustic performance.

The pre-trained SLAE-AUG model is fine-tuned using experimentally measured absorp-

tivity curves. However, the size-related input features, Ls and H, are subject to manufac-

turing uncertainties. These uncertainties can arise from factors such as material shrinkage,

mechanical tolerances, material inconsistencies, and environmental conditions. To account for

these effects, Ls and H are perturbed within the known manufacturing uncertainty bounds,
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as defined in Table 6.4, which correspond to the properties of the printing material and

fabrication technology employed.

To enhance robustness during TL, this perturbation process is repeated N = 10 times per

sample, generating plausible geometric variations around the original design specifications.

Each experimental spectrum is thus paired with N perturbed versions of (Ls, H), resulting in

a more representative input distribution that captures the range of possible printed geome-

tries. This increases the original 16 experimental samples to 160 samples. The perturbation

logic is based on Eq. (6.1).

Lsperturbed = Ls · (1− s) · (1 +mLs) + δxy

Hperturbed = H · (1− s) · (1 +mH) + δz,
(6.1)

where Ls and H, are the original design specifications (nominal values), and

• s ∼ U(0.002, 0.005): shrinkage factor

• mLs,mH ∼ U(−0.05, 0.05): material variation factor

• δxy ∼ U(−0.05, 0.05): XY tolerance

• δz ∼ U(−0.03, 0.03): Z tolerance (applied to H)

Table 6.4: Key uncertainty sources and their ranges for PLA and Prusa i3 MK3S+ machine
Uncertainty source Range

Shrinkage 0.2% to 0.5%
Material inconsistencies ±5%
XY tolerance (0.4 [mm] nozzle) ±0.05 [mm]
Z-axis tolerance (0.1 [mm] layer height) ±0.03 [mm].

6.5.1 v-fold cross-validation strategy

To ensure robustness and generalisability of the fine-tuned model in the presence of limited

experimental data, the TL process is conducted using a 5-fold cross-validation strategy. Given

the small number of available experimental samples, this approach maximises data utilisation

while providing an unbiased estimate of model performance. In each fold, the dataset is

partitioned into 90% training and 10% validation subsets. The model is fine-tuned on the

training set, and its performance is evaluated on the validation set. This process is repeated

5 times, with each subset serving once as the validation set. The final performance metrics
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are then averaged across all folds to account for variance due to data partitioning. This

methodology allows reliable assessment of the model’s predictive accuracy and its ability to

generalise to unseen experimental samples, despite the limited data available.

An early stopping threshold of 50 epochs is employed to prevent unnecessarily long train-

ing time. The model is fine-tuned using a learning rate of 1 × 10−4 and a batch size of 8

samples. The weighting factors, ψ and β in Eq. (3.25) are equally set to 1. During the

cross-validation process, the global best model, i.e., the one achieving the lowest validation

loss across all folds, is selected and retained for evaluation. The average performance metrics

across all folds, combining both training and validation, are as follows: R2 = 98.33% and

MSE = 1.5× 10−3, averaged over the predictions of both p and Nt.

The SLAE with TL is hereafter referred to as SLAE-TL. An instance of mismatch be-

tween numerical, experiment and analytical from Chapter 4 is revisited here to assess the

performance to model/manufacturing imperfections. These mismatches were attributed to

the assumption of acoustically rigid spiral boundaries in the simulation, and unmodeled phys-

ical effects. The plot is brought forward and shown in Fig. 6.8(a) for validation purposes. In

Fig. 6.8(b), the SLAE-TL response is overlaid on the same plot, showing excellent agreement

with the experimental curve in both bandwidth and peak absorptivity. This result highlights

the potential of TL at incorporating real-world manufacturing variations into the design pro-

cess, enhancing model fidelity without requiring exhaustive experimental retraining. Beyond

its academic significance, such capability is crucial for industry adoption, where predictive

reliability and reduced prototyping cycles are paramount. By enabling accurate translation of

numerical/analytical designs into experimentally realisable devices, the SLAE-TL framework

offers a robust pathway toward the scalable deployment (arising from its ability to efficiently

adapt pretrained models to a wide range of AMM designs and fabrication scenarios with min-

imal additional data and computation) of AMM technologies. The performance is expected

to improve further and converge as additional experimental samples, capturing broader man-

ufacturing variability and a wider range of artifacts across the target frequency spectrum,

are incorporated into the training process. While the current SLAE architecture uses four

fully connected layers in both the encoder and decoder, future work could systematically

explore the impact of deeper architectures on TL performance. Increasing network depth

could help ensure that the frozen layers effectively capture important spectral features, while

fine-tuning the later layers without distorting previously learned representations. However,

133



Robustness Integration 6.6. ROBUSTNESS ANALYSIS

this approach must be carefully balanced to avoid overfitting. Investigating this trade-off rep-

resents a promising direction to enhance the robustness and generalisability of the SLAE-TL

framework.
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Figure 6.8: Comparison of absorptivity spectra highlighting the impact of transfer learning
in capturing manufacturing-induced uncertainties. (a) Analytical and numerical models show
clear discrepancies with the experimental spectrum, particularly in peak absorptivity and
bandwidth. (b) Incorporation of transfer learning via SLAE-TL substantially reduces this
mismatch, yielding predictions that closely follow the experimental curve. This demonstrates
the ability of the TL to adress the gap between theoretical models and fabricated AMMs.

6.6 Robustness analysis

In this context, robustness is better defined as consistency of behavior and stability of perfor-

mance under parametric variations, rather than exact agreement with theoretical predictions

or laboratory results. Indeed, a system may achieve perfect agreement in simulation or under

controlled experimental conditions, yet fail completely when exposed to real-world condi-

tions laden with uncertainties. The essential criterion is that the key physical trends, such

as resonance locations, absorption bandwidths, and overall response characteristics, remain

reproducible and fall within acceptable error margins. This level of agreement is sufficient to

validate the design methodology and to support its application in practical scenarios.
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6.6.1 Robustness to parametric uncertainty

To systematically evaluate the robustness of absorber designs against manufacturing uncer-

tainties, the predicted geometric parameters, p and Nt, from SLAE-TL and SLAE for the

target response shown in Fig. 6.8, are perturbed according to a normal distribution defined

by the uncertainty ranges in Table 6.4. For each perturbed geometry, the acoustic absorp-

tion is computed using the analytical model. From the ensemble of simulated spectra, the

mean and standard deviation of absorption across the frequency range of interest are cal-

culated, providing a direct visualization of the sensitivity of each design to manufacturing

imperfections. Robustness is visualized using a ±2σ prediction band around the mean, which

encompasses approximately 95% of the individual perturbed samples. This approach offers a

conservative estimate of variability, capturing most potential deviations due to manufacturing

uncertainties.

Figure 6.9: Comparison of robustness between SLAE and SLAE-TL designs under FDM
manufacturing perturbations. Shaded regions represent ±2σ prediction bands across the
frequency spectrum, and solid black lines indicate mean absorption.

As shown in Fig. 6.9, the prediction band from SLAE-TL is much narrower than that of

SLAE, indicating more robust predictions, as expected.
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6.7 Rapid on-demand design

In practical scenarios, access to precise absorption spectra, whether through full-wave simu-

lations or experimental measurements, can be limited due to computational cost, fabrication

constraints, or a lack of prior data. To address this limitation, the SLAE-AUG network

is used in a rapid on-demand design setting, where the input is not a measured spectrum,

but a user-specified target waveform representing the desired spectral response. These tar-

get inputs are abstract but practically meaningful approximations of real-world performance

requirements. For example, Gaussian and triangular profiles can model broadband or nar-

rowband absorber responses, while rectangular waveforms may represent idealized bandpass

or band-stop filters. The goal is for the network to interpret these user-defined waveforms and

generate physically realisable structural parameters that produce absorption spectra closely

matching the input. Figure 6.10 presents the outcomes of this task, where the SLAE-AUG

network is presented with four distinct target waveforms: rectangular, Gaussian, and trian-

gular profiles. The resulting predicted absorption spectra align closely with the input profiles,

underscoring the network’s ability to generalise and accurately infer inverse mappings even

from abstract and idealised inputs.

These results highlight several key strengths of the SLAE-AUG model:

• Flexibility: The network is not restricted to a fixed class of absorption spectra but can

dynamically adapt to arbitrary user-defined targets.

• Robustness: Despite the non-physical nature of the input waveforms, the network con-

sistently produces realistic outputs.

• Precision: The generated responses demonstrate minimal deviation from the original in-

put waveforms, indicating that the network’s latent representation retains the essential

spectral features required for reconstruction.

This capacity for rapid prototyping empowers designers to specify spectral objectives

directly, without requiring a complete design workflow involving trial-and-error or large-scale

simulation. Ultimately, this positions the design framework as a powerful inverse design tool

for robust AMM design.
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Figure 6.10: Demonstration of the SLAE-AUG network’s performance in rapid, on-demand
inverse design. The network is provided with user-defined input waveforms representing target
spectral behaviors, including (a) rectangular, (b) Gaussian, (c) triangular, and (d) another
rectangular profile. For each case, the predicted absorption spectra generated by the network
closely follow the desired waveform, illustrating the model’s flexibility and accuracy even in
the absence of experimentally or numerically derived input spectra.

6.8 Conclusions

This study presents a novel approach for addressing the inherent uncertainties in additively

manufactured parts using deep learning techniques. The focus here is not to eliminate these

uncertainties but to systematically account for them during the design process to ensure that

the desired material behavior is achieved in real-world applications. A simple yet effective

autoencoder-based framework, termed SLAE, was proposed, which takes critical spectral

characteristics as input and inversely predicts the corresponding geometric parameters. For

validation, the SLAE model was also used to reconstruct the original spectral features from
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the latent geometric space, thereby demonstrating its capacity to both map and preserve

essential information. Given the discrepancies observed between analytical predictions and

experimental measurements, data augmentation was employed to compensate for unmodeled

physical effects and approximations. The spectral features were perturbed within a carefully

estimated range to reflect these mismatches, which significantly improved the model’s perfor-

mance when compared to the unaugmented SLAE. The augmented model, SLAE-AUG, was

then further adapted to real-world manufacturing conditions using a transfer learning frame-

work. Additive manufacturing processes introduce a variety of uncertainties, such as material

inconsistencies, shrinkage, and machine tolerances, that can affect the final part geometry

and, consequently, the material’s acoustic performance. To account for these manufacturing

artefacts, the 16 fabricated geometries were augmented within the bounds of known manu-

facturing uncertainties (based on PLA material and Prusa printing technology), resulting in

a dataset expanded to 160 samples. This process effectively incorporated real-world defects

into the training procedure, significantly enhancing the model’s ability to predict material

behavior under practical conditions. The results highlight the effectiveness of combining deep

learning, data augmentation, and transfer learning in addressing manufacturing-induced un-

certainties. The SLAE-TL model demonstrated significant improvements in robustness and

predictive accuracy, effectively bridging the imperfections introduced by 3D printing and un-

modeled physical effects in the absorber. The approach employed in this chapter introduces

a methodology for designing reliable and robust AMM, particularly in the context of additive

manufacturing.
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Chapter 7

Interpretable Inverse Modelling for
Geometry Discovery through
Design Space Segmentation
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Design Space Segmentation 7.1. INTRODUCTION

7.1 Introduction

Acoustic metamaterials (AMMs) offer promising capabilities for noise control and wave ma-

nipulation, but their nonlinear and multidimensional design spaces often conceal clear rela-

tionships between geometry and acoustic performance. The previous chapter addressed the

critical challenge of robustness, focusing on how real-world variability in manufacturing or

material properties can affect AMM performance. While robustness-enhanced models im-

prove stability and reliability, they do not inherently provide insight into why certain designs

work or how specific geometric features influence acoustic behavior. As such, there remains

a significant gap in understanding the structure of the design space itself, how performance

emerges from geometry, and whether patterns or regimes exist that can guide engineering

decisions.

To address this, the current chapter introduces a data-driven framework aimed at inter-

preting the AMM design space through unsupervised segmentation. By clustering a large

dataset of simulated absorptivity spectra, generated via systematic variation of geometric

parameters, distinct performance regimes were identified, and reveal how geometry influ-

ences acoustic response. This segmentation not only offers physical insight into the design-

performance relationship, but also enables inverse mapping: predicting geometric configu-

rations given a desired spectral target. Each cluster is characterised through representative

spectral profiles and statistical summaries of associated geometry. A surrogate classifier is

trained to predict cluster membership from a given spectral response, enabling reverse map-

ping from performance targets to spectral classes, and a nearest-neighbor heuristic (NNH)

is used to retrieve design candidates from within the predicted subspace. Overall, this in-

tegrated framework, with inherent robustness property, offers a flexible and explainable al-

ternative to black-box deep learning methods. It supports targeted design exploration and

lays a foundation for embedding interpretability into machine learning-assisted metamaterial

design workflows. This chapter is primarily based on the author’s published article [196] and

the conference proceedings [197].

The structure of this chapter is organised as follows: Section 7.2 presents a brief overview

of data-driven applications, and the rational for design interpretability. Section 7.3 introduces

an unsupervised clustering methodology using k-means to segment the absorption response

space. In Section 7.4, an ANOVA-based statistical analysis is conducted to identify the geo-

metric design parameters most influential in driving cluster formation. Section 7.5 discusses
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the design implications derived from the spectral signatures of the identified clusters, offer-

ing actionable insights for AMM optimisation. Section 7.6 presents the development of a

surrogate classifier capable of predicting cluster membership from arbitrary input absorption

spectra. A practical design case study, demonstrating the utility of the proposed segmentation

framework for inverse design, is provided in Section 7.7. Section 7.8 presents a unified pipeline

for the segmentation workflow, incorporating a heuristic scheme for automatic geometry re-

trieval based on the predicted cluster, along with illustrative design examples. A comparative

table highlighting the differences and advantages of the proposed method over conventional

deep learning approaches is also presented. A practical application of the methodology to

room acoustics is demonstrated in Section 7.9. Finally, the conclusions are summarised in

Section 7.10.

7.2 Data-driven applications in acoustics

The design of AMMs has advanced significantly over the past decade, driven by their extraor-

dinary capabilities in wave manipulation, including negative refraction, sound absorption, and

sub-wavelength control [110, 111]. These functionalities are tightly coupled with complex ge-

ometrical features, which pose challenges for both intuitive understanding and computational

optimization. The design of AMMs remains a computationally expensive process. Their per-

formance is governed by complex, often nonlinear relationships between geometric parameters

and resulting spectral behaviors, posing significant challenges to designers seeking optimal

configurations under physical and manufacturing constraints [3, 198]. Traditionally, the mod-

eling and optimization of AMMs have relied heavily on physics-based simulations, such as the

forward modeling finite element methods (FEM), to capture the intricate interplay between

geometry and wave propagation phenomena [199]. While accurate, these approaches are

computationally expensive and not interpretable, particularly when exploring large/complex

parameter spaces or performing inverse design.

To address the limitations of traditional optimisation, data-driven approaches have in-

creasingly been adopted for AMM design. Surrogate and inverse models based on supervised

learning, convolutional networks, and autoencoder architectures have shown strong potential

in predicting acoustic responses and mapping between geometry and performance. More

recent advances with generative models (e.g., VAEs, GANs) and tandem networks further

extend flexibility in sampling and inverse design, while data augmentation strategies have
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been explored to account for uncertainties and enhance robustness. Despite these advances,

many methods focus predominantly on predictive accuracy, often at the expense of inter-

pretability, which is critical for trust, debugging, and design guidance [200]. Understanding

why a particular design performs the way it does is often as important as knowing how well

it performs, especially when navigating high-dimensional design spaces and dealing with im-

perfect manufacturing realities, or flexibility in exploring design alternatives. Interpretability

is particularly crucial in physical systems like AMMs, where designers must reason about

trade-offs and constraints, especially under manufacturing imperfections. Hybrid modeling

approaches that combine data-driven techniques with physics-informed priors have been pro-

posed [201], but interpretability remains an open challenge. Clustering and dimensionality

reduction methods, such as t-distributed Stochastic Neighbor Embedding (t-SNE) and Uni-

form Manifold Approximation and Projection (UMAP), have been employed in other fields

(e.g., materials science, genomics) to identify meaningful structure in high-dimensional spaces

[202], but their use in AMM design is still nascent.

This study introduces a novel design-space segmentation procedure through clustering of

simulated spectral data to reveal natural groupings of AMM behaviors. It aims to bridge

the gap between data-driven modeling and physical interpretability, offering insights into how

design parameters influence performance and how these insights can inform both optimisation

and fabrication workflows. Here, an interpretable clustering-based framework is proposed to

segment the AMM design space based on spectral similarity. Using k-means clustering applied

to a dataset of absorption spectra derived from simulations of parametrically varied AMM

geometries, distinct spectral behavior regimes are identified, and these identified clusters

are related to underlying geometric features, and represent subspaces in the design space

where geometries with similar spectral responses can be retrieved. The approach enhances

explainability by integrating statistical analyses of design parameters with visualisations of

cluster-specific spectral trends. This segmentation not only aids in understanding structure-

performance relationships, but also supports more informed and efficient design optimisation,

ultimately contributing to the development of robust, application-specific metamaterials.

7.3 Characterisation of the absorber system

In order to interpret the vast design space of the absorber, an unsupervised clustering tech-

nique is used to identify behavioural regimes in the frequency-absorptivity space. k-means
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clustering is a robust and interpretable method for partitioning the data into distinct regions

based on shared acoustic responses. It is a centroid-based clustering algorithm that min-

imises intra-cluster variance by assigning each data point to the nearest cluster centroid in

Euclidean space [203]. Given the high-dimensional nature and size of the simulation dataset

used in this thesis, k-means is particularly well-suited due to its computational efficiency and

scalability. Moreover, its simplicity allows for intuitive post-clustering interpretation in the

context of AMM geometry and absorptivity behavior.

From a design perspective, k-means enables the identification of latent structure within

the simulation outputs, helping reveal recurring patterns such as resonant absorption zones,

or transitional regions of mixed behavior. These clusters correspond to meaningful physical

regimes and provide a reduced representation of the design space, aiding interpretability

and geometry retrieval. To assess clustering performance, a silhouette score metric [204],

which quantifies how well-defined the clusters are based on the compactness and separation

of the cluster assignments, is used. This value ranges between -1 and 1, where a higher

score indicates better-defined and more distinct clusters. A value close to 1 implies that the

data point is well matched to its own cluster and well separated from neighboring clusters,

while a score near 0 suggests overlapping clusters, and negative values indicate potential

mis-classification.

To enable a more interpretable visual analysis of the high-dimensional spectral data, the

original 901D absorption spectra are reduced to a compact 2D representation by extracting

the peak absorptivity value and its corresponding resonant frequency for each sample. This

reduction preserves key features of the spectra, while also facilitating meaningful clustering

and visualization. Subsequently, k-means clustering is applied to this 2D feature space, where

each point represents a spectrum. The optimal number of clusters, k=5, is selected based on

grid search optimization using the silhouette score as the evaluation metric. This yielded a

moderate silhouette score of approximately 0.47, indicating reasonably well-separated clus-

ters with some overlap or transitional regions. The presence of gradual transitions and sparse

sub-regions can naturally result in lower silhouette values [205]. The resulting segmentation,

shown in Fig. 7.1, delineates distinct regions in the absorptivity–frequency plane, each cor-

responding to a characteristic response type. Each colour in the figure represents a distinct

cluster region as identified in the 2D feature space. The clustering provides an intuitive map
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of the design space and reveals how spectra with similar peak behaviors are grouped, offering

insights into performance trends across the dataset.

The relatively low silhouette score may be attributed to smooth or non-distinct transitions

within the dataset, likely stemming from the data acquisition process and the constraints

imposed during sampling [190]. These effects cause certain data points to deviate significantly

from coherent group structures, resulting in sparse or transitional regions that behave like

noise from a clustering perspective. Such behavior degrades the compactness and separation

of clusters, thereby lowering the overall silhouette score. Despite the moderate silhouette

score, the clustering reveals meaningful segmentation, providing a basis for subsequent region-

specific physical interpretation.

100 200 300 400 500
Frequency [Hz]

0.0

0.2

0.4

0.6

0.8

1.0

Ab
so
rp
ti
vi
ty

0

1

2

3

4

Cl
us

te
r 
ID

Figure 7.1: Cluster analysis of the absorber system using k-means clustering with k =
5. The data points represent peak absorptivity and the corresponding frequency extracted
from the spectral response. Each cluster groups similar absorber configurations, revealing
underlying trends in acoustic performance.

Based on the cluster labels assigned by the k-means algorithm, each sample in the dataset

is associated with one of the five identified clusters. These labels are then used to map the

original 901D spectral responses to their respective clusters. For each cluster, an average

absorption spectrum is computed by taking the mean of all spectra belonging to that group.
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This approach provides insight into the dominant acoustic behavior within each cluster, high-

lighting representative spectral features and variations across different design regimes. The

resulting average spectra for each cluster are shown in Fig. 7.2. Figure 7.2(a) is the rep-

resentative average absorption spectra for each of the five identified clusters. The curves

reflect distinct resonant behaviors and bandwidth information, where each cluster captures

a characteristic frequency-dependent absorptivity profile. This serves to evaluate whether

clusters defined in a highly reduced feature space still reflect meaningful distinctions in the

broader spectral domain. As shown in the figure, each cluster exhibits a distinct absorption

profile, with variations in resonance frequency, peak sharpness, and bandwidth. For instance,

Cluster 2 and Cluster 4, display peaks at low frequencies below 200 [Hz], while Cluster 0 is

characterized by samples with mostly high absorptivities, and a dominant peak around 250

[Hz]. Samples in Cluster 1, which show the broadest absorption peaks, are more common

at higher frequencies, whereas samples with the narrowest peaks dominate Cluster 2 at very

low frequencies. These results suggest that even clustering based on peak information alone

captures significant structural diversity among the spectra. The relatively low overall ab-

sorptivity levels, which is a natural consequence of averaging many individual spectra with

varying peak locations and amplitudes, cause sharp resonance features to be smoothed out.

However, distinct spectral behaviors are still observable. This further justifies the use of

full-spectrum surrogate modeling for nuanced classification, as it incorporates the complete

energy distribution and enables more accurate inference of geometric design classes. Figure

7.2(b) shows the distribution of samples across the clusters. Cluster 4 contains the largest

proportion of samples. This suggests that a significant portion of the absorber designs are

concentrated in this regime, potentially reflecting the physical design space or parameter

constraints that favor low-frequency absorption, potentially biasing predictions toward this

majority class. In contrast, the remaining clusters exhibit more balanced but comparatively

smaller sample populations within the spectral space.
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Figure 7.2: (a) Averaged absorptivity spectra corresponding to each of the five clusters,
illustrating distinct spectral behaviors. (b) Histogram showing the number of samples per
cluster, with Cluster 4 dominating the distribution, indicating a significant concentration of
responses in the low-frequency range.

7.3.1 Design-space mapping of spectral clusters

To gain physical insight into the clustering outcomes and their implications for metamaterial

design, it is essential to relate the identified spectral clusters back to the underlying geometric

parameters of the absorber structures. While the clustering was performed in a reduced

spectral space, specifically using the peak absorptivity and its corresponding frequency, the

original dataset was generated from a physics-based simulation model in which each sample

corresponds to a unique configuration of geometric design parameters. This section aims

to reveal the structural organisation of the clustering outcome by projecting the cluster

labels back onto the geometric design space. This analysis provides deeper insight into the

relationship between design structure and acoustic response.

Each absorber configuration in the dataset is parameterised by a set of geometric de-

scriptors, i.e., H, Ls, p, and Nt. By examining the distribution of these parameters across

the assigned cluster labels, a reverse-mapping is performed from performance space to design

space, thereby uncovering patterns that drive cluster formation. This approach provides a

view of how regions in the design space give rise to localized behaviors in the spectral domain.

More so, the projection enables the identification of dominant geometric features associated

with specific acoustic regimes and provides actionable insights for guiding the inverse design
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of AMMs prior to running computationally expensive finite element simulations or predictive

modeling. By characterising the geometric composition of each spectral cluster, designers can

leverage this knowledge to target desired absorption behaviors through informed parameter

selection.
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Figure 7.3: Boxplot distributions of geometric design parameters across the identified clus-
ters. Each subplot corresponds to a specific parameter: (a) spacing between turns, p, (b)
number of turns, Nt, (c) side length of cavity, Ls, and (d) absorber thickness, H. The
boxplots reveal the intra-cluster variability and inter-cluster differences in parameter dis-
tributions, providing insights into how design parameters are grouped within each cluster.
Notably, some parameters exhibit strong clustering trends, such as distinct separation in p
and Nt, while others show overlapping ranges, indicating shared design characteristics.

Fig. 7.3 shows the distribution of design parameters across the five clusters. Each boxplot

summarizes the spread and central tendency of each parameter within a cluster, providing

insights into the structural regularities that define the clustering. In particular, Cluster 2

shows the lowest median and tightest spread in p, indicating consistently compact spiral
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designs. Cluster 0 also has a relatively low median but with greater variability. Conversely,

Clusters 1, 3, and 4 exhibit significantly higher median values, with Cluster 3 having the

highest spiral spacing overall, implying more variability in the spiral spacing. Cluster 1 and

Cluster 3 have relatively low median Nt values, implying fewer number of turns per design.

These represent compact-channel designs better suited for high-frequency absorption, while

Cluster 2 shows the highest median and widest spread, reflecting a concentration of designs

with densely wound spirals and significantly varying. Designs here are more tuned toward low-

frequency performance due to the longer spiral path that increases phase delay and viscous

losses at lower frequencies. Ls exhibits a clear upward shift in median values for Clusters 2

through 4, which may indicate that wider cavities are more characteristic of the structures

in Clusters 2–4. Clusters 0 and 1 contain designs with more compact cavity sizes, Ls, as

reflected by their lower medians and interquartile ranges. H appears relatively consistent

across all clusters, with overlapping interquartile ranges and similar medians. The lack of

strong separation suggests that H may contribute less to the cluster differentiation relative

to the other parameters.

In general, the inter-cluster variability in p and Nt is particularly significant, implying

these parameters exert stronger influence in differentiating the acoustic behaviour encoded

by the clusters. In contrast, the broader overlaps in H and Ls distributions suggest these

features are less discriminative. Outliers in multiple clusters also highlight rare or edge-

case geometries, potentially associated with performance anomalies or constraints in the

design space, and may contribute to designs without a clearly defined cluster group. Overall,

interpretable, physically meaningful patterns are revealed in the design parameterization,

reinforcing the connection between structural configuration and emergent acoustic behavior.

7.4 Discriminative analysis based on ANOVA

To quantitatively assess the contribution of each geometric parameter to the formation of

spectral clusters, a one-way analysis of variance (ANOVA) was performed on the clustered

dataset. Unlike traditional ANOVA, which tests a factor across multiple groups simultane-

ously, a one-vs-rest strategy is considered here. For each cluster, the distribution of individ-

ual design parameters was statistically compared against the combined data from all other

clusters, allowing the extent of each parameter’s discriminative power to be measured. The

resulting F-statistics quantify how strongly each geometric feature contributes to inter-cluster
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separation. These values are compiled and visualized in the heatmap of Fig. 7.4, where the

horizontal axis lists the geometric parameters, and the vertical axis represents the identi-

fied clusters. Color intensity reflects the F-value magnitude, with warmer tones indicating

greater discriminatory strength. From this visualization and the corresponding statistics, the

following key insights can be drawn:

• Cluster 0: Ls emerges as the most dominant factor, exhibiting the highest F-value

(≈ 39,984), indicating it is the principal geometric determinant here, and hence most

effective for tuning the spectral performance in this group . H shows moderate influence,

whereas p demonstrates comparatively low discriminative power for this cluster.

• Cluster 1: Both Nt and Ls serve as the primary discriminants, with F-values of

approximately 35,546 and 30,792, respectively. This suggests a co-influence of these

parameters in defining the cluster’s acoustic behavior. p contributes marginally, while

H plays a negligible role.

• Cluster 2: A strong dominance of p is evident, with an F-value nearing 47,925. Nt

contributes secondarily, while the markedly lower F-value of Ls implies a limited role

in the formation of this cluster’s spectral profile.

• Cluster 3: This cluster is most strongly influenced by p, which shows the highest

F-value across all clusters (≈ 79,423). Additional contributions from Nt and H suggest

a multi-parametric influence, though p remains the dominant feature.

• Cluster 4: The discriminative influence is determined by Nt and Ls, with respective

F-values of approximately 39,787 and 23,509. p plays a secondary role, while H, despite

its comparatively lower F-value, remains statistically significant and may indicate subtle

but consistent design sensitivity.

Thus, the dominant parameters driving the clustering are the spiral spacing, p, and num-

ber of turns, Nt, as evidenced by their consistently high ANOVA F-values across multiple

clusters. These parameters exhibit the greatest discriminatory power in separating the ge-

ometric configurations of the AMM designs. This trend is also observed in the boxplots of

Fig. 7.3, suggesting that these parameters serve as primary levers for controlling the acoustic

behavior of the absorber.
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Figure 7.4: Heatmap of ANOVA F-values showing the statistical significance of each geo-
metric parameter across identified clusters. Higher F-values indicate greater variance between
a specific cluster and the remaining dataset for a given parameter, reflecting its discrimina-
tive importance in the clustering structure. The color scale highlights the magnitude of these
differences.

7.5 Design implications based on cluster characteristics

The clustering results and accompanying statistical analysis provide actionable insights into

the selection of geometric configurations tailored to desired system behaviors. By examining

the dominant parameters within each cluster, one can infer the most suitable cluster alignment

based on specific performance goals or constraints.

7.5.1 Cluster-specific geometric profiles

Each cluster represents a statistically distinct grouping of geometric configurations, corre-

sponding to characteristic absorption behaviors. The dominant parameters within each clus-

ter, identified through ANOVA F-tests and visualized using heatmaps and boxplots, highlight

which geometric features most strongly influence the observed spectral characteristics. These

features serve as levers for tuning performance. Table 7.1 summarizes the dominant geometric

drivers and their likely impact on resonance behavior.

This cluster-wise profile analysis offers a practical, data-driven approach to inverse design.

Designers can begin by selecting a target acoustic behavior, then identify the clusters that

exhibit matching parameter profiles. Within each cluster, performance can be effectively
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Table 7.1: Cluster-wise summary of dominant geometric features and their acoustic impli-
cations
Cluster Dominant fea-

tures (based on
ANOVA F values
in Fig. 7.4)

Spectral characteris-
tics (based on Fig.
7.1)

Influence on resonance
behavior

0 Ls (dominant), H
(moderate), p (low-
est)

Broad absorption
peaks, mostly high
absorptivities

Ls strongly impacts resonance
behavior

1 Nt, Ls (very strong),
p (moderate)

Broadest absorption
peaks

Resonance behavior strongly
influenced by Nt and Ls

2 p (very strong), Nt,
H (moderate)

Narrowest absorption
peaks, mostly low ab-
sorptivities

p strongly impacts resonance;
Nt, H introduce secondary
control

3 p, Nt (highly domi-
nant), H (moderate)

Intermediate peak
widths

p and Nt exhibits stronger in-
fluence in resonance tuning

4 Nt, Ls (very strong) Narrow peaks Resonance strongly influenced
by Nt and Ls

tuned by focusing on the most influential geometric parameters, as summarized in Table 7.1.

This approach not only streamlines the prototyping phase but also enhances design efficiency,

interpretability and control over the design-performance relationship.

7.6 Surrogate classifier

To facilitate straightforward mapping of spectral profiles to distinct geometric design cate-

gories, a surrogate classification model is introduced to systematically link absorption spectra

to clustered classes. This approach transforms the unsupervised clustering outcome into a

tractable classification task, allowing the identification of spectral characteristics responsible

for cluster assignment. Among various candidate classifiers, a Random Forest (RF) model is

selected due to its inherent interpretability, robustness to overfitting, and capacity to han-

dle high-dimensional input data without extensive pre-processing. Unlike linear models or

black-box neural networks, RFs offer a structured ensemble of decision trees, where each split

provides insight into the most discriminative features for classification. Here, the classifier

is trained using the full-resolution absorption spectra (901D inputs) as features, with the

cluster labels, derived from k-means clustering, as target outputs. The dataset is first parti-

tioned into training and testing subsets, with 80% of the samples allocated for model training

and the remaining 20% reserved for evaluation. This split ensures that the model’s perfor-

mance can be validated on unseen data, thereby assessing its generalizability and robustness
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in predicting cluster membership for new absorption profiles. This formulation not only re-

inforces the validity of the clustering structure, but also enables backward interpretation:

given a desired spectral response, one can infer the most likely cluster and, by extension,

a representative class of geometric designs. The 901D input spectra are transformed into

a significantly lower-dimensional representation using a dimensionality reduction technique.

While several methods such as UMAP, t-SNE, and principal component analysis (PCA), can

be used for this purpose, PCA is chosen here due to its linear nature and the interpretability

of its resulting components. Unlike nonlinear approaches (e.g., UMAP and t-SNE), which

are effective for visualization but do not yield components directly relatable to the original

spectral features, PCA enables a direct mapping between principal components and the orig-

inal variables. The optimal number of components is determined via a grid search, selecting

the smallest number of components that retain at least 95% of the cumulative explained

variance, thus preserving most of the original data’s variance while ensuring dimensionality

reduction. Figure 7.5 shows the result of the optimization, indicating that 22 principal com-

ponents are sufficient to capture 95% of the cumulative variance in the data. Consequently,

the original 901D spectral dataset is reduced to a 22D representation, significantly lowering

the data complexity while preserving most of its variance. Importantly, the reduced features

remain interpretable, as each principal component corresponds to a linear combination of the

original spectral features.
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Figure 7.5: Optimal search for the number of principal components. The figure illustrates
the evaluation process used to determine the ideal number of principal components to retain
for dimensionality reduction. By analyzing the variance explained across different numbers
of components, the optimal balance between model complexity and accuracy is determined.
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Next, the RF classifier, as depicted in Fig. 7.6, is trained based on the PCA components

to map spectral profiles to cluster labels. The RF is configured with 200 decision trees (DT).

Figure 7.6: Schematic illustration of the Random Forest (RF) classifier architecture. The
model consists of an ensemble of N = 200 decision trees, each trained on a bootstrapped
subset of the training data with randomly selected feature subsets at each split. The RF
aggregates the predictions from all constituent trees through majority voting to assign a final
class label. This ensemble strategy enhances generalization, reduces overfitting, and improves
robustness to noise in high-dimensional input spectra.

To evaluate the effectiveness of the classifier, its performance is assessed using a confusion

matrix, as shown in Fig. 7.7. A classification accuracy of approximately 99% is obtained

on the test set which shows the adequacy of the model. The diagonal elements (top-left to

bottom-right) represent correct classifications, and off-diagonal values represent misclassifi-

cations. Overall, the matrix is highly diagonal, indicating very high accuracy. The following

can be observed from the figure:

• Cluster 0 has minor misclassifications into clusters 2, 3, and 4 (35, 37, and 63 respec-

tively).

• Some bi-directional, meaningful cross-talk between clusters 3 and 4, which is not unex-

pected if these clusters share geometric or spectral similarities.

• Cluster 3 shows the highest number of misclassifications, though still a minor fraction.

Misclassified mostly as Clusters 0, 1, 2 and 4 (likely due to overlaps in spectral response).

• Cluster 4 has small spillover into clusters 0, 1, and 3.

Despite the overall high classification accuracy, a degree of cross-talk is observed specifi-

cally between clusters 3 and 4 in the confusion matrix. This phenomenon, characterized by

153



Design Space Segmentation 7.7. DESIGN SCENARIOS

mutual mis-classification, suggests a degree of geometric or spectral similarity between these

clusters. Specifically, the acoustic absorption profiles corresponding to clusters 3 and 4 may

exhibit overlapping features, causing the classifier to encounter ambiguity when delineating

their boundaries. Such overlap may indicate a design continuum, where small geometric

variations result in only marginal spectral shifts. Rather than indicating model failure, this

cross-talk can provide meaningful insight into the sensitivity and proximity of certain design

regimes, reinforcing the importance of considering transitional behaviors in geometric tuning.

� � � 	 

������
�������
��

�
�

�
	



��
��

��
��
�

��

����� � �� �� ��

� ���� � � �	

�� � ���� �� �

�� �� �� 	��� ��

�� �� � �� �	��

�

����

�����

�����

�����

Figure 7.7: Confusion matrix illustrating the classification performance of the surrogate
model in predicting geometric cluster labels from absorption spectra. The diagonal entries
indicate correctly predicted samples for each cluster, while off-diagonal elements represent
misclassifications. High values along the diagonal suggest strong model accuracy, with mini-
mal cross-talk between clusters. This performance supports the utility of the surrogate model
in reliably mapping spectral responses to design-relevant geometric groupings.

7.7 Design scenarios

To demonstrate the practical utility of the proposed segmentation framework, we present

case studies that show how a designer can leverage the analysis to derive suitable geometric

configurations from a target absorption spectrum.
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7.7.1 Design objective

Assume a designer aims to fabricate a structure that exhibits strong acoustic absorption

within a narrow frequency band, specifically between 140–160 [Hz]. The target absorption

spectrum, shown in red, in Fig. 7.9, is presented over the 130–180 [Hz] range. The trained

classifier is used to predict the most probable geometric cluster that aligns with this spectral

response. That said, the input spectrum is predicted as belonging to Cluster 0, a group

characterized in Fig. 7.1 as having high absorptivities and mostly influenced by Ls. With the

cluster label determined, the designer now refers to the geometric characteristics of Cluster

0, informed by: 1) the boxplot of Fig. 7.3, which reveals the typical ranges of the geometric

parameters within the cluster, 2) the ANOVA/heatmap analyses of Fig. 7.4, which indicates

the parameter Ls as the most significant parameter to control the resonance behavior. The

designer can use this information to select parameter values within the interquartile range

corresponding to Cluster 0, while Ls may be prioritized to fine-tune performance. For ex-

ample, p, Nt, and H, may be set at the median values of the cluster, as indicated by the

horizontal lines in the corresponding boxplots for cluster 0, while Ls may be adjusted more

freely to achieve the target response.

However, we acknowledge that manually selecting suitable combinations of parameter

values from these distributions can be challenging, especially when many parameters are

involved and interact in complex, nonlinear ways. An alternative approach is to perform

a bounded traditional optimization over this subspace. While this approach is feasible, it

introduces additional computational overhead and may compromise the inherent geometric or

manufacturing constraints present in the training dataset. To address this issue, we introduce

a unified pipeline for design-space segmentation and present two alternative methods for

automated geometry retrieval based on predicted cluster labels.

7.8 Geometry retrieval from cluster ID

Owing to the challenge that may arise from recovering the final geometry from the predicted

subspace, two approaches are proposed to facilitate the retrieval process: a non-parametric

nearest-neighbor heuristic (NNH) and cluster-wise regression models (CRMs).

• Nearest neighbor heuristic (NNH): This performs a non-parametric retrieval by

identifying the closest spectrum within the predicted cluster. The corresponding geo-

metric parameters of the nearest m training samples are returned as candidate designs.
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This retrieval approach allows multiple candidate designs to be returned for a given

target spectrum, providing the designer with flexibility to select the geometric profile

best suited to their application. Moreover, by restricting the search to the predicted

cluster, the method maintains semantic consistency with the learned segmentation of

the design space. The NNH approach is computationally efficient, requires no addi-

tional model training, and guarantees physically realizable geometries as it draws from

the existing dataset. However, it is limited to retrieving previously encountered designs

and does not generalize beyond the training data.

• Cluster-wise regression models (CRMs): Here, a separate regression model (e.g.,

a random forest regressor) is trained within each cluster to learn the mapping from

spectra to geometric parameters. Once a spectrum is classified into a cluster, the as-

sociated regressor is used to predict the geometric configuration. This method has the

advantage of generating unseen or interpolated designs within the cluster’s design sub-

space, offering greater flexibility. Thus, each cluster is summarized by a representative

regression model that captures the local structure-performance relationship. Unlike the

NNH approach, CRM produces a single geometry per spectrum and may come with

computational overhead.

The two approaches represent a trade-off between interpretability and generative capabil-

ity. The NNH method is more interpretable and favors fast, conservative retrieval of existing

designs, whereas CRM enables exploratory design synthesis by learning mappings within each

clustered region of the design space. For simplicity and transparency, NNH is adopted in all

case studies considered in this paper. This retrieval method also preserves any geometric/-

manufacturing constraints imposed on the training dataset. The segmentation-classification-

retrieval framework is streamlined into a unified pipeline, as illustrated in Fig. 7.8. The

encircled region in the figure corresponds to the segmentation-classification stage, while post-

processing is handled by the NNH, which retrieves candidate geometries from the predicted

subspace (cluster). In this pipeline, clustering is performed on the PCA-reduced features, in

contrast to the previous analysis where only peak features extracted from the original spectral

data were used for clustering.

Note that clustering can also be performed directly on geometric parameters rather than

on spectral responses, as done in this work. However, geometric proximity does not nec-

essarily guarantee similar acoustic behavior. Such geometry-based clustering may be more
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Figure 7.8: Modularized pipeline of the segmentation framework. The workflow consists of:
(1) applying PCA to compress the spectral data; (2) clustering the reduced representation
using k-means to define discrete regions in the design space; (3) training an RF surrogate to
predict the cluster label of new spectral inputs; and (4) retrieving m geometry candidates
using the nearest-neighbor heuristics within the predicted cluster.

appropriate for forward modeling tasks, where the objective is to predict the acoustic response

of a given geometry. Importantly, the clustering here is not intended solely to maximize com-

pactness, but to segment the design space in ways that enable interpretation, prediction, and

retrieval. Consequently, standard metrics such as silhouette score, which optimize compact-

ness and separation, may not fully capture suitability for these downstream tasks. In some

cases, a clustering with a lower silhouette score may actually yield better results for retrieval

task.

Clustering on PCA-reduced spectral features was briefly investigated and, although k = 37

clusters was found to be optimal in this case based on silhouette score of ≈ 0.3, relying solely

on this metric may not necessarily be adequate for the retrieval task, and the most appropri-

ate value of k may ultimately depend on the quality of the geometries retrieved for a given

input spectrum. Initial experiments suggest that the influence of k on retrieval performance

is relatively minor. For instance, both k = 5 from previous clustering (Fig. 7.1) and k = 37

based on PCA-reduced features, yielded the exact same set of geometries. However, one may

argue that the input spectrum used in this test lies within a well-defined (i.e., consistently

clustered) region of the design space. As such, this observation may not yet be generalizable

across the entire space. Furthermore, interpretability of the proposed segmentation frame-

work is influenced by k. Too few clusters risk merging distinct spectral regimes, obscuring

clear geometry–performance relationships, while too many clusters may fragment the design

space into overly specific groups with limited generalizability. An intermediate k balances

resolution and sample diversity, allowing dominant geometric trends to emerge within each
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cluster. Consequently, the optimal k for interpretability is not necessarily the value that

maximizes standard clustering metrics, but rather the one that best preserves meaningful

structure for downstream prediction and geometry retrieval.

For simplicity and consistency with the case study in Section 7.7, the value of k = 5

is maintained. We then retrieved m = 5 candidate geometries corresponding to the target

response shown in Fig. 7.9, with the resulting geometries (G) summarized in Table 7.2.

Table 7.2: Geometric parameter values of the 5 retrieved geometries corresponding to the
target spectrum within the predicted Cluster 2.

p Nt Ls H

G1 2.11 [mm] 2.29 42.63 [mm] 14.79 [mm]
G2 2.32 [mm] 3.44 31.15 [mm] 16.29 [mm]
G3 2.6 [mm] 1.94 49.48 [mm] 18.91 [mm]
G4 2.68 [mm] 2.32 42.998 [mm] 18.87 [mm]
G5 2.77 [mm] 2.29 43.53 [mm] 19.75 [mm]

It is important to note that the scatter plot in Fig. 7.1 is based on only two summary

features extracted from each spectrum: the maximum absorptivity and its corresponding

frequency. Clustering in this reduced feature space simplifies the spectral representation

by ignoring details beyond the peak, enabling intuitive visualization of the design space.

However, in the unified framework shown in Fig. 7.8, clustering is performed on PCA-

reduced features which is expected to improve classification performance due to enhanced

representational fidelity.

While Euclidean distance in PCA-reduced space, dPCA, provides a practical and efficient

heuristic for spectrum retrieval, it may under-emphasize critical features such as peak ampli-

tude or location, as it treats all points equally, i.e., every frequency bin contributes the same

to the overall distance. To better capture more relevant features, a composite distance score

that incorporates both global similarity (via PCA) and domain-specific peak characteristics,

is introduced. The scoring function aggregates spectral similarity and physical feature align-

ment via a weighted sum. The resulting scores are sorted in ascending order, and the top m

geometries corresponding to the lowest scores are returned as the best matches.

score = γ.dPCA + β.|f targetp − fp,i|+ ζ.|αtarget
p − αp,i|, (7.1)

where fp is the peak location, αp is the peak amplitude at resonance, and the subscript

’target’ and ’i’, refer to the query spectrum and the i−th candidate spectrum in the predicted
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Figure 7.9: The target absorption spectrum (shown in red circles) is provided as input to
the NNH module depicted in Fig. 7.8. The classifier predicts the most appropriate cluster
label from the segmented design space, which is then used by the NNH to retrieve candidate
geometries. The curves labeled G1 through G5 represent the simulated absorption responses
of the retrieved geometries listed in Table 7.2.

cluster, respectively. γ emphasizes spectra similarity in PCA-reduced space, β emphasizes on

matching peak frequency, and ζ on matching peak amplitude. Setting all weights to 1 gives

equal importance to global PCA-based similarity, frequency alignment, and peak amplitude

matching.

In practical scenarios, simulated responses from analytical or numerical models are often

not available as inputs. Therefore, alternative ways of representing the desired acoustic

response must be used. These alternatives should capture the essential spectral characteristics

of the target response to be effective. In this work, we investigate the use of synthetic input

waveforms, specifically Gaussian, triangular, and rectangular shapes, as proxies for target

spectra.

Figs 7.10(a), 7.10(b), 7.10(c), and 7.10(d) further demonstrate the pipeline’s flexibility by

using different inputs types, highlighting its adaptability in handling diverse spectral shapes.
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A key observation across these tests is the influence of the scoring parameters on retrieval

performance. For all cases, weights were set as γ = 1, β = 0.1, and ζ = 3, prioritizing peak

amplitude alignment. Notably, setting γ = 0 in Figs 7.10(a) and 7.10(c) shifts the retrieval

toward broader responses that better capture the broad shape of the input spectrum. The

pipeline successfully processed these target spectra, despite not being drawn from the original

training data, and returned geometries whose simulated responses closely matched the inputs.

This illustrates the method’s ability to generalize beyond training spectra characteristics,

and adapt to diverse, user-defined spectral goals. Moreover, by tuning the scoring weights,

designers can prioritize features such as peak amplitude or spectral shape, further enhancing

design control.
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Figure 7.10: Performance of the segmentation framework to varying input types. The pre-
dicted acoustic responses are based on analytically simulated geometric parameters retrieved
from the NNH module. This allows to validate the accuracy of the retrieved parameters. All
cases use scoring weights γ = 1, β = 0.1, and ζ = 3, unless otherwise specified.

While the segmentation-based method is efficient and interpretable, its performance is

sensitive to data coverage and clustering quality; insufficient sampling or ill-defined clusters
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Table 7.3: Comparison between deep learning and segmentation-based methods for inverse
modeling.
Criterion Deep Learning (e.g., MLP, CNN,

VAE)
Segmentation-based (PCA +
Clustering + RF)

Training time High – minutes to hours; often re-
quires GPU

Low – seconds to a few minutes (≈ 3
[min] in this work); CPU is sufficient

Inference time Fast – milliseconds Fast – milliseconds to sub-seconds (≈
0.7 [s] in this work)

Prediction accuracy High – yields accurate result with
enough data and tuning

High – retrieved geometries produce
spectra closely matching the target
when clusters are well formed

Interpretability Low – black-box behavior High – transparent, cluster-based
pipeline

Model complexity High – many layers, parameters, and
hyperparameters; harder to debug and
maintain

Low – modular structure with inter-
pretable components; easier to main-
tain and adjust

Constraint preserva-
tion

Needs explicit constraint enforcement Inherent – preserves training data
structure

Generative capabil-
ity

Yes – can produce novel, unseen de-
signs

No – retrieval-based, not generative

Design flexibility High – generalizes across design spaces Moderate – constrained by training
data distribution

Multi-solution re-
trieval

Limited – typically one output per in-
put

High – returns multiple geometry op-
tions per input

Data efficiency Low – needs large datasets High – effective with fewer samples
Domain knowledge
integration

Challenging – requires architectural
embedding

Natural – reflected in clustering and
scoring

may lead to poor retrieval accuracy. The following scenarios highlight key strengths of the

developed framework:

• Design interpretability: Provides insight into why specific geometries are recom-

mended.

• Efficiency: Avoids exhaustive forward simulations by directly mapping spectra to

geometric clusters.

• Flexibility: Facilitates exploration of alternative designs within the geometric vari-

ability of a cluster.

• Robustness: Maintains similar spectral responses within a cluster, even under para-

metric variations.

7.9 Practical application to room acoustics

In this section, the segmentation framework is extended to the broadband case for room

acoustic application. The aim here is to generate optimised broadband geometry that is
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tailored to room-specific modal behavior and layout. The resulting design aims to maximise

absorption efficiency within the 100–200 [Hz] range while minimising structural footprint and

material usage. The generated geometry was evaluated through finite element simulations and

validated against experimental reverberation time (RT60) measurements in a partially evac-

uated office environment. Performance is benchmarked against a commercial 10 [cm] thick

Spektra A10 absorber. The way sound is perceived within a room results from both direct

sound, traveling straight from the source to the listener, and reflected sound, which bounces

off various surfaces. Key contributors to these reflections include architectural features such

as walls, floors, and ceilings, but other objects, including furniture and even people, can also

influence sound propagation. How sound interacts with a surface depends on factors such as

the material composition and the angle at which the sound wave strikes it. The acoustical

analysis of a room is essential for understanding and optimizing the behavior of sound within

enclosed spaces for optimal sound experience. The interaction of sound waves with surfaces,

objects, and air affects how sound is perceived, making room acoustics a critical factor in

designing environments such as concert halls, theaters, recording studios, classrooms, offices,

and residential spaces [206]. Poor acoustic design can lead to issues such as excessive rever-

beration, speech intelligibility problems, and unwanted echoes, which degrade the quality of

auditory experiences. Artificial intelligence (AI) has emerged as a transformative tool in the

field of acoustics, revolutionizing acoustic design by enabling advanced noise control solu-

tions. With its ability to analyse vast amounts of data and predict sound behavior with high

precision, AI allows for the creation of customized acoustic environments tailored to specific

needs, empowering designers to achieve targeted sound control with greater efficiency, and

achieving optimized acoustics in spaces ranging from open offices to concert halls, while re-

ducing time and resources spent on traditional trial-and-error approaches. The two primary

methods for modelling room acoustics are based either on solving the Helmholtz wave equa-

tion or its variants, or on the principles of geometrical acoustics which form the foundation of

ray acoustics. Geometrical acoustics, a commonly used approach for room acoustic modeling

[206–209], treats sound propagation as rays and disregards its wave nature. This assumption

is accurate at high frequencies where the sound wavelength is much smaller than the objects

and room features (e.g., walls, furniture). However, at low frequencies, wave phenomena such

as diffraction and interference become more pronounced, leading to significant small-scale ef-
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fects that geometrical acoustics cannot account for, thus necessitating wave-based methods

such as the finite element modeling (FEM) or a hybrid approach [210].

7.9.1 Room description and numerical modelling

Here, the wave-based approach to modelling room acoustics is adopted using COMSOL mul-

tiphysics. The considered office space is a rectangular room of dimensions 580 [cm] × 266

[cm] × 280 [cm], with a window of dimensions 130 [cm] × 54 [cm] × 180 [cm] as depicted in

Fig. 7.11(a). The office is constructed with solid concrete and brick surfaces with reflective

acoustic characteristics. The walls are made of exposed bricks, offering high mass and rigidity.

This results in strong sound reflection, with minimal sound absorption at lower frequencies.

The surface texture of the brick may introduce some diffusion at mid-to-high frequencies.

The ceiling consists of a solid reinforced concrete slab, providing a highly reflective surface

that contributes to sound reverberation within the room. The lack of absorption may lead

to longer decay times for higher frequencies unless treated with acoustic materials. The floor

is a polished concrete surface, which is both acoustically reflective and structurally robust.

The smooth finish enhances high-frequency reflections, potentially increasing room bright-

ness. The window is a rectangular opening with a shallow cavity ending in the glass backing.

The glass pane, set at the rear of the cavity, influences both sound reflection and absorption

characteristics.

The acoustic response of the room is modeled using the lossless Helmholtz wave equation

within the Pressure Acoustics Module of COMSOL® Multiphysics. The medium is excited

with a monopole domain source, applied through a spherical volumetric source. This con-

figuration approximates an omnidirectional point source, which is representative of a typical

loudspeaker or sound source in enclosed spaces. The spherical region ensures uniform radi-

ation of acoustic energy in all directions, minimizing directional bias and better simulating

diffuse field conditions assumed in statistical models such as the Sabine and Eyring formulas.

Boundary conditions are assigned to the room surfaces and furniture based on their re-

spective material properties, as detailed in Table 7.4, and their absorptivities across octave

band center frequencies are obtained from the literature [211, 212]. The computational do-

main is discretized using a tetrahedral mesh, with a maximum element size of λ/7, where λ

represents the wavelength corresponding to the highest frequency of interest.

163



Design Space Segmentation 7.9. PRACTICAL APPLICATION TO ROOM ACOUSTICS

Table 7.4: Absorption coefficients of the surface materials in the investigated office space.
Surface Absorptivities in octave bands

Type Material 125 [Hz] 250 [Hz] 500 [Hz] 1000 [Hz] 2000 [Hz] 4000 [Hz]

Window Glass 0.18 0.06 0.04 0.03 0.02 0.02
Window frame Plywood 0.28 0.22 0.17 0.09 0.1 0.11
Ceiling/floor Concrete 0.01 0.01 0.015 0.02 0.02 0.02
Door Wood 0.1 0.07 0.05 0.04 0.04 0.04
Side walls Brick 0.03 0.03 0.03 0.04 0.05 0.07
Table Wood 0.15 0.11 0.10 0.07 0.06 0.07

Figure 7.11: Illustration of the office space drawing simulated in COMSOL. (a) shows the
CAD drawing of the room with a table, book shelve and a drawer, and (b) shows the map of
the speaker-microphone positions during measurements.

7.9.2 Reverberation time

Reverberation is a key acoustic parameter that defines how sound persists in a room after

the source has stopped [213]. It significantly impacts both speech intelligibility and musical

quality. Excessive reverberation can blur speech by masking short consonant sounds, while

insufficient reverberation can make music sound lifeless and lacking in richness. The rever-

beration time, RT60, is the duration required for the sound level to decay by 60 dB after the

source ceases. This metric provides insight into the room’s acoustic properties and can be

measured empirically by analyzing the sound pressure level over time. The RT60 in frequency

domain is commonly computed according to the Sabine formula [214] in Eq. (7.2)

RT60 =
0.161V

A
, (7.2)

where V is the volume of the room, and A is the total equivalent absorption area given

by
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A =
∑

(Si.αi), (7.3)

where Si is the effective surface area of each material in the room, and αi is the absorption

coefficient of the material. The Sabine formula assumes that sound energy is uniformly

distributed within the room, with minimal influence from objects and furniture on the overall

acoustic response. However, in practice, perfect sound diffusion is rarely achieved, requiring

adjustments in some cases to account for furniture or surfaces not accounted for due to the

assumption.

7.9.3 Measurement setup

Reverberation time measurements are conducted in accordance with the ISO 3382-2:2008

standard. Two microphone positions, M1 and M2 are marked within the room, spaced at

least 1 [m] from the nearest reflecting wall, and avoids symmetric positions. Three sound

source positions are utilized: two located at opposite corners of the room (S1 and S3) and

one at the center, S2 (see schematic in Fig. 7.11(b). The excitation signal is a time-domain

logarithmic sine sweep, providing a high signal-to-noise ratio and enabling deconvolution to

extract the room impulse response from which RT60 is estimated via Schroeder integration.

The sweep is generated at –12 [dBFS] with a sampling rate of 44.1 [kHz].

A total of 3P2 ( = 6) source-microphone combinations were measured, and the results

were averaged to obtain a single representative reverberation time curve. The office measure-

ment setup comprises a Genelec 8020B active monitoring loudspeaker and an omnidirectional

microphone, connected to the output and input channels, respectively, of a Focusrite Scarlett

2i4 audio interface. The measurement signals are generated and analyzed using Room EQ

Wizard (REW) V5.31.3, allowing for precise estimation of the decay characteristics of the

room impulse response.

7.9.4 Model validation and results

Figure 7.12 shows the one-third octave RT60 of the office space without any acoustic treat-

ment. The measurements at each speaker-microphone position are shown in gray, while the

average response is indicated in red (refer to Fig. 7.11(b) for speaker-microphone position-

ing). It is noteworthy that the office space was already in use, meaning some items could

not be removed during measurements, which may have impacted the room’s response. Sub-

sequently, the numerical RT60 is compared to the experimental results. Initial simulation
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shows that the numerical model tends to overestimate the reverberation time. This discrep-

ancy is likely due to the presence of surfaces, crevices, cavities, and other elements within

the office space that are not fully accounted for in the numerical model. To correct for this,

the unknown absorption characteristics are estimated by calculating the absorption area re-

quired to match the difference between the numerical and experimental RT60 responses. This

”deficit” in absorption area is used to generate frequency-dependent absorption data, which

are subsequently applied to a section of the room’s wall in the numerical model. The required

absorption area is computed using Sabine’s equation as

∆A(f) = Aexp(f)−Anum(f) =
0.161.V

RT exp
60

− 0.161.V

RTnum
60

, (7.4)

So that the correction absorption coefficient, ∆α(f), is then obtained according to Eq.

7.5

∆α(f) =
∆A(f)

Acorr
, (7.5)

where Acorr is the correction absorption area. The result of this correction is shown in

Fig. 7.13 which validates the numerical for subsequent analysis.
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Figure 7.12: Acoustic response of the space measured using a logarithmic sine sweep exci-
tation showing the reverberation time (RT60) and decay characteristics of the space.

Having validated the numerical room model against experimental measurements, a simu-

lation study was conducted to evaluate the performance of a machine learning-based AMM

absorber in comparison to a conventional industrial absorber, the Spektrum A10, which con-

166



Design Space Segmentation 7.9. PRACTICAL APPLICATION TO ROOM ACOUSTICS

10
2

10
3

Frequency [Hz]

0.5

0.6

0.7

0.8

0.9

1

1.1

1.2

1.3

R
T

6
0

 [
s

]

Experimental

Numerical

Figure 7.13: Comparison between experimental and numerical reverberation times after
correcting for the unknown absorption area in the space.

sists of a fabric cover and mineral wool core, with dimensions 60[cm] × 60 [cm] × 10 [cm].

To achieve a desired broadband response, the segmentation framework (Fig. 7.8) was used to

retrieve the geometric parameters for fabrication purposes. The target input spectrum was

generated based on the room’s reverberation response (Fig. 7.12) using a multi-Gaussian

curve with randomised peak heights, and applied to the numerical model . For validation

purposes, the predicted geometry from the NNH module was analytically simulated and the

response compared to the desired input as shown in Fig. 7.14. Note that the absorption

response corresponding to the predicted geometric parameters from the NNH module may

also be recovered and used as the desired spectrum that is applied to the numerical model.

A fabricated sample of the AMM absorber is shown in Fig. 7.15(b). Each unit consists of

a supercell comprising four inhomogeneous cells (described in Chapter 3), with each cell tuned

to a different target frequency. In the numerical simulation, the corresponding absorptivities

of the AMM are assigned to a 60[cm] × 60 [cm] square area on the room surfaces and

ceiling. The maximum thickness of the AMM units is 4 cm, in contrast to the Spektrum A10

(Fig. 7.15(a)), which has a thickness of 10 [cm].

For the private office space under consideration, it is desired to have RT60 between

say 0.4 ≤ RT60 ≤ 0.6 [s] at low frequencies (< 200 [Hz]) to improve speech intelligibility

and reduce listener fatigue from reflected noise. Thus, a broad range of 100 to 200 [Hz]

with absorptivities higher than 0.8 is presented to the encoder for which the corresponding
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Figure 7.14: Comparison between the predicted response and the desired input curve,
generated from 4 Gaussians with randomised peak heights, based on the region of interest as
observed in the room’s reverberation response.

Figure 7.15: Feature size comparison of the absorber designs.a) a 60 [cm] × 60 [cm] Spek-
trum A10 industrail panel used as a benchmark, b) a sample fabricated structure of the AMM
absorber

geometry is predicted, and the reconstructed absorption spectrum, α(f), is then applied to

the absorber surfaces in the room model. For fair comparison, the AMM absorber is also

designed with the same 60[cm] × 60 [cm] cross-section, but with a thickness of 3 [cm]. Figure

7.16 shows the performance comparisons of both absorbers. It can be observd that the AMM

slighly improves the RT60 relative to the baseline in the range between 100 and 200 [Hz], but

the effect at higher frequencies are very minimal. This is because the absorber is targeted for
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the low frequencies (≤ 200 [Hz]) and more so, the range of influence of the aborber can be

increased by increasing the number of inhomogeneous unit that makes up each broadband

absorber, as low frequencies are characterized by sharp narrow peaks. The Spektrum A10 on

the other hand performs better at higher frequencies (> 200 [Hz]) with lower RT60. Figure

7.17 shows a bar plot of the reduction in RT60 relative to the baseline. It is clear that the

AMM provides a superior performance in the targeted low-frequency range, and beyond this

range, the Spektrum A10 provides the better performance.
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Figure 7.16: Performance comparison of RT60 curves from both absorbers relative to the
baseline.
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Figure 7.17: Relative difference in RT60 from the baseline from both absorbers in the
targeted frequency range.
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7.10 Conclusions

In this chapter, a framework for the design-space segmentation of AMMs, aiming to enhance

interpretability and insight into the relationship between geometric parameters and spec-

tral performance, was introduced. By clustering a large population of geometrically distinct

AMM configurations based on their absorption spectra, latent structure can be uncovered

in the design space that reflects fundamental modes of acoustic behavior. Through rigorous

statistical analyses, including ANOVA and boxplot evaluations, the geometric parameters

most responsible for driving the formation of each spectral cluster are identified. This en-

abled a principled understanding of how specific geometric features, such as spiral spacing,

absorber thickness, or cavity width, influence performance across the frequency domain. To

support practical design applications, a supervised surrogate model using a random forest

classifier, was developed. This model accurately predicts a sample’s spectral cluster from

its frequency response alone, allowing reverse inference: from a desired absorption profile,

one can now infer the most appropriate design region within the geometric space. Beyond

the data-driven tools, the study introduced two designer-oriented components: (1) a design

implications matrix, linking acoustic behavior categories to dominant geometric clusters, and

(2) design considerations, providing actionable guidelines for translating desired performance

characteristics into interpretable geometric modifications. Furthermore, to enable automatic

geometry retrieval from predicted cluster labels, a non-parametric NNH approach was incor-

porated into a unified segmentation framework. This allows the retrieval of m user-defined

candidate geometries corresponding to a given query (absorption spectrum) within the identi-

fied subspace. Furthermore, the effectiveness of the framework to different user-defined input

types for real case-scenarios, was investigated.

The methodology was subsequently applied to design a data-driven acoustic AMM ab-

sorber aimed at mitigating low-frequency room acoustic issues, and compareD its performance

with a conventional industry-grade absorber. The targeted environment was an existing office

space that was partially evacuated and acoustically characterised using the RT60 metric. To

establish a baseline and validate the simulation framework, numerical modelling was carried

out using the finite element method in COMSOL Multiphysics. Following validation, the

segmentation pipeline was trained on a broadband spectral dataset and subsequently queried

to predict geometries in the 100–250 [Hz] frequency range for the specified spectral response
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for fabrication purposes. The desired spectral response was then applied to the numerical

model to simulate the corresponding reverberation times.

The AMM absorber showed a promising performance within the targeted low-frequency

range, with a modest reduction in RT60 compared to the untreated baseline response. How-

ever, the commercial Spektra A10 panel, with a thickness of 10 [cm], slightly outperforms

the 3 [cm] thick AMM at higher frequencies above 200 [Hz], consistent with its broadband

design for general acoustic use.

In summary, the methodology proposed in this chapter provided a transparent alterna-

tive to DL methods, and lays the foundation for intuitive and scalable AMM design, where

insight is prioritised alongside performance. Rather than treating the design space as a black

box, this segmentation-based approach makes the structure of the space visible, explainable,

and ultimately more controllable, and the potential of integrating machine learning with

acoustic design to develop lightweight, application-specific absorption solutions for modern

architectural acoustics, was demonstrated.
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8.1 General conclusions

Additive manufacturing (AM), particularly 3D printing, has transformed the prototyping and

fabrication of acoustic metamaterials (AMMs), enabling the realisation of intricate structures

that were previously unmanufacturable. However, this advancement comes at a cost: the in-

herent imperfections and uncertainties introduced by AM processes, such as geometric devi-

ations, surface roughness, and material inconsistencies, can severely compromise the acoustic

performance and reliability of the resulting designs. To address this challenge, this thesis

proposed data-driven frameworks that not only addressed fabrication-induced variability but

also provided intuitive and physically meaningful explanations for predicted geometries. This

interpretability component directly answers a key inverse design question: why a specific ge-

ometry is suggested in response to a given spectral input, enhancing both reliability and

scientific insight of the design process. Two methodologies were proposed to this end: 1) a

deep learning model that focused on addressing robustness using augmentation approaches

and experimental sample measurement data, and 2) a machine learning framework that fo-

cused on providing insights/explanations into the inverse design process. The overarching

objectives of this thesis were successfully realised through the following key contributions:

• Development and validation of an AMM absorber (HRAM): The HRAM ab-

sorber concept was developed, drawing inspiration from various designs reported in

the literature, with emphasis on amenability to optimisation and manufacturing prac-

ticality, while retaining sufficient complexity for the ensuing data-driven studies. Its

performance was validated through complementary numerical simulations, analytical

modelling, and experimental measurements (Chapter 4).

• Generation of a representative dataset and comparative analysis: A compre-

hensive dataset was generated from the validated AMM absorber design space using

a uniform sampling strategy, while ensuring adherence to geometric and manufactur-

ing constraints. A comparative analysis was conducted to justify the preference for

deep learning methodologies over traditional optimisation approaches, based on time

complexity and robustness considerations (Chapter 5).

• Development of a structured latent autoencoder (SLAE): A simple but effective

SLAE architecture was developed and trained to enable accurate forward and inverse
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design predictions of AMM behaviour, thereby providing a powerful surrogate modelling

framework (Chapter 6).

• Incorporation of robustness to modelling and manufacturing uncertainties:

Novel strategies were proposed to mitigate the impact of manufacturing imperfections

and modelling errors, including data augmentation techniques and a transfer learning

framework that fine-tunes the pre-trained SLAE with experimental data. This sub-

stantially enhanced the robustness and generalisability of the data-driven approach

(Chapter 6).

• Introduction of an interpretable design-space segmentation framework: A

new design-space segmentation methodology was developed to provide interpretable

and physically meaningful insights into the AMM design landscape. This approach

offers a scalable, flexible, and computationally efficient alternative to conventional deep

learning methods, while retaining scientific interpretability (Chapter 7).

• Demonstration on a broadband room-acoustic absorber: The segmentation-

based framework was implemented to design a broadband AMM absorber tailored

for room acoustic applications, demonstrating its effectiveness and practical relevance

(Chapter 7).

8.2 Research contribution

This thesis makes a couple of impactful contributions to the field of AMM design, marking

a significant step toward real-world deployability of data-driven metamaterial absorbers. It

represents the first comprehensive effort to systematically integrate manufacturing-aware ro-

bustness, data-efficient deep learning strategies, and scientifically interpretable design tools

within a unified AMM design framework. A major contribution of this work is the intro-

duction of robustness to manufacturing uncertainties directly into the AMM design pipeline.

While previous studies have often acknowledged discrepancies between analytical predictions,

numerical simulations, and experimental measurements, attributing them to assumptions

such as rigid-wall boundaries, geometric idealisations, and neglected loss mechanisms, they

have largely treated such imperfections as unavoidable errors to be minimised post hoc. This

thesis reframes these discrepancies not as obstacles but as informative signals that can be

actively modelled and leveraged. By incorporating synthetic perturbations reflecting fabri-
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cation tolerances into the training data, and by employing a transfer learning strategy to

adapt pre-trained models using sparse experimental data, this work pioneers a data-driven

pathway to proactively accommodate and compensate for model imperfections. This con-

tribution establishes a principled route for bridging the persistent simulation–reality gap in

AMM research. A second key contribution lies in the identification of optimal data represen-

tations for deep learning in AMM design. The thesis presents a comprehensive investigation

of how different input configurations — from full absorption spectra to reduced peak-based

descriptors — influence learning accuracy, and computational efficiency. This provides an

actionable framework for selecting input formats based on task requirements, striking a bal-

ance between model complexity and predictive reliability. This insight addresses a critical

yet previously overlooked challenge: how to best represent data for deep learning to achieve

an optimal input configuration that balances model complexity and accuracy.

Furthermore, this work makes a paradigm-shifting contribution to interpretability in

AMM design, an aspect largely missing from the current literature. By introducing a design-

space segmentation approach, the thesis demonstrates that data-driven methods can yield sci-

entifically meaningful insights, revealing the underlying structure–performance relationships

within the AMM design space. This transforms deep learning from a black-box prediction tool

into an interpretable design assistant, enabling designers to anticipate how geometric changes

propagate through to acoustic performance. Such transparency is essential for establishing

trust in machine learning-assisted design and accelerating industrial adoption.

Collectively, these contributions provide both the theoretical foundations and practical

methodologies required to design robust, predictable, and optimised AMM absorbers ready

for real-world implementation. The work offers the first cohesive framework that unifies

physics-based modelling, robust deep learning, and interpretability-driven design exploration.

It not only addresses fundamental gaps in the literature but also establishes a springboard

for future research, where AMM design can evolve from isolated numerical exercises into a

truly predictive, reliable, and industry-ready discipline.

8.3 Future work

While this thesis has made significant advances in the design, optimisation, and interpretabil-

ity of AMMs, several promising avenues remain for further exploration. These directions build
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upon the robust frameworks and methodologies developed herein and aim to push AMM re-

search toward broader applicability, higher fidelity, and industrial relevance.

• Multi-physics and multi-functional AMMs: The current work focused primar-

ily on airborne acoustic absorption. Future research could extend the frameworks to

account for coupled phenomena such as structural vibrations, or fluid–structure inter-

actions. Incorporating such multi-physics considerations would enable the design of

multi-functional AMMs capable of simultaneously addressing sound attenuation, vibra-

tion isolation, and energy harvesting.

• Physics-informed deep learning: Integrating physical laws and governing equations

directly into the learning models, such as through physics-informed neural networks or

constrained autoencoders, could reduce data requirements and improve generalisation

to untested regions of the design space. This approach would bridge the gap between

empirical learning and first-principles theory, enhancing model reliability.

• Formal uncertainty quantification and probabilistic robustness: While this

thesis addressed robustness via data augmentation and transfer learning, future work

could develop formal uncertainty quantification frameworks. Techniques such as Bayesian

neural networks or Monte Carlo propagation could systematically account for variability

in manufacturing tolerances, material properties, and environmental conditions, leading

to designs with provable reliability under uncertainty.

• Experimental and full-scale validation: While the present work validated designs

at the sample level using impedance tube measurements, future studies should investi-

gate full-scale implementations, such as room-scale acoustic absorbers or architectural

integrations. This would provide practical verification and identify real-world perfor-

mance factors not captured in small-scale experiments.

• Interactive and real-time design tools: Embedding the SLAE models, segmenta-

tion frameworks, and optimisation pipelines into interactive or digital twin platforms

could enable real-time AMM design. Designers could explore “what-if” scenarios, assess

trade-offs instantly, and iteratively refine designs with immediate feedback, dramatically

accelerating development cycles.
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• Cross-domain generalisation: The methodologies developed in this thesis could

be extended beyond acoustic absorbers to other wave-based metamaterials, such as

phononic, elastic, or vibroacoustic metamaterials. Such generalisation could signifi-

cantly broaden the impact of this work, creating a unified data-driven framework for

multi-domain metamaterial design.

• Open-source tool development and community adoption: Packaging the de-

veloped models, datasets, and optimisation frameworks into an open-source software

environment would facilitate wider adoption, reproducibility, and collaborative advance-

ment within the acoustics and metamaterials community.
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[173] Yann LeCun, Léon Bottou, Yoshua Bengio, and Patrick Haffner. Gradient-based learn-

ing applied to document recognition. Proceedings of the IEEE, 86(11):2278–2324, 1998.

doi: 10.1109/5.726791.

[174] Patrice Y Simard, David Steinkraus, John C Platt, et al. Best practices for con-

volutional neural networks applied to visual document analysis. In Icdar, volume 3.

Edinburgh, 2003.

[175] Navdeep Jaitly and Geoffrey E Hinton. Vocal tract length perturbation (vtlp) improves

speech recognition. In Proc. ICML workshop on deep learning for audio, speech and

language, volume 117, page 21, 2013.

[176] Alex Krizhevsky, Ilya Sutskever, and Geoffrey E Hinton. Imagenet classification with

deep convolutional neural networks. Advances in neural information processing systems,

25, 2012.

[177] Oluwaseyi Ogun, Henry Rice, and John Kennedy. Bridging model and experiment in

the design and validation of a sub-wavelength acoustic metamaterial. Journal of Applied

Physics, 137(19), 2025. doi: https://doi.org/10.1063/5.0270361.

[178] Bastien Vayssette, Nicolas Saintier, Charles Brugger, Mohamed El May, and Etienne

Pessard. Numerical modelling of surface roughness effect on the fatigue behavior of

ti-6al-4v obtained by additive manufacturing. International Journal of Fatigue, 123:

180–195, 2019. doi: https://doi.org/10.1016/j.ijfatigue.2019.02.014.

[179] Zhixiong Li, Ziyang Zhang, Junchuan Shi, and Dazhong Wu. Prediction of surface

roughness in extrusion-based additive manufacturing with machine learning. Robotics

and Computer-Integrated Manufacturing, 57:488–495, 2019. doi: https://doi.org/10.

1016/j.rcim.2019.01.004.
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A.1 Introduction

The development of the Acoustic Metamaterial (AMM) absorber used in this study required

several design iterations and refinements. The guiding principle was to achieve a struc-

ture that is sufficiently complex to support deep learning–based analysis, while remaining

amenable to manufacturing and optimisation. The following sections document the progres-

sion from the initial concept to the final design, with emphasis on the rationale behind each

modification. This process illustrates the balance between theoretical ideals, experimental

constraints, and practical manufacturability.

A.2 Initial concept and motivation

The original inspiration was drawn from several concepts found in the metamaterial and

acoustic absorber literature [9, 142, 143, 155, 215]. The design was envisioned as a spiral-

based cavity resonator coupled to a perforated top plate, leveraging geometric complexity to

enrich the absorber’s acoustic response.

Key motivations at this stage:

• Provide non-trivial geometry to test data-driven models.

• Maintain analytical tractability for modelling.

• Ensure the absorber could be fabricated as a single piece with standard techniques.

At this stage, the cavity was cylindrical, containing an Archimedean spiral channel, sealed

with a circularly perforated top plate.

A.3 Iterative adjustments

A.3.1 Cavity geometry: from cylinder to hexagon

• Original design: cylindrical cavity enclosing the spiral.

• Problem identified: cylindrical units are inefficient to pack into arrays. Interstitial

gaps lead to wasted material when tiled, and impact acoustic performance.

• Solution: replace the circular cavity with a hexagonal cavity, enabling seamless tes-

sellation in planar arrays.
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• Impact:

– Improved packing density.

– Structural stability when multiple absorbers are assembled.

– Potential improvement in acoustic performance

Figure A.1: Cavity design shapes

A.3.2 Top plate perforation: from circle to spiral geometry

• Original design: circular perforation on the top plate.

• Problem identified: Analytical model was insensitive to variations in the aperture

radius.

• Solution: Re-design the perforation to mimic the geometry of the first turn of the

Archimedean spiral.

• Impact:

– Reduced acoustic leakage at glue joints.

– Simplified analytical model due to the geometric continuity between the top plate

and the included spiral

– Aesthetically and structurally coherent design.
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Figure A.2: Perforation geometries

A.3.3 Manufacturing and analytical simplification

• Original design: separate fabrication of cavity and top plate.

• Problem identified: multi-part assembly introduces tolerance errors and bonding

challenges.

• Solution: design the entire absorber (spiral, cavity, and top plate) as a single integrated

piece.

• Impact:

– Simplified manufacturing (e.g., via additive manufacturing).

– Reduced misalignment.

– Improved repeatability in experiments.

– Enabled analytical convenience, since the geometry is defined as one continuous

structure.

A.4 Final design characteristics

The final AMM absorber design therefore comprises:

• A hexagonal cavity housing an Archimedean spiral channel.

• A spiral-patterned perforated top plate that matches the coil geometry.

• A single-piece construction for modelling simplicity.
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Figure A.3: Sample 3D-printed AMM units mounted on a 199.5 × 199.5 [mm] square
panel. The design demonstrates the efficient dense packing of hexagonal unit cells with
minimal interstitial space between the unit cells. Subfigure (a) shows the external view
of the fabricated sample, while subfigure (b) presents a transparent view of (a), allowing
visualisation of the internal packing.
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B.1 Introduction

In the low-frequency range considered in this thesis, and given the narrow regions of the

absorber geometry (such as the spiral perforation and the spiral channel), the accuracy of

the numerical mesh becomes particularly important. This is due to several factors:

• Geometric resolution: Narrow channels, such as spiral slits or perforations, are often

only a few millimetres wide (i.e., a small fraction of the operating wavelength). If the

mesh is too coarse, the geometry is poorly represented and the channel cross-section

becomes distorted.

• Boundary layer effects: Acoustic and viscous boundary layers form near the channel

walls. To capture these effects, fine mesh resolution is required across the narrow

dimension; otherwise, energy dissipation and impedance are under-predicted.

• Wave resolution requirement: A minimum of 6–10 elements per wavelength is

generally recommended. In narrow channels, however, additional refinement is required

across the channel thickness/diameter, not just along the wavelength. A minimum of

20 mesh elements per wavelength was used in this study.

• Numerical stability: Insufficient mesh resolution in confined regions can introduce

spurious resonances, poor convergence, and inaccurate impedance predictions.

To ensure numerical reliability, a mesh-independence study was conducted using the sim-

plified reduced model (SRM) described in Section 4.3. This analysis was performed near

the maximum frequency of interest (i.e., 500 [Hz]), as it imposes the most stringent spatial

resolution requirements due to its shortest wavelength. Ensuring mesh independence at this

frequency implies acceptable accuracy for the full frequency range (50–500 [Hz]).

A representative case-study geometry was investigated for mesh convergence, with pa-

rameters Ls = 20 [mm], Nt = 1.8, p = 1.7 [mm], t = 0.8 [mm], tp = 1.5 [mm], and H = 15

[mm].

Interpretation

• fr Convergence: The resonance frequency stabilises around 399–402 [Hz] for all mesh

levels, with a maximum variation of 1.25%. Beyond the Normal mesh, changes in fr

are minimal.
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Table B.1: Mesh convergence analysis
Mesh Level DoF fr [Hz] αp Time [min]

Extremely Fine 713246 402 0.9879 476.45
Fine 177626 397 0.9741 41.75
Normal 122286 399 0.9782 25.37
Coarse 87607 399 0.9838 15.15
Extremely Coarse 53194 402 0.9923 7.57

• αp Convergence: The peak absorption value also shows minor fluctuations. Notably,

Coarse and Extremely coarse meshes slightly overestimate αp.

• Computation Time: The jump in computation time from Fine (42 [min]) to Extremely

fine (476 [min]) offers negligible accuracy improvement.

Based on the above observations, the Normal mesh level (DoF = 122,286) provides

the optimal mesh configuration, as fr and αp values converges within acceptable tolerance,

a manageable computation time ( 25 [min]), and a good balance between computational

efficiency and accuracy. Figure B.1 shows the plots of the analysis. The top plot shows

that both values converge by the Normal or Fine mesh level, and the bottom plot shows

that computation time explodes at the extremely fine mesh (almost 10x increase for marginal

accuracy gain), a strong justification to avoid over-refinement. Thus, a Normal(122,286

DoF) or Fine(122,286 DoF) is a good trade-off.
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Figure B.1: Mesh convergence analysis. The top subplot shows the variation in resonance
frequency and peak absorption with increasing mesh density (measured by degrees of freedom,
DoF). The bottom subplot illustrates the corresponding increase in computational time. The
mesh level with DoF = 122,286 provides a good balance between solution accuracy and
computational cost.
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C.1 Introduction

In addition to the main design and parametric studies presented in Chapter 4.1, two supple-

mentary investigations were conducted on the AMM absorber. Although not central to the

primary tuning process, these studies provide further insight into the absorber’s behaviour

under variations of selected parameters and offer useful guidance for future design exploration.

C.2 Investigated Parameters

The following variables were considered:

• Initial radius, ro: While this variable is not directly controlled but depends on other

geometric parameters such as (p + t) and H, its impact on acoustic response is worth

consideration for decision making as it affects the open area ratio of the top plate

• Thickness, tp, of the top plate: This parameter was kept constant throughout the

study as H was used instead to control the depth of the absorber.
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Figure C.1: Variations in acoustic response due to changes in tp. Here, Ls = 35 [mm], Nt
= 3, p = 2.7 [mm], t = 0.8 [mm], and H = 15 [mm], are fixed
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Figure C.1 shows that absorptivity is very less sensitive to variations in tp despite the large

step size of 5 [mm] used in the simulation study, changes in the responses are very minimal.

This justifies setting this value constant throughout the study.

Solving for ro in Eq.(3.1) yields a quadratic equation, which in most cases produces one

positive and one negative root. Since only positive values are geometrically meaningful for

manufacturing, the negative root is discarded. Table C.1 presents the variation of ro for

different values of (p+ t) and H. For analytical convenience, ro was not treated as a directly

controlled parameter in this thesis.

Table C.1: Changes in ro due to changes in (p+ t), keeping other parameters constant, i.e.,
Ls = 35 [mm], Nt = 3, t = 0.8 [mm], H = 15 [mm], and tp = 1.5 [mm]

(p+ t) [mm] ro [mm] fr [Hz] αp

1.0000 0.4336 52.5000 0.4579
1.5000 1.0262 103.0000 0.4087
2.0000 1.3230 124.0000 0.7549
2.5000 1.5061 137.5000 0.9158
3.0000 1.6232 148.5000 0.9837
3.5000 1.6954 157.5000 1.0000
4.0000 1.7344 165.5000 0.9890
4.5000 1.7473 173.0000 0.9648
5.0000 1.7391 180.0000 0.9335
5.5000 1.7132 187.0000 0.9010
6.0000 1.6721 194.0000 0.8685
6.5000 1.6177 201.5000 0.8363
7.0000 1.5517 208.5000 0.8067
7.5000 1.4752 216.0000 0.7776
8.0000 1.3893 224.0000 0.7503
8.5000 1.2947 232.5000 0.7245
9.0000 1.1923 241.5000 0.6998
9.5000 1.0825 251.5000 0.6763
10.0000 0.9660 262.0000 0.6539

Figure C.2 shows the effect of ro on peak absorption based on data from Table C.1. It can

be observed that a nonlinear quadratic trend exists between the variables due to the quadratic

relationship between p and ro. The parametric investigation reveals a strong coupling between

the aperture initial radius, the resonant frequency, and the peak absorptivity. As p increases

and thus decreases ro, the resonance is systematically shifted toward higher frequencies due

to reduced cavity space. Concurrently, the absorptivity exhibits a non-monotonic dependence

on ro. At larger values of ro, the absorption is relatively weak due to the impedance mis-

match between the absorber and the background medium. As ro is reduced, αp increases and
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reaches values close to unity. This regime corresponds to an optimal impedance-matching

condition, where the absorber is able to trap and dissipate incident energy efficiently. Beyond

this optimum, further reduction of ro results in a decline of αp, despite the continued upward

shift of the resonance frequency. This deterioration indicates that the absorber geometry

departs from the matching condition, thereby reducing the efficiency of energy dissipation

mechanisms. The variation in p controls both the location of the resonance and the achiev-

able absorption peak. In effect, p tunes the coupling strength between structural geometry

and acoustic dissipation, highlighting the necessity of a multi-parameter optimisation strat-

egy. The combined influence of ro and p demonstrates that neither frequency location nor

absorption strength can be maximized independently; rather, they must be co-optimised to

achieve robust acoustic performance.

Figure C.2: Plot showing the peak absorption as a function of ro and peak frequency, fr,
under variations in (p+ t).

Table C.2 shows the variations in ro due to absorber thickness, H. A quadratic relation-

ship is also observed between the variables in Fig. C.3, highlighting the complex interplay

among the absorber’s geometric parameters and their influence on overall performance. The

3D plot illustrates the interdependent behavior of fr, ro, and αp, as H varies. As H increases,
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Table C.2: Changes in ro due to changes in (p+ t), keeping other parameters constant, i.e.,
Ls = 35 [mm], Nt = 3, t = 0.8 [mm], p =3.5 [mm], and tp = 1.5 [mm]

H [mm] ro [mm] fr [Hz] αp

5.0000 0.0601 180.0000 0.7301
6.0000 0.2837 176.0000 0.8086
7.0000 0.4850 173.0000 0.8666
8.0000 0.6696 170.5000 0.9079
9.0000 0.8412 168.0000 0.9400
10.0000 1.0020 165.5000 0.9614
11.0000 1.1540 164.0000 0.9774
12.0000 1.2983 162.0000 0.9891
13.0000 1.4362 160.5000 0.9954
14.0000 1.5683 159.0000 0.9987
15.0000 1.6954 157.5000 1.0000
16.0000 1.8179 156.0000 0.9984
17.0000 1.9364 155.0000 0.9964
18.0000 2.0512 154.0000 0.9916
19.0000 2.1626 152.5000 0.9873
20.0000 2.2709 151.5000 0.9822
21.0000 2.3764 150.5000 0.9761
22.0000 2.4793 149.5000 0.9691
23.0000 2.5797 149.0000 0.9630
24.0000 2.6778 148.0000 0.9563
25.0000 2.7738 147.0000 0.9485
26.0000 2.8678 146.5000 0.9416
27.0000 2.9600 145.5000 0.9338
28.0000 3.0504 145.0000 0.9267
29.0000 3.1391 144.5000 0.9184
30.0000 3.2262 143.5000 0.9115

ro increases, and fr decreases, indicating an inverse relationship due to an increased effective

acoustic spiral path length and cavity volume. αp, indicated by the colour gradient, increases

from approximately 0.7 to near unity as r0 increases and fr decreases, suggesting enhanced

acoustic impedance matching and energy dissipation at larger r0 values. Variation in H

modulates this relationship by enabling control over the resonant behavior and absorption

performance, where increasing H facilitates larger r0 values corresponding to lower fr and

higher αp.
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Figure C.3: Plot showing the peak absorption as a function of intitial radius, ro and peak
frequency, fr, under variations in H.
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D.1 Theory of acoustic wave propagation

The propagation of sound waves in a medium is governed by the linear acoustic wave equation,

which describes the sound pressure variations. When a sound wave propagates through a fluid

medium, it creates a disturbance that varies over both space and time. In a fluid medium,

the total instantaneous pressure at any point is defined as:

P = P0 + p (D.1)

where p0 is the mean (equilibrium) pressure of the medium, and p is the acoustic pressure.

Assuming a closed system (constant mass), changes in pressure lead to corresponding

changes in density due to alternating high- and low-pressure zones. Likewise, the medium’s

velocity also fluctuates because the disturbance propagates through particle oscillations. Con-

sequently, the medium density and particle velocity are similarly expressed as:

ρ = ρ0 + ρ′, v = v0 + v, (D.2)

where ρ0 is the equilibrium density and v0 is the mean velocity. Assuming there is no mean

flow, we set v0 = 0.

Acoustic pressure fluctuations are extremely small, typically ranging in the order of 10−10

to 10−4 times the equilibrium pressure of the medium. Despite their minuscule magnitude,

these fluctuations are perceived as sound. Since acoustic pressure variations involve only

small-scale compressions and expansions, the resulting temperature gradient is negligible,

and thermal conductivity effects are also disregarded. Therefore, the acoustic process is

considered reversible and adiabatic (isentropic). From the theory of thermodynamics, the

relationship between the pressure and the density variation of a real gas is defined by the

Taylor series expansion about ρ0 as

P = P0 +

(
∂P

∂ρ

)
ρ0

(ρ− ρ0) +
1

2

(
∂2P

∂ρ2

)
ρ0

(ρ− ρ0)2 + . . . . (D.3)

For sufficiently small acoustic fluctuations, ρ−ρ0 ≪ 1, so that (ρ−ρ0)2 and higher powers

may be neglected, the adiabatic relationship of the fluid medium through which a sound wave

propagates reduces to

P = P0 +

(
∂P

∂ρ

)
ρ0

(ρ− ρ0). (D.4)
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The adiabatic bulk modulus, B, defined as the resistance to compression or expansion of

the fluid medium, is mathematically defined as

B = ρ0

(
∂P

∂ρ

)
ρ0

. (D.5)

Substituting Eq. (D.5) into Eq. (D.4), we have that

P = P0 +B
(ρ− ρ0)
ρ0

, (D.6)

and the acoustic pressure becomes

p = P − P0 = B
(ρ− ρ0)
ρ0

. (D.7)

Consider an infinitesimal volume element of the fluid as shown in Fig. D.1 and applying

the mass conservation law to each direction, i.e., the rate of increase in mass within the

volume is equal to the net mass flowing into the infinitesimal volume. For each direction, the

law can be stated mathematically as

[
ρux −

(
ρux +

∂(ρux)

∂x
dx

)]
dydz = −∂(ρux)

∂x
dV.[

ρuy −
(
ρuy +

∂(ρuy)

∂y
dy

)]
dzdx = −∂(ρuy)

∂y
dV.[

ρuz −
(
ρuz +

∂(ρuz)

∂z
dz

)]
dxdy = −∂(ρuz)

∂z
dV.

(D.8)

Combining the three equations in Eq. (D.8), we have that

dz

dx

dy

x

yz

Figure D.1: Infinitesimal fluid volume element
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−
(
∂(ρux)

∂x
+
∂(ρuy)

∂y
+
∂(ρuz)

∂z

)
dV = ∇.(ρu)dV =>

∂ρ

∂t
+∇.(ρu) = 0, (D.9)

where ∇ is the laplacian operator, and u = ux.x̂ + uy.ŷ + uz.ẑ and ∂ρ
∂t is the net increase in

mass (or increase in density) per unit time. Consider the same fluid elememt in Fig. D.1,

the force experienced by an infinitesimal fluid element in the x-direction on an infinitesimal

area dydz

dfx =

[
P −

(
P +

∂P

∂x

)]
dydz = −∂P

∂x
dV. (D.10)

Similarly, dfy = −∂P
∂y dV and dfz = −∂P

∂z dV , so that the total force in all direction can be

written as

df = −∇PdV. (D.11)

The net acceleration of an infinitesimal fluid element is given by

a =
∂u

∂t
+ ux

∂u

∂x
+ uy

∂u

∂y
+ ux

∂u

∂z
=
∂u

∂t
+ (u.∇)u. (D.12)

The Newton’s second law (df = adm) can be written using Eqs. (D.11) and (D.12) to

obtain

−∇PdV = ρ

(
∂u

∂t
+ (u.∇)u

)
dV. (D.13)

Assuming that |(u.∇)u| ≪ ∂u
∂t . Since |(u.∇)u| is a nonlinear term of the second order in

perturbation, it can be neglected and Eq. (D.13) then reduces to

ρ
∂u

∂t
= −∇p. (D.14)

Equation (D.14) is the linear Euler’s equation. From Eq. (D.7), let S be the condensation

rate, so that S = ρ−ρ0
ρ0

and from which

ρ = ρ0(1 + S). (D.15)
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Differentiating Eq. (D.15) with respect to (w.r.t) t assuming that the medium is homo-

geneous with constant mean density, ρ0, we have that ∂ρ
∂t = ρ0

∂S
∂t . Substituting this into Eq.

(D.9) yields

ρ0
∂S

∂t
+∇.(ρu) = 0. (D.16)

Differentiating Eq. D.16 w.r.t t, we have that

ρ0
∂2S

∂t2
+∇.(ρ∂u

∂t
) = 0. (D.17)

Differentiating Eq. (D.14) w.r.t space, we have

∇.
(
ρ
∂u

∂t

)
= −∇2p. (D.18)

Combining Eqs. (D.17) and (D.18) results in

ρ0
∂2S

∂t2
= ∇2p. (D.19)

In an homogeneous medium, the bulk modulus, B and ρ0 are constant. It can be easily

deduced that p = BS, and upon differentiating w.r.t time, we have

∂2p

∂t2
= B

∂2S

∂t2
=>

∂2S

∂t2
=

1

B

∂2p

∂t2
. (D.20)

Combining Eqs. (D.19) and (D.20) yields

∇2p− ρ0
B

∂2p

∂t2
= 0. (D.21)

Equation (D.21) can be written in a familar form by letting c =
√

B
ρ0

, where c is the

thermodynamic speed of sound, to get

∇2p− 1

c2
∂2p

∂t2
= 0. (D.22)

Equation (D.22) is the fundamental equation of linear acoustics. Throughout this project,

a one-dimensional harmonic plane wave propagation is assumed.
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D.1.1 Solution of the acoustic wave equation

A general sound wave can be assumed to be a combination of periodic waves with a harmonic

time dependency (Fourier’s theorem). Considering a plane wave traveling in the z-direction,

a general harmonic solution, p(z, t), as a function of time and space may be defined as

p(z, t) = A cos(kz ± Ct), where k and C are constants defined as k = 2π/λ and C = ω, and

± denotes the wave traveling in the -z direction (+) and +z direction (-). The wavenumber,

k, is derived by setting t = 0 and periodically varying z, where the wavelength, λ, is equal

to a period of the wave, and C is derived by setting z = 0 and periodically varying t. For

analytical convenience, the equation of a harmonic plane wave travelling in the z-direction

can be written in exponential form as

p(z, t) = Aej(ωt± kz), (D.23)

since according to Euler’s formula, ej(ωt±kz) = cos(ωt±kz)+ jsin(ωt±kz), where only

the real part is considered in practice. It is straightforward to verify that Eq. (D.23) satisfies

Eq. (D.22) by taking the second derivative of p(z, t) w.r.t space and time, and substituting

the results into Eq. (D.22).

For S ≪ 1, ρ ≈ ρ0, and from Eq. (D.14), considering wave propagation in the z-direction

only, we have that

ρ0
∂u

∂t
= −∂p

∂z
. (D.24)

Differentiating p(z, t) w.r.t z, substituting the result into Eq. (D.24) and subsequently

integrating both sides to obtain the equation of acoustic particle velocity travelling in the z

direction as

u(z, t) = − 1

ρ0c
Aej(ωt± kz) = ± p±

ρ0c
, (D.25)

where p+ is the acoustic pressure of forward propagating wave, and p− is the acoustic pressure

of backward propagating wave.
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D.1.2 Sound behaviour at medium boundaries

A harmonic plane wave normally incident on a planar medium boundary would have some

of its energy reflected into the incident medium, some absorbed, and some transmitted into

the second medium as depicted in Fig. D.2.

1 2

p

p

r

i

0

z-direction

t
p

Figure D.2: A harmonic plane wave with incident acoustic pressure, pi, originates from
medium 1 and is normally incident on a planar boundary at z = 0. The wave produces a
reflected pressure, pr, in medium 1 and a transmitted pressure, pt, in medium 2.

From Eq. (D.23), the incident pressure pi and reflected pressure, pr, can be defined as

pi = pi,maxe
j(ωt−k1z),

pr = pr,maxe
j(ωt+k1z) = Rpi,maxe

j(ωt+k1z),
(D.26)

where R =
pr,max

pi,max
, is the reflection coefficient. ω is the same for both media since it is

determined by the source. However, ci ̸= c2 which implies that k1 ̸= k2, differs between the

two media. The net acoustic pressure at the boundary is

p(0, t) = pi(0, t) + pr(0, t) = pi,max(1 +R)ej(ωt). (D.27)
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Similarly, the acoustic velocity for the forward (incident) and backward (reflected) propagat-

ing waves using Eq. (D.25) are, respectively,

vi =
pi,maxe

j(ωt−k1z)

ρ1c1
,

vr = −vr,maxe
j(ωt+k1z)

ρ1c1
= −Rpi,maxe

j(ωt+k1z)

ρ1c1
.

(D.28)

The net acoustic velocity at the boundary is similarly written as

v(0, t) = vi(0, t) + vr(0, t) =
vi,max(1−R)ejωt

ρ1c1
. (D.29)

For normal incidence, the specific acoustic impedance is the same as the normal impedance.

The normal impedance at the boundary, Zboundary, is defined as

Zboundary =
p(0, t)

v(0, t)
= ρ1c1

pi,max(1 +R)ejωt

pi,max(1−R)ejωt
. (D.30)

Thus, the the impedance at the boundary, or Z2, then becomes

Z2 =
1 +R

1−R
Z1 =>

Z2

Z1
=

1 +R

1−R
, (D.31)

and the reflection coefficient, R, yields

R =
Z2 − Z1

Z2 + Z1
. (D.32)

The transmitted pressure, pt = pt,maxe
j(ωt−k2z). Applying continuity of pressure at the

boundary,

pi(0, t) + pr(0, t) = pt(0, t) => pi,maxe
jωt + pr,maxe

jωt = pt,maxe
jω.t (D.33)

Dividing through Eq. (D.33) by pi,maxe
jωt results in T = 1 +R, where T is the transmission

coefficient. For an absorption problem, the effectiveness of the boundary at absorbing sound

can be quantified by the absorptivity, α = 1− |R|2, i.e., the fraction of the incident acoustic

energy that is converted to heat within the material. In a practical measurement, R is

determined based on a two-microphone transfer function method [165].
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