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Abstract: This research investigated a mathematical model of earphone design with principal com-
ponent analysis. Along with simplifying the design problem, a predictive model for the sound
quality indicators, namely, total harmonic distortion, power of output, range of frequency response,
signal-to-noise ratio, impedance of the speaker, and headroom, was formulated. (1) Background:
Earphone design is a difficult problem requiring excessive experience and know-how in the process.
Therefore, this research was developed to formulate a predictive model to facilitate the design pro-
cess. (2) Methods: A simplified model for the design was developed in previous research, while
the sound quality indicators were found to be connected to the eight material-specific parameters.
Simultaneously, a principal component analysis (PCA) was utilized to decrease the number of input
variables and create a more convenient and streamlined model. (3) Results: The principal component
analysis-based approach obtained suboptimal predictive accuracy for the sound quality indicators,
but a simplified formulation was obtained. (4) Conclusions: Based on the development and compari-
son of the modelling approach, it can be seen that principal component analysis can be utilized to
simplify the mathematical model of the earphone design problem with a trade-off of accuracy.

Keywords: principal component analysis; earphone design; regression model; computer-aided
design; sound quality

1. Introduction

Earphone design was found to be an art due to the infinite selection of materials
and technologies, while the experience of the designers and developers was found to be
essential in the process [1]. Although the arrangement was found to be an industrial norm,
the practice was found to be a constraint for knowledge transfer [2], which may not be
advisable for organizational growth [3]. Hence, the pioneer study on the formulation of
the design problem was conducted [4] so that future suggestions for the development
and design can be beneficial. Although linear regression was an effective solution for the
predictive model, the vast number of variables hid the popularity of the computer-aided
design [1]. Therefore, in the current work, principal component analysis [5] was applied
in order to reduce the dimensions of the formulation in order to yield a handy tool for
the prediction of the expected sound outcome based on the parameters [6], while it was
expected that the formulation would be useful from a practical viewpoint even with a
trade-off in the performance. Therefore, for the sake of demonstrating the problem-solving
process, the goals and objectives of this project will be established to define the scope and
guide the research implementation, along with explaining the motivation behind the work.
Following this, a literature review will be performed on the design of earphone products
and the definition of sound quality, drawing upon pioneering research studies for support.
This will enable the formulation of the problem to be prepared with a strong foundation.
Finally, the paper’s layout will be mentioned to speed up the retrieval of the relevant
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content. Therefore, the first section of the paper consists of four subsections with the titles
Aim and Objectives, Design Parameters, Sound Quality Performance and Organization of
the Report, respectively, in order to present the related information systematically [7].

1.1. Aim and Objectives

The aim of this research was to employ statistical analysis to explore the correlation
between earphone design parameters and sound quality outcomes, with the objective of
developing a model-based approach to inform the design process. For the intention of
achieving this purpose, five objectives were defined to guide the implementation of the
research, motivated by the need to improve the inspection of earphone design, as follows.

1. To develop a simplified formulation of the earphone design problem in order to
capture and characterize the design parameters and the expected sound quality
outcomes.

2. To deduce the mathematical expression based on linear regression for the predictive
model.

3. To develop a simplified mathematical model using the principal component analysis
technique.

4. To contrast and compare the predictive performance of the two modelling approaches.
5. To give recommendations on the design of earphones based on the analytic findings

of the research.

With reference to the defined five objectives, it can be observed that the first one was
accomplished along with the reviewed design parameters and sound quality performance,
while the current study will follow the research problem in the later development.

1.2. Design Parameters

With respect to the five objectives, the design parameters should be defined in order to
support the formulation of the simplified modelling problem. Drawing on prior research
conducted by Lui and Lee [4], it is possible to simplify the design of earphones into a
selection problem comprising eight variables: the type, magnet, voice coils, and diaphragm
of both the primary and secondary drivers (4 × 2 = 8 parameters), while the depiction of a
single driver can be observed in the Figure 1.
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A concise overview of the primary components of the drivers and their associated
options can be found below. At the core of earphone design are the drivers, which consist
of a magnet and voice coil. The magnet’s function is to produce a magnetic field that
interacts with the voice coil, which then moves, producing sound. The type of magnet
used can significantly impact the quality of sound produced by the earphones. A stronger
magnet generates a more powerful air movement with the same number of turns of the coil,
resulting in better coverage of the frequency range and enhancing the overall sound quality
of the earphones. Conversely, a weaker magnet may result in suboptimal sound production,
particularly in the lower frequency range. It is thus essential to carefully consider the type
of magnet used in earphone design to achieve optimal results. In more detail, the magnet in
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the earphone driver is responsible for creating a magnetic field that interacts with the voice
coils, which are essentially wires that are wrapped around a cylindrical former. The voice
coils in earphone drivers become magnetized when an electrical current flows through
them, allowing them to interact with the magnetic field produced by the magnet. As a
result, the diaphragm moves, creating sound waves. The strength of the magnet used in
earphone design can significantly impact the quality of sound produced [9].

Next, apart from the selection of types of magnets, the material of the coils is essential
to earphone designs. Actually, the coils are in direct contact with the diaphragm and
produce the driving force needed to vibrate the surrounding air through electromagnetic
induction. Although most coils are made of copper, the quality of the copper used can vary
and play a role in the earphones’ sound quality. The conductivity of the material used in
the coils affects the current generated with the same voltage, leading to a larger driving
force [10].

Lastly, the diaphragm is an essential component of the earphone core, as it directly
interacts with the air or conduction media. As the human ear perceives sound waves
generated by the diaphragm, the interaction between the membrane’s movement and
the perception of humans is crucial for product design. However, the relationship be-
tween the two is complex and nonlinear, making it challenging to design earphones [11].
Additionally, the diaphragm is a crucial component of earphone drivers, responsible for
converting the electrical signals from the voice coils into sound waves. The selection of
materials for the diaphragm can significantly impact the sound quality of the earphones.
Various materials are used in diaphragm construction, including mylar, titanium, paper,
and carbon fiber, among others. Each material has its own unique properties and can
produce a distinct sound profile. However, despite the wide range of materials available
for diaphragm construction, the association between the material used and the resulting
sound quality remains somewhat of a mystery. This is because the interaction between the
diaphragm material and other components of the driver, such as the magnet and voice coils,
is highly complex and not yet fully understood. Furthermore, the sound quality produced
by earphones is also influenced by factors such as ear canal resonance, sound leakage,
and environmental noise, making it challenging to isolate the impact of the diaphragm
material alone. As a result, earphone designers must carefully balance various factors when
selecting diaphragm materials, including cost, weight, durability, and sound quality. By
carefully considering these factors and leveraging advancements in materials science and
engineering, designers can create earphones that provide exceptional sound quality and a
superior listening experience for users.

The three most common types of headphone drivers found in the market are dynamic
units or moving coils, balanced armature units, and planar magnetic units [12]. Dynamic
units or moving coil drivers are the most common and use a permanent magnet and
a voice coil to generate sound. Balanced armature drivers use a smaller, more precise
armature and a balanced magnetic field to produce sound. Finally, planar magnetic drivers
use a thin film membrane with a conductive layer and an array of magnets to create
sound [13]. Each type of driver has its own unique properties and can produce a distinct
sound profile. For example, dynamic driver/moving coil drivers are known for their ability
to produce deep bass tones, while balanced armature drivers are known for their precision
and clarity in the mid- to high-frequency range. Planar magnetic drivers are known for their
ability to produce a wide soundstage with exceptional detail and accuracy [12]. Earphone
designers must carefully consider the strengths and weaknesses of each type of driver
and balance them with other factors such as weight, cost, and overall sound quality when
designing earphones. By leveraging advancements in driver technology and materials
science, designers can create earphones that provide exceptional sound quality and a
superior listening experience for users.

In addition to the drivers and the mentioned design parameters, other factors can also
affect the sound quality of earphones. For example, the size and shape of the earphone
housing can affect the soundstage and the perceived range of frequency response. The
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ear tips, which are in direct contact with the ear canal, can also affect the sound quality
by altering the seal and the amount of outside noise that is blocked. Finally, the cable
quality can also affect the sound quality by minimizing electrical interference and signal
loss. Nonetheless, the influence of the related factors was found to be relatively small.
Hence, due to the consideration of simplifying the problem formulation, the associated
factors were omitted in the model so that an accomplishable formulation could be derived,
while the variants and expansion will be included in the later development of the research.

1.3. Sound Quality Performance

Apart from the design parameters as inputs of the model, the dependent variables,
which are the sound performance of the earphone design, will be defined in order to for-
mulate the simplified expression of the prediction. Essentially, six indicators, namely, total
harmonic distortion (THD), power of output, range of frequency response, signal-to-noise
ratio (SNR), impedance of the speaker, and headroom, were adopted in the formulation of
the mathematical model, while these metrics are utilized in the evaluation of the sound
performance of the designed earphone.

Firstly, it is without any question that the expression of the original sound is one
of the critical criteria for a sound system. Therefore, THD is found to be an important
metric for evaluating the sound quality of designed earphones [14]. In essence, this factor
quantifies the amount of distortion introduced by the earphone to the original signal,
highlighting the contrast between the two. Therefore, a high-quality earphone should have
low THD, indicating that it produces a faithful reproduction of the original signal [15]. To
summarize, an earphone with high-quality sound should have a low THD rate. Earphone
distortion rates are typically measured as a percentage of the total signal, with lower
percentages indicating higher-quality sound reproduction. An excellent earphone system
will have a distortion rate of less than 1%, while a moderately performing system will have
a rate ranging from 1% to 5%. Conversely, a low-quality system may have a distortion
rate as high as 10%. However, THD is not always a reliable metric for sound quality
evaluation, as the nonlinear behavior of the human ear can limit its applicability, whereas
the human sensation may have various sensitivities to sound with different loudness and
frequency. Thus, reflecting the truth may be considered an evaluative dimension, but not a
comprehensive scheme of quality measurement.

Secondly, apart from the distortion, the power of output is another important metric
for the evolution of sound quality that determines the loudness and bass capabilities of an
earphone [16]. It is typically measured in watts or milliwatts and reflects the maximum
power that the earphone can handle before it starts to attenuate with the inverse square
law. While loudness may not be directly related to sound quality, a good earphone should
have a high power of output, especially in the low-frequency range, to produce clear and
powerful bass so that the original sound can be expressed.

Thirdly, the range of frequency response [17] is a measure of an earphone’s ability
to reproduce different frequencies within the audible range [18]. The range of frequency
response is typically measured in hertz (Hz) and indicates the range of frequencies that the
earphone can produce [19,20]. Therefore, a good earphone should have a wide range fre-
quency range in order to take care of the special needs of some extremely sensitive users [21].
For a full-range earphone system, it is essential to have a range of frequency responses that
can accurately reproduce sound across the entire audible range for humans [22,23], which
typically spans from 20 Hz to 20 kHz. Therefore, a high-quality full-range earphone system
should be capable of responding to frequencies within this range. However, due to the
physical limitations of earphones, they typically provide responses from 310 Hz to 12 kHz,
with high-quality systems capable of a wider frequency range [24].

Fourthly, in addition to measuring distortion directly, the SNR is a crucial metric for
evaluating earphone performance. It represents the ratio of the signal level to the noise
level and is often used to determine the quality of the sound produced by the earphones. It
is typically measured in decibels (dB) and indicates how much louder the signal is than the
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noise. A high-quality earphone should ideally have an SNR of 90 to 100 dB, indicating a low
noise level and a clear, crisp sound. A higher SNR implies that the earphone can produce
a more accurate and detailed sound by minimizing the amount of noise and interference
that can degrade the quality of the audio signal. Therefore, a high SNR is a crucial factor to
consider when evaluating the performance of earphones.

Fifthly, impedance is a measure of the resistance that an earphone offers to the flow of
electrical current. On the other hand, the evaluative factor is similar to the power of output,
which indicates the amount of power that the earphone can deliver to the listener. Both
impedance and power of output are crucial factors to consider when selecting earphones,
as they can significantly impact the overall sound quality and listening experience. In
essence, impedance is typically measured in ohms and indicates how much power is lost
as the current flows through the earphone. Low impedance indicates high quality, as it
ensures that the earphone draws maximum power from the source.

Finally, apart from measurement with devices, headroom refers to the ability of
an earphone to generate a short burst of sound without distortion or clipping. It is a
subjective measure of the ability of the earphone to provide a thrilling experience to the
listener, especially in the case of action movies or music with sudden loud sounds. High-
quality earphones should have good headroom to deliver a powerful and exciting listening
experience. It is worth noting that the same setting was preserved in the hosting company
of the data in order to ensure reproducibility. Nonetheless, as the current work would like
to gain inspiration for the design, alignment of the scale may not be an important concern,
along with the slight diversity of the 388 sets of designs.

1.4. Organization of the Report

All in all, this paper aims to explore the connection between the design parameters and
the sound quality of earphones. For this purpose, it is structured into five main sections:
Introduction, Materials and Methods, Results, Discussion, and Conclusions. Each section
is designed to provide a comprehensive analysis of the key factors that impact the sound
quality of earphones, with the ultimate goal of improving the design and performance of
these devices. In the first section, the goal of the current research for developing a proper
model in characterizing the impacts of the design variables on sound quality outcomes
is defined along with the required background information to lay the foundation for the
comprehension of the current work. Then, the required materials, such as the dataset and
the required formulation, are highlighted to illustrate the modelling process’s configuration.
Moreover, this study conducts a performance analysis of two formulae to compare the
accuracy of their estimations using a testing set of data. The findings of this analysis are
discussed and conclusions drawn. The discussion and conclusion include an evaluation of
the model formulation and its performance, highlighting the implications of the study’s
results for the design and optimization of earphones.

2. Materials and Methods

This section begins by developing a research framework based on the building blocks
reviewed in the previous section. This framework will be used to depict the formulation of
the model. Subsequently, a practical procedure will be developed with reference to the de-
fined framework. This procedure will guide the implementation of the research evaluation,
ensuring that the study is conducted in a systematic and cohesive manner. Furthermore, as
the model construction is required for the training data, an overview of the characteristics
will be included to briefly review the adopted dataset. Lastly, subsequent to the descrip-
tion of the dataset, formulations with traditional and principal component analysis-based
regression approaches are derived in order to support the performance analysis.

2.1. Development of Research Framework

The framework for the current work can be seen in Figure 2. It can be observed that
the predictive model used in the current study consists of the eight design parameters



Appl. Sci. 2023, 13, 9912 6 of 24

for the primary and secondary drivers and the six sound quality outcomes defined in the
previous section, while the ultimate study of the formulation was to develop a mechanism
to map the independent and dependent variables. Actually, different techniques can be
applied in the modelling process, while the current work stresses the linear model based on
traditional regression and the principal component analysis-based regression. Additionally,
recommendations and conclusions are drawn based on the research findings.
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2.2. Steps of the Study

The practical steps of the study should be developed to depict the research proce-
dure [25], and five steps were developed accordingly. First, the research started with the
definition of the earphone design parameters and the outcomes of the sound quality in
order to simplify the research problem for the formulation. Second, the training data were
prepared for the development of the mathematical models that link the design parameters
and sound quality performance. A total of 388 designs were revealed from the design
database of the hosting company, while each design was characterized by the eight pa-
rameters and the six sound quality outcomes. According to the depiction of the hosting
organization, the designed earphone was tested based on the standard IEC 60318-4, or
711-coupler. In essence, the related standard specifies an artificial ear designed for testing
supra-aural and circumoral headphones, as well as other devices that rest against the pinna
(outer ear). It simulates the acoustic impedance of the human ear and provides a uniform
frequency response for measurements. Additionally, the input voltage and mechanical reso-
nance frequency were 0.5 V and 100 Hz for the engineer to inspect the designs. Nonetheless,
the testing parameters for the 388 designs may include slight alternates with respect to the
requirement. Third, the formulations derived from the traditional regression technique and
the application of principal component analysis were deduced based on the 388 designs.
Fourth, the testing data were prepared in the same sense, while 168 designs were captured
for the evaluation of the predictive performance. Finally, comparing the two formulations
was conducted to benchmark the predictive accuracy based on the 168 unseen designs.

2.3. Overview of the Training Set

With respect to the defined steps, it can be seen that the development of the predictive
model should start with the consolidation and clearance of the modelling data. Although
it was impossible to list the data individually, an overview is provided to facilitate the
understanding. Each earphone design was characterized by eight variables, while the
corresponding options can be seen in Table 1. Additionally, 388 designs were involved in
the modelling, and the number of samples and the corresponding percentages can also be
observed in the table. It can be seen that the training set covered all categories of design
parameters with a roughly even distribution. Thus, the dataset was appropriate for the
development of the predictive model.
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Table 1. Summary of the possible options of the design in the simplified formulation„ while the as-
signed values in the proposed formulation are also included in order to highlight the correspondence
between the options and the represented values in the formulation. The distribution of the cases
involved in the development of the model is included as well.

Parameters of the Design * Possible Options Assigned Values N
(Total = 388)

%
(Total = 100%)

Type
(Primary Unit)

Dynamic Unit/Moving Coil 1 196 50.52%
Balanced Armature Unit 2 90 23.20%

Planar Magnetic Unit 3 102 26.29%

Magnet Type
(Primary Unit)

N35 Grade 1 119 30.67%
N40 Grade 2 114 29.38%
N45 Grade 3 85 21.91%
N45 Grade 4 70 18.04%

Voice Coils
(Primary Unit)

Copper Wire 1 161 41.49%
Aluminum Wire with Copper Covered 2 106 27.32%

Silver Wire 3 121 31.19%

Diaphragm
(Primary Unit)

Polyethylene Terephthalate 1 141 36.34%
Polyethene Naphtholate 2 98 25.26%

Polyetheretherketone (PEEK) 3 77 19.85%
PEEK + Polyurethane 4 72 18.56%

Type
(Secondary Unit)

No Secondary Unit Included 0 86 22.16%
Dynamic Unit/Moving Coil 1 83 21.39%

Balanced Armature Unit 2 100 25.77%
Planar Magnetic Unit 3 119 30.67%

Magnet Type
(Secondary Unit)

No Secondary Unit Included 0 86 22.16%
N35 Grade 1 80 20.62%
N40 Grade 2 74 19.07%
N45 Grade 3 78 20.10%
N45 Grade 4 70 18.04%

Voice Coils
(Secondary Unit)

No Secondary Unit Included 0 86 22.16%
Copper Wire 1 127 32.73%

Aluminum Wire with Copper Covered 2 71 18.30%
Silver Wire 3 104 26.80%

Diaphragm
(Secondary Unit)

No Secondary Unit Included 0 86 22.16%
Polyethylene Terephthalate 1 83 21.39%

Polyethene Naphtholate 2 75 19.33%
Polyetheretherketone (PEEK) 3 75 19.33%

PEEK + Polyurethane 4 69 17.78%

* The earphone was assumed to have at most two drivers, while the options of the design were finite.

Apart from the design parameters, the distribution of the quality outcomes of the
sound of the design was included to enhance the comprehension of the data. Instead of the
numerical values of the measurement, the sound quality indicators were classified with
respect to levels so that a comparable scale could be deduced. The corresponding levels of
sound performance and explanations can be observed in Table 2. The levels were assigned
values to represent the design’s excellence. For instance, the THD was divided into seven
levels, while the assigned value’s size indicated the performance scale’s preference.
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Table 2. Summary of the definition of sound quality performance and the assigned values in
the formulation.

Sound Quality
Performance Performance Range Remark Assigned

Values
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Serious Level of THD

This level of THD is considered to be a significant issue, as it
can cause significant degradation of the audio quality and
introduce unwanted artefacts into the sound. Hence, the

distortion measured in the designed earphone was greater
than 10%.

1

Sensible Level of THD

This level of THD is noticeable but not necessarily
problematic. It may be acceptable for some applications but

not for others that require high-quality audio. Hence, the
distortion measured in the designed earphone was

approximately 9%.

2

Slightly High Level of THD
At this level, the THD is slightly higher than ideal but may

not be noticeable to all listeners. Thus, the distortion
measured in the designed earphone was roughly 7%.

3

Moderate Level of THD

This level of THD is noticeable and may affect the overall
audio quality. It is generally considered to be suboptimal for
most applications. As a result, the distortion measured in the

designed earphone was approximately 5%.

4

Slightly Low Level of THD
This level of THD is slightly lower than ideal but may not be
noticeable to all listeners. Thus, the distortion measured in

the designed earphone was roughly 3%.
5

Insensible Level of THD
At this level, the THD is so low that it is imperceptible to most

listeners. Then, the distortion measured in the designed
earphone was approximately 1%.

6

Zero Level of THD
This level of THD refers to a situation where there is no THD
present in the audio signal. Thus, the distortion measured in

the designed earphone was less than 1%.
7

Po
w

er
of

O
ut

pu
t

Extremely Low Level of
Power of Output

This level of power of output refers to a situation where the
power of output of a device or system is exceedingly low, to

the point where it is barely measurable or completely
negligible. As a result, the measured power of output was less

than 80 milliwatts.

1

Low Level of Power of Output

At this level, the power of output of a device or system is still
relatively low, but it can be measured and may be sufficient
for some applications. However, it may not be sufficient for

more demanding applications. Thus, the measured power of
output of the designed earphone was approximately 100

milliwatts.

2

Below-average Level of Power
of Output

This level of power of output is slightly higher than a low
level, but still below the average power of output of similar
devices or systems. It may be suitable for some applications

but not for others that require higher power of output. Hence,
the measured power of output of the designed earphone was

roughly 120 milliwatts.

3

Moderate Level of Power of
Output

This level of power of output is average or typical for similar
devices or systems. It is sufficient for most applications, but
may not be optimal for high-power applications. Thus, the
measured power of output of the designed earphone was

approximately 150 milliwatts.

4
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Table 2. Cont.

Sound Quality
Performance Performance Range Remark Assigned

Values

Above-average Level of
Power of Output

At this level, the power of output of a device or system is
higher than average, making it suitable for more demanding
applications that require higher power of output. Hence, the

measured power of output of the designed earphone was
approximately 180 milliwatts.

5

Strong Power of Output

This level of power of output refers to a situation where the
power of output of a device or system is high, making it

suitable for demanding applications that require a strong and
consistent output. Thus, the measured power of output of the

designed earphone was approximately 200 milliwatts.

6

Extremely Strong Power of
Output

This level of power of output is the highest possible level,
where the power of output is exceptionally strong and

well-suited for the most demanding applications that require
a high level of power. Thus, the measured output of the

designed earphone was greater than 250 milliwatts.

7
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Limited Range of Frequency
Response

This refers to a situation where the range of frequency
response of a device or system is restricted or limited, which

may result in a narrow or suboptimal audio quality. As a
result, the measured range of frequency response of the

designed earphone was less than 610 Hz to 10 kHz.

1

Narrow Range of Frequency
Response

At this level, the range of frequency response of a device or
system is restricted but may still provide acceptable audio
quality for some applications. Thus, the measured range of

frequency response of the designed earphone was
approximately 610 Hz to 10 kHz.

2

Below-average Range of
Frequency Response

This level of range of frequency response is slightly lower
than average and may not provide optimal audio quality for
some applications. Thus, the measured range of frequency
response of the designed earphone was narrower than the

typical range (310 Hz to 12 kHz).

3

Moderate Range of Frequency
Response

This level of range of frequency response is average or typical
for similar devices or systems. It is sufficient for most

applications but may not be optimal for high-quality audio.
As a result, the measured range of frequency response of the

designed earphone was approximately the typical range.

4

Above-average Range of
Frequency Response

At this level, the range of frequency response of a device or
system is higher than average, making it suitable for more
demanding applications that require higher audio quality.

Thus, the measured range of frequency response of the
designed earphone was wider than the typical range.

5

Wide Range of Frequency
Response

This refers to a situation where the range of frequency
response of a device or system is broad or wide, providing

optimal audio quality for a range of applications. Therefore,
the measured range of frequency response of the designed

earphone was approximately 20 Hz to 20 kHz.

6

Full Range of Frequency
Response

At this level, the range of frequency response of a device or
system covers the entire audible range of human hearing,

providing the highest-quality audio performance. Thus, the
measured range of frequency response of the designed

earphone was greater than 20 Hz to 20 kHz.

7
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Table 2. Cont.

Sound Quality
Performance Performance Range Remark Assigned

Values

SN
R

Extremely Low SNR

This level of SNR is extremely low, indicating a significant
amount of noise in the audio signal that may interfere with
the desired audio content. Therefore, the measured SNR of

the designed earphone was less than 60 decibels.

1

Low SNR
At this level, the SNR is low, indicating the presence of some

noise in the audio signal. Thus, the measured SNR of the
designed earphone was approximately 60 decibels.

2

Below-average SNR
This level of SNR is slightly lower than average and may

affect the overall audio quality. As a result, the measured SNR
of the designed earphone was approximately 80 decibels.

3

Moderate SNR

This level of SNR is average or typical for similar devices or
systems. It is sufficient for most applications, but may not be
optimal for high-quality audio. Thus, the measured SNR of

the designed earphone was approximately 10 decibels.

4

Above-average SNR

At this level, the SNR is higher than average, indicating a
lower level of noise in the audio signal. Therefore, the

measured SNR of the designed earphone was approximately
120 decibels.

5

Large SNR
This level of SNR is high, indicating a significant reduction in

noise in the audio signal. Thus, the measured SNR of the
designed earphone was approximately 160 decibels.

6

Extremely Large SNR

This level of SNR is exceptionally high, indicating an
extremely low level of noise in the audio signal. Therefore,

the measured SNR of the designed earphone was greater than
200 decibels.

7

T
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Extremely High Impedance of
the Speaker

This level of impedance of the speaker is exceptionally high,
indicating a high resistance to the flow of electrical current

through the speaker. As a result, the measured impedance of
the speaker of the designed earphone was greater than 40

ohms.

1

High Impedance of the
Speaker

At this level, the impedance of the speaker is high, indicating
a relatively high resistance to the flow of electrical current

through the speaker. As a result, the measured impedance of
the speaker of the designed earphone was approximately 32

ohms.

2

Above-average Impedance of
the Speaker

This level of impedance of the speaker is slightly higher than
average and may affect the overall audio quality. As a result,

the measured impedance of the speaker of the designed
earphone was approximately 24 ohms.

3

Moderate Impedance of the
Speaker

This level of impedance of the speaker is average or typical
for similar devices or systems. It is sufficient for most

applications, but may not be optimal for high-quality audio.
As a result, the measured impedance of the speaker of the

designed earphone was approximately 22 ohms.

4

Below-average Impedance of
the Speaker

This level of impedance of the speaker is slightly lower than
average and may affect the overall audio quality. Thus, the

measured impedance of the speaker of the designed earphone
was approximately 18 ohms.

5

Low Impedance of the
Speaker

At this level, the impedance of the speaker is relatively low,
indicating a lower resistance to the flow of electrical current
through the speaker. As a result, the measured impedance of
the speaker of the designed earphone was approximately 12

ohms.

6
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Table 2. Cont.

Sound Quality
Performance Performance Range Remark Assigned

Values

Extremely Low Impedance of
the Speaker

This level of impedance of the speaker is exceptionally low,
indicating a very low resistance to the flow of electrical
current through the speaker. As a result, the measured

impedance of the speaker of the designed earphone was less
than 12 ohms.

7

H
ea

dr
oo

m

No Effect on Headroom:

This level of headroom indicates that the device or system has
no effect on the maximum level of audio output that can be

achieved. For evaluative purposes, a feedback form was
created, and human testers were engaged in the testing

process.

1

Low Headroom:

At this level, the headroom of the device or system is
relatively low, indicating a limited maximum level of audio

output that can be achieved. The evaluative process involved
the creation of a feedback form, and human testers were

utilized to conduct the testing.

2

Below-average Headroom

This level of headroom is slightly lower than average and
may limit the maximum level of audio output that can be

achieved. A feedback form was developed for the purpose of
evaluation, and human testers were employed to participate

in the testing process.

3

Moderate Headroom

This level of headroom is average or typical for similar
devices or systems, providing a sufficient maximum level of
audio output for most applications. In order to evaluate the
product, a feedback form was designed, and human testers

were enlisted to carry out the testing.

4

Above-average Headroom

At this level, the headroom of the device or system is higher
than average, providing a greater maximum level of audio

output that can be achieved. The testing process involved the
use of a feedback form for evaluation, with human testers

playing a crucial role in the process.

5

Significant Headroom

This level of headroom is high and provides a significant
maximum level of audio output that can be achieved. For the
purpose of conducting the evaluation, a feedback form was

specifically designed, and human testers were involved in the
testing phase.

6

Extremely Large Headroom

This level of headroom is exceptionally high and provides an
extremely large maximum level of audio output that can be

achieved. With the aim of evaluation in mind, a feedback
form was created, and human testers were brought in to

conduct the testing.

7

Along with the assigned values, the average score of the designs for the modelling
can be computed, and the six average scores of the sound quality performance of the
studied earphone design of the training dataset were 3.9175, 3.8660, 3.8918, 3.9459, 4.0052,
and 4.0335, respectively (Figure 3). They have a descending ordered sequence: headroom
(average = 4.0335) > impedance of the speaker (average = 4.0052) > SNR (average = 3.9459) >
THD (average = 3.9175) > range of frequency response (average = 3.8918) > power of output
(average = 3.8660), while the best- and worst-performing indicators were headroom and power
of output, respectively. Although there were differences among the performance indicators,
their performance scores were similar, indicating the dataset’s suitability for modelling.
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Figure 3. Average scores of the sound quality performance of the studied earphone designs of the
training dataset.

Therefore, with respect to the relativity of the scores, the ranks of the performance
identified among the training dataset can be deduced, and the result can be seen in Table 3.

Table 3. Sound quality performance of the studied earphone design of the training dataset based on
the average performance scores.

Rank Sound Quality Indicator

1 Headroom
2 Speaker Impedance
3 SNR
4 THD
5 Range of Frequency Response
6 Power of Output

The dataset for modelling, including the eight design parameters with finite options and
the six sound performance indicators ranging from 1 to 7, was prepared, which would be
applied to formulate the regression model. Before the adoption of the data in the modelling
process, a correlative check was conducted, and the results can be seen in Table 4. A close
connection between the earphone design parameters and outcomes of the sound quality can
be observed, which indicates that meaningful linkages exist between the independent and
dependent variables. As a result, it was worthy of data analysis and modelling.

Table 4. Pearson correlation values of the modelling data between the eight design parameters and
six sound quality performances.

Design Parameter
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Type (Primary Unit) 0.520 ** 0.473 ** 0.436 ** 0.466 ** 0.427 ** 0.432 **
Magnet Type (Primary Unit) 0.475 ** 0.457 ** 0.397 ** 0.389 ** 0.419 ** 0.431 **
Voice Coils (Primary Unit) 0.384 ** 0.420 ** 0.408 ** 0.391 ** 0.353 ** 0.440 **
Diaphragm (Primary Unit) 0.510 ** 0.511 ** 0.458 ** 0.444 ** 0.430 ** 0.512 **

Type (Secondary Unit) 0.453 ** 0.487 ** 0.447 ** 0.477 ** 0.442 ** 0.465 **
Magnet Type (Secondary Unit) 0.453 ** 0.511 ** 0.445 ** 0.522 ** 0.441 ** 0.492 **
Voice Coils (Secondary Unit) 0.506 ** 0.545 ** 0.479 ** 0.500 ** 0.493 ** 0.512 **
Diaphragm (Secondary Unit) 0.508 ** 0.542 ** 0.476 ** 0.496 ** 0.460 ** 0.505 **

**. Correlation is significant at the 0.01 level (2-tailed).
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2.4. Development of the Predictive Models

After defining the dataset for the modelling process, a predictive model is essential
for analyzing the performance of the proposed approaches. Linear regression, a statistical
technique applied to model relationships between variables, is used to create a basic linear
model. It can handle both simple and multiple regression analyses, making it suitable
for developing a predictive model for earphone design parameters and sound quality
outcomes. Linear regression is widely used in data analysis and machine learning for
supervised and unsupervised learning. It works by fitting a linear equation to data points,
with the goal of finding the best-fitting line that minimizes the squared differences between
predicted and actual values. However, it is important to check the assumptions of linearity,
homoscedasticity, normality of residuals, and independence of errors for reliable and valid
results. Despite its limitations, linear regression serves as a baseline method for evaluation,
with applications in prediction, trend analysis, hypothesis testing, and outlier detection. It
can model relationships between variables, predict future values, analyze trends over time,
and identify outliers. While it is crucial to ensure that the variables’ relationship can be
described by a linear equation, linear regression remains a powerful tool for data analysis
and machine learning. The formulation of the parameters and sound quality performance
is shown in the following. The formulation revealed that the type of secondary driver has
minimal impact on sound quality performance, so it was excluded in practical applications.

THD
Power of Output

Range of Frequency Response
SNR

The Impedance of the Speaker
Headroom



=



0.676 0.367 0 0.412 0 0 0 0.355
0.420 0.294 0 0.375 0 0 0.336 0.323
0.425 0.228 0.351 0.325 0 0 0 0.351
0.733 0 0 0 0 0.585 0 0
0.436 0.337 0 0.282 0 0 0.539 0
0.261 0.246 0.366 0.393 0 0 0.279 0.250



×



Type (Primary Unit)
Magnet Type (Primary Unit)
Voice Coils (Primary Unit)
Diaphragm (Primary Unit)

Type (Secondary Unit)
Magnet Type (Secondary Unit)
Voice Coils (Secondary Unit)
Diaphragm (Secondary Unit)


+



0.314
0.515
0.578
0.539
0.043
0.565



=



0.676 0.367 0 0.412 0 0 0.355
0.420 0.294 0 0.375 0 0.336 0.323
0.425 0.228 0.351 0.325 0 0 0.351
0.733 0 0 0 0.585 0 0
0.436 0.337 0 0.282 0 0.539 0
0.261 0.246 0.366 0.393 0 0.279 0.250



×



Type (Primary Unit)
Magnet Type (Primary Unit)
Voice Coils (Primary Unit)
Diaphragm (Primary Unit)

Magnet Type (Secondary Unit)
Voice Coils (Secondary Unit)
Diaphragm (Secondary Unit)


+



0.314
0.515
0.578
0.539
0.043
0.565

 . . .

(1)



Appl. Sci. 2023, 13, 9912 14 of 24

A principal component analysis (PCA)-based formulation was also derived. PCA is
a statistical technique that reduces a dataset’s dimensionality while preserving as much
variation as possible, making it widely used in data analysis and machine learning. PCA
transforms potentially correlated variables into linearly uncorrelated variables called prin-
cipal components. These components account for the maximum amount of variation in the
data and are chosen to be orthogonal to previous components. PCA has various applica-
tions, such as data visualization, data compression, feature selection, noise reduction, and
clustering. Overall, PCA is a powerful technique for reducing dataset dimensionality while
retaining important features. By transforming large and complex datasets into linearly
uncorrelated variables, PCA simplifies the analysis process and helps researchers draw
meaningful insights from the data.

In summary, principal component analysis (PCA) offers the significant advantage of
reducing dataset dimensionality while preserving essential information, benefiting machine
learning and data analysis tasks that often involve numerous variables. This reduction
aids in visualization and analysis, enabling more efficient training of machine learning
algorithms. PCA has been particularly influential in earphone design research. However,
PCA has limitations, including the assumption of normal distribution and linear correlation
in data, which may not hold true in practice. Moreover, interpreting principal components
can be challenging, especially with many variables, as seen in earphone design problems.

All in all, principal component analysis (PCA) is an effective method in data analysis
and machine learning for simplifying intricate datasets and discovering underlying patterns.
In a specific computation, the first four components accounted for 82.78% of the explanatory
power, leading to their use in modelling. Consequently, a formulation was established to
connect these components with the eight design parameters.

Component 1
Component 2
Component 3
Component 4


=


0.306971 0.297114 0.296176 0.33795 0.387704 0.400377 0.395214 0.385826
0.445829 0.441501 0.381985 0.288923 −0.33654 −0.26187 −0.28892 −0.33437
−0.07285 −0.64326 0.759317 0.034571 0.028397 −0.02469 −0.03704 −0.02593
−0.82963 0.368576 0.215333 0.335549 −0.03038 0.071337 −0.09644 −0.02774



×



Type (Primary Unit)
Magnet Type (Primary Unit)

Voice Coils(Primary Unit)
Diaphragm (Primary Unit)

Type (Secondary Unit)
Magnet Type (Secondary Unit)
Voice Coils (Secondary Unit)
Diaphragm (Secondary Unit)


In essence, the formulation reveals that the eight design parameters can be condensed

into four components, which reduces storage and computational demands. With the
utilization of these four components, a regression model can be created. It is important to
note that the PCA-based model outputs z-scores and additional conversion is needed for
comparison studies. However, z-scores are adequate for performance estimation in practice
since only a relative benchmark is needed as long as component values can be generated
from the existing dataset.

Z − score of THD
Z − score of Power of Output

Z − score of Range of Frequency Response
Z − score of SNR

Z − score of Impedance of the Speaker
Z − score of Headroom

 =



0.334 −0.362 −0.356 0
0.332 −0.182 0.270 −0.526
0.276 0 0 0
0.288 0 0 0
0.270 0 0 0
0.295 0 0 0

×


Component 1
Component 2
Component 3
Component 4

+



0.048 × 10−7

−1.716 × 10−6

0.338 × 10−6

−8.618 × 10−7

0.600 × 10−7

0.066 × 10−6


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Overall, it can be seen that along with the training dataset, both traditional and
principal component analysis-based regression formulations were deduced. Performance
analysis is conducted in the next section.

3. Results

Further to the derivation of the formulations, a comparative study of the two models
is conducted in order to contrast the predictive accuracy. The current section starts with
a depiction of the characteristics of the adopted testing data so as to give an overview of
them along with the contrast with the training dataset. Then, due to the misalignment
of the inputs and outputs of the principal component analysis-based formulation with
the traditional regression model, the conversion is conducted in order to underpin the
performance evaluation. Finally, the performance is compared, while the root-mean-square
error values of the six sound quality indicators are reported to contrast the performance.

3.1. Descriptive Analysis of the Testing Data

As the performance comparison relied on the testing dataset, it is important to conduct
a descriptive analysis of the adopted data to gain an overview and contrast with the
modelling data. Similar to the training data, each earphone design in the testing dataset
was characterized by eight variables. The corresponding options and their distribution in
the testing dataset can be seen in Table 5. With the intention of facilitating the comparison
with the modelling dataset, the distribution of the modelling dataset was also included.
From the inspection of the percentage values, although differences can be found among
the categories, even distribution and full coverage of each class can be observed in the
testing set, which is similar to the training data. Therefore, the testing set was eligible for
the evaluation of the performance due to the shared characteristics. Conducting descriptive
analysis of the testing dataset allows us to gain a better understanding of the distribution
of the data and how it compares to the modelling data. By ensuring that the testing dataset
has similar characteristics to the modelling dataset, we can have more confidence in the
performance evaluation of the proposed approaches. This is important for ensuring that
the evaluation is fair and accurate. On the whole, by conducting a descriptive analysis of
the testing dataset, we can gain insights into the distribution of the data and ensure that it
is eligible for the evaluation of the performance. This helps to ensure that the results of the
evaluation are reliable and valid.

Table 5. Distribution of the cases involved in the testing of the developed predictive models with
respect to the eight design parameters and the associated options. Apart from the statistics of the
testing dataset, the distribution of the training dataset are included for comparison.

Testing Data Training Data

Parameters of the Design Possible Options N
(Total = 168)

%
(Total = 100%)

N
(Total = 388)

%
(Total = 100%)

Type
(Primary Unit)

Dynamic Unit/Moving
Coil 58 34.52% 196 50.52%

Balanced Armature Unit 50 29.76% 90 23.20%
Planar Magnetic Unit 60 35.71% 102 26.29%

Magnet Type
(Primary Unit)

N35 Grade 48 28.57% 119 30.67%
N40 Grade 41 24.40% 114 29.38%
N45 Grade 45 26.79% 85 21.91%
N45 Grade 34 20.24% 70 18.04%

Voice Coils
(Primary Unit)

Copper Wire 60 35.71% 161 41.49%
Aluminum Wire with

Copper Covered 56 33.33% 106 27.32%

Silver Wire 52 30.95% 121 31.19%
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Table 5. Cont.

Testing Data Training Data

Parameters of the Design Possible Options N
(Total = 168)

%
(Total = 100%)

N
(Total = 388)

%
(Total = 100%)

Diaphragm
(Primary Unit)

Polyethylene
Terephthalate 50 29.76% 141 36.34%

Polyethene Naphtholate 43 25.60% 98 25.26%
Polyetheretherketone

(PEEK) 40 23.81% 77 19.85%

PEEK + Polyurethane 35 20.83% 72 18.56%

Type
(Secondary Unit)

No Secondary Unit
Included 36 21.43% 86 22.16%

Dynamic Unit/Moving
Coil 48 28.57% 83 21.39%

Balanced Armature Unit 48 28.57% 100 25.77%
Planar Magnetic Unit 36 21.43% 119 30.67%

Magnet Type
(Secondary Unit)

No Secondary Unit
Included 36 21.43% 86 22.16%

N35 Grade 34 20.24% 80 20.62%
N40 Grade 35 20.83% 74 19.07%
N45 Grade 30 17.86% 78 20.10%
N45 Grade 33 19.64% 70 18.04%

Voice Coils
(Secondary Unit)

No Secondary Unit
Included 36 21.43% 86 22.16%

Copper Wire 45 26.79% 127 32.73%
Aluminum Wire with

Copper Covered 41 24.40% 71 18.30%

Silver Wire 46 27.38% 104 26.80%

Diaphragm
(Secondary Unit)

No Secondary Unit
Included 36 21.43% 86 22.16%

Polyethylene
Terephthalate 38 22.62% 83 21.39%

Polyethene Naphtholate 48 28.57% 75 19.33%
Polyetheretherketone

(PEEK) 39 23.21% 75 19.33%

PEEK + Polyurethane 31 18.45% 69 17.78%

The sound quality performance of the earphones in the training dataset are depicted,
while the six average scores of the indicators were computed. Along with the average
scores of the training data, the performance average of both training and testing sets can be
seen in Table 6, along with the visualization in Figure 4.

Table 6. Average score of the sound quality performance of the studied earphone design of the
testing dataset can be observed in the table. Average values of sound performance in training data
are included as well to facilitate comparison.

Sound Quality Indicator Average Score
(Testing Data)

Average Score
(Training Data)

THD 4.2024 3.9175
Power of Output 4.1845 3.8660

Range of Frequency Response 4.1488 3.8918
SNR 4.1905 3.9459

Impedance of the Speaker 4.1369 4.0052
Headroom 4.3155 4.0335
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Figure 4. Visualization of the average score of the six sound quality performances of the studied
earphone designs of the testing dataset and average values of the training dataset are included as
well for ease of referencing.

From the visualization, the relativity of the six indicators of the testing set had a de-
scending ordered sequence, which was headroom (mean = 4.3155) > THD (mean = 4.2024)
> signal-to-noise ratio (mean = 4.1905) > power of output (mean = 4.1845) > range of
frequency response (mean = 4.1488) > impedance of the speaker (mean = 4.1369), while
the best- and worst-performing indicators were headroom and impedance of the speaker,
respectively. In essence, the best-performing indicator is shared with the training set, which
reflects the alignment of the dataset. Although differences can be observed in the perfor-
mance scores of the two sets of data, little variation can be observed in the six performance
indicators. Therefore, adopting the data in the performance evaluation was reasonable.

Hence, with respect to the relativity of the scores, performance ranking among the
testing dataset can be deduced (Table 7), while similarity to ranks of the training set can be
observed as well.

Table 7. Rank of the sound quality performance of the studied earphone design of the testing dataset
based on the six average performance scores. The ranks for the training dataset are also included.

Rank Sound Quality Indicator
(Testing Dataset)

Sound Quality Indicator
(Training Dataset)

1 Headroom Headroom
2 THD Speaker Impedance
3 SNR SNR
4 Power of Output THD
5 Range of Frequency Response Range of Frequency Response
6 Speaker Impedance Power of Output

Similar to the analysis of the training data, a correlation analysis between the design
parameters and sound quality outcomes was performed in order to inspect the connection
among the variables (Table 8). A close connection between the design parameters and
sound quality outcomes can be observed, which indicates that meaningful linkages exist
between the independent and dependent variables. Therefore, the data were sharing the
same properties as the training data and thus suitable for the evaluation of the predictive
performance of the developed formulations.
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Table 8. Pearson correlation values of the testing data between the eight design parameters and the
six sound quality performances.
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Type of the Primary Driver 0.338 ** 0.392 ** 0.514 ** 0.480 ** 0.439 ** 0.266 **
Magnet of the Primary Driver 0.448 ** 0.464 ** 0.229 ** 0.203 ** 0.192* 0.349 **

Voice Coils of the Primary Driver 0.179 * 0.155 * 0.148 0.300 ** 0.145 0.120
The Diaphragm of the Primary Driver 0.452 ** 0.398 ** 0.599 ** 0.215 ** 0.206 ** 0.491 **

Type of the Secondary Driver 0.475 ** 0.488 ** 0.324 ** 0.579 ** 0.495 ** 0.522 **
Magnet of the Secondary Driver 0.352 ** 0.424 ** 0.266 ** 0.498 ** 0.493 ** 0.495 **

Voice Coils of the Secondary Driver 0.625 ** 0.631 ** 0.592 ** 0.692 ** 0.714 ** 0.597 **
Diaphragm of the Secondary Driver 0.619 ** 0.608 ** 0.238 ** 0.582 ** 0.761 ** 0.700 **

*. Correlation is significant at the 0.0 level (2-tailed). **. Correlation is significant at the 0.01 level (2-tailed).

3.2. Alignment of the Model Based on Principal Component Analysis

Prior to the comparison of the predictive performance of the two models, the formula-
tions should be aligned in order to facilitate the contrast. Thus, the principal component
analysis-based formula is transformed to the standard form in order to support the per-
formance evaluation. The principal component analysis-based method adopted the four
components and z-scores of the sound quality indicators as inputs and outputs, respectively.
The z-scores of the sound quality indicators and their numerical values in seven levels can
be connected by the standard derivation of mean values. Thus, the z-scores and scores in
seven levels can be linked with the following formula.

Z − score of THD
Z − score of Power of Output

Z − score of Range of Frequency Response
Z − score of SNR

Z − score of Impedance of the Speaker
Z − score of Headroom



=



1/2.227 0 0 0 0 0
0 1/2.213 0 0 0 0
0 0 1/2.200 0 0 0
0 0 0 1/2.112 0 0
0 0 0 0 1/2.205 0
0 0 0 0 0 1/2.197



×





THD
Power of Output

Range of Frequency Response
SNR

The Impedance of the Speaker
Headroom

−



3.92
3.87
3.89
3.95
4.01
4.03




Hence, with respect to the inverse of the functions, the conversion from z-scores to the

seven-level values can be accomplished, which is expressed as follows.
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

THD
Power of Output

Range of Frequency Response
SNR

TheImpe dance of the Speaker
Headroom



=



2.227 0 0 0 0 0
0 2.213 0 0 0 0
0 0 2.200 0 0 0
0 0 0 2.112 0 0
0 0 0 0 2.205 0
0 0 0 0 0 2.197

×



Z − score of THD
Z − score of Power of Output

Z − score of Range of Frequency Response
Z − score of SNR

Z − score of Impedance of the Speaker
Z − score of Headroom

+



3.92
3.87
3.89
3.95
4.01
4.03


On the other hand, the connection between the design parameters and the four com-

ponents can be expressed by:
Component 1
Component 2
Component 3
Component 4

 =


0.306971 0.297114 0.296176 0.33795 0.387704 0.400377 0.395214 0.385826
0.445829 0.441501 0.381985 0.288923 −0.33654 −0.26187 −0.28892 −0.33437
−0.07285 −0.64326 0.759317 0.034571 0.028397 −0.02469 −0.03704 −0.02593
−0.82963 0.368576 0.215333 0.335549 −0.03038 0.071337 −0.09644 −0.02774



×



Type (Primary Unit)
Magnet Type (Primary Unit)
Voice Coils (Primary Unit)
Diaphragm (Primary Unit)

Type (Secondary Unit)
Magnet Type (Secondary Unit)
Voice Coils (Secondary Unit)
Diaphragm (Secondary Unit)


As a result, by substituting the dependent and independent variables of the principal

component analysis-based formulation, the expression in matrix form can be obtained.

Z − score of THD
Z − score of Power of Output

Z − score of Range of Frequency Response
Z − score of SNR

Z − score of Impedance of the Speaker
Z − score of Headroom

 =



0.334 −0.362 −0.356 0
0.332 −0.182 0.270 −0.526
0.276 0 0 0
0.288 0 0 0
0.270 0 0 0
0.295 0 0 0

×


Component 1
Component 2
Component 3
Component 4

+



0.048 × 10−7

−1.716 × 10−6

0.338 × 10−6

−8.618 × 10−7

0.600 × 10−7

0.066 × 10−6




THD
Power of Output

Range of Frequency Response
SNR

The impedance of the Speaker
Headroom



=



2.227 0 0 0 0 0
0 2.213 0 0 0 0
0 0 2.200 0 0 0
0 0 0 2.112 0 0
0 0 0 0 2.205 0
0 0 0 0 0 2.197



×





0.334 −0.362 −0.356 0
0.332 −0.182 0.270 −0.526
0.276 0 0 0
0.288 0 0 0
0.270 0 0 0
0.295 0 0 0


×


0.306971 0.297114 0.296176 0.33795 0.387704 0.400377 0.395214 0.385826
0.445829 0.441501 0.381985 0.288923 −0.33654 −0.26187 −0.28892 −0.33437
−0.07285 −0.64326 0.759317 0.034571 0.028397 −0.02469 −0.03704 −0.02593
−0.82963 0.368576 0.215333 0.335549 −0.03038 0.071337 −0.09644 −0.02774



×



Type (Primary Unit)
Magnet Type (Primary Unit)
Voice Coils (Primary Unit)
Diaphragm (Primary Unit)

Type (Secondary Unit)
Magnet Type (Secondary Unit)
Voice Coils (Secondary Unit)
Diaphragm (Secondary Unit)


+



0.048 × 10−7

−1.716 × 10−6

0.338 × 10−6

−8.618 × 10−7

0.600 × 10−7

0.066 × 10−6




+



3.92
3.87
3.89
3.95
4.01
4.03


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Along with the simplification, the formula in standard regression form can result,
as follows.

THD
Power of Output

Range of Frequency Response
SNR

The impedance of the Speaker
Headroom



=



−0.0733 0.3751 −0.6896 −0.0090 0.5372 0.5285 0.5563 0.5771
0.9682 −0.7729 0.2668 −0.2380 0.4727 0.3018 0.4969 0.4349
0.1864 0.1804 0.1798 0.2052 0.2354 0.2431 0.2400 0.2343
0.1867 00.1807 0.1802 0.2056 0.2358 0.2435 0.2404 00.2347
0.1828 0.1769 0.1763 0.2012 0.2308 0.2384 0.2353 0.2297
0.1990 0.1926 0.1920 0.2190 0.2513 0.2595 0.2561 0.2501



×



Type (Primary Unit)
Magnet Type (Primary Unit)
Voice Coils (Primary Unit)
Diaphragm (Primary Unit)

Type (Secondary Unit)
Magnet Type (Secondary Unit)
Voice Coils (Secondary Unit)
Diaphragm (Secondary Unit)


+



3.92
3.87
3.89
3.95
4.01
4.03


In essence, the formulation contrasted with the form obtained by the traditional

regression approach shown in (1).

3.3. Comparison of the Predictive Performance

Further to the formulation of the models based on different approaches, the pre-
dictive performance is compared in order to evaluate the superiority. Prior to the com-
putation of the performance benchmarks of the two models, it was known the models
could be characterized with (8 + 1) × 6 = 54 loadings. The loadings of the traditional
regression model and the principal component analysis-based model can be observed in
Tables 9 and 10, correspondingly. Hence, the diversity of the two models can be revealed
along with the inspection of the loadings.

Table 9. Loading values of the traditional regression model between the eight design parameters,
along with bias and the six sound quality performances.

Design Parameter
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Type of the Primary Driver 0.676 0.420 0.425 0.733 0.436 0.261
Magnet of the Primary Driver 0.367 0.294 0.228 0.000 0.337 0.246

Voice Coils of the Primary Driver 0.000 0.000 0.351 0.000 0.000 0.366
Diaphragm of the Primary Driver 0.412 0.375 0.325 0.000 0.282 0.393

Type of the Secondary Driver 0.000 0.000 0.000 0.000 0.000 0.000
Magnet of the Secondary Driver 0.000 0.000 0.000 0.585 0.000 0.000

Voice Coils of the Secondary Driver 0.000 0.336 0.000 0.000 0.539 0.279
Diaphragm of the Secondary Driver 0.355 0.323 0.351 0.000 0.000 0.250

Bias 0.314 0.515 0.578 0.539 0.043 0.565
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Table 10. Loading values of the principal component analysis-based model between the eight design
parameters, along with bias and the six sound quality performances.

Design Parameter
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Type of the Primary Driver −0.073 0.968 0.186 0.187 0.183 0.199
Magnet of the Primary Driver 0.375 −0.773 0.180 0.181 0.177 0.193

Voice Coils of the Primary Driver −0.690 0.267 0.180 0.180 0.176 0.192
Diaphragm of the Primary Driver −0.009 −0.238 0.205 0.206 0.201 0.219

Type of the Secondary Driver 0.537 0.473 0.235 0.236 0.231 0.251
Magnet of the Secondary Driver 0.529 0.302 0.243 0.244 0.238 0.260

Voice Coils of the Secondary Driver 0.556 0.497 0.240 0.240 0.235 0.256
Diaphragm of the Secondary Driver 0.577 0.435 0.234 0.235 0.230 0.250

Bias 3.920 3.870 3.890 3.950 4.010 4.030

Finally, with the application of the testing data and the deduced formulations, the
performance of the six sound quality indicators in terms of root-mean-square error was com-
puted (Table 11). It can be observed that the traditional regression approach demonstrated
superior accuracy of the estimation in comparison with the principal component analysis-
based counterpart. Thus, although the principal component analysis-based method can
reduce the number of design parameters, suboptimal accuracy results.

Table 11. Results of the predictive performance of the six sound quality indicators in terms of the
root-mean-square error for the traditional regression model and the principal component analysis-
based model.

Root-Mean-Square Error
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Regression Analysis 1.577 1.574 1.459 1.872 1.748 1.507
Principal Component Analysis 2.738 2.610 2.843 2.802 2.863 2.738

4. Discussion

Subsequent to the presentation of the results, a discussion of the analytic findings of the
study is provided in order to interpret them from the perspective of previous studies and
of the working hypotheses. Thus, three points of discussion should be highlighted. First, it
can be observed that the suboptimal accuracy was coming from the principal component
analysis-based model, while the reduced dimensions of inputs facilitated the alleviation of
the computational load. Additionally, preprocessing of the data for the conversion of the
eight design parameters to the four components can be adopted so as to reduce the storage
of the data. Hence, the proposed algorithm provided a computationally economical option
for the users in modelling the earphone design. Secondly, with reference to the deduced
loadings of the models, the relative importance of the parameters to the outcomes can be
inspected in order to gain insights into the earphone design. For instance, the traditional
model deduced the ineffectiveness of the type of secondary driver in affecting the sound
quality outcomes, which can be observed from the fact that the loadings of the type of the
secondary driver were all zero, whereas the principal component-based model suggested
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the importance of the type of the primary driver to the power of output from the loadings,
with a value of 0.968 in comparison with the rest of the loadings in the same row. Hence,
the knowledge can be expressed with the consolidated loading tables with different models.
Finally, along with the newly implemented design, the new parameters and outcomes can
be imported to update the loading table in order to generate new models with enhanced
accuracy. Thus, knowledge inside an organization can accumulate even with a turnover of
senior staff. Hence, this is good practice in terms of knowledge management [26].

In terms of future directions of research, new approaches, such as neural networks [27],
support vector machines [28], genetic algorithms [29], etc., can be applied to reveal the
connection between design parameters and sound quality outcomes. It was expected
that the estimation accuracy could be improved considering the nonlinearity between the
independent and dependent variables. Apart from the defined eight design parameters
along with the associated options assumed in the current work, expansion in numbers of
both design parameters and the corresponding options can be conducted in order to yield
an enhanced characterization of the earphone design. Finally, similar to the extension of
the sets of design parameters, the outcomes can be expanded as well so that enhanced
coverage of sound quality performance can be accomplished.

5. Conclusions

The tested approaches for modelling the earphone sound performance have been
evaluated, and conclusions can be drawn based on the results. There are three key aspects
to consider. Firstly, principal component analysis (PCA) was used to reduce the number of
variables in the formulation and simplify the formulation. However, the results showed
that the performance of the PCA model was suboptimal. Therefore, it is important for the
user to select the appropriate model based on the specific application and requirements.
Secondly, with the development of the model and the consolidation of knowledge, en-
hanced knowledge management can be achieved [30]. This can be gained by documenting
the knowledge gained during the modelling process, which can then be used for future
projects and studies. This can help in improving the design process and reducing the time
and resources required for future projects. Finally, further investigation into the loading
matrix of the models can reveal the design implications. This can help the engineer to gen-
eralize the design principles and improve the overall design process based on the results of
previously conducted projects. By understanding the design implications, the engineer can
make informed decisions and optimize the design for better performance. In conclusion, it
is important to carefully consider the various modelling approaches available and select
the appropriate one based on the specific application and requirements. Additionally,
documenting the knowledge gained during the modelling process can help in achieving
enhanced knowledge management, and investigating the loading matrix of the models can
reveal valuable design implications for future projects.
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