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Abstract

Speech plays an important role in human communication, allowing individ-
uals to express thoughts, emotions, and intentions. In digital communication,
speech is frequently targeted by attacks that manipulate or forge audio to deceive
systems and compromise speaker identity, posing serious challenges to speech au-
thentication and privacy. Among these threats, Al-generated synthetic speech
is a prominent concern, produced using text-to-speech (TTS), voice conversion
(VC), and deep learning-based techniques. These forms of spoofing are commonly
evaluated in challenges such as ASVspoof and Audio Deepfake Detection (ADD),
which assess vulnerabilities in automatic speaker verification systems. Despite
their realism, Al-generated speech typically exhibits detectable artifacts or a uni-
form robotic tone, allowing current detection systems to identify it more reliably.
In contrast, human-imitated speech, which is produced organically by humans
mimicking others, often retains natural acoustic characteristics, making it harder
to detect for both human listeners and machines.

Addressing this critical threat, the study initially aims to introduce and as-
sess detection approaches based on standard and auditory-based features with
deep learning, using a custom human-imitated speech dataset tailored for machine
learning analysis. To evaluate the effectiveness of these approaches, a spoof detec-
tion model was trained using standard acoustic features exclusively on ASVspoof
2019 LA synthetic speech and then evaluated on both ASVspoof 2019 LA synthetic
speech and human-imitated speech. Although the model performed well in detect-
ing synthetic speech, its accuracy declined significantly when tested on human-
imitated speech, revealing a clear generalization gap. However, when trained di-
rectly on the proposed human-imitated dataset, the same model and standard
features achieved improved detection performance for imitated speech. To further
examine this issue, auditory-based acoustic features derived from gammatone and
gammachirp filterbanks, which are designed to closely mimic the filtering char-
acteristics of the human inner ear, were evaluated to assess whether they could
better capture relevant acoustic cues and improve detection performance. Fur-
thermore, the experiments showed that these auditory-inspired features were more
effective than standard acoustic representations in capturing discriminative vari-
ations. Although these auditory-based features performed better than standard
acoustic representations, they were still not sufficient to achieve reliable detection.
These findings underscored that effectively addressing the challenge of human-
imitated speech will require acoustic features that are closely related to auditory
perception.

Based on these considerations, this research proposes a two-phase framework:
the first phase examines human listener tests through listening experiments to
evaluate how accurately humans can distinguish human-imitated speech, while



the second phase applies machine-based analysis of acoustic features related to
auditory perception combined with machine learning techniques to distinguish be-
tween genuine and imitated speech. In the first phase, a human listening test was
conducted as part of a human-centered three-phase approach to evaluate the partic-
ipants’ ability to distinguish accurately between genuine and imitated speech. For
this evaluation, a representative subset of samples was selected from the human-
imitated speech dataset proposed in this study, which was specifically designed
to be compatible with machine learning frameworks. In the test, listeners were
asked to classify each sample as genuine or imitated and their performance was
measured by the percentage of correct responses. Building on insights from the
human listening test, the second phase of the study proposes two sets of acoustic
features related to auditory perception: eight timbral features, including boomi-
ness, depth, brightness, warmth, etc., and spectro-temporal modulation (STM)
representations.

In the human listening test, the participants performed well, indicating that
with sufficient training and exposure, listeners can effectively distinguish between
genuine and imitated speech. Similarly, machine-based experiments using timbral
features and STM representations, which are closely related to auditory perception,
demonstrated promising discriminative capacity compared to standard acoustic
features and reflected trends similar to human evaluation results.

In conclusion, this study highlights the limitations of current spoof detection
systems in handling human-imitated speech and demonstrates that even auditory-
based features alone are not sufficient for reliable detection. To address this chal-
lenge, it begins with human listening tests to evaluate how accurately listeners can
distinguish human-imitated speech and proposes an auditory perception-based de-
tection framework supported by new benchmark datasets.

Keywords: Human-imitated speech, Acoustic features, Auditory perception,
Timbral features, Auditory models, Machine learning, Deep learning.
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Chapter 1

Introduction

1.1 Research Background and Problems

Speech plays a crucial role in human communication, allowing individuals to ex-
press thoughts, emotions, intentions, and experiences. In digital communica-
tion, speech is frequently targeted by speech-related attacks (as illustrated in
Fig. 1.1), which manipulate or forge audio data to deceive systems and imper-
sonate speaker identity, posing serious challenges to speech authentication and
privacy [4], [7-9]. Among these threats, Al-generated synthetic speech is a promi-
nent concern, where techniques like text-to-speech (TTS), voice conversion (VC),
and deep learning-based synthesis are used to generate highly realistic speech.
These methods are often used in challenges like ASVspoof [10-14], audio deepfake
detection (ADD) [15,16] and related spoof studies [17-19] to assess the vulner-
abilities of automatic speaker verification systems. Despite their sophistication,
Al-generated speech often leaves behind detectable artifacts or sounds somewhat
uniform and robotic, tending to have a more consistent and predictable quality,
making it easier to identify using current detection systems.

Replay-based speech attacks are a type of audio deepfake where a previously
recorded voice of a target speaker is maliciously reused to deceive voice authen-
tication systems [20,21]. These attacks are broadly categorized into two types:
far-field replay and cut-and-paste attacks. In far-field replay, an attacker plays
the victim’s voice through a loudspeaker, which is then re-recorded by a distant
microphone, introducing distortions related to room acoustics and playback de-
vices. Cut-and-paste attacks, on the other hand, involve stitching together short
audio segments from existing recordings to synthesize specific phrases required by
text-dependent verification systems [21,22]. Replay audio typically carries several
acoustic artifacts, such as reverberation, background noise, device distortions, and
spectral anomalies, especially in high-frequency bands due to the multiple stages
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Figure 1.1: Speech-related attacks.

of recording and playback. These signal degradations and unnatural consisten-
cies in timing and prosody make replayed audio distinguishable from live human
speech. Current deepfake detection models, particularly those based on acoustic
features and deep convolutional neural networks, are effective in identifying such
artifacts [12,20].

Unlike Al-generated speech and replay-based, human-imitated speech poses a
much greater challenge for detection systems. Human-imitated speech, which is
mimicked or reproduced by humans [21], closely resembles genuine speech in its
naturalness as shown in Fig. 1.2. It replicates the natural characteristics of genuine
speech such as pitch, rhythm, and timbre with such accuracy that it becomes
difficult for both human listeners and machines to detect [4], [21]. Additionally,
the shortage of datasets specifically designed for imitation-based detection further
complicates this challenge [4].

This challenge becomes especially significant when considering human listening
tests, which have been widely studied and applied in various detection tasks to
improve performance by focusing on how humans perceive speech. Human listening
is highly effective in analyzing and distinguishing subtle nuances in speech, making
it a valuable tool for detecting differences between genuine and imitated speech.
Understanding and further leveraging the strengths of human listening in this
context is crucial for improving imitation detection systems.

Human listening tests have been the focus of numerous studies investigating
how listeners process and interpret sound in complex auditory environments. For
example, research has shown that auditory experiences such as exposure to quarter
tones in classical Arab music can enhance pitch discrimination [23], while linguistic



Genuine Speaker

Mimic /Reproduce
Victim Listener

Imitated Speaker

Figure 1.2: Example of imitated speech-based attack .

proficiency influences masked speech perception [24]. Studies like Zetterholm’s [25]
have examined voice imitation using acoustic analyses and listening evaluations to
assess how pitch, formants, and speech tempo affect the recognition and perceived
quality of imitated voices. Madureira [26] highlighted the role of multimodal per-
ception by analyzing how vocal and visual cues together contribute to recognizing
imitated voices.

Other research has applied listening tests in clinical and applied contexts, in-
cluding studies on noise annoyance [27], binaural source separation [28], and speech
intelligibility for hearing-impaired individuals [29]. Additional work has investi-
gated human reaction times to environmental sounds [30], temporal pitch percep-
tion in cochlear implant users [31], and comparisons between human and machine
speech recognition [32]. Research on emotional perception in speech, such as stud-
ies on Mandarin Chinese using auditory and visual cues [33], and investigations
into how temporal cues affect speaker individuality and vocal emotion in noise-
vocoded speech [34], further contribute to understanding the role of listening tests
in exploring perceptual judgments.

Several studies have proposed imitation-based tasks, with a primary focus on
vocal imitation without utilizing actual speech data. For instance, studies such
as [35-38] concentrated on vocal sound imitation using standard acoustic features
and machine learning approaches. Additionally, [39] employed Qur’anic audio
clips (cantillations) from both authentic reciters and imitators, extracted MFCC-
based acoustic features, and applied classifiers including SVM, XGBoost, CNN,
and BiLSTM to identify reciters and distinguish imitations. Similarly, [7] utilized



the Imitation-based and Deep Voice datasets, converting speech into histogram
images as features, and applied a custom 2D-CNN model enhanced with dropout
and data augmentation for fake speech detection. Furthermore, [40] used a dataset
comprising drum sound imitations by musicians, extracting auditory image-based
and acoustic features (e.g., temporal, spectral, MFCC) and applying linear mixed-
effects models to analyze perceptual similarity between the imitations and the
original percussion sounds. More details about these studies can be found in
Chapter 2.

Previous studies have primarily focused on vocal sound imitation which dif-
fers from actual imitated speech as well as on cantillation and music imitation.
While these areas are related, they do not directly address the complexity of
human-imitated speech. This highlights a significant gap in the development of
advanced datasets compatible with machine learning analysis, as well as method-
ologies specifically designed to detect human-imitated speech. Addressing this gap
requires combining evidence from human listening tests and acoustic features re-
lated to auditory perception with machine learning and deep learning techniques
to build more effective detection systems.

1.2 Research Motivation

In recent years, speech-based biometric systems have seen rapid adoption across
a wide range of domains, including finance, telecommunications, smart home de-
vices, and personal authentication. These systems offer convenience and hands-free
interaction, but they are also vulnerable to security threats that exploit the very
modality they rely on: the human voice. Among the various forms of spoofing
attacks, Al-generated and replay-based audio have received significant attention,
with substantial progress made in detecting such manipulations using deep learning
and acoustic feature analysis. However, human-imitated speech, where a person
deliberately attempts to mimic another individual’s speech, remains a considerably
underexplored yet highly dangerous form of attack.

The primary motivation behind this research stems from the realization that
human-imitated speech is inherently more deceptive than its synthetic or replayed
counterparts. Unlike Al-generated speech, which often contains robotic artifacts,
or replayed speech, which suffers from background noise and reverberation, human-
imitated speech maintains the naturalness and fluidity of genuine vocal expression.
Skilled impersonators can replicate essential vocal attributes such as pitch, tone,
rhythm, and emotion with high fidelity. As a result, current detection systems
largely trained on synthetic and replayed spoofing examples are not equipped
to identify these subtle variations. This mismatch between threat and detection
capability forms a critical research gap that must be addressed.



From a security perspective, the implications are profound. If an attacker can
successfully imitate a target’s speech in real-time or during a speech authentication
session, they may gain unauthorized access to sensitive systems. This is especially
concerning in contexts where speech is used as a standalone biometric or as part of
multi-factor authentication. Without reliable mechanisms to detect such attacks,
systems are left exposed to impersonation-based fraud, which may be difficult to
trace due to the lack of artificial artifacts or acoustic distortions.

The scientific motivation for this research lies in the complex and often am-
biguous nature of human-imitated speech, which presents a significant challenge for
both human listeners and machine-based detection systems. It raises an important
question: can computational models be developed to detect imitated speech that
even trained human ears struggle to recognize? This challenge presents a valuable
opportunity to study how humans judge imitated speech and to evaluate acoustic
features inspired by auditory perception within computational frameworks. Hu-
man listeners play a critical role in fine-grained speech discrimination, enabling
the perception of subtle cues such as emotional undertones, prosodic variations,
and speaker-specific characteristics, even under noisy or ambiguous conditions.
By modeling key aspects of human listening, such as spectral resolution, temporal
integration, and perceptual thresholds, researchers can develop auditory-based fea-
tures that capture information often overlooked by conventional acoustic features
like MFCCs or spectrograms.

Another strong motivation for this study is the lack of publicly available datasets
and standardized evaluation frameworks that focus specifically on imitated speech.
Most existing datasets target synthetic or replayed speech, while those dealing with
imitation are either small in size, limited in language diversity, or focused on non-
speech vocal sounds like music or drum imitation. This scarcity of resources not
only limits the development of robust detection systems but also hampers com-
parative research in this domain. There is an urgent need to develop or expand
datasets that include both genuine and imitated speech, ideally covering different
languages, speakers, and imitation styles, to support the training and evaluation
of detection systems.

In summary, this research is motivated by the urgent need to address the
emerging threat posed by human-imitated speech, a high-risk and low-resource
challenge for voice-based security systems. It is driven by the difficulty of detecting
naturally produced vocal imitations that closely resemble genuine speech. This
work also reflects the opportunity to leverage insights from human listening to
improve machine learning models, and it supports the broader goal of developing
robust, generalizable approaches for speech integrity and secure human-machine
interaction.



1.3 Research Goals

The goal of this research is to develop a robust and interpretable framework for
detecting human-imitated speech by combining insights from human listening tests
with machine-based analysis of features related to auditory perception, using a cus-
tom dataset of genuine and imitated speech designed for both human and machine
evaluation.

The study begins by evaluating whether existing spoofing countermeasure mod-
els, trained on synthetic speech, can generalize to naturally produced imitation
attacks. Performance comparisons between synthetic and human-imitated speech
will highlight the generalization gap and expose the limitations of current systems.

In parallel, auditory-based acoustic features, such as gammatone and gam-
machirp filterbanks, will be examined. While these features simulate human
cochlear processing and outperform standard representations, early results suggest
they are insufficient for reliable detection, motivating the need for more perceptu-
ally aligned approaches.

To address these gaps, the research proposes a two-phase framework. In the
first phase, human listening tests will be conducted using a subset of the proposed
dataset to evaluate participants’ ability to distinguish between genuine and im-
itated speech. The goal is to uncover how accurately humans can discriminate
between the two.

Building on the findings from the listening tests, the second phase will apply
acoustic features related to auditory perception including timbral features and
STM representations within traditional machine learning models to assess their
effectiveness in detecting imitation.

By integrating insights from human listening tests and machine-based analysis,
this research aims to develop a scalable, interpretable, and perception-informed
framework for detecting human-imitated speech.

1.4 Challenges

Detecting human-imitated speech presents unique and complex challenges. Un-
like synthetic or replayed speech, which often contains obvious artifacts, human-
imitated speech retains natural vocal characteristics such as pitch, prosody, rhythm,
and timbre, making it sound highly similar to genuine speech. This close resem-
blance makes detection difficult not only for machine-based systems but also for
human listeners. Even with the ability to recognize fine-grained differences in
speech, humans still face important limitations. These limitations become more
pronounced when large volumes of imitated speech must be evaluated. In such
cases, phumans often experience fatigue, are influenced by personal biases, and



make inconsistent decisions over time, reducing the reliability of their judgments.
This challenge is especially significant in real-world applications, where scalable,
objective, and consistent solutions are essential.

Moreover, although insights from human listening have inspired the develop-
ment of perceptually motivated features, accurately modeling the underlying mech-
anisms in computational systems such as frequency selectivity, spectral resolution,
temporal resolution, and perceptual thresholds remains a considerable challenge
due to the biological complexity of the auditory system. Another major barrier
is the lack of dedicated, machine learning-compatible datasets containing diverse
and well-labeled examples of genuine and imitated speech. Without such datasets,
training and benchmarking reliable models become difficult. Additionally, existing
spoof detection systems, which are primarily trained on synthetic data, struggle
to generalize to human-imitated speech, as they rely heavily on detecting artifacts
that are absent in naturally produced imitations.

These challenges highlight the urgent need for: (1) scalable detection systems
capable of distinguishing human-imitated speech from genuine speech; (2) the
development and integration of perceptually related acoustic features that reflect
important perceptual characteristics and can be combined with deep learning; and
(3) the creation of high-quality, imitation-specific datasets to support effective
training, evaluation, and benchmarking of future detection models.

1.5 Organization of Thesis

An overview of the thesis structure is provided in Fig. 1.3, which outlines the
seven chapters. With the introduction presented first, the subsequent chapters are
organized as follows.

Chapter 2 provides a comprehensive review of the literature relevant to this
study. It begins by describing the structure and function of the human auditory
system, followed by computational approaches for modeling auditory perception.
The chapter then introduces deep learning methods for audio detection, with a
focus on architectures and techniques commonly used in the field. Finally, it
addresses fake speech detection, including methods specifically targeting human-
imitated speech.

Chapter 3 presents the core framework for detecting human-imitated speech
using acoustic feature representations and deep learning methods. It begins by
introducing the conceptual basis and motivation for this work, followed by a de-
scription of the human-imitated speech dataset developed for the study. The
chapter then discusses findings from a human listening test designed to examine
how people distinguish genuine from imitated speech. Next, it focuses on acous-
tic features inspired by auditory perception, such as hardness, depth, brightness,



roughness, warmth, sharpness, boominess, and reverberation, and how these per-
ceptual attributes are quantified. Subsequently, the chapter introduces features
based on auditory models, including those extracted using the gammatone filter-
bank, the gammachirp filter, and other standard methods. Finally, it presents a
deep learning framework developed to evaluate the effectiveness of these features
in detecting human-imitated speech.

Chapter 4 presents the data collection process and evaluation metrics used in
this study. It provides a detailed overview of the datasets, including the scenario,
collection process, and composition of the data. It also describes the evaluation
metrics used to assess model performance, including confusion matrix, accuracy,
Equal Error Rate (EER), Fl-score, and the D-prime measure, which offers a per-
ceptual evaluation of discriminability.

Chapter 5 presents a method for detecting human-imitated speech using
auditory-inspired acoustic features in combination with deep learning models. It
begins by formulating the problem and introducing the proposed approach, which
includes feature extraction using the gammatone and gammachirp filterbank, as
well as the deep learning architectures applied. The chapter outlines the experi-
mental setup and provides a comparative evaluation of different training and test-
ing strategies using both standard and auditory-based features. Results are pre-
sented across multiple scenarios, including training and testing on ASVspoof 2019
LA and the imitated speech dataset. The effectiveness of auditory-based features
is discussed in depth, demonstrating their potential advantages over conventional
approaches. The chapter concludes with a summary of key findings.

Chapter 6 explores the ability of human listeners to detect human-imitated
speech through subjective evaluation. It begins by detailing the experimental
methodology, including the stimuli, apparatus, participant information, listening
conditions, and evaluation procedures. The chapter then presents the results of
the listening tests and provides a thorough discussion of their implications. A
machine-based study is also introduced to evaluate how computational models can
detect differences between genuine and imitated speech using features related to
auditory perception. Finally, the chapter offers a general discussion of the findings
and concludes with a summary, emphasizing the influence of perceptual limitations
and the potential of perceptually inspired approaches in imitated speech detection.

Chapter 7 summarizes the overall findings and underscores the major con-
tributions of this research, bringing the thesis to a conclusion. It provides a con-
cise summary of the work conducted throughout the thesis, including the inves-
tigation of human-imitated speech detection using auditory-inspired features and
deep learning models. The chapter outlines the primary contributions in terms
of methodological innovation, dataset development, and evaluation insights, and
discusses potential directions for future work, including dataset expansion, im-



provements in perceptually motivated feature design, and further integration of
auditory perception in machine learning frameworks.
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Chapter 2

Literature Review

2.1 Human Auditory System

The human auditory system is a complex biological mechanism that enables the
perception and processing of sound, extending from the outer ear through to the
inner ear. It comprises several essential components that allow humans to detect,
analyze, and interpret acoustic signals. This chapter provides a concise overview
of the anatomy of the auditory system and the pathways through which sound
signals are transmitted to the brain. It then examines widely used computational
models that simulate the processes of the human auditory system.

2.1.1 Structure and Function of the Human Auditory Sys-
tem

The peripheral anatomy of the human auditory system is illustrated in Fig. 2.1.
Sound waves enter the ear through the pinna, the external part of the ear. This
structurally unique and intricate component spectrally modifies incoming sounds
depending on their angle or direction of incidence. In addition to the pinna, other
parts of the head and torso also shape the sound, contributing to the complex pro-
cess of acoustic modification and enhancing the ability to localize sound sources.
As the sound travels past the pinna, it enters the ear canal, a narrow tube-like
structure approximately 2.5 cm long. The ear canal is not simply a conduit; it
adds further complexity to auditory perception. Much like a tuning fork, it exhibits
resonant properties, acting as a highly effective band-pass filter. By selectively am-
plifying certain frequencies, it influences the characteristics of sound waves before
they reach the eardrum, thereby preparing them for subsequent processing within
the auditory system.

The eardrum, or tympanic membrane, is a thin, flexible membrane that vibrates

11



Stapes
(a:ttach?d Semicircular
oova
canals
Inc window)

Auditory

/ nerve

Cochlea

Concha

Eustachian
tube

Auditory Tympanic Round
canal membrane  window

Figure 2.1: A schematic diagram of the peripheral auditory system. Image adapted
from Brockmann [1,2].

in response to pressure fluctuations generated by sound waves traveling through
the ear canal. These vibrations are conveyed to three small bones in the middle ear,
collectively known as the ossicles: the malleus (hammer), incus (anvil), and stapes
(stirrup). The malleus attaches directly to the eardrum and transmits its motion
to the incus, which in turn passes the vibrations to the stapes. The stapes then
delivers these mechanical vibrations to the inner ear via a small membrane-covered
opening called the oval window (see Fig. 2.1).

The oval window connects to the cochlea, a fluid-filled, spiral-shaped struc-
ture essential for auditory signal processing. Because the oval window has a much
smaller surface area than the eardrum, this difference creates a substantial ampli-
fication of pressure approximately a factor of 20, as noted by Plack et al. [41]. This
amplification is critical for efficiently transferring sound energy from the air-filled
middle ear to the fluid-filled inner ear, ensuring that the vibrations are strong
enough to stimulate the sensory cells within the cochlea.

The cochlea is a slender, fluid-filled, spiral-shaped structure within the inner
ear, measuring approximately 3.5 cm in length and having an average diameter
of about 2 mm. Structurally, it is wider at the base, near the oval window, and
its diameter gradually narrows toward the apex. Due to its coiled configuration,
it resembles the shape of a snail shell, which is where it gets its name. Inside
the cochlea lies a crucial structure known as the basilar membrane, which plays
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a fundamental role in auditory frequency analysis. When pressure changes are
introduced into the cochlear fluid, typically via the vibrations transmitted through
the stapes at the oval window, the basilar membrane begins to vibrate in response.
The physical properties of the basilar membrane vary along its length: it becomes
wider and more flexible toward the apex, while it is narrower and stiffer at the base.
Consequently, the local mass and stiffness of the membrane differ along its length,
making each segment selectively responsive to specific frequency ranges. High-
frequency sounds cause maximal vibration near the base of the cochlea, whereas
low-frequency sounds travel further and peak near the apex. When a pure tone,
such as a sine wave, enters the cochlea, it excites a particular region of the basilar
membrane with a finite spatial spread. This spatial activation allows the membrane
to function as a bank of overlapping band-pass filters, each tuned to a different
frequency band. These frequency-selective filters are referred to as critical bands,
and they play a vital role in how we perceive pitch, loudness, and timbre. The
arrangement of critical bands along the basilar membrane forms the foundation for
tonotopic organization, a key principle in auditory neuroscience, whereby different
frequencies are mapped to specific locations within the cochlea.

Outer hair cells(OHCs), located on the basilar membrane within the organ of
Corti, play a critical role in modulating the mechanical response of the cochlea.
Arranged in three rows along the length of the cochlea, these sensory cells exhibit a
unique property known as electromotility, whereby they change length in response
to electrical stimulation. This motion allows them to amplify sound-induced vibra-
tions of the basilar membrane, particularly at low sound intensities. By enhancing
the sensitivity of the cochlea and sharpening its frequency selectivity, outer hair
cells contribute significantly to the fine-tuning and nonlinear characteristics of au-
ditory signal processing.

The movements of the basilar membrane are converted into neural signals by
specialized sensory cells known as inner hair cells, which are located between the
basilar membrane and a second overlying structure called the tectorial membrane.
As these membranes move relative to one another in response to sound-induced
vibrations, the stereocilia, tiny hair-like projections on top of the inner hair cells,
are deflected sideways. This mechanical displacement triggers the release of neu-
rotransmitters from the inner hair cells, which subsequently generates electrical
activity (neural spikes) in the auditory nerve fibers connected to them. The magni-
tude of the basilar membrane’s displacement influences the amount of neurotrans-
mitter released: larger displacements cause more neurotransmitter to be released,
leading to a higher rate of neural firing. Importantly, inner hair cells respond only
to upward movements of the basilar membrane; no neurotransmitter is released
during downward displacements (i.e., when the membrane moves toward the center
of the cochlea). This directional sensitivity leads to phase locking, where neural
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firing is synchronized to a specific phase of the basilar membrane’s oscillation. As
a result, the timing of neural spikes reflects the periodicity of the incoming sound
signal, providing crucial temporal information for auditory perception.

Finally, the signals generated by the inner hair cells are transmitted to the
brain via the auditory nerve, which is a bundle of approximately 30,000 nerve fibers
[Plack, 2005]. The majority of these fibers are connected to the inner hair cells,
with each inner hair cell being linked to around 20 individual nerve fibers. Because
each inner hair cell is positioned at a unique location along the basilar membrane,
the associated nerve fibers are tuned to specific frequencies, corresponding to the
region of the membrane they serve. This arrangement forms the basis of the
tonotopic organization in the auditory pathway, allowing the brain to interpret
and distinguish different sound frequencies.

Even in the absence of sound, most auditory nerve fibers exhibit a baseline
level of electrical activity, known as spontaneous activity. When a sound with
a constant intensity begins, the neurons produce a sharp initial spike in firing
rate, which then gradually decreases to a steady-state level. When the sound
ends, the firing rate often drops below the spontaneous level for a short duration
before returning to baseline. This pattern of neural response to the onset and
termination (or “offset,” as it is commonly referred to in psychoacoustics) of a
stimulus is known as adaptation. As the sound level increases, the steady-state
firing rate also increases. However, this response has a limit: at very high sound
levels, the neural firing rate reaches saturation, beyond which further increases in
sound level no longer produce additional neural activity.

A second set of nerve fibers, known as the vestibular nerve, is shown in Fig.
2.1. These fibers are responsible for transmitting positional information from the
semicircular canals, which serve as the body’s balance organs. The auditory nerve
and the vestibular nerve come together to form the vestibulocochlear nerve, which
carries all signals from the auditory system to the brain. There, the information
is processed in various ways, ultimately leading to the perception of sound.

2.1.2 Modeling the Human Auditory System

Numerous computational auditory models have been developed to replicate the
complex signal transformations that occur within the human auditory system.
These models are designed to simulate and analyze the various stages of auditory
processing, from the reception of sound waves to the neural encoding of auditory
information. Computational auditory models play an important role in appli-
cations such as speech emotion recognition (SER), automatic speech recognition
(ASR), and speech quality evaluation. By extracting relevant acoustic features
that capture task-specific nuances in speech signals, these models help improve
the accuracy and robustness of auditory analysis. Different auditory models focus
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on simulating specific stages of the auditory pathway, providing a framework for
feature extraction that closely aligns with the characteristics of human auditory
perception.

Auditory Filterbank

The auditory filterbank is a fundamental component in computational auditory
models, designed to emulate the time-frequency decomposition that occurs along
the cochlear basilar membrane in the human auditory system. Each filter in the
bank simulates the frequency tuning of a specific region of the basilar membrane,
decomposing the input acoustic signal into multiple frequency bands. This de-
composition mirrors the biological process by which the cochlea separates complex
sounds into distinct frequency components and plays a critical role in extracting
perceptually relevant information from speech and audio signals.

Two widely used models for simulating cochlear filtering are Lyon’s cochlear
model [42] and the Equivalent Rectangular Bandwidth (ERB)-based filterbank
[43]. Lyon’s model employs a cascade of gammatone filters to simulate the non-
linear spectral dynamics of the cochlea, while the ERB-based model utilizes filters
spaced according to the ERB scale, which approximates the human auditory sys-
tem’s frequency resolution.

Gammatone filterbank (GTFB) [44] and gammachirp filterbank (GCFB) [45]
are widely used auditory filterbank in signal processing and auditory modeling.
The concept of gammatone responses was first introduced in 1972 to describe
reveor (reverse correlation) functions observed in the cochlear nucleus of cats [46].
Since then, gammatone filters have become fundamental tools for simulating the
frequency analysis performed by the human auditory system and for capturing key
auditory characteristics. The impulse response of a gammatone filter is defined as
the product of a gamma distribution envelope and a sinusoidal carrier, modeling
human auditory filtering. The bandwidth of each gammatone filter is described
by the psychoacoustic measure ERBy, where “N” denotes normal hearing. This
measure represents the equivalent rectangular bandwidth of auditory filters at
different locations along the cochlea, aligning with human auditory perception.
An illustration of the frequency responses produced by the gammatone filterbank
is shown in Fig. 2.2.

Compared to the gammatone filter, the gammachirp filter exhibits asymmetric
and nonlinear properties that more accurately reflect the shapes of auditory fil-
ters. As shown in Fig. 2.3, the frequency responses of gammachirp filters display
pronounced asymmetry, characterized by a steep decline on the high-frequency
side relative to the center frequency. This behavior closely corresponds to audi-
tory filter shapes observed in masking experiments, making gammachirp filters
especially effective for capturing auditory signal characteristics in a wide range of
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Figure 2.2: Gammatone filterbank frequency response.

audio processing applications. The exponential term e“?/) introduces a frequency-

dependent phase and magnitude modulation, yielding a sharper roll-off on the
high-frequency side of the center frequency, consistent with auditory filter shapes
derived from masking experiments. In addition, a bandwidth normalization coef-
ficient is also applied for perceptual alignment.

While both gammatone and gammachirp filters simulate the spectral processing
of the basilar membrane, their use depends on the application. Gammatone fil-
ters are computationally efficient and suitable for large-scale or real-time systems,
whereas gammachirp filters offer superior physiological fidelity, making them ideal
for applications requiring detailed modeling of auditory perception.
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Figure 2.3: Gammachirp filterbank frequency response.

Modulation Filterbank

Both physiological and psychoacoustic evidence highlight the importance of modu-
lation filterbanks in the auditory system. Physiologically, amplitude modulation is
primarily processed in higher auditory stages, such as between the cochlear nucleus
(CN) and the inferior colliculus (IC), where temporal periodicity is transformed
into a frequency-selective rate-based representation [47].

Within the IC, neurons exhibit a periodotopic organization, tuned to spe-
cific modulation frequencies and arranged nearly orthogonally to the tonotopic
(frequency-based) organization. This suggests the IC’s critical role in resolving
fine temporal structures by selectively responding to modulation frequencies [48].

Psychoacoustic studies further emphasize the relevance of temporal modula-
tion in speech perception. A modulation filterbank has been proposed to analyze
envelope fluctuations within each auditory filter, enabling the extraction of high-
resolution temporal modulation cues and advancing our understanding of complex
sound processing in the auditory system.

Spectro-temporal Modulation

Spectral and temporal characteristics in speech signals, such as formant transitions,
fluctuations, amplitude, duration, intensity, and pitch, carry rich information es-
sential for audio analysis. Capturing and modeling these aspects effectively can
substantially improve the robustness and accuracy of speech processing systems.

Various approaches have been proposed to represent temporal and spectral
modulations. For example, Wu et al. [49] introduced magnitude and phase mod-
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ulation features to detect synthetic speech, demonstrating that combining these
cues improves speaker verification security. Their method involves transforming
the speech signal into a modulation spectrum by applying the short-time Fourier
transform (STFT) to the log-magnitude spectrum and then using principal com-
ponent analysis (PCA) to reduce dimensionality and extract relevant features.

Recent work has also highlighted the advantages of STM representations for
detecting deepfake speech [50]. STM provides a multiscale view of how energy
fluctuates across time and frequency, offering richer information than conventional
cepstral features. This representation has been shown to simulate aspects of human
auditory processing and improve discrimination between genuine and fake speech,
particularly by capturing subtle cues related to vocal system activity that are often
missing in synthesized signals.

In addition, Li et al. [51] demonstrated that combining machine-specific non-
uniform filterbanks with spectro-temporal modulation analysis can significantly
improve anomaly detection in machine sounds. By designing filterbanks that em-
phasize discriminative frequency regions and extracting STM representations in-
spired by auditory cortex processing, their approach achieved superior performance
compared to traditional filterbanks and spectral representations.

2.2 Deep Learning Methods for Audio Detection

Deep learning offers powerful methods for classifying audio signals across a range
of categories, including speech, music, and environmental sounds. These models
excel at identifying intricate patterns within audio data and can achieve high accu-
racy when trained on large, diverse datasets. Before deep learning models can be
applied, audio signals must be transformed into suitable representations. Common
techniques such as spectrograms, Mel-frequency cepstral coefficients (MFCCs), lin-
ear predictive coding, and wavelet decomposition are used to extract informative
features from the raw signals. These feature representations are then provided
as input to deep learning architectures, including convolutional neural networks
(CNNs), recurrent neural networks (RNNs), and transformer-based models to en-
able effective audio classification. Zaman et al. conducted an extensive survey
of modern deep learning approaches for a variety of audio classification tasks [3],
as shown in Fig. 2.4. Their review highlights five major categories of deep neural
network architectures commonly used in audio analysis: Convolutional Neural Net-
works (CNNs), Recurrent Neural Networks (RNNs), Autoencoders, Transformers,
and Hybrid Models. CNNs, in particular, are highly effective for distinguishing
among speech, music, and environmental sounds, and are widely applied to tasks
such as speech recognition, speaker identification, and emotion detection. RNNs,
with their strength in capturing temporal patterns, are commonly utilized for audio
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Figure 2.4: Audio classification using deep learning. Orignal image adapted from
Zaman and Unoki (2023, 2024) [3,4].

segmentation and classification tasks. Autoencoders serve as another approach,
enabling unsupervised learning of meaningful audio representations before classi-
fication. Transformers have also gained traction for audio analysis due to their
capacity to capture both temporal and spectral features. Lastly, hybrid models
combine different deep learning architectures, such as CNN-RNN integrations, or
blend deep learning with traditional classifiers, for example, pairing CNNs with
Support Vector Machines, to improve classification performance.

Transformers have emerged as the leading architecture for audio detection
tasks, consistently surpassing other deep learning models thanks to their remark-
able ability to capture complex, long-range dependencies in sequential audio data.
This advantage stems from their self-attention mechanisms [52], which enable flex-
ible modeling of contextual relationships, and their capacity for parallel process-
ing [53]. In contrast, traditional sequential models like RNNs and LSTMs often
face limitations in effectively learning long-term dependencies. This simultaneous
processing enables transformers to learn complex temporal and spectral patterns,
offering a holistic understanding of audio context. Additionally, their scalability
and compatibility with large datasets, combined with the increasing availability of
pre-trained models, make them highly suitable for transfer learning across diverse
audio classification tasks.

Transformers, initially designed for natural language processing, have achieved
outstanding performance in a wide range of audio tasks, including sound event de-
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Figure 2.5: Audio detection using transformers .Image adapted from Zaman et al
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tection, speech recognition, and deepfake audio detection. Zaman et al. (2024) [5]
present a comprehensive overview of recent transformer-based architectures and
foundational principles. They detail preprocessing techniques that convert raw au-
dio waveforms into spectrograms, enabling effective input representation for trans-
formers, and examine the internal structure of transformer encoders, highlighting
the role of self-attention and feedforward networks in modeling both temporal and
frequency-based dependencies. As illustrated in Fig. 2.5, these architectures can be
extended with task-specific output heads, which allow for the accurate mapping of
learned audio representations to specific detection tasks, such as identifying acous-
tic events, recognizing speech patterns, or detecting manipulated audio content.

2.3 Fake Speech Detection including Human-
imitated Speech

There is many methods used for fake speech detection, which are based on feature
extraction and deep learning.

With the rapid progress of deep learning and generative technologies, creating
high-quality synthetic audio such as speech synthesis, voice cloning, and audio
deepfakes has become more accessible than ever. This growing accessibility poses
a serious challenge in distinguishing genuine audio from fake. ADD, also referred
to as FAD, is dedicated to identifying whether an audio recording has been ma-
nipulated, synthesized, or altered with deceptive intent. Its primary goal is to
differentiate authentic, unmodified recordings from those generated through ad-
vanced deepfake techniques.

Prominent initiatives in this domain include the ASVspoof (Automatic Speaker
Verification Spoofing and Countermeasures) challenges [54,55] and the ADD chal-
lenge [15], both of which are widely recognized benchmarks in fake audio detection.
The ASVspoof challenge addresses security vulnerabilities in Automatic Speaker
Verification (ASV) systems, focusing on detecting spoofing attacks that target
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voice authentication. In contrast, the ADD challenge is specifically designed to
detect deepfake audio created using state-of-the-art generative models. These
competitions provide a critical platform for researchers to benchmark detection
methods, exchange ideas, and drive advancements in the field. Notably, the ADD
challenge poses greater difficulty due to the use of highly sophisticated and evolving
synthesis techniques.

In recent years, FAD research has made notable progress, driven by the de-
velopment of increasingly sophisticated deep learning architectures. A common
baseline model combines a lightweight convolutional neural network (LCNN) with
two bidirectional long short-term memory (Bi-LSTM) layers, followed by a global
average pooling layer and a fully connected output layer [56]. This configuration is
popular due to the complementary strengths of LCNNs and Bi-LSTMs—LCNNs
excel at extracting local features from audio spectrograms, while Bi-LSTMs effec-
tively model temporal dependencies inherent in sequential audio data, making the
architecture particularly suitable for ADD.

In addition to baseline models, several alternative architectures have been in-
troduced to improve both efficiency and performance. Subramani and Rao [57] pro-
posed two compact convolutional networks, EfficientCNN and RES-EfficientCNN,
which achieved strong detection accuracy with low parameter counts, making them
well-suited for real-time deployment. To address issues such as vanishing gradients
in deeper networks, Alzantot [58] employed a deep residual convolutional network
for FAD. This approach involved training separate models on different acoustic
representations—Linear Frequency Cepstral Coefficients (LFCC), log-magnitude
Short-Time Fourier Transform (STFT), and Constant Q Cepstral Coefficients
(CQCC) and combining their outputs through model fusion to enhance robust-
ness.

More recently, self-supervised learning (SSL) has emerged as a promising ap-
proach [59]. By pretraining models on large-scale unlabeled audio datasets, SSL
makes it possible to learn rich and transferable feature representations. These
pretrained models can then be fine-tuned for ADD tasks, significantly improv-
ing detection performance by leveraging knowledge acquired from broader audio
contexts.

Unlike Al-generated speech and replay-based, human-imitated speech poses a
much greater challenge for detection systems. Human-imitated speech, which is
mimicked or reproduced by humans [21], closely resembles genuine speech in its
naturalness. Replicates the natural characteristics of genuine speech, such as pitch,
rhythm, and timbre, with such precision that it becomes difficult for both human
listeners and machines to detect [4], [21]. Additionally, the shortage of datasets
specifically designed for imitation-based detection further complicates this chal-
lenge [4]. Several studies have proposed imitation-based tasks, with a primary
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focus on vocal imitation without utilizing actual speech data. For instance, stud-
ies such as [35-38| concentrated on vocal sound imitation using standard acoustic
features and machine learning approaches. Additionally, Lataifeh et al. [39] used
a dataset of 15,810 audio clips from 30 authentic Qur’anic reciters and 397 clips
from 12 skilled imitators. Mel-frequency cepstral coefficients (MFCCs) were ex-
tracted to represent the speech acoustics. Several models were evaluated, including
Support Vector Machines, Random Forests, and a GMM-UBM baseline. In addi-
tion, two deep learning architectures a Convolutional Neural CNN and a BiLSTM
were implemented to examine their performance in both speaker identification
and distinguishing authentic from imitated cantillations. The limitations of this
study include its narrow focus on Quranic recitations, which may not generalize
well to broader speech or language contexts due to the unique and highly styl-
ized nature of cantillation. The dataset, while comprehensive within its domain,
lacks diversity in content, speaker demographics, and speaking styles, limiting the
applicability of the findings to more general speaker recognition tasks. Further-
more, the deep learning models showed a slight performance drop when evaluated
on unseen Surahs, indicating sensitivity to text variations and a potential chal-
lenge in achieving robust text-independent recognition. Additionally, the imitation
dataset, although valuable, is relatively small compared to the authentic dataset,
which could lead to imbalance issues during training and evaluation.

Mehrabi et al. [40] studied perceptual similarity between vocal imitations and
real percussion sounds using a dataset of 30 drum sounds and 420 vocal imita-
tions from 14 musicians. Sixty-three listeners provided 11,340 similarity ratings
via a MUSHRA-style interface. Similarity was modeled using linear mixed-effects
regression with MFCCs, temporal descriptors, and PHG auditory image features,
with PHG performing best. Limitations include the narrow focus on percussion
sounds, lack of deep learning methods, limited gender diversity among imitators,
and variability in listener focus. Vocal imitations, shaped by speech-based ar-
ticulation, may not fully reflect the acoustic richness of drum sounds, limiting
generalization to speech-related tasks.

Rodriguez-Ortega et al. [60] proposed a logistic regression model to detect
fake voice recordings generated through signal processing-based voice imitation,
specifically using wavelet coefficient reordering. The dataset included 1,086 origi-
nal recordings from 43 speakers across five languages, and 10,000 forged samples.
Entropy features were manually extracted per second and across the full signal,
resulting in 11 features per sample. The study is limited by its use of hand-
crafted entropy features, lack of deep learning-based representation learning, and
evaluation restricted to algorithmically-generated imitation rather than human or
Al-synthesized speech. As such, its generalizability to other spoofing methods and
natural speech variability remains uncertain.
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Kim et al. [35] introduced the Vocal Imitation Set, a large-scale dataset of
11,242 human vocal imitations covering 302 sound event classes based on the Au-
dioSet ontology. The dataset includes 5,601 listener-vetted imitations and 2,985
original sound recordings from Freesound. Each class includes an average of 10
original recordings and 19 imitations, enabling fine-grained query-by-vocal imita-
tion (QBV) retrieval. The authors also evaluated TL-IMINET, a Siamese-style
convolutional neural network trained on language and sound classification tasks,
to measure its effectiveness in fine-grained QBV search. The study is limited by its
exclusive focus on human-generated vocal imitations of non-speech environmental
sounds, making it less relevant for applications involving voice or speech spoofing
detection.

Ballesteros et al. [7] developed Deep4SNet, a convolutional neural network
(CNN)-based system aimed at identifying fake voice recordings. The approach
targeted two types of synthesized audio: Deep Voice, representing Al-generated
speech, and an imitation technique that applied wavelet coefficient reordering for
signal processing-based voice transformation. To enable the model to treat the
problem as an image classification task, audio signals were converted into his-
togram representations. The dataset used for training comprised 720 authentic
and 720 imitation-based fake samples, along with 76 recordings created with Deep
Voice. The study is limited by its reliance on fake samples generated through a spe-
cific algorithmic imitation technique, which may not reflect the variability and nat-
uralness of human-performed voice imitation. Additionally, the histogram-based
representation may not fully capture dynamic vocal features relevant to detect-
ing more subtle or expressive forms of imitation. As a result, generalizability to
real-world human-imitation attacks remains uncertain.

Zetterholm [25] investigated voice imitation by analyzing 22 imitations of 9
Swedish male public figures performed by three impersonators (two professionals
and one amateur). The study used both perceptual listening tests and acoustic
analysis of speech production features such as fundamental frequency, formant fre-
quencies, articulation rate, and /s/ spectral characteristics. The study is limited by
a small dataset with only three impersonators and 22 imitations, reducing speaker
and imitation diversity. It relied on subjective listening tests and a limited set of
speech production features (e.g., FO, formants, articulation rate) analyzed descrip-
tively. No statistical or computational modeling was used, limiting objectivity and
generalizability.
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Chapter 3

Human-Imitated Speech
Detection Using Acoustic
Features Related to Auditory
Perception and Deep Learning
Methods

3.1 Concept and Idea for Detecting Human-
Imitated Speech

This dissertation aims to propose a framework based on the idea that, To detect
human-imitated speech, a machine itself imitates how humans perceive. Unlike
Al-generated synthetic speech which often contains detectable artifacts human-
imitated speech is naturally produced and often closely resembles genuine speech,
making it especially difficult to distinguish. It preserves perceptual characteristics
such as vocal texture, which refers to how the voice is experienced by listeners
in terms of qualities. These qualities make it especially challenging to distinguish
from genuine speech, both for humans and machines.

Despite this, human-imitated speech remains an underexplored problem in the
field of speech-based security. Existing research has largely focused on detecting
synthetic speech, and in rare cases where human-imitated speech is addressed,
deep learning methods are applied without perceptual grounding, treating the
problem as a standard classification task. This "black-box’ approach ignores how
humans naturally perceive genuine speech, resulting in models that fail to capture
the nuanced features unique to imitated speech. In light of this consideration,
initial experiments were conducted to assess whether auditory-based features de-
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rived from gammatone and gammachirp filterbanks designed to simulate cochlear
filtering in the human auditory system could offer more perceptually relevant repre-
sentations. Although these features demonstrated improvements over conventional
acoustic representations and helped capture certain discriminative patterns, they
were ultimately insufficient to achieve reliable detection.

To fill this gap, this dissertation proposes a framework for detecting imitated
speech based on human listening tests and acoustic features related to auditory
perception, starting with the fundamental question: How accurately can human
listeners distinguish between genwine and imitated speech? This question was ad-
dressed through a human study conducted on a carefully selected subset of data,
where participants were asked to classify samples as genuine or imitation. The
primary objective of this study was to examine human judgment in this task, fo-
cusing on how listeners perceive and evaluate speech without prior exposure to
imitation samples.

Building on these insights, the study further explores the question: How effec-
tively can auditory perceptual features be used to detect human-imitated speech by
machine/deep learning techniques like human listeners? These features, grounded
in how humans perceive voice quality, were evaluated through a machine-based
analysis to assess their potential for computational modeling of perceptual char-
acteristics. Specifically, this phase focuses on two complementary sets of acoustic
features related to auditory perception: timbral features, including boominess,
depth, brightness, and warmth, which capture dimensions of voice quality central
to how listeners experience and assess authenticity; and spectro-temporal modu-
lation (STM) representations, which capture how energy varies jointly over time
and frequency by decomposing the spectrogram into temporal and spectral mod-
ulation content. Inspired by how the auditory cortex processes complex sounds,
STM provides a multiscale representation that helps detect subtle differences in
vocal texture and speech dynamics. Both feature sets are closely related to audi-
tory perception, offering complementary perspectives on how humans analyze and
interpret speech signals.

This philosophy reinforces the central belief that effective detection of human-
imitated speech begins with understanding how accurately humans can perceive
it. Rather than treating machine learning as an isolated solution, this work inte-
grates human listening tests and perceptually inspired acoustic features into the
core of the detection framework. By combining human evaluation in small-scale
experiments with machine-based analysis of perceptually motivated features, the
framework ensures that the machine’s decision-making process reflects how ac-
curately humans naturally distinguish between genuine and imitated speech. In
doing so, this dissertation advances a human-informed approach that goes beyond
black-box modeling to deliver scalable and interpretable solutions for reliably de-
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tecting imitated speech.

Figure 3.1 illustrates the overall concept, which bridges subjective and objective
detection pathways by combining acoustic features related to auditory perception
with machine and deep learning techniques. Further details of this approach are
presented in Chapter 5 (see Figures 5.1 and 5.2) and Chapter 6 (see Figures 6.2,
6.8, 6.10).

Human-Imitated
Speech

Sub-set

Full Dataset Dataset
Standard & Auditory-
based Features with Human Evaluation

Deep Learning

Auditory
Perception
Features
Train on Synthetic Train on Imitated Human Listening Fea_s ey S_tudy
Speech Speech Test with Machine
P p Learning
Test on Synthetic & Test on Imitated . STM
Imitated Speech Speech Timbral Features Representations

Figure 3.1: Overall concept: Human listening tests and acoustic features related
to auditory perception for detecting human-imitated speech.

3.2 Human-imitated Speech Dataset

In this dissertation, a new human-imitated speech dataset is proposed, specifically
created to address the limitations of existing spoofing datasets and it is presented
in detail in Chapter 4. Most current datasets, such as those used in ASVspoof
challenges, focus on synthetic speech generated by machines. As a result, existing
spoofing detection systems are mainly trained to detect synthetic speech, which
is relatively easier to identify due to its robotic and repetitive patterns. However,
human-imitated speech is more natural and realistic, making it more challenging
to detect. The proposed dataset fills this gap by providing genuine and human-
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imitated speech samples, enabling both human listening tests and machine learning
analysis to develop and evaluate systems that can better detect this type of attack.

3.3 Human Listening Studies

To scientifically validate the detection of human-imitated speech, it is essential to
involve human listeners in the evaluation process. Human studies play a critical
role in discerning subtle acoustic variations that may be overlooked by automated
systems. Therefore, they are not only supportive but foundational to the credibility
of this research.

In this study, after the creation of the speech dataset, a human listening test
was conducted, as thoroughly discussed in Chapter 6. Initially, participants were
trained using genuine speech samples from the target speakers to familiarize them
with the speakers’ natural vocal characteristics. This training phase was especially
important, as it ensured that all participants developed a similar and high level of
familiarity with the target speakers before the final evaluation. Such consistency
was critical for reducing variability in judgments, avoiding bias, and enabling fair
comparisons across listeners.

Following training, a preliminary test was conducted to assess each partici-
pant’s ability to correctly identify the target speakers. Only those who met a
predetermined accuracy threshold in identifying the target speakers were selected
to proceed to the final evaluation phase.

During this evaluation, participants were asked to differentiate between genuine
and imitated speech samples, including imitations specifically crafted to closely
mimic the target speakers. This setup allowed us to directly assess the differences
between genuine and imitated speech from the listener’s perspective.

Notably, the evaluation included challenging cases, such as high-quality imi-
tated speech, to rigorously test the limits of human judgment. The details of the
experimental procedure and results are provided in Chapter 6 (see Fig. 6.2).

These human studies are indispensable, as they offer a benchmark for evalu-
ating machine learning models. Understanding how humans identify and classify
imitated speech provides crucial insights that can guide the selection of acoustic
features and inform model design.

3.4 Acoustic Features Related to Auditory-based
Features

This dissertation explores auditory-based features such as the gammatone filter-
bank (GTFB) and gammachirp filterbank (GCFB) in the context of various deep
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learning models which is elaborated upon in Chapter 5.

This study primarily explored gammatone filterbank (GTFB) and gammachirp
filterbank (GCFB) features, which closely model human auditory processing, for
detecting imitated speech. This study follows Slaney’s Auditory Toolbox! and
the study by Nguyen et al. [61]. To benchmark their effectiveness, the mel-
spectrogram, mel-frequency cepstral coefficient (MFCC), and linear-frequency cep-
stral coefficient (LFCC) were also used as standard features for evaluating a
spoofing-countermeasure system [56], [62-65]. Additionally, the gammatone cep-
stral coefficient (GTCC) and gammachirp cepstral coefficient (GCCC) were intro-
duced for comparative analysis.

3.4.1 Feature Extraction with Gammatone Filterbank

The GTFB is widely used in auditory modeling and speech processing, as it closely
mimics the frequency response of the human cochlea [66]. The frequency response
of a gammatone filter describes how it reacts to different frequency components
of an input signal. It behaves as a complex bandpass filter centered at a specific
frequency, with its bandwidth and order determining how selectively it responds
and how quickly it decays. Mathematically, the frequency response is defined as:

(27 (f = fe) + 2mb)"

where Her(f) is the frequency response of the gammatone filter at frequency f,
centered at f. where the filter has peak sensitivity. The term 27b controls the
bandwidth and damping, while j27(f — f.) shifts the filter’s response to be cen-
tered at f.. The exponent n (typically 4) determines how steeply the response
rolls off from the center frequency, and a is a gain normalization constant. The re-
sulting gammatone spectrogram undergoes log-power transformation by applying
a logarithmic function to enhance perceptual relevance. In addition to comput-
ing the gammatone cepstral coefficients (GTCCs) from the gammatone filterbank
energies, a discrete cosine transform (DCT) is applied to the logarithm of these
energies. The DCT serves two main purposes: (1) it de-correlates the filterbank
outputs, making the features more statistically independent, and (2) it emphasizes
the spectral envelope by concentrating most of the energy into the lower-order co-
efficients. This transformation results in a compact and robust representation of
the speech signal’s spectral characteristics. The resulting GTCC representations
are shown in Fig. 3.2.

Her(f) = (3.1)

'https://engineering.purdue.edu/~malcolm/interval/1998-010/
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Figure 3.2: Block diagram to derive GTCCs and GCCCs using DCT.

3.4.2 Feature extraction with Gammachirp Filterbank

Irino and Patterson [67] and [68] developed the gammachirp filter to better sim-
ulate basilar membrane characteristics. Salhi et al. [69] and [70] later applied it
to auditory feature extraction in speaker recognition. It provides a more phys-
iologically accurate model of auditory filtering by incorporating a chirp term to
account for the frequency-modulation effects in cochlear processing. The frequency
response of the gammachirp filter at frequency f is given by:

_ a o0
Hee(f) = Gan(f = f) £ 270" 0(/) (3.2)

where Hge(f) is the frequency response of the gammachirp filter, f,. is the center
frequency of the filter, b is the bandwidth parameter, n is the filter order (typically
4), j is the imaginary unit, a is a gain normalization constant, and ¢ is the chirp
coefficient (often negative, such as ¢ = —2, to create an asymmetric response).
The phase-shaping term, 6(f), is given in Eq. 3.3. The bandwidth normalization
coefficient (b_coef = 1.019) is also used to adjust the filter response.

8(f) = tan"? (f;f‘3> ~tan~! (ﬁ) (3.3)

The resulting gammachirp spectrogram undergoes a log-power transformation
by applying a logarithmic function to enhance perceptual relevance. To obtain
GCCCs (gammatone cepstral coefficients), the discrete cosine transform (DCT)
is applied to the gammatone-derived features in order to de-correlate them and
extract the cepstral coefficients. This process helps in reducing the dimensionality
of the feature set while preserving the essential auditory characteristics. The DCT
serves to transform the power spectrum of the signal into a more compact and
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statistically independent form, making it more suitable for subsequent classifica-
tion tasks. The resulting cepstral coefficients capture the temporal and spectral
properties of the auditory features, as illustrated in Fig. 3.2.

3.5 Acoustic Feature Related to Auditory Per-
ception

The acoustic features related to perception used in this dissertation include tim-
bral features and STM representations, which were applied separately in the ex-
periments. Timbre features play a critical role in music and audio cognition by
conveying essential emotional and perceptual information, making them funda-
mental in many audio processing tasks. In parallel, STM representations offer a
two-dimensional representation of sound in terms of spectral and temporal mod-
ulation content, capturing how the spectral envelope fluctuates across frequency
and how the amplitude envelope varies over time, thereby aligning closely with
human auditory perception mechanisms.

3.5.1 Timbral Features

Timbre encompasses a complex array of auditory characteristics that define the
identity or quality of a sound. Even when two sounds share the same pitch,
loudness, and duration, they can be perceived as distinct due to differences in
their timbral attributes [71,72]. These features include a range of spectral and
harmonic components that contribute to the perceived uniqueness of a sound.

Timbre-related attributes fall under the category of psychoacoustic features,
each corresponding to a specific sensory experience during auditory perception
[73].  Psychoacoustics explores the intricate relationship between sound stimuli
and human perception. Importantly, algorithmically generated scores often fail to
replicate these subjective characteristics accurately, highlighting the limitations of
purely objective models in capturing human auditory experience.

Numerous studies have aimed to model timbre based on psychoacoustic prin-
ciples and to establish objective measures for its various attributes. A significant
effort in this area is the Audio Commons project, which introduced a comprehen-
sive timbre modeling framework. This framework combines low-level descriptors
such as spectral centroid, dynamic range, spectral energy ratios, and relates them
to eight perceptual timbre dimensions: hardness, depth, brightness, roughness,
sharpness, warmth, boominess, and reverberation. Each of these high-level fea-
tures is quantified on a scale ranging from 0 to 100 [6], and is defined as follows.
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Hardness

This quality characterizes the sound generated when a hard object, such as a
mallet, strikes a metallic bar. Four primary parameters can be used to predict this
characteristic: the mean spectral centroid across time, the time-weighted average
spectral centroid, the average spectral level over time, and the slope of the spectral
level [74].

The perception of hardness in sound mainly results from the combination of
loudness and harshness. Harsh sounds often show irregularities within the 2-5
kHz frequency range, where human hearing is particularly sensitive. As a result,
hardness acts as a perceptual indicator of how pleasant or uncomfortable a sound
is, reflecting the balance between its loudness and spectral properties in this critical
band. In essence, it captures how well the sound’s spectral characteristics align
with human auditory preferences.

Several studies have investigated the acoustic correlates of perceived hardness.
Williams [75] noted that the initial segment of a sound plays a key role in shaping
hardness perception. Freed [76] proposed a framework for assessing mallet hardness
in percussive sounds, based on four acoustic features: (1) spectral mean level (a
form of long-term average spectrum, LTAS), (2) spectral level slope (analogous to
cepstral analysis), (3) spectral centroid mean (averaged on the Bark scale), and
(4) spectral centroid time-weighted average (TWA).

Solomon’s foundational work [77] highlighted the hardness/softness dimension
as an important psychological attribute of timbre and suggested a potential link
to rhythmic variation, although no formal quantification was provided.

Despite the absence of a standardized model for hardness in existing literature,
empirical evidence indicates that perceptual hardness is strongly influenced by the
attack portion of a sound and its spectral characteristics. Building on this, a model
of hardness was developed using three core metrics: (1) attack time, (2) attack
gradient, and (3) spectral centroid during the attack phase. A linear regression
model was then employed to estimate perceived hardness based on these features.

Furthermore, Pearce and colleagues [78] identified four suitable predictors for
hardness estimation: the mean of the time-varying spectral centroid, the time-
weighted average of the spectral centroid, the mean spectral level over time, and
the spectral level slope.

Depth

Depth is linked to the perception of sound coming from beneath the surface of
its source and is often associated with strong low-frequency components. It is
modeled by considering factors such as the spectral centroid, spectral ratio, and
the signal’s decay time [74].

32



While the concept of depth in timbre has been discussed in several academic
works, no formal model or set of acoustic features has yet been established to
represent it. However, insights into this perceptual quality were obtained through
an online experiment called Social-EQ, conducted by Pardo and Cartwright [79].
In this study, participants were asked to associate timbral descriptors with corre-
sponding adjustments on a 40-band graphic equalizer.

Among the participants, six individuals selected the descriptor deep. Figure 3.3
presents the equalizer settings submitted by each of these participants. The bold
black line in the figure represents the average EQ setting across participants, along
with 95% confidence intervals.
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Figure 3.3: Social-EQ graphic equalizer settings for the timbral descriptor deep.
Original image adopted from [6].

The trend shown in Figure 3.3 clearly indicates that all EQ) treatments empha-
size boosting the low-frequency components of the signal. The strong consistency
across these responses suggests a perceptual association between depth and low-
frequency energy. Based on this observation, a model for analyzing timbral depth
can be proposed, incorporating the following features: (1) the spectral centroid
within the lower frequency band, indicating the energy concentration towards low
frequencies; (2) the ratio of low-frequency energy relative to the total; and (3) the
low-frequency cutoff point of the audio signal, where energy begins to decline.

The lower spectral centroid is computed as follows:

n (200 Hz
ZnESOHz)) f(n) - z(n)
n(200 Hz
> ntaotsy (1)

Lower spectral centroid = , (3.4)
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where n(s) denotes the FFT bin number corresponding to the frequency s, f(n)
represents the frequency at bin n, and z(n) indicates the magnitude of the spectral
bin. The mean lower spectral centroid is subsequently computed by averaging this
value across all frames of the signal.

The model additionally computes the lower ratio for each frame, which is de-
fined as the proportion of energy contained within the 30-200 Hz band relative to
the total energy spanning from 30 Hz up to the Nyquist frequency:

(200 Hz
anzao Hz)) z(n)

n(Nyquist
an?)ﬂyl(}lz) )ZL‘(’I’L)
where z(n) is the magnitude of the nth spectral bin, and n(Nyquist) refers to
the bin corresponding to the Nyquist frequency. The average lower ratio is then
computed across all frames.

The third metric in the model is the low-frequency limit, which is adapted
from the spectral rolloff method implemented in the IRCAM Timbre Toolbox [80].
Here, the low-frequency limit is defined as the frequency below which 5% of the
total spectral energy is contained, meaning that 95% of the energy lies above this

point. This threshold is determined by locating the frequency bin n that meets
the following condition:

, (3.5)

Lower ratio =

> k=0 x(k)?
Z(zl\(l)yqulst) ZL'(]{J)Q

> 0.05. (3.6)

The mean low-frequency limit is then computed over all frames.

Finally, the overall timbral depth is estimated using a linear regression model
that incorporates three predictors: (1) the lower spectral centroid, (2) the lower
ratio, and (3) the low-frequency limit. The low-frequency limit is derived based on
the cumulative spectral energy using z(n)?, following an energy-based thresholding
approach.

Brightness

Brightness refers to the perceived clarity or vividness of a sound, which is typically
attributed to the presence of higher-frequency components. It is quantified using
two primary measures: the ratio of high-frequency energy to the total energy, and
the spectral centroid calculated above a defined frequency threshold [81].

As a key aspect of sound quality, brightness has been widely studied. Many
researchers have identified the spectral centroid as a dependable indicator of per-
ceived brightness [82,83]. Nonetheless, some studies suggest that the high-frequency
energy ratio relative to total spectral energy may provide a more precise prediction.
In a recent investigation, Pearce [84] reviewed existing models and introduced a
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new approach that combines a modified spectral centroid with the spectral energy
ratio. This combined model has since been incorporated into the Audio Commons
framework [6], which is discussed in this dissertation.

The computation of brightness involves several signal processing steps. First,
the audio signal is segmented into short frames and transformed into the frequency
domain using the Fast Fourier Transform (FFT). To enhance the spectral repre-
sentation, a half-octave smoothing is then applied to the magnitude spectrum of
each frame on a sample-by-sample basis. From the smoothed spectrum, two pri-
mary features are extracted. The first is the frequency-limited spectral centroid
(FLSC), which emphasizes spectral content above 3 kHz:

n(Nyquist
Sttty () - w(n)
n(Nyquist )
zngiikylelz) )x(n)
where n(s) denotes the FFT bin corresponding to frequency s, f(n) is the center
frequency of bin n, and x(n) represents the magnitude of bin n.

The second metric, referred to as the spectral energy ratio, quantifies the pro-
portion of high-frequency energy (above 3 kHz) relative to the total energy:

n(Nyquist
Doty #(1)
n(Nyquist :
ZnEQOngz)S ) x(n)
Finally, a linear regression model combines the Ratio and FLSC metrics to
predict the perceived brightness B.

FLSC =

(3.7)

Ratio =

(3.8)

B = —25.8699 + 64.0127 (log,,(Ratio)) + 0.441og,,(FLSC). (3.9)

Roughness

Roughness contributes to the perception of a buzzing or harsh sound quality and
is primarily associated with amplitude fluctuations in the 16 to 80 Hz range. The
perception of roughness is modeled using a sinusoidal approach, which incorporates
three variables. Two of these variables pertain to the amplitudes of sinusoidal com-
ponents and reflect roughness dependence on overall intensity and on the degree
of amplitude modulation [85].

The method for calculating roughness in this dissertation follows the procedure
described in [6,86]. The audio signal is segmented into 50ms frames, with each
frame processed using a Hanning window and zero-padded to the nearest power
of two. A Fast Fourier Transform (FFT) is then applied to each frame, and the
resulting magnitude spectra are normalized so that the highest magnitude across
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all frames is scaled to 1.0. This normalization ensures consistent spectral com-
parisons between frames. Next, a peak-picking algorithm identifies the prominent
frequency components within each frame’s spectrum. Roughness is computed for
every pair of spectral peaks in a frame using the following model:

R=05X%y317 (3.10)
where:

X = Apin - Amax, (3.11)

2AAmin
Y =—"—"—"— 3.12
Amin + Amax’ ( )
Z — 6—3~5g(fmax_fmin) _ 6_5~759(fmax_fmin)’ (313)

0.24

g (3.14)

" 0.0207 frin + 18.96°

where, R denotes the roughness between a pair of peaks, Ay« and A, are the
peak magnitudes, and fiax, fmin represent their corresponding frequencies. The
total roughness per frame is obtained by summing roughness values across all peak
pairs. Finally, the overall roughness of the audio signal is computed as the average
roughness across all frames.

Warmth

Warmth is often linked to the perception of low-frequency sounds, giving the im-
pression of rising warmth or richness. A warmth model was created through it-
erative selection of low-level timbre features and application of multilinear regres-
sion [81].

The perception of warmth in sound has been explored in various studies, each
identifying key factors that contribute to this auditory quality. For example,
Srensen [87] found that the acoustic characteristics of concert venues, such as their
architectural shape and reflective properties, significantly influence how warm or-
chestral music is perceived. Elements like room size, reverberation time, and the
spatial distribution of reflections were shown to enhance a sense of liveness and
fullness, particularly in lower frequency ranges closely associated with warmth.

Bromham [88] investigated how audio processing techniques affect the per-
ception of warmth, emphasizing the relevance of the bass ratio (BR) metric,
which quantifies energy distribution within the low-frequency spectrum. The study
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demonstrated that modifying the BR, for example through equalization, can sig-
nificantly alter the listener’s perception of warmth.

Building on this foundation, Williams [89] developed a method for the per-
ceptual adjustment of warmth by manipulating various timbral characteristics.
This approach highlights the complex and multidimensional nature of warmth
and shows that it can be actively shaped through precise control of acoustic and
signal processing parameters.

Farbood [90] further advanced the understanding of warmth by examining its
relationship with perceived musical tension. The study showed that timbral factors
such as inharmonicity and roughness influence tension perception, which in turn
correlates with the perceived warmth of the sound.

Collectively, these studies underscore the intricate interplay of acoustic, tim-
bral, and perceptual elements in shaping the sensation of warmth. They also stress
the importance of considering these factors in practical applications such as music
production, sound design, and acoustic engineering to achieve a desired auditory
experience.

Sharpness

Sharpness is associated with a piercing or penetrating sensation in sound. In
speech, sharpness may be characterized by a short open phase of the vocal glot-
tal cycle. The sharpness model is based on the Klippel sharpness model, which
quantifies this sensation [81].

To elaborate, sharpness is a psychoacoustic attribute associated with the per-
ception of acute or piercing auditory sensations, which tend to intensify as the
spectral centroid shifts toward higher frequencies. Based on this phenomenon,
Zwicker et al. introduced the unit acum, defined as the sharpness of a narrowband
noise centered at 1,000 Hz with a loudness level of 60 phon [91]. Building on this
concept, a mathematical model for sharpness was developed and is expressed as:

In more detail, sharpness is a psychoacoustic quality linked to the perception of
high-pitched or piercing sounds, which becomes more pronounced as the spectral
centroid moves toward higher frequencies. To characterize this sensation, Zwicker
et al. introduced the unit "acum” defined as the sharpness of a narrowband noise
centered at 1,000 Hz with a loudness level of 60 phon [91]. Building on this
foundation, a mathematical model of sharpness was developed and is expressed
as:

Jo' P D (@) g(w) w de

0
f024 Bark D/ (.T) dr

Sharp = 0.11

(3.15)

In this equation, Sharp represents the sharpness value, while D’(x) denotes the
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specific loudness density as a function of the critical-band rate x, measured in Bark.
Loudness, an essential measure of auditory perception, is expressed in phons. The
function g(x) acts as a frequency-dependent weighting factor: it is set to 1.0 for
frequencies up to 3,000 Hz and increases steeply to 4.0 for higher frequencies, as
established through psychoacoustic studies.

Boominess

Boominess results from low-frequency harmonic resonance, like the sound of a
car engine. The boominess model is adapted from the framework developed by
Hatano and Hashimoto, and it calculates the weighted average of sound pressure
levels across frequency bands important for boominess perception [92], [93].

Extensive studies have examined the phenomenon of surging across a range of
fields, including construction machinery [94], automotive systems [95], and interior
vehicle acoustics [96]. Surging sensations are commonly linked to low-frequency
elements, often originating from engine noise [97]. To better characterize and
address this effect, researchers have proposed several objective measures, such as
the sound quality index [95] and the weighted sound pressure level [96]. These
metrics have proven effective in mitigating the impact of surging, particularly
within the domain of in-cabin vehicle noise [96]. Although no standardized model
for boominess currently exists in the literature, this dissertation adopts the concept
as defined within the Audio Commons framework [6].

Reverberation

Reverberation refers to the lingering presence of sound after the source has stopped,
due to reflections in the environment. It represents the acoustic decay of an audio
signal and is characterized by several standard metrics, the most common of which
is RT60 an indicator of the time required for the sound level to decay by 60
decibels. While RT60 is typically measured in controlled environments such as
concert halls, accurately estimating it from audio recordings presents significant
challenges. To address this, the IEEE organized the Acoustic Characterization
of Environments (ACE) Challenge in 2015, aiming to evaluate blind estimation
methods for RT60 and the direct-to-reverberant ratio (DRR) in recorded speech
signals [98].

The reverberation algorithm was implemented following the method proposed
by Prego et al. [99]. The process begins with the computation of the signal’s power
spectrogram. Although specific parameters such as frame length and window func-
tion are not strictly defined in the original method, a Hamming window of length
2048 samples with a 512-sample overlap is selected arbitrarily. The analysis is then
confined to the frequency range of 20 Hz to 4 kHz, which is particularly relevant
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as it encompasses the majority of speech information and aligns with the standard
frequency bands used in building acoustics to estimate RT60 commonly averaged
over the 500 Hz, 1 kHz, and 2 kHz octave bands.

For each identified Signal Frame Decay Region (SFDR), the Schroeder integra-
tion is computed using the following equation:

= 0lop. [ e Bk, 0)
c(k,l,n) = 10logyq (ZaL:n E(k,a)) : (3.16)

where c(k, ¢, n) denotes the nth frame within the /th SFDR in the kth sub-band,
and L is the total number of frames within that SFDR. E(k,a) represents the
energy in the kth sub-band at frame a, while n indicates the current frame under
analysis.

The Schroeder integral is computed for each SFDR to estimate the correspond-
ing RT60. The start of the decay analysis is identified by locating the first frame
within the SFDR where the integral consistently begins to decline.

If the most linear segment of the Schroeder integral exhibits a dynamic range
of less than 10 dB, the algorithm instead searches for the most linear section with
at least a 60dB dynamic range. If no such segment is found, it proceeds to look
for a portion with a minimum range of 40dB. If this also fails, the threshold is
gradually reduced to 20 dB and then to 10 dB until a suitable segment is identified.

Once an appropriate segment has been selected, linear regression is applied
to this portion of the SFDR. The SFDR-based RT60 is then estimated from the
regression coefficients, representing the time it would take for the fitted regression
line to decay by 60 dB.

The sub-band RT60 is calculated as the median of all SFDR-based RT60 esti-
mates within the corresponding sub-band. The overall RT60 is then approximated
as the median of the sub-band RT60 values. To improve the accuracy of this es-
timate, an empirical correction is applied by dividing the computed RT60 by a
factor of three.

3.5.2 Spectro-temporal Modulation

In this thesis, STM representations were computed through a multi-step process
consisting of gammatone filterbank decomposition, envelope extraction, and two-
dimensional Fourier transformation. The calculation processes are depicted in
Fig. 3.4.

Initially, a gammatone filterbank is used to decompose the input signal z(t)
into a series of frequency bands. In this step, the fammatone filterbank (GTFB)
is adopted and implemented using a cascaded IIR filter design. The center fre-
quencies and bandwidths of the gammatone filters are derived based on the speci-
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Figure 3.4: Block diagram depicting the steps for STM representation calculation.

fied frequency range and the equivalent rectangular bandwidth (ERB) expression.
Therefore, the GTFB is also referred to as an ERB filterbank. In this thesis,
the number of channels is set to 64, covering the frequency range from 60 Hz to
7,600 Hz. The impulse response of the k-th gammatone filter can be represented

as:

gi(t) = A=Y exp(—2mby ERB(fi)t) cos(2m fit), (3.17)

with
ERB =24.7(4.37 fr, + 1), (3.18)

where A refers to the amplitude, n is the order of the filter (set to 4 in the ex-
periments), by represents the bandwidth of the k-th filter, and f; is the center
frequency of the k-th filter. The output of the k-th channel is expressed as:

y(t) = gr(t) x (1), (3.19)

where * denotes convolution.
Subsequently, the Hilbert transform and squaring operations are implemented
to compute the power envelope of each frequency band. The output after low-pass

filtering is given by:
en(t) = LPF[|Hilbert (y,(t)) |*], (3.20)

Lastly, a two-dimensional FFT is performed to transform the power envelope
into the STM representations. The absolute value is calculated as the final repre-

sentation:
STM = |2DFFT (e;(t))]. (3.21)

The STM representations capture the dynamic variations present in the speech
signal across different spectral and temporal scales.
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Figure 3.5: LCNN architecture.

3.6 Classification Based on Deep Learning

This study applies various deep learning architectures, LCNN, ResNet18, and
VGG16, as back-end classifiers, each offering a distinct method for feature rep-
resentation and classification.

Recently many studies [56], [62-65] used LCNN for decting the Deepfake speech.
LCNN begins with a two-dimensional convolutional layer, followed by a feature
reduction mechanism to eliminate redundancies. It then progresses through mul-
tiple convolutional layers with normalization and pooling operations, gradually
increasing the number of channels while down-sampling. The extracted features
are reshaped and processed through bidirectional recurrent layers for temporal
modeling. Finally, a pooling operation aggregates the output, followed by fully
connected layers for binary classification, as shown in Fig. 3.5. The model is
trained using a standard classification-loss function and optimization algorithm.

Another key architecture employed in this study is ResNet-18, a deep convo-
lutional neural network introduced by He et al. as part of the Residual Network
(ResNet) family in 2015 [100]. Its core innovation lies in the use of residual con-
nections, short-cut paths that allow gradients to bypass certain layers, effectively
mitigating the problem of vanishing gradients in deep networks. ResNet-18 com-
prises 17 convolutional layers followed by a fully connected layer and is known for
its balance between architectural depth and computational efficiency. Although
originally developed for image recognition, ResNet-18 has been widely adopted in
audio classification tasks [101-105] by transforming one-dimensional audio signals
into two-dimensional time-frequency representations such as mel spectrograms,
MFCCs, or GTCCs. In the field of spoofed or fake speech detection, ResNet-18
has demonstrated strong performance across multiple studies [106-108], includ-
ing in ASVspoof challenges, where its ability to learn localized spectro-temporal
artifacts has proven effective for distinguishing genuine from manipulated speech.

To implement this approach, a ResNet-18-style architecture is employed as
a classifier to distinguish between genuine and human-imitated speech as shown
in Fig 3.6. Instead of processing raw audio signals directly, the speech is first
transformed into two-dimensional feature representations that encode both spec-
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Figure 3.6: ResNet18 architecture.

tral and temporal information. These features are preprocessed and reshaped to
match the input format expected by convolutional neural networks. ResNet-18
follows a structured architecture with sequential convolutional blocks, each fol-
lowed by normalization, activation, and pooling. The network depth increases
across residual stages, where each stage comprises two convolutional layers along
with a shortcut connection to enable residual learning. As the model progresses,
the number of feature channels increases from 64 to 128, 256, and 512, allowing
the network to learn increasingly complex and hierarchical representations. The
final layers include an adaptive average pooling operation that reduces the spatial
resolution to a fixed size, followed by flattening and a fully connected layer to per-
form binary classification. This design enables efficient gradient flow and enhances
the model’s capacity to capture subtle spectro-temporal cues for distinguishing
between genuine and imitated speech.

Following LCNN and ResNet18, VGG16 is employed in this study as a classi-
fier. It is a deep convolutional neural network architecture developed by Simonyan
and Zisserman at the Visual Geometry Group (VGG), University of Oxford, and
introduced in 2014 [109]. The hallmark of VGGI16 is its simplicity: It consists of 13
convolutional layers using small 3x3 filters and 3 fully connected layers. Although
originally designed for image classification, VGG16 has been widely adopted in
audio classification tasks by converting audio signals into 2D representations simi-
lar to spectrograms (e.g. mel spectrograms, MFCCs), allowing the model to learn
patterns in the time-frequency domain [110-112]. In the context of spoofed or fake
speech detection, VGG16 and its variants (like VGGish) have been used in mul-
tiple studies [113-117] such as ASVspoof challenges and audio deepfake detection
articles, demonstrating strong performance in identifying synthetic speech due to
their ability to capture subtle artifacts in audio spectrograms.

To adapt VGG16 for this task, the model is applied to classify between genui
to distinguish between genuine and human-imitated speech as show in Fig. 3.7.
Instead of directly processing raw audio, the speech signals are first transformed
into two-dimensional features that represent both spectral and temporal patterns.
These features are stored as 2D arrays and padded to a consistent shape, allowing
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Figure 3.7: VGG16 architecture.

them to be processed similarly to image data. The model architecture follows the
original VGG16 structure, which consists of 13 convolutional layers using small
3x3 filters and 3 fully connected layers. These convolutional layers are grouped
into five sequential blocks, each followed by batch normalization, ReLLU activation,
and max pooling. The depth of the network increases progressively, enabling it to
learn increasingly complex and hierarchical representations of the input features.
Specifically, the five blocks contain 64, 128, 256, and 512 filters, respectively, with
multiple convolutional layers per block. An adaptive average pooling layer then
reduces the output to a fixed spatial size of 7x7. The final classification stage
includes two fully connected layers with 4096 units each, followed by an output
layer for binary classification. Each input feature is reshaped to include a channel
dimension, ensuring compatibility with the expected input format of the convo-
lutional network. This structured and deep architecture enables the model to
effectively learn fine-grained acoustic cues that differentiate genuine speech from
human-imitated speech.
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Chapter 4

Data Collection and Evaluation
Metrics

In the domain of fake speech detection, the quality and design of datasets are
fundamental to achieving reliable performance, especially when using acoustic fea-
tures and deep learning models. This chapter focuses on the process of creating
a custom human-imitated speech dataset, specifically developed for this study. It
details the data collection procedure, including the design, participants, record-
ing environment, and labeling strategy. Additionally, the chapter introduces the
evaluation metrics used to assess the performance of the selected features and
deep learning classifiers. These metrics provide a comprehensive understanding of
model effectiveness in distinguishing between real and imitated speech.

4.1 Dataset

The creation of the proposed dataset involved the following steps.

4.1.1 Scenario

Several studies have collected data to solve specific imitation-related challenges.
Kim et al. [35] gathered vocal imitations to address the problem of sound event
retrieval, where imitated sounds help improve search capabilities in audio sys-
tems. Ballesteros et al. [7] focused on detecting fake speech, including Al-generated
and imitated speech, by collecting synthetic speech datasets for security purposes.
Lataifeh et al. [39] worked on identifying authentic and imitated Qur’anic recita-
tions, collecting Arabic audio clips to distinguish religious cantillations. Mehrabi
et al. [40] focused on the vocal imitation of percussion sounds, collecting data to
study perceptual similarity in musical contexts.
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This study aims to solve the problem of distinguishing human-imitated speech
from genuine speech in conversational contexts, a critical task in voice authenti-
cation and forensic analysis. To address this, a dataset of imitated speech was
collected from online sources, where the imitated speech was performed by profes-
sional artists across various languages. This dataset supports the development of
models capable of detecting imitation, filling a gap in current structured datasets
that have not yet explored the challenge of distinguishing human-imitated speech
in natural, conversational scenarios.

4.1.2 Data-collection Process

The proposed human-imitated speech dataset was created through a rigorous and
carefully controlled process to ensure both audio quality and speaker diversity. The
proposed data set includes six languages including English, Turkish, Hindi, Urdu,
Dari, and Pashto, and features ten target speakers. All target speakers are well-
known politicians and celebrities, making it a diverse and representative collection.
The process began with the collection of genuine speech recordings, which were
sourced from publicly available platforms, including various online video reposito-
ries. These recordings represented natural speech with clear articulation, varying
speaking styles, and a broad range of speaker identities and contexts.

For the imitated speech, data was collected from professional mimic artists
who possess the ability to accurately replicate speech patterns, intonations, and
vocal characteristics of other individuals. These artists were selected for their
experience in voice mimicry across different speakers and languages, providing a
rich and varied set of imitation samples.

Several challenges were encountered during the data collection process. One
major issue was the limited availability of mimicry-specific content, as such per-
formances are relatively niche and not widely archived. Additionally, identifying
skilled mimic artists who could contribute high-quality recordings proved difficult
and time-consuming. Another significant challenge was the presence of background
noise such as audience cheering, clapping, or overlapping conversations, particu-
larly in imitation speech samples sourced from public performances or recordings.
To preserve audio clarity and consistency, all recordings were manually reviewed,
and noisy or poor-quality samples were excluded from the dataset.

All collected recordings, both genuine and imitated, were processed and uni-
formly segmented into three-second clips. This segmentation ensured consistency
in sample duration, which is essential for training machine learning models on
fixed-length inputs.

The final dataset is carefully balanced, containing approximately equal pro-
portions of genuine and imitated speech, making it particularly well-suited for
tasks such as fake speech detection, voice imitation analysis, and linguistic feature

45



extraction. The final dataset not only supports research in deepfake and voice
spoofing detection but also serves as a valuable resource for broader studies in
speech processing and cross-speaker modeling.
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Table 4.1: Number of utterances of genuine and imitated speech.

Splits Number of Utterances
Genuine Imitated Total
Train Set 4,944 3,013 8,457
Test Set 5,505 7,117 12,622

4.1.3 Dataset Splits

After completing the data collection phase, the entire dataset was strategically
divided into separate training and test sets to enable both effective model training
and rigorous evaluation. The complete dataset comprises approximately 17 hours
of speech data, which includes 8.70 hours of genuine (real) speech and 8.30 hours
of imitation (spoofed) speech. This near-equal distribution of genuine and imita-
tion speech ensures a balanced representation of both classes, which is crucial for
training reliable and unbiased models.

To better evaluate the model’s generalization capability on unseen data, a de-
liberate choice was made to allocate a slightly larger portion of the data to the test
set. The training set consists of 8,457 utterances, including 4,944 genuine samples
and 3,513 imitation samples, while the test set includes 12,622 utterances, made
up of 5,505 genuine and 7,117 imitation samples. This division corresponds to
approximately 40% of the data assigned for training and 60% reserved for testing.

The rationale behind this data split stems from the objective of conducting
a more thorough and detailed evaluation of model performance. By increasing
the proportion of the test set, it is ensured that the model’s behavior is assessed
across a wider range of scenarios and utterance variations, which closely mirrors
real-world deployment conditions. At the same time, the training set retains a
sufficient number of diverse samples to enable effective learning of discriminative
features between genuine and imitation speech.

This design choice also reflects a focus on robustness and generalizability, rather
than solely optimizing performance on the training data. This is particularly
important in tasks such as fake speech detection, where the model is expected
to encounter a wide variety of speech styles, speaking conditions, and deceptive
attempts. In this work, fake speech refers specifically to human-imitated speech,
where individuals deliberately mimic the voice characteristics of others. Since
such imitation can vary widely in quality and style, the ability of the model to
generalize well to previously unseen samples is essential. Therefore, allocating
a larger portion of data to testing plays a vital role in evaluating the model’s
performance in real-world scenarios and contributes to the development of more
reliable and high-performing detection systems. In addition, a subset of data from
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this dataset split was used for a subjective listening experiment, consisting of
an equal balance of 50% genuine speech and 50% imitated speech. This subset
was carefully selected to evaluate human perception of voice authenticity and to
compare it with the model’s performance. The creation of the proposed dataset
details in Fig. 4.1.

4.2 Evaluation Metrics

This section describes the evaluation metrics applied to assess the performance
of the selected features and deep learning classifiers. These metrics offer a com-
prehensive view of each model’s capability to discriminate between genuine and
imitated (fake) speech. By incorporating multiple evaluation criteria, the analysis
ensures a robust and balanced assessment that considers both overall accuracy and
class-specific performance. The computed metrics include accuracy, Equal Error
Rate (EER), d-prime, Fl-score, and the confusion matrix.

Confusion Matrix

The confusion matrix is a performance evaluation tool commonly used in classifi-
cation tasks to compare a model’s predictions against actual outcomes. It reports
counts of true positives (TP), false negatives (FN), false positives (FP), and true
negatives (TN), offering detailed insights into the model’s strengths and weak-
nesses. In this context, it shows how effectively the model distinguishes between
genuine and imitated speech. The confusion matrix is essential for evaluating both
overall accuracy and the model’s capacity to minimize incorrect classifications by
measuring sensitivity (true positive rate) and specificity (true negative rate). Ta-
ble 4.2 presents the confusion matrix used in this study.

Table 4.2: Confusion matrix.

Predicted Genuine Predicted Imitated

Genuine TP FN
Imitated FP TN

Accuracy

Accuracy refers to the percentage of data points correctly classified by a model,
comparing the number of accurate predictions to the total number of predic-
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tions [3]. It is a key metric for evaluating the overall performance of a model
in classification tasks. Accuracy is calculated using the following equation:

Number of Correct Predictions

A =
ceuracy Total Number of Predictions (1)

B TP +TN
TP+TN+FP+FN

where TP, TN, FP, and FN denote true positive, true negative, false positive,
and false negative, respectively. However, accuracy can be misleading in imbal-
anced datasets, where additional metrics like precision, recall, or the F1-score are
often necessary to provide a more complete evaluation.

F1-score

The F1-score measures the overall performance of a model by calculating the har-
monic mean of precision and recall, offering a balance between the two [3], [118].
It is particularly useful in cases of imbalanced datasets, where accuracy alone may
not give a clear picture of performance. The Fl-score ranges from 0 to 1, with
higher values indicating better performance. It is computed using the following
formula.

2(Precision x Recall)

Precision + Recall
TP (2)

" TP+ 1(FP+FN)

F1-score =

This makes the F1-score an effective metric for evaluating classification models,
especially when both false positives and false negatives are significant.

Equal error rate (EER)

The equal error rate (EER) is a critical metric used to evaluate the performance of
systems, particularly in biometric recognition tasks. It is the point where the false
acceptance rate (FAR) equals the false rejection rate (FRR), providing a balanced
measure of the system’s ability to avoid both false acceptances and false rejections.
Mathematically, it is represented as follows.

EER = FAR(threshold) = FRR(Threshold) (3)

The false acceptance rate (FAR) is the probability that the system incorrectly
accepts an unauthorized user. It is calculated as follows.
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False Acceptances

FAR =
Total Number of Unauthorized Attempts

(4)

The false rejection rate (FRR) is the probability that the system incorrectly
rejects an authorized user. It is calculated as follows.

False Rejections

F =
RR Total Number of Authorized Attempts

(5)

The EER is often visualized using a receiver operating characteristic (ROC)
curve or a detection error tradeoff (DET) curve, where the point of intersection
between FAR and FRR represents the EER. A lower EER indicates better system
performance, as it minimizes both types of errors.

d-prime

d-prime (d') is a statistical measure used in signal detection theory to assess a
system’s sensitivity in distinguishing between signal and noise [119], [120]. In
the context of genuine and imitated speech classification, d-prime quantifies the
system’s ability to differentiate between correctly identified genuine speech (hits)
and misclassified imitated speech (false alarms). It is calculated as the differ-
ence between the Z-scores of the hit rate (HR) and the false alarm rate (FAR),
mathematically represented as follows.

d = Z(HR) — Z(FAR) (6)
The hit rate (HR) is the proportion of genuine speech samples correctly classi-

fied as genuine. It is calculated as follows.

B True Positives (TP)
 True Positives (TP) + False Negatives (FN)

HR (7)

The false alarm rate (FAR) is the proportion of imitated speech samples incor-
rectly classified as genuine. It is calculated as follows.

False Positives (FP)

FAR =
False Positives (FP) + True Negatives (TN)

(8)

d-prime provides a measure of how well the system separates a signal (genuine
speech) from noise (imitated speech). A higher d-prime value indicates better
sensitivity, meaning the system can more accurately distinguish between genuine
and imitated speech.
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Chapter 5

Human-Imitated Speech
Detection Using Auditory-Based
Features and Deep Learning

This chapter presents a study that explores a spoof countermeasure system for
distinguishing between genuine and human-imitated speech, with a particular focus
on auditory-based feature representations. The evaluation was conducted using
the ASVspoof 2019 LA dataset as the synthetic speech benchmark and the entire
human-imitated speech dataset developed for this study. This setup was design to
highlight the limitations of conventional approaches and the benefits of auditory
features.

First, a model was trained on synthetic speech using standard acoustic fea-
tures, including mel-spectrogram, MFCCs (Mel-Frequency Cepstral Coefficients),
and LFCCs (Linear-Frequency Cepstral Coefficients). When tested on synthetic
speech, the model performed well; however, its performance dropped significantly
when evaluated on human-imitated speech, underscoring the distinct characteris-
tics of human imitation compared to synthetic spoofing.

Next, the same model was trained directly on the proposed human-imitated
speech dataset using standard features. This approach improved detection perfor-
mance on imitated speech, confirming the need for dedicated training data.

Finally, the core contribution of this work involved incorporating auditory-
inspired features, specifically gammatone and gammachirp filterbank representa-
tions, to better simulate human auditory processing. Models trained and tested
on human-imitated speech using these features showed further improvements over
conventional spectral representations.

To conduct these experiments, a Light Convolutional Neural Network (LCNN)
was employed as the primary architecture, alongside ResNet-18 and VGG-16 mod-
els for comparison. This stepwise evaluation demonstrates that auditory-based fea-
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tures can enhance the robustness of spoofing countermeasure systems, particularly
in detecting challenging human-imitated speech.

5.1 Proposed Method

This section presents the proposed features, deep learning models, and experimen-
tal setup used in this study. This study primarily explored gammatone filterbank
(GTFB) and gammachirp filterbank (GCFB) features, as illustrated in Fig. 5.1,
which closely model human auditory processing for detecting imitated speech. This
study follows Slaney’s Auditory Toolbox! and the study by Nguyen et al. [61]. To
benchmark their effectiveness, the mel-spectrogram, Mel-frequency cepstral coeffi-
cient (MFCC), and linear-frequency cepstral coefficient (LFCC) were also used as
standard features for evaluating a spoofing-countermeasure system [56], [62-65].
Additionally, the gammatone cepstral coefficient (GTCC) and gammachirp cep-
stral coefficient (GCCC) were introduced for comparative analysis.

Gammatone
Gammachirp|| LCNN, ResNet18 and VGG16

Auditory
Features

Waveform . .
\ 4 \ 4

Feature Extraction Classifiers —> Output

Figure 5.1: Block diagram of proposed method.

5.1.1 Feature Extraction with Standard Features

To benchmark the effectiveness of the auditory features, this study utilized stan-
dard features. A mel-spectrogram is derived directly from the raw signal and
modeled on the human auditory system. The Mel scale provides a perceptually
motivated frequency representation defined as

M(f) = 2595logy, (1 + %()) (5.1)

'https://engineering.purdue.edu/~malcolm/interval/1998-010/
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where M (f) represents the Mel frequency corresponding to f, aligning with human
pitch perception [8,121]. MFCCs are extracted by applying the discrete cosine
transform (DCT) to the Mel-scale power spectrum:

MFCC; = ZS cos( (m+0.5) - z) (5.2)

where MFCC; is the I-th coefficient, S(m) is the magnitude in the m-th Mel-
filtered bin, and M is the total number of filters [8]. LFCCs follow a similar
process; however, a linearly spaced filter bank instead of the Mel scale is used:

LFCC; = Z S(m cos< (m+0.5) - z) (5.3)

5.1.2 Feature Extraction with Gammatone Filterbank

The GTFB was applied using a fast Fourier transform (FFT) size of 512 and a sam-
pling rate of 16,000 Hz to extract perceptually relevant features from speech. The
GTFB consists of 64 filters spaced on the equivalent rectangular bandwidth (ERB)
scale, covering frequencies from 100 Hz to the Nyquist frequency (maxfreq = %),
with a bandwidth-scaling factor (width = 1.0). The short-time Fourier transform
(STFT) is computed using a Hann window, window length of 400 samples, and
hop size of 100 samples. The key auditory parameters include the ERB quality
factor (EarQ = 9.26449), which controls filter spacing, and the minimum band-
width of 24.7 Hz, ensuring a lower bound on auditory filter widths. The filter
order (order = 1) defines how bandwidth scales with frequency, and the gamma-
tone filter order (GTord = 4) specifies the number of cascaded filters shaping the
auditory response. The pole radius (r) is determined using an exponential de-
cay function, modeling the natural damping of auditory filters, while filter poles
(pole) are computed using complex exponentials to align with human cochlear
tuning. The resulting gammatone spectrogram undergoes log-power transforma-
tion by applying a logarithmic function to enhance perceptual relevance. Further
evaluation was conducted on the GTCCs, where a DCT was applied to decorrelate
the features and extract the cepstral coefficients.

5.1.3 Feature Extraction with Gammachirp Filterbank

For the gammachirp filterbank, the same processing setup and auditory param-
eters as in the gammatone configuration were retained. The key distinction lies
in the introduction of a chirp coefficient (chirp_coef = —2.0), which introduces an
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asymmetric frequency response by modeling frequency glides observed in the hu-
man cochlea. This adjustment enhances the auditory model’s ability to simulate
the nonlinear and level-dependent characteristics of cochlear filtering. The gam-
machirp weights are computed using both symmetric (gammatone) and asymmet-
ric components, allowing for improved frequency resolution near the filter center
frequencies. The resulting gammachirp spectrogram undergoes a log-power trans-
formation by applying a logarithmic function to enhance perceptual relevance.
Further evaluation was conducted on the GTCCs, which were obtained by apply-
ing a DCT to decorrelate the features and extract the cepstral coefficients.

Furthermore, standard features including the mel-spectrogram, MFCC, and
LFCC were employed as baselines for comparison with auditory-inspired features
extracted using gammatone and gammachirp filterbank.

5.1.4 Deep Learning Models

The deep learning models, including light convolutional neural networks (LCNN)
[56,62-65], ResNet18, and VGG16, were used in this study follow different archi-
tectural approaches for classification.

LCNN begins with a two-dimensional convolutional layer, followed by a feature-
reduction mechanism to eliminate redundancies. It then progresses through mul-
tiple convolutional layers with normalization and pooling operations, gradually
increasing the number of channels while down-sampling. The extracted features
are reshaped and processed through bidirectional recurrent layers for temporal
modeling. Finally, a pooling operation aggregates the outputs, followed by fully
connected layers for binary classification. The model is trained using a standard
classification-loss function and optimization algorithm.

ResNet18 starts with an initial convolutional layer, followed by normalization,
activation, and pooling. It comprises four residual blocks, progressively increasing
the number of feature channels while reducing spatial dimensions through down-
sampling. The final layers include global pooling, flattening, and a fully connected
layer for classification.

VGG16 follows a structured architecture with sequential convolutional blocks,
each followed by normalization, activation, and pooling. The depth of the network
increases with additional convolutional layers, capturing complex hierarchical fea-
tures. The final layers include global pooling, flattening, and fully connected layers
to execute classification.

Experimental Setup In experimental setup, a spoofing countermeasure system
was first evaluated using the LCNN model with the ASVspoof 2019 LA dataset
and the proposed human-imitated speech dataset. The objective was to analyze
the model’s when trained on synthetic ASVspoof 2019 LA dataset and tested on
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Figure 5.2: Train on ASVspoof2019 LA and test on both ASVspoof2019 LA and
proposed human-imitated speech.

both synthetic ASVspoof 2019 LA and proposed human-imitated speech dataset,
shown in Fig . 5.2.

Then used the same spoofing-countermeasure system using LCNN model to
train and test it exclusively on proposed human-imitated speech dataset. The
ResNet18 and VGG16 models were also trained and tested using the same ap-
proach.

Building upon the previous study [122], which focused on auditory perception,
gammatone and gammachirp features were selected due to their close relation to
human auditory processing. Using the same spoofing-countermeasure system, the
effectiveness of these features in distinguishing between genuine and spoofed speech
was assessed.

These features were then evaluated using various deep learning models, includ-
ing ResNet18 and VGG16, to determine their impact on spoof-detection perfor-
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Table 5.1: Performance of spoof-countermeasure system trained on synthetic
speech and tested on synthetic and imitated speech.

Features Classifier Dataset Evaluation Metrics
Accuracy (%) EER (%) F1 Score (%)
MFCC LCNN ASVspoof 2019 LA 93.02 7.20 93.38
Human-Imitated 61.37 36.57 60.82
Mel-Spec LCNN ASVspoof 2019 LA 95.54 6.14 95.63
Human-Imitated 61.27 35.23 57.91
LFCC LCNN ASVspoof 2019 LA 92.57 7.33 93.24
Human-Imitated 61.32 39.07 61.21

mance.
This study used accuracy, equal error rate (EER), and F1 score as the metrics.

5.2 Evaluations and Results

5.2.1 Train on ASVspoof 2019 LA and Test on ASVspoof
2019 LA and Imitated Speech

Table 5.1 shows that when the spoofing-countermeasure system using LCNN model
was trained on ASVspoof 2019 LA dataset and tested on both ASVspoof 2019
LA and proposed human-imitated speech dataset, it showed strong performance
on the ASVspoof 2019 LA dataset as shown in Fig.5.3, Fig.5.4 and Fig.5.5 re-
spectively. For instance, when using Mel-spectrogram features with LCNN, the
model achieved an accuracy of 95.54%, EER of 6.14%, and F1 score of 95.63%.
This robust performance is attributed to the distinct artifacts present in synthetic
speech. However, when tested on proposed human-imitated speech dataset, the
system’s performance deteriorated significantly across all feature sets. With the
Mel-spectrogram features, performance decreased to an accuracy of 61.27%, EER
of 35.23%, and F1 score of 57.91%. These results highlight the challenge of detect-
ing imitated speech, as it closely resembles genuine human speech and lacks the
clear spoofing artifacts found in synthetic speech.

5.2.2 Train on Imitated Speech and Test on Imitated Speech
using Stander Features and Deep Learning

Table 5.2 presents the results from when the same spoofing-countermeasure system
using LCNN model was trained on the proposed human-imitated speech dataset us-
ing stander features such as MFCCs, mel-spectrogram, and LFCCs. LCNN showed
significant improvement, achieving 77.40% accuracy, reducing EER to 22.64%, and
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Figure 5.3: Performance comparison when trained on the spoof dataset and eval-
uated on both spoof and imitated speech using mel-spectrogram with LCNN.
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Figure 5.4: Performance comparison when trained on the spoof dataset and eval-
uated on both spoof and imitated speech using MFCC with LCNN.
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Figure 5.5: Performance comparison when trained on the spoof dataset and eval-
uated on both spoof and imitated speech using LFCC with LCNN.
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Table 5.2: Performance of spoof-countermeasure system and standard features for
training and testing on imitated speech.

Features Classifier Evaluation Metrics
Accuracy (%) EER (%) F1 Score (%)
MFCC LCNN 77.40 22.64 77.23
Mel-Spec LCNN 76.95 23.32 76.92
LFCC LCNN 76.30 23.79 76.07
MFCC ResNet18 78.32 21.89 81.85
Mel-Spec  ResNet18 77.60 21.63 78.69
LFCC ResNet18 78.11 22.17 82.17
MFCC VGG16 80.77 19.87 82.94
Mel-Spec  VGG16 79.84 19.45 83.31
LFCC VGG16 79.58 20.27 82.80

attaining a 77.23% F1 score with MFCCs. ResNet18 improves performance across
all metrics, achieving an accuracy of 78.32%, an EER of 21.63%, and an F1 score
of 82.17%. The VGG16 outperforms both LCNN and ResNet18, achieving an ac-
curacy of 80.77%, an EER of 19.45%, and an F1 score of 83.31%. These results
demonstrate the improved ability of these models to detect imitated speech. How-
ever, the strong resemblance to genuine speech underscores the need for advanced
feature representations to enhance robustness.

5.2.3 Train on Imitated Speech and Test on Imitated Speech
using Auditory-Based Features and Deep Learning

Table 5.3 presents the performance evaluation of the GTFB and GCFB, as well
as the GTCC and GCCC using LCNN, ResNet18, and VGG16. The results re-
veal that GCFB with the VGG16 achieved the highest accuracy of 81.07% and
lowest EER of 18.60%. The GCCC with ResNet18 performed the best among the
cepstral features, with an accuracy of 80.53% and EER of 20.05%, highlighting
its strong classification capability. The GTCC consistently exhibited lower perfor-
mance across all models, with its worst case observed in VGG16 (74.90% accuracy
and 25.10% EER). These findings suggest that the GCFB is generally more ro-
bust, especially when used with VGG16, while the GCCC can also be effective
when paired with ResNet18.

The results highlight the effectiveness of auditory features in human-imitated-
speech detection. The superior performance of the GTFB, GCFB, GTCC, and
GCCC over traditional spectral features (mel-spectrogram, MFCC, LFCC) sug-
gests that modeling the human auditory system captures more perceptually rele-
vant cues, enhancing classification accuracy and robustness.
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Table 5.3: Evaluation of GTFB, GCFB, GTCC, and GCCC using different classi-
fiers.

GTFB & GCFB GTCC & GCCC

Features Classifier Evaluation Metrics Features Classifier Evaluation Metrics

Accuracy (%) EER (%) F1 Score (%) Accuracy (%) EER (%) F1 Score (%)
GTFB LCNN 79.56 20.84 83.86 | GTCC LCNN 7174 21.78 81.63
GCFB LCNN 79.95 20.15 83.50 | GCCC LCNN 79.43 20.84 82.08
GTFB ResNet18 79.53 20.02 82.64 | GTCC ResNet18 76.14 23.89 79.82
GCFB ResNet18 79.88 20.51 82.93 | GCCC ResNet18 80.53 20.05 84.05
GTFB VGG16 78.99 21.07 81.88 | GTCC VGG16 74.90 25.10 80.11
GCFB VGG16 81.07 18.60 83.84 | GCCC VGG16 78.90 20.65 81.82

5.3 Summary

The challenge of human-imitated speech, an underexplored spoofing method, was
addressed by introducing a novel imitation-based speech dataset. These findings
reveal a key limitation in current spoofing-countermeasure systems: model trained
solely on synthetic speech fail to effectively generalize to human-imitated attacks.
The experimental results indicate that while models perform well on synthetic
data, they struggle with imitated speech due to its closer resemblance to genuine
speech. Standard features using different deep learning yielded an average accuracy
of 78.31%, whereas auditory features, particularly gammatone and gammachirp,
significantly improved detection. The GCFB with VGG16 achieved the highest
accuracy of 81.07% and lowest EER of 18.60%.

These findings emphasize the need for broader training datasets and the in-
tegration of auditory-inspired features to enhance ASV resilience against both
Al-generated and human-imitated spoofing attacks. Future research should focus
on dataset expansion, the incorporation of auditory-based features, and refinement
of deep learning architectures to improve detection capabilities.
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Chapter 6

Human-Imitated Speech
Detection by Humans and
Machines

This chapter presents a study that explores human listening tests and acoustic
features related to auditory perception as a framework for distinguishing between
genuine and human-imitated speech. Acoustic features related to auditory per-
ception have been extensively studied to understand their characteristics and have
been applied in diverse applications to assess sound quality and discriminate sound
events. Building on these insights, the present work examines the effectiveness of
human listening and perceptually related acoustic features in differentiating gen-
uine speech from human-imitated speech through a systematic listening experi-
ment. Given the lack of suitable publicly available resources, a dedicated dataset
of human-imitated speech was developed for this purpose, and a representative
sample of this dataset was used in the study. The evaluation followed a three-
phase, human-centered approach in which participants were tasked with classifying
whether each speech sample was genuine or imitated. One of the most important
aspects of this study is the speaker identification task, in which listener familiarity
with the target speakers plays a critical role. To ensure that all participants had
the same level of familiarity, a three-phase experimental procedure was carefully
designed. The first phase involved a training stage in which participants were
required to learn and identify all 10 speakers. Only those who achieved over 90%
accuracy in identifying the target speakers were allowed to proceed to the final
phase, which involved distinguishing between genuine and imitated speech. This
requirement was essential to ensure that all listeners had sufficient and uniform
familiarity with the target speakers. This design choice also addresses a common
limitation in previous studies.

Although other studies [25,123] claim that their participants were familiar
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with the speakers, often because they were native speakers, there is no clear in-
dication of the actual level of familiarity. Whether the participants had high or
low familiarity remains uncertain. Without controlling this factor, the similarity
with speakers may vary significantly among subjects, leading to unfair or biased
evaluation results.

The proposed listening test method directly tackles this issue by ensuring high
and consistent familiarity across all subjects, which is necessary for a fair speaker
identification task. This realistic test setup represents a significant strength of the
current study. Notably, two participants withdrew from the experiment because
they were unable to meet the strict training criteria, highlighting the seriousness
and rigor of the experimental control. In the human listening test, participants
were first exposed exclusively to genuine speech during a training phase to become
familiar with the target speakers, before being asked to evaluate both genuine
and imitated speech. This setup simulates how listeners typically experience and
judge speech in real-world scenarios by relying solely on human auditory perception
without prior exposure to imitation attempts.

In addition, a feasibility study was conducted using two sets of features, tim-
bral features, and STM representations for machine-based classification. Both
types of features are related to auditory perception and were used to assess their
potential to distinguishing genuine and imitated speech. Among the timbral fea-
tures, attributes such as hardness, depth, brightness, roughness, warmth, sharp-
ness, boominess, and reverb were analyzed. Due to the limited number of available
samples, a traditional machine learning approach was adopted rather than deep
learning models, which typically require larger datasets to train effectively and
generalize reliably. For the machine learning experiments, a Support Vector Ma-
chine (SVM) classifier was employed to evaluate the effectiveness of the timbral
features. For the STM representations, SVM, k-Nearest Neighbors (KNN), and
Extra Trees (ET) classifiers were used. Additionally, general acoustic features such
as mel-spectrograms, as well as auditory features like gammatone and gammachirp
filterbanks, were tested to benchmark performance in distinguishing between gen-
uine and imitated speech.

To this end, the study builds upon insights derived from the preceding human
listening experiments and feasibility analyses. Importantly, whereas the human
experiment relied exclusively on exposure to genuine speech, the feasibility study
trained a supervised model using labeled examples of both genuine and imitated
speech. This created a mismatch between human and machine learning conditions,
as the model had access to imitation data that were unavailable to human listeners.

To address this inconsistency and establish a fair comparison, the study in-
troduced one-class classification approaches that more closely mirror the human
listening setup while using the same timbral features. Specifically, models were
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trained only on genuine speech and evaluated on both genuine and imitated sam-
ples, mirroring the conditions faced by human listeners. In this context, one-class
SVM, Local Outlier Factor, and Isolation Forest were applied, as they are de-
signed to learn the characteristics of a single class and detect deviations as anoma-
lies. This approach ensures that both human and machine relied exclusively on
prior exposure to genuine speech when making classification decisions. Moreover,
the public release of the dataset enables other researchers to collaborate, compare,
and reproduce results under clearly defined conditions. This contributes to greater
transparency and scientific value in the field of speaker imitation detection.

6.1 Experiment

The experiment of the listening test is described in the following subsections.

6.1.1 Stimuli and Apparatus

This experiment took place in a soundproof room, using a PC with two monitors
for the participants and experimenter. The setup included the Focusrite Clarett
2Pre audio interface for high-quality, low-latency performance and Sennheiser HD
280 Pro headphones for excellent noise isolation and accurate sound. Both de-
vices are known for their reliability in professional audio settings. The MATLAB
R2023b GUI was used to provide a smooth and user-friendly interface for inter-
acting with the participants while playing audio from the PC, as shown in Fig.
6.1. Participants were presented with various audio stimuli to assess their percep-
tion, and they received clear instructions on how to navigate the GUI prior to the
experiment.

The stimuli for the experiment consisted of speech samples from 10 genuine
target speakers. Each stimulus lasted approximately 1.5 minutes, resulting in a
total training time of 15 minutes for participants. For the testing phase, partic-
ipants were presented with 20 speech samples, each lasting 3 seconds. During
the final evaluation phase, they were presented with 100 samples (50% genuine,
50% imitated), and each sample also lasted 3 seconds. These stimuli were care-
fully selected to assess the participants’ ability to distinguish between genuine and
imitated speech.

6.1.2 Participants

The participants for the experiment came from diverse backgrounds and countries,
with a total of 22 individuals initially recruited. Two participants withdrew during
the study because they faced difficulty passing the initial test required for the
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Figure 6.1: Experimental setup.

experiment’s final evaluation, resulting in a final evaluation with 20 participants,
including 10 males and 10 females, aged between 18 and 35 years. All participants
had normal hearing abilities and signed a consent form prior to the beginning of
the experiment. This met the requirement for the experiment, ensuring a diverse
and representative sample for the analysis.

6.1.3 Condition

The reason for setting the condition was to ensure that suitable participants were
selected for this experiment. Participants are asked to evaluate the individuality of
the target speakers, which can be challenging since most participants are generally
unfamiliar with recognizing speaker-specific characteristics. Therefore, to conduct
an effective experiment for speaker identification, all participants had to meet a
high level of satisfactory performance. The requirement for the final evaluation
was that participants must achieve a score of at least 90% in the test phase, where
they identify the target speakers, before proceeding to the final evaluation. This
ensured that they were adequately prepared and suitable for the task.

6.1.4 Procedure

The procedure of our experiment is shown in Fig. 6.2. In the first step, a partic-
ipant was trained using 10 genuine target speakers. Each speaker’s speech lasted
more than 1.5 minutes, with a total auditory training time of 15 minutes. The
participant listened closely to the speech of each target speaker to become familiar
with their unique vocal characteristics, which is crucial for this human listening
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test. The goal at this stage was to train the participant auditory system to recog-
nize and process each speaker’s voice patterns. After the training, the participant
was asked if they felt ready to continue or if they needed more time to familiarize
themselves with the auditory stimuli. If the participant felt ready, they proceeded
to the next step. However, if the participant responded “no” or was unsure, they
returned to the training step for further familiarization. Should the participant
feel unconfident, they had the option to withdraw from the experiment, as this
test was designed to respect individual differences in auditory perception abilities.

In the second step, the participant’s ability to distinguish between speech was
evaluated by testing with 20 speech samples (stimuli) from the same 10 target
speakers. This was a 5-minute auditory testing session, where the participant
had to rely entirely on their auditory perception skills to identify the speakers.
To ensure a more accurate assessment of auditory processing, the distribution of
stimuli was non-uniform, meaning that some speakers provided one stimulus, while
others provided two or three. This variability prevented the participants from
predicting patterns, requiring them to fully engage their auditory discrimination
abilities. They had to achieve a test score of 90% or higher to advance to the final
step. If their auditory perception score was below 90%, they were subjected to
additional auditory training or could choose to withdraw from the experiment.

In the third step, the final auditory evaluation was conducted to assess the
participant’s ability to differentiate between genuine and imitated speech from the
10 target speakers. The evaluation consisted of a balanced mix of 50% genuine
and 50% imitated speech, and the participant had to rely solely on their auditory
processing skills to determine whether the speech was genuine or imitated. This
phase included 100 stimuli and lasted for 15 minutes, during which the participant
listened to each sample and indicated whether it was genuine (by answering “yes”)
or imitated (by answering “no”). The participant’s final score reflected their ability
to perceive subtle differences in vocal patterns and determine the authenticity of
the speech.

The experiment schedule was structured as follows. Participants first under-
went 15 minutes of training, followed by a 10-minute rest period to absorb the
training material. This was followed by a 10-minute testing session, allowing par-
ticipants to apply what they had learned. After the testing, there was another
10-minute rest period to ensure participants were refreshed before proceeding to
the final evaluation. The final evaluation itself lasted for 15 minutes. In total,
the experiment was designed to be completed within one hour, assuming partic-
ipants successfully progressed through all steps on their first attempt. However,
the actual time taken by each participant in the experiment is shown in Fig. 6.3.

65



Training Phase

Speaker Speech: N

1<N<10

Yes
Subject Listens > T

Test

Play Button >

Target Speaker: N 4{ Submit

1<N<10

20 Times

T

Pass
Go to Final
Evaluation

Fail

- Flay Butten

Yes/No

—>’ Submit

?

100 Times

Go to Training
Phase

Final Evaluation

Figure 6.2: Design of subjective tests for discriminating genuine speech and imi-
tated speech.

Experiment Time (hours)

n
o

N

—_
()]

—_

<
o

Experiment Time

for Each Participant

NGO DL O DO QO XN U % 9,00 ,9,9N0
N UE S S S S U S S A A A A A AENE A AN

Participants

Figure 6.3: Experiment time of each participant.

66



6.1.5 Results

The human listenig test aimed to measure participants’ ability to accurately iden-
tify target speakers following their training sessions. The results provided a com-
prehensive view of their performance. Individual testing was conducted for each
participant, and their accuracy is presented in Fig. 6.4. The overall test accuracy
for the participants was 95.75%. In addition to individual results, the average ac-
curacy across all participants is shown, along with a representation of the normal
distribution of the results. These findings suggest that the participants were well-
prepared, exhibiting strong auditory perception abilities in accurately identifying
the target speakers.
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Figure 6.4: Participant test accuracy.

Evaluating human listeners showed that distinguishing between genuine and
imitated speech was a challenging task for participants. Figure 6.5 shows the av-
erage confusion matrix for all participants, reflecting the overall performance in
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distinguishing genuine and imitated speech during the final evaluation. In the
confusion matrix, 0 represents imitated speech, and 1 represents genuine speech.
From this, it was calculated that human listeners achieved an average accuracy
of 70.10% in distinguishing between genuine and human-imitated speech, as il-
lustrated in Fig. 6.6. The differences in individual performance demonstrate the
varying degrees of difficulty listeners faced in differentiating between genuine and
imitated speech. The average accuracy across all participants is shown, along with
a representation of the normal distribution of the results. Figure 6.7 visualizes
the d-prime score, which quantifies how well participants distinguish between two
classes, like genuine and imitated speech, by measuring the separation between
the two distributions. The d-prime score was 1.09. Additionally, the F1-score was
72.70%, and the equal error rate (ERR) was 29.90%, as summarized in Table 6.1.
These findings emphasize the effectiveness of human imitation techniques, which
produce a naturalness that significantly challenges even trained listeners.
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Figure 6.5: Average confusion matrix of all participants.
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Table 6.1 summarizes the participant test results for different evaluation met-
rics.

Table 6.1: Evaluation metrics for genuine and imitated speech classification.

Evaluation Accuracy F1-Score EER  d
Metrics
Overall Score 70.10 72.0 29.90 1.09

6.1.6 Discussion

In this human listening experiment, participants were tested on their ability to
distinguish between genuine and imitated speech after undergoing a structured
training process. The results indicated that participants were generally successful
in identifying target speakers with a high accuracy rate of 95.75% during indi-
vidual testing, suggesting effective training and strong auditory perception skills.
However, distinguishing between genuine and imitated speech in the final evalua-
tion proved more challenging, with an average accuracy of 70.10%. This highlights
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the difficulty in perceiving subtle differences between genuine and imitated speech,
especially given the naturalness of the imitated speech performed by professional
artists. The confusion matrix further reflected these challenges, showing that par-
ticipants struggled to achieve consistently high performance in this task. The d’
score of 1.09 and EER of 29.90% emphasize the complexity of the task, as human
listeners face limitations in detecting nuanced differences between genuine and im-
itated speech. These findings provide valuable insights into the effectiveness of
human-imitation techniques, which closely mimic genuine speech and present a
significant challenge even for trained listeners.

These findings underscore the importance of the proposed listening test method-
ology, which ensures that all participants begin with the same high level of famil-
iarity and training. This rigorous and controlled setup helps eliminate variability
in prior knowledge and provides a fair, reliable measure of human perceptual ca-
pabilities in detecting speech imitation. By controlling for familiarity and using a
realistic evaluation scenario, the study offers clearer evidence of how challenging
it is to distinguish high-quality imitated speech from genuine speech.

6.2 Feasibility Study for Imitated Speech Detec-
tion

This section presents a feasibility study using two sets of feature representations,
timbral features, and STM representations for machine-based classification. Both
types of features are related to auditory perception and were evaluated for their
potential to distinguish between genuine and imitated speech.

6.2.1 Timbral Features

After conducting the human subject test to evaluate how well humans can dis-
tinguish between genuine and imitated speech, the study moved to a feasibility
study to explore whether a machine-based classification approach could achieve
similar results. This study aimed to determine if machines can simulate how hu-
man listeners perceive speech by focusing on timbral features, which are known
to influence how humans detect speech. Previous research has shown that even
when two sounds have the same pitch, loudness, and duration, they can still be
perceived differently due to variations in timbral features [124]. Features such
as boominess, brightness, depth, reverb, and warmth were selected for this study
due to their relevance in human auditory processing. An extraction algorithm
from the Audio Commons Project, widely applied in psychoacoustic studies, was
used to model these timbral characteristics [125,126]. This algorithm captures key
high-level timbral properties by analyzing low-level features such as the spectral
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Figure 6.8: Proposed model of feasibility study.

centroid, dynamic range, and spectral energy ratio, which are then rated on a
scale from 0 to 100 [81]. Using support vector machine (SVM) classifiers, the aim
was to assess the feasibility of using these timbral features to improve machine
performance in distinguishing between genuine and imitated speech. Fach tim-
bral feature plays a crucial role in shaping auditory perception, and the timbral
qualities are categorized into eight distinct attributes, as explained below.

Model Architecture

In this study, a support vector machine (SVM) model was utilized to classify
genuine and human-imitated speech. The model processed one timbral feature
at a time, such as hardness, depth, brightness, roughness, warmth, sharpness,
roominess, or reverb, by selecting the feature, extracting it from the waveform,
and then passing it through the classifier , as illustrated in Fig. 6.8. This approach
allowed the SVM model to analyze each feature individually before producing an
output. SVMs perform well with smaller datasets [127], making them an ideal
choice for this experiment. The model was trained on 40 samples, comprising
equal numbers of genuine and imitated speech, and evaluated on the same 100
test samples used in the human listening study.

Results

The analysis of various timbral features for distinguishing genuine from imitated
speech revealed differing levels of effectiveness. Boominess provided the highest
accuracy at 62%, followed by depth at 60%, indicating that these features, which
capture resonance and voice texture, are particularly useful for this task. Warmth
and reverb showed moderate accuracy levels, at 55% and 54%, respectively, while
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roughness achieved 51% accuracy. Brightness and sharpness performed slightly
lower, at 48% and 49%, and hardness had the lowest accuracy, reaching only 43%,
as presented in Table 6.2. This evaluation was conducted using a linear SVM
without scaling or class weighting. In addition, mel-spectrogram feature obtained
accuracy of 51%. These results indicate that while features like boominess and
depth are highly effective, others such as hardness and brightness are less suited
to this classification task.

The analysis of various timbral features for distinguishing genuine from im-
itated speech revealed differing levels of effectiveness. Boominess provided the
highest accuracy at 62%, followed by depth at 60%, indicating that these fea-
tures, which capture resonance and voice texture, are particularly useful for this
task. Warmth and reverb showed moderate accuracy levels, at 55% and 54%,
respectively, while roughness achieved 51% accuracy. Brightness and sharpness
performed slightly lower, at 48% and 49%, and hardness had the lowest accuracy,
reaching only 43%, as presented in Table 6.2. In addition, the mel-spectrogram
feature obtained an accuracy of 51%. This evaluation was initially conducted using
a linear SVM without scaling or class weighting. When employing a linear SVM
with feature scaling and balanced class weights, the performance of boominess fur-
ther improved, achieving 64% accuracy, an Fl-score of 63.94%,, an EER of 36.00%,
and a d’ of 0.72. The confusion matrix and d-prime for the boominess feature are
shown in Fig. 6.9. While the remaining features showed similar performance to
the linear SVM without scaling or class weighting.

Table 6.2: Evaluation of timber features using SVM classifier.

Features Classifier Accuracy
Hardness SVM 43
Depth SVM 60
Brightness SVM 48
Roughness SVM 51
Warmth SVM 55
Sharpness SVM 49
Boominess SVM 62
Reverb SVM 54
All Timbers Features Combined SVM 58

Table 6.21 summarizes the boominess and depth feature results for different
evaluation metrics.
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Confusion Matrix: boominess d’ of Genuine and Imitated Speech
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Figure 6.9: Confusion matrix and d’ of the boominess feature.

Table 6.3: Evaluation metrics for genuine and imitated speech classification.

Features Evaluation Metrics
Accuracy F1-Score EER d

Boominess 62.0 62.26 38.0 0.62

Depth 60.0 64.15 40.0 0.51

Discussion

Timbral features like boominess and depth significantly improved machine perfor-
mance, achieving 64% and 60% accuracy, respectively, demonstrating their impor-
tance as perceptual features closely aligned with how humans naturally perceive
speech. These features capture critical aspects of voice quality, such as resonance
and texture, which are essential in distinguishing genuine from imitated speech. In
contrast, mel-spectrogram achieved only 51% accuracy, indicating their limitations
in capturing the finer details that timbral features provide. Other features, like
roughness and warmth contributed moderately, with accuracies of 51% and 55%,
while hardness and brightness underperformed at 43% and 48%. These results em-
phasize that while timbral features like boominess and depth show great promise
in mimicking auditory perception, they alone are not enough to fully replicate
human performance. To enhance machine learning models for detecting imitated
speech, further refinement and expansion of the auditory feature set are needed,
as humans likely rely on a more complex integration of cues. By incorporating a
broader range of features, machine models could better approximate how human
listeners perceive and judge speech. Although the machine-based approach shows
potential, particularly with high-performing timbral features, further refinement
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is essential to achieve results comparable to those of human listeners.

6.2.2 Spectro-temporal Modulation

In the feasibility study, STM representations were proposed after timbral features
due to the close alignment with auditory perception. The objective was to ex-
plore whether machines can simulate and gain insights from human listening tests
by leveraging spectro-temporal modulation patterns, which capture characteristic
fluctuations of energy over time and frequency. Using machine learning classifiers,
the study assessed whether these representations could improve performance in dis-
tinguishing between genuine and imitated speech. STM representations provide a
detailed description of temporal and spectral dynamics essential for characterizing
complex acoustic signals.

Model Architecture

This subsection describes the STM representations extraction process and the
classification models used for detecting imitated speechas, shown in Fig. 6.10.
STM representations was used to capture dynamic spectral and temporal patterns
in speech signals in a way that aligns with human auditory perception.

In this study, STM representations were computed by applying a 64-channel
gammatone filterbank (operating in Normal mode) that spanned frequencies from
60 Hz to 7,600 Hz. This filterbank approximates the auditory filtering character-
istics of the human cochlea. Temporal envelopes were extracted for each channel
by computing the squared magnitude of the analytic signal using a Hilbert trans-
form and then resampled to 160 Hz to emphasize modulation patterns relevant
to perception and reduce computational complexity. A two-dimensional FFT was
applied across time and frequency channels to capture both temporal and spec-
tral modulation energy, highlighting dynamic amplitude fluctuations and spectral
changes. For a 3-second recording sampled at 16 kHz, this process produced an
STM feature matrix with fixed dimensions of 64 x 480.

To classify the extracted features, conventional machine learning models were
used, including support vector machine (SVM), k-nearest neighbors (KNN), and
Extra Trees(ET) classifiers.

Results

The evaluation of the STM representations with different classifiers demonstrated
their strong performance in distinguishing genuine from imitated speech. As shown
in Table 6.4, the KNN classifier provided the highest accuracy at 68%, followed by
the ET classifier at 66% and the SVM at 62%. The Fl-scores reflected a similar
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Figure 6.10: Block diagram of the proposed method.

trend, with KNN achieving 68%, indicating a reliable balance between precision
and recall across classes.

Overall, these results show that STM representations, which represent how
the spectral envelope fluctuates across frequency and how the amplitude envelope
varies over time, can effectively capture distinctive patterns in speech that help dif-
ferentiate between genuine and imitated speech. The consistently high accuracies
and F1-scores across models highlight the robustness of this feature representation
for this classification task.

Table 6.4: Evaluation metrics for genuine and imitated speech classification.

Features Model Evaluation Metrics
Accuracy(%) F1-Score(%) EER((%) d
STM SVM 62.0 60.73 38.0 0.69
STM KNN 68.0 68.00 32.0 0.93
STM ET 66.0 65.78 34.0 0.84
Discussion

The evaluation results demonstrate the effectiveness of the proposed STM repre-
sentations for classifying genuine and imitated speech with three machine learning
models: SVM, KNN, and ET.

Overall, the results highlight the effectiveness of STM representations for this
challenging detection task. Among the classifiers, KNN achieved the highest accu-
racy (68%) and Fl-score (68%), followed by Extra Trees (66%) and SVM (62%).
Notably, the equal error rates remained within a comparable range of 32-38%
across different classifiers, highlighting the consistent discriminative effectiveness
of the STM representations. The observed results can be attributed to the strong
correspondence between STM representations and the processing mechanisms of
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the human auditory system. STM captures both spectral and temporal modula-
tion patterns in speech, which are essential cues that listeners use to differentiate
genuine from imitated speech. This alignment with perceptually salient charac-
teristics enables the classifiers to achieve performance levels that closely approach
the accuracy reported in human listening tests.

In particular, the strong performance of the KNN classifier further suggests that
the STM representations space preserves meaningful locality relationships between
genuine and imitated speech samples, making simple distance-based methods ef-
fective. The overall findings underscore the value of using perceptually motivated
acoustic representations, such as STM, as a robust foundation for spoofing detec-
tion systems targeting human-imitated speech.

6.3 Discussion

In this human listening experiment, participants first underwent structured train-
ing, achieving high individual identification accuracy (95.75%). However, in the
final evaluation, distinguishing genuine from imitated speech proved more diffi-
cult, with average accuracy dropping to 70.10%. The confusion matrix, d’ = 1.09,
and EER of 29.90% further illustrate the challenge, reflecting the subtlety and
naturalness of professional speech imitation. These results highlight the impor-
tance of the rigorous training protocol, which ensured consistent familiarity and
provided a reliable assessment of listening abilities. Timbral features like boomi-
ness and depth notably improved machine classification accuracy using an SVM
classifier (64% and 60%), outperforming mel-spectrograms (51%). Other features
contributed moderately, while hardness and brightness lagged behind. While these
perceptually aligned features capture important voice qualities, they alone were
insufficient to match human performance, underscoring the need to expand and
refine feature sets to better approximate human auditory judgments. Regarding
STM representations, the results demonstrated their strong effectiveness for de-
tecting imitated speech, reflecting STM’s alignment with how the human auditory
system encodes spectral and temporal cues. Across different classifiers applied to
STM representations, accuracy remained consistently high, with KNN achieving
the best performance (68% accuracy), followed by ET (66%) and SVM (62%),
and all models showing comparable EERs (32-38%). The strong performance
of KNN and ET further suggests that STM representations preserve meaningful
locality relationships between samples, enabling effective distance-based classifica-
tion. Overall, these findings highlight the value of acoustical features related to
auditory perception as a robust foundation for imitated speech detection.
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6.4 Human-imitated Speech Detection by Ma-
chine to Mirror Human Listening Evaluation

Concept of Detection Method

This work builds on insights from the earlier human listening and feasibility stud-
ies. In the human listening test, participants were exposed exclusively to genuine
speech during a training phase to become familiar with the target speakers before
evaluating both genuine and imitated speech. This setup simulates how listen-
ers typically perceive and judge speech in real-world scenarios, relying solely on
auditory perception without prior exposure to imitated speech.

In contrast, the feasibility study used the same test data and perceptually
relevant timbral features but trained a supervised model with labeled examples of
both genuine and imitated speech. This introduced a mismatch, as the machine
had direct access to imitation data unavailable to human listeners.

To address this inconsistency and enable a fair comparison, the study adopted
classification approaches that better reflect the human evaluation setup while us-
ing the same timbral features. Specifically, models were trained only on genuine
speech and evaluated on both genuine and imitated samples, mirroring the human
experiment. This design ensures that both human and machine relied exclusively
on exposure to genuine speech when making decisions.

In this context, models that learn the characteristics of a single class and de-
tect deviations as anomalies are particularly valuable. Unlike traditional binary
classifiers, these approaches reflect a more realistic scenario where imitation data
are not available during training.

Therefore, three such methods were implemented: One-Class Support Vector
Machine (SVM), Local Outlier Factor (LOF), and Isolation Forest. For reference,
the same models were also evaluated using standard acoustic features, including
mel-spectrogram and MFCCs, to assess the relative effectiveness of timbral and
conventional features under consistent conditions. The following sections describe
each approach in detail along with their implementation and results.

6.4.1 One-Class Support Vector Machine (SVM)
Model Architecture

As the first model in this one-class framework, the One-Class Support Vector
Machine (SVM) [128] was employed. The model was trained exclusively on genuine
speech, as shown in Fig. 6.11, which also illustrates the model architecture. It
utilizes the same timbral features related to auditory perception that were used in
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the feasibility study. During evaluation, the model is presented with both genuine
and imitated speech, replicating the decision context faced by human listeners.

The SVM constructs a decision boundary that captures the distribution of
genuine speech in a transformed feature space. Any test sample that deviates sig-
nificantly from this learned distribution is classified as an anomaly, indicating a
potential imitation. This approach enables the model to detect deviations from the
known class without requiring prior exposure to imitated speech. By restricting
training to genuine speech only, the SVM offers a margin-based anomaly detec-
tion perspective that complements the alternative principles explored in the other
models presented in this study.

Results

The results of the SVM model with individual timbral features are presented in
Table 6.5. In this setup, the effectiveness of each feature in distinguishing gen-
uine from imitated speech was assessed independently. Among the features tested,
roughness achieved the highest classification accuracy of 61%, followed by sharp-
ness with 60% and warmth with 57%. These findings indicate that features related
to auditory perception are more effective in capturing the differences between gen-
uine and imitated speech. This underscores the importance of examining each
feature individually to assess its reliability for detecting imitation under one-class
learning conditions.

Table 6.5: Evaluation of timber features using SVM model.

Features Model Accuracy
Hardness SVM 55
Depth SVM 56
Brightness SVM 55
Roughness SVM 61
Warmth SVM 57
Sharpness  SVM 60
Boominess SVM 54
Reverb SVM 50

6.4.2 Local Outlier Factor (LOF)
Model Architecture

The second model in this framework was implemented using the Local Outlier
Factor (LOF) algorithm, proposed by Breunig et al. [129]. LOF identifies outliers
based on local density deviations relative to the training distribution. Operating
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Figure 6.11: Proposed one-class SVM model.

under a one-class learning paradigm, the model was trained exclusively on genuine
speech, aiming to detect anomalies that deviate from this known class. The overall
model a chitecture framework is illustrated in Fig. 6.12, which mirrors the human
training condition, where only genuine speech was encountered before making the
final evaluation to distinguish genuine from imitated speech.

Results

The results of the LOF model using individual timbral features are presented in
Table 6.6. In this setup, the effectiveness of each feature in distinguishing gen-
uine from imitated speech was assessed independently. Among the features tested,
warmth achieved the highest classification accuracy of 63%, followed by boomi-
ness at 61% and sharpness at 60%. These findings highlight that certain acoustic
features related to auditory perception are more salient and reliable for detecting
imitation under one-class constraints. Similar to the SVM-based approach, this
method provides an interpretable and perceptually grounded strategy for evaluat-
ing speech authenticity when the training data includes only genuine speech.
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Figure 6.12: Proposed LOF model.

Table 6.6: Evaluation of timber features using LOF model.

Features Model Accuracy
Hardness LOF 60
Depth LOF 53
Brightness LOF 57
Roughness LOF 53
Warmth LOF 63
Sharpness  LOF 60
Boominess LOF 61
Reverb LOF 50
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Figure 6.13: Proposed Isolation Forest model.

Table 6.7: Evaluation of timber features using Isolation Forest model.

Features

Model

Accuracy

Hardness
Depth
Brightness
Roughness
Warmth
Sharpness
Boominess

Reverb

Isolation Forest
Isolation Forest
Isolation Forest
Isolation Forest
Isolation Forest
Isolation Forest
Isolation Forest
Isolation Forest

99
50
o4
52
64
99
60
50

6.4.3 Isolation Forest Approach

Model Architecture

To complement the LOF-based one-class modeling approach, the Isolation For-
est algorithm was also employed for anomaly detection, the model architecture as
shown in Fig. 6.13. Unlike density-based methods such as LOF, which rely on
local neighborhood comparisons, Isolation Forest adopts a fundamentally differ-
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ent strategy by explicitly isolating anomalies. It operates on the principle that
anomalies are few and different, and therefore more susceptible to isolation via
random partitioning. The algorithm constructs an ensemble of binary trees (iso-
lation trees) and measures how quickly a sample can be separated from the rest of
the data shorter average path lengths indicate higher likelihoods of being anoma-
lies. Introduced by Liu et al. [130], this method is computationally efficient and
particularly well-suited for high-dimensional data without requiring distance or
density calculations.

Results

Using the same setup and timbral features as in the LOF experiments, the per-
formance of Isolation Forest was evaluated to further validate the robustness of
perceptually aligned anomaly detection. While using this Isolation Forest-based
setup with timbral features, the discriminative power of individual acoustic at-
tributes for imitated speech detection was assessed. As summarized in Table 6.7,
the feature warmth yielded the highest classification accuracy at 64%, followed
closely by boominess at 60% and sharpness at 59%. These findings indicate that
certain acoustic features related to auditory perception, particularly those asso-
ciated with perceptual richness, offer more robust cues for distinguishing genuine
from imitated speech within an unsupervised anomaly detection framework.

6.4.4 Discussion

The classification results across the three models, One-Class SVM, LOF, and Isola-
tion Forest demonstrate the potential of timbral features for distinguishing between
genuine and imitated speech. As shown in Tables 6.5, 6.6, and 6.7, the feature
warmth consistently achieved the highest accuracy across all models, reaching 57%
with One-Class SVM, 63% with LOF, and 64% with Isolation Forest. The other
evaluation metrics are also presented in Table 6.8. This finding highlights warmth
as an effective acoustic feature related to auditory perception for distinguishing
genuine from imitated speech. Similarly, roughness and sharpness showed rela-
tively strong performance across models, indicating their perceptual salience in
capturing differences between genuine and imitated speech.

In addition, when comparing the timbral features (Table 6.10) to the stan-
dard acoustic representations such as mel-spectrogram and MFCC features, the
results further emphasize the superiority of timbral features. For example, the
highest accuracy achieved with mel-spectrogram and MFCC features across all
models was only 55% and 51%, respectively, which is substantially lower than the
64% obtained using the timbral feature warmth. Moreover, the d-prime values
for mel-spectrogram and MFCC were close to zero or negative, indicating poor
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Table 6.10: Performance comparison of human with machine.

Approach Feature Accuracy (%) F1 Score (%) EER (%) d
SVM
Mel-spectrogram 48.00 47.92 52.00 -0.10
MFCC 49.00 48.87 51.00 -0.05
Roughness 61.00 56.85 39.00 0.88
LOF
Mel-spectrogram 44.00 41.67 56.00 -0.34
MFCC 48.00 46.26 52.00 -0.11
Warmth 63.00 60.93 37.00 0.82
Isolation Forest
Mel-spectrogram 55.00 53.96 45.00 0.27
MFCC 51.00 50.16 49.00 0.05
Warmth 64.00 62.50 36.00 0.84
Human Listeners
Human Overall Score 71.10 72.00 29.90 1.09

discriminability between genuine and imitated speech. This contrast underscores
that timbral features capture perceptual characteristics more effectively than con-
ventional acoustic features, making them better suited for this classification task.

All three models in this analysis were trained using only genuine speech, which
mirrors the conditions of the human listening experiment where participants were
exposed exclusively to genuine samples before evaluating to classify both genuine
and imitated speech. This design ensures a scientifically fair comparison between
human and machine judgments. Notably, the best-performing one-class models
achieved accuracies (up to 64%) that approach the human benchmark of 70.10%,
despite being trained with less information. These findings underscore the value of
perceptually motivated timbral features and validate one-class classification as an
effective and human-aligned approach for the classification of genuine and imitated
speech.
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Table 6.11: Evaluation of SVM, LOF, and Isolation Forest using timbral features
for speaker 1.

SVM Model LOF Model Isolation Forest Model
Feature = Model Accuracy (%) | Feature  Model Accuracy (%) | Feature = Model Accuracy (%)
Hardness SVM 67.00 | Hardness  LOF 67.00 | Hardness  Isolation Forest 67.00
Depth SVM 83.00 | Depth LOF 100.00 | Depth Isolation Forest 100.00
Brightness SVM 100.00 | Brightness LOF 67.00 | Brightness Isolation Forest 67.00
Roughness SVM 83.00 | Roughness LOF 67.00 | Roughness Isolation Forest 67.00
Warmth SVM 83.00 | Warmth LOF 83.00 | Warmth Isolation Forest 83.00
Sharpness SVM 67.00 | Sharpness LOF 67.00 | Sharpness Isolation Forest 67.00
Boominess SVM 67.00 | Boominess LOF 83.00 | Boominess Isolation Forest 67.00
Reverb SVM 50.00 | Reverb LOF 50.00 | Reverb Isolation Forest 50.00

6.5 Speaker-Specific Discriminator Modeling

Concept of Detection Method

In order to more closely reflect the mechanism observed in human listeners, where
each participant internally forms a speaker-specific discriminator, experiments
were also conducted using an individual discriminator setup. In this approach,
a separate model was trained for each target speaker using the same timbral fea-
tures. This allowed for the evaluation of genuine and imitated speech in a speaker-
dependent manner. These additional experiments offered complementary insights
beyond the generic modeling approach and enabled a closer examination of how
classification performance varies from one speaker to another.

6.5.1 Results

The speaker-specific discriminator employed the same three models, SVM, LOF,
and Isolation Forest trained and evaluated using the same set of timbral features
described earlier. The results for each individual speaker, comparing the perfor-
mance of all models across different features, are presented in Tables 6.11 to 6.20,
and show that performance varied across speakers. Similar to the way each partici-
pant internally forms a speaker-specific discriminator during perceptual evaluation,
these experiments were conducted using an individual discriminator setup for each
speaker.
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Table 6.12: Evaluation of SVM, LOF, and Isolation Forest using timbral features
for speaker 2.

SVM Model LOF Model Isolation Forest Model
Feature  Model Accuracy (%) | Feature = Model Accuracy (%) | Feature = Model Accuracy (%)
Hardness SVM 50.00 | Hardness  LOF 60.00 | Hardness  Isolation Forest 70.00
Depth SVM 50.00 | Depth LOF 50.00 | Depth Isolation Forest 50.00
Brightness SVM 50.00 | Brightness LOF 60.00 | Brightness Isolation Forest 60.00
Roughness SVM 70.00 | Roughness LOF 80.00 | Roughness Isolation Forest 80.00
Warmth SVM 50.00 | Warmth LOF 40.00 | Warmth Isolation Forest 40.00
Sharpness SVM 70.00 | Sharpness LOF 80.00 | Sharpness Isolation Forest 80.00
Boominess SVM 20.00 | Boominess LOF 40.00 | Boominess Isolation Forest 40.00
Reverb SVM 50.00 | Reverb LOF 50.00 | Reverb Isolation Forest 50.00

Table 6.13: Evaluation of SVM, LOF, and Isolation Forest using timbral features
for speaker 3.

SVM Model LOF Model Isolation Forest Model
Feature  Model Accuracy (%) | Feature = Model Accuracy (%) | Feature = Model Accuracy (%)
Hardness SVM 50.00 | Hardness ~ LOF 0.00 | Hardness  Isolation Forest 0.00
Depth SVM 50.00 | Depth LOF 50.00 | Depth Isolation Forest 50.00
Brightness SVM 100.00 | Brightness LOF 50.00 | Brightness Isolation Forest 50.00
Roughness SVM 100.00 | Roughness LOF 50.00 | Roughness Isolation Forest 50.00
Warmth SVM 100.00 | Warmth LOF 100.00 | Warmth Isolation Forest 100.00
Sharpness SVM 0.00 | Sharpness LOF 50.00 | Sharpness Isolation Forest 50.00
Boominess SVM 50.00 | Boominess LOF 50.00 | Boominess Isolation Forest 50.00
Reverb SVM 50.00 | Reverb LOF 50.00 | Reverb Isolation Forest 50.00
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Table 6.14: Evaluation of SVM, LOF, and Isolation Forest using timbral features
for speaker 4.

One-Class SVM LOF Model Isolation Forest Model
Feature  Model Accuracy (%) | Feature = Model Accuracy (%) | Feature = Model Accuracy (%)
Hardness SVM 0.00 | Hardness  LOF 0.00 | Hardness  Isolation Forest 0.00
Depth SVM 50.00 | Depth LOF 0.00 | Depth Isolation Forest 0.00
Brightness SVM 50.00 | Brightness LOF 50.00 | Brightness Isolation Forest 50.00
Roughness SVM 50.00 | Roughness LOF 0.00 | Roughness Isolation Forest 0.00
Warmth SVM 50.00 | Warmth LOF 50.00 | Warmth Isolation Forest 50.00
Sharpness SVM 50.00 | Sharpness LOF 50.00 | Sharpness Isolation Forest 50.00
Boominess SVM 50.00 | Boominess LOF 0.00 | Boominess Isolation Forest 0.00
Reverb SVM 50.00 | Reverb LOF 50.00 | Reverb Isolation Forest 50.00

Table 6.15: Evaluation of SVM, LOF, and Isolation Forest using timbral features
for speaker 5.

SVM Model LOF Model Isolation Forest Model
Feature  Model Accuracy (%) | Feature = Model Accuracy (%) | Feature = Model Accuracy (%)
Hardness SVM 0.00 | Hardness ~ LOF 12.50 | Hardness  Isolation Forest 12.50
Depth SVM 50.00 | Depth LOF 87.50 | Depth Isolation Forest 100.00
Brightness SVM 50.00 | Brightness LOF 25.00 | Brightness Isolation Forest 37.50
Roughness SVM 37.50 | Roughness LOF 37.50 | Roughness Isolation Forest 25.00
Warmth SVM 50.00 | Warmth LOF 50.00 | Warmth Isolation Forest 37.50
Sharpness SVM 25.00 | Sharpness LOF 12.50 | Sharpness Isolation Forest 12.50
Boominess SVM 62.50 | Boominess LOF 62.50 | Boominess Isolation Forest 62.50
Reverb SVM 50.00 | Reverb LOF 50.00 | Reverb Isolation Forest 50.00
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Table 6.16: Evaluation of SVM, LOF, and Isolation Forest using timbral features
for speaker 6.

SVM Model LOF Model Isolation Forest Model
Feature  Model Accuracy (%) | Feature = Model Accuracy (%) | Feature = Model Accuracy (%)
Hardness SVM 100.00 | Hardness LOF 100.00 | Hardness  Isolation Forest 100.00
Depth SVM 50.00 | Depth LOF 50.00 | Depth Isolation Forest 50.00
Brightness SVM 50.00 | Brightness LOF 100.00 | Brightness Isolation Forest 100.00
Roughness SVM 100.00 | Roughness LOF 100.00 | Roughness Isolation Forest 100.00
Warmth SVM 50.00 | Warmth LOF 50.00 | Warmth Isolation Forest 50.00
Sharpness SVM 100.00 | Sharpness LOF 100.00 | Sharpness Isolation Forest 100.00
Boominess SVM 50.00 | Boominess LOF 50.00 | Boominess Isolation Forest 50.00
Reverb SVM 50.00 | Reverb LOF 50.00 | Reverb Isolation Forest 50.00

Table 6.17: Evaluation of SVM, LOF, and Isolation Forest using timbral features
for speaker 7.

SVM Model LOF Model Isolation Forest Model
Feature  Model Accuracy (%) | Feature = Model Accuracy (%) | Feature = Model Accuracy (%)
Hardness SVM 64.29 | Hardness  LOF 78.57 | Hardness  Isolation Forest 85.71
Depth SVM 42.86 | Depth LOF 42.86 | Depth Isolation Forest 57.14
Brightness SVM 42.86 | Brightness LOF 92.86 | Brightness Isolation Forest 92.86
Roughness SVM 28.57 | Roughness LOF 57.14 | Roughness Isolation Forest 71.43
Warmth SVM 85.71 | Warmth LOF 78.57 | Warmth Isolation Forest 78.57
Sharpness SVM 92.86 | Sharpness LOF 85.71 | Sharpness Isolation Forest 92.86
Boominess SVM 64.29 | Boominess LOF 50.00 | Boominess Isolation Forest 50.00
Reverb SVM 50.00 | Reverb LOF 50.00 | Reverb Isolation Forest 50.00
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Table 6.18: Evaluation of SVM, LOF, and Isolation Forest using timbral features
for speaker 8.

One-Class SVM LOF Model Isolation Forest Model
Feature  Model Accuracy (%) | Feature = Model Accuracy (%) | Feature = Model Accuracy (%)
Hardness SVM 61.11 | Hardness LOF 44.44 | Hardness  Isolation Forest 38.89
Depth SVM 66.67 | Depth LOF 72.22 | Depth Isolation Forest 66.67
Brightness SVM 66.67 | Brightness LOF 66.67 | Brightness Isolation Forest 72.22
Roughness SVM 44.44 | Roughness LOF 44.44 | Roughness Isolation Forest 44.44
Warmth SVM 55.56 | Warmth LOF 77.78 | Warmth Isolation Forest 77.78
Sharpness SVM 55.56 | Sharpness LOF 55.56 | Sharpness Isolation Forest 55.56
Boominess SVM 61.11 | Boominess LOF 83.33 | Boominess Isolation Forest T77.78
Reverb SVM 50.00 | Reverb LOF 50.00 | Reverb Isolation Forest 50.00

Table 6.19: Evaluation of SVM, LOF, and Isolation Forest using timbral features
for speaker 9.

One-Class SVM LOF Model Isolation Forest Model
Feature  Model Accuracy (%) | Feature = Model Accuracy (%) | Feature = Model Accuracy (%)
Hardness SVM 33.33 | Hardness  LOF 38.89 | Hardness  Isolation Forest 36.11
Depth SVM 38.89 | Depth LOF 36.11 | Depth Isolation Forest 41.67
Brightness SVM 38.89 | Brightness LOF 36.11 | Brightness Isolation Forest 36.11
Roughness SVM 41.67 | Roughness LOF 44.44 | Roughness Isolation Forest 44.44
Warmth SVM 52.78 | Warmth LOF 44.44 | Warmth Isolation Forest 47.22
Sharpness SVM 33.33 | Sharpness LOF 44.44 | Sharpness Isolation Forest 38.89
Boominess SVM 33.33 | Boominess LOF 33.33 | Boominess Isolation Forest 44.44
Reverb SVM 50.00 | Reverb LOF 50.00 | Reverb Isolation Forest 50.00
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Table 6.20: Evaluation of SVM, LOF, and Isolation Forest using timbral features
for speaker 10.

One-Class SVM LOF Model Isolation Forest Model
Feature  Model Accuracy (%) | Feature  Model Accuracy (%) | Feature = Model Accuracy (%)
Hardness  SVM 50.00 | Hardness LOF 0.00 | Hardness  Isolation Forest 0.00
Depth SVM 100.00 | Depth LOF 100.00 | Depth Isolation Forest 100.00
Brightness SVM 50.00 | Brightness LOF 100.00 | Brightness Isolation Forest 0.00
Roughness SVM 0.00 | Roughness LOF 0.00 | Roughness Isolation Forest 0.00
Warmth SVM 0.00 | Warmth LOF 0.00 | Warmth Isolation Forest 50.00
Sharpness SVM 50.00 | Sharpness LOF 50.00 | Sharpness Isolation Forest 50.00
Boominess SVM 50.00 | Boominess LOF 50.00 | Boominess Isolation Forest 50.00
Reverb SVM 50.00 | Reverb LOF 50.00 | Reverb Isolation Forest 50.00
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6.5.2 Discussion

In order to more closely reflect the mechanism observed in human listeners, where
each participant internally forms a speaker-specific discriminator, experiments
were also conducted using an individual discriminator setup. In this approach,
a separate model was trained for each target speaker using the same timbral fea-
tures. This allowed for the evaluation of genuine and imitated speech in a speaker-
dependent manner, mirroring the way listeners build familiarity with particular
speaking characteristics before making judgments. By isolating each speaker as a
unique classification problem, this method accounted for inter-speaker variability
and the distinct acoustic characteristics that can influence detection performance.
These additional experiments offered complementary insights beyond the generic
modeling approach and enabled a closer examination of how classification perfor-
mance varies from one speaker to another, highlighting which features and models
were most effective for specific speaking characteristics. The results demonstrated
that the discriminative power of timbral features can differ significantly depending
on the speaker’s speech characteristics, emphasizing the importance of incorpo-
rating speaker-dependent strategies in practical detection systems. These findings
highlight that the classification of imitated speech is dependent not only on the
distinctiveness of the target speaker but also on the proficiency of the imitator in
reproducing key acoustic cues. This speaker-dependent variability aligns with the
perceptual experiences of human listeners, who naturally adjust their judgments
based on familiarity with a speaker’s unique vocal traits and the perceived authen-
ticity of the imitation. It underscores the importance of individualized classifica-
tion frameworks in studying genuine versus imitated speech, as such approaches
can capture subtle variations that generic models may overlook. Incorporating
speaker-specific discriminators can thus provide more realistic and interpretable
insights into imitation detection systems by revealing which speakers are easier or
harder to imitate and detect. Furthermore, these additional experiments comple-
mented the generic modeling approach and clearly demonstrated that detection
accuracy varies across speakers. They also helped uncover why some speakers are
easier to imitate and harder to detect, providing a better understanding of the
factors that affect model performance.

6.6 General Discussion

The human listening experiment demonstrated that some participants took sig-
nificantly longer to finish due to challenges in meeting the required performance
threshold of at least 90% accuracy during their training sessions. This extended
duration, particularly for participants like 2 and 4, who required 3 hours, was
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largely because they struggled to meet the required score, preventing them from
finishing within the scheduled one-hour time. Others, such as participants 3, 5,
and 7, took approximately 2 hours due to similar difficulties. In contrast, those
who completed the experiment within the allotted time had successfully reached
the required score and proceeded more efficiently. Despite these variations, dis-
tinguishing between genuine and imitated speech remained difficult for many par-
ticipants. While the overall accuracy in identifying target speakers was high at
95.75%, the specific task of differentiating genuine from imitated speech yielded a
lower average accuracy of 70.10%. These results, alongside a d-prime score of 1.09
and EER of 29.90%, underscore the inherent complexity of human listeners when
faced with subtle differences between genuine and imitated speech.

Building on these findings, the study explored machine-based classification to
simulate human judgments by using acoustic features related to auditory percep-
tion, such as timbral features that reflect how listeners perceive speech. Timbral
attributes were chosen because they align with the perceptual cues humans use to
differentiate between genuine and imitated speech. When applied to SVM classi-
fiers, boominess produced an accuracy of 64%, while depth yielded 60%, demon-
strating that these features contribute meaningfully to detecting imitated speech,
although their performance remains moderate compared to human listeners.

In addition to timbral features, STM representations were evaluated as an
alternative acoustic feature set related to auditory perception, designed to capture
dynamic patterns of spectral energy fluctuations over time. STM representations
are known to approximate aspects of human auditory processing by modeling how
temporal and spectral modulations contribute to perception. In this study, STM
representations achieved accuracies of 62%, 66% and 68% with SVM, ET and KNN
classifiers, respectively, performing better than timbral features and conventional
representations such as mel-spectrograms, GTFB, and GCFB. This result suggests
that STM provides a valuable approach for imitated speech detection and shows
that richer temporal dynamics can support more accurate differentiation. Notably,
among all the evaluated features, STM achieved performance that was closest to
human listeners’ accuracy in distinguishing genuine from imitated speech.

These results demonstrate that both human listeners and acoustic features re-
lated to auditory perception face challenges in classifying genuine and imitated
speech. Although machine performance did not fully match human accuracy, the
use of timbral and STM representations provided valuable insights into how ma-
chines can simulate human perceptual mechanisms. However, humans likely rely
on a combination of multiple perceptual cues, rather than isolated features like
boominess and depth, to achieve higher accuracy. This broader integration of
auditory information may explain humans’ superior performance compared with
machines in this task.
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Table 6.21: Evaluation metrics for genuine and imitated speech classification.

Features Evaluation Metrics
Accuracy(%) F1-Score(%) EER(%) d
Mel-spectrogram 51.0 49.54 46.0 0.05
GTFB 61.0 60.81 39.0 0.56
GCFB 60.0 59.60 40.0 0.524
Timbral 64.0 63.94 36.0 0.72
STM 68.0 68.0 32.0 0.93

In addition, the classification results using One-Class SVM, LOF, and Iso-
lation Forest demonstrate that timbral features, particularly warmth, effectively
distinguish between genuine and imitated speech. The feature warmth achieved
the highest accuracy (up to 64%), approaching the human benchmark of 70.10%.
Notably, all models were trained solely on genuine speech, mirroring the condi-
tions of the human listening experiment in which participants were first exposed
only to genuine samples. This design ensures a fair and scientifically valid com-
parison between human and machine performance. These findings highlight the
strength of acoustic features related to auditory perception and validate one-class
classification as a human-aligned approach for detecting imitated speech.

Furthermore, to better reflect human listening evaluation, speaker-specific mod-
els were trained using timbral features with a separate discriminator for each target
speaker. This approach accounted for inter-speaker variability and revealed that
classification performance varies significantly depending on both the distinctive-
ness of the speaker and the imitator’s proficiency. The results emphasize the value
of individualized classification frameworks, which can capture subtle variations
overlooked by generic models and offer more interpretable insights into imitation
detection.

In conclusion, even under challenging conditions, the results demonstrate that
both human listeners and acoustic features related to auditory perception such
as timbral features and STM representations, play a crucial role in accurately
distinguishing between genuine and imitated speech.
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6.7 Summary

To summarize, this work introduced approaches to evaluate human and machine
performance in detecting human-imitated speech.

In the human listening tests, participants trained exclusively on genuine speech,
achieving high speaker identification accuracy (95.75%). However, their final test
accuracy in distinguishing genuine from imitated speech dropped to 70.10%, un-
derscoring the difficulty of the task.

Complementing the human listening experiments, machine-based classification
experiments were conducted using acoustic features related to auditory percep-
tion. Timbral features, such as boominess, achieved accuracies of up to 64%, while
STM representations reached 68%, outperforming standard features like GTFB,
GCFB, and mel-spectrograms, and approaching human-level performance. To
closely mirror the human experiment design in which participants were only ex-
posed to genuine speech one-class classification methods were applied, including
One-Class SVM, LOF, and Isolation Forest. Despite being trained without imi-
tated speech, these models demonstrated notable detection capabilities.

Additionally, speaker-specific models were employed to reflect how listeners in-
ternally form speaker-specific discriminators. As presented in Tables 6.11 to 6.20,
classification accuracy varied considerably across speakers. For instance, Speaker 6
and Speaker 7 (Tables 6.16 and 6.17) consistently yielded higher accuracy, suggest-
ing less skilled imitators, whereas Speaker 4 and Speaker 5 (Tables 6.14 and 6.15)
were more difficult to distinguish, indicating higher imitation proficiency.

Overall, this work demonstrates that combining evidence from human listening
tests with acoustic features aligned to auditory perception, together with speaker-
specific modeling strategies, offers valuable insights and practical foundations for
developing systems capable of reliably detecting human-imitated speech in realistic
scenarios.
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Chapter 7

Conclusion

7.1 Summary

This study shed light on human listening tests and acoustic features grounded in
auditory perception for detecting human-imitated speech, an emerging and under-
explored category within the fake speech domain. A custom dataset of human-
imitated speech was developed to systematically evaluate detection performance
from both human and machine perspectives.

Initial experiments demonstrated that models trained exclusively on synthetic
speech performed well on synthetic attacks but failed to generalize to imitation,
revealing a clear performance gap. Retraining these models directly on the human-
imitated dataset improved detection accuracy but remained insufficient for reliable
identification. Additional experiments assessed standard acoustic representations
and auditory-inspired features, including gammatone and gammachirp filterbanks
designed to simulate aspects of human cochlear processing. While these features
provided better discrimination than conventional representations, they still did not
achieve robust detection performance.

To build on these initial results, this research proposed a two-phase framework.
In the first phase, carefully designed listening tests assessed how accurately hu-
man listeners could distinguish between genuine and imitated speech, showing that
even trained participants struggled when imitation was highly convincing. In the
second phase, machine-based experiments applied acoustic features related to audi-
tory perception, including timbral attributes and STM representations, to classify
imitated speech. To better match machine-based models to human evaluation
conditions, additional experiments were conducted using one-class classification
models trained exclusively on genuine speech, as this design reflected the fact that
human participants had no prior exposure to imitated speech.

The goal of this research was to study imitated speech detection from both

96



human and machine perspectives, framed by two key research questions.

e To answer the first question, How accurately can human listeners distinguish
between genuine and imitated speech?, the findings from the first phase of the
study indicate that listeners can distinguish between genuine and human-
imitated speech, but only to a limited extent. One of the most important
aspects of this study was the speaker identification task, in which listener
familiarity with the target speakers played a critical role. To ensure that
all participants had the same level of familiarity, a three-phase experimental
procedure was carefully designed. The first phase involved a training stage in
which participants were required to learn and identify all 10 speakers. Only
those who achieved over 90% accuracy in identifying the target speakers
were allowed to proceed to the final phase, which involved classifying speech
samples as either genuine or imitated. This requirement was essential to
ensure that all listeners had sufficient and uniform familiarity with the target
speakers.

In the initial stage, participants achieved high accuracy in identifying tar-
get speakers after extensive training, confirming that they became familiar
with the voices. However, when the task required classifying speech samples
as genuine or imitated, the overall accuracy decreased, even after training.
Many participants needed several training sessions and took longer to com-
plete the task, indicating the complexity and difficulty of accurately distin-
guishing between genuine and imitated speech. Notably, 2 out of the 22
participants were unable to meet the strict training criteria and chose to
withdraw due to the challenging nature of the experiment.

This design also addresses a common limitation in previous studies. Al-
though some authors claim their participants were familiar with the speakers
often because they were native speakers, there is often no clear indication of
the actual level of familiarity. Whether participants had high or low famil-
iarity remains uncertain. Without controlling this factor, the similarity with
speakers may vary significantly among subjects, leading to unfair or biased
evaluation results. The proposed listening test method directly addresses
this issue by ensuring high and comparable familiarity across all subjects,
which is necessary for a fair speaker verification task.

These results suggest that humans can detect imitated speech, but it re-
mains a complex task requiring a high level of concentration and judgment,
especially when the imitated speech closely resembles genuine speech. This
realistic and carefully controlled test setup represents a significant strength
of the present study.
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e To answer the second question, How effectively can auditory perceptual fea-
tures be used to detect human-imitated speech by machine/deep learning tech-
niques like human listeners?, the study evaluated several types of acous-
tic features related to auditory perception. As part of earlier experiments,
auditory-inspired representations derived from gammatone and gammachirp
filterbanks were applied to model aspects of human cochlear processing.
While these features function as front-end representations inspired by the
auditory periphery rather than capturing higher-level perceptual attributes,
they performed better than standard acoustic representations but were not
sufficient for achieving reliable detection. This limitation underscored the
need to explore additional features more closely aligned with human percep-
tual judgments.

Building on insights from the human listening tests conducted in the first
phase, the study then proposed two sets of acoustic features related to audi-
tory perception. Timbral attributes, including boominess, depth, brightness,
and warmth were extracted and assessed in machine learning experiments,
while STM representations were also applied within machine learning models
to provide a multiscale view of dynamic spectral and temporal patterns in
speech. These features demonstrated promising potential, yielding perfor-
mance trends comparable to those observed in the human evaluation.

Overall, by creating a novel dataset of human-imitated speech and applying
both human-centered evaluations and machine-based classification techniques, this
study provides valuable insights into the auditory perception of speech and its
implications for imitated speech detection. These findings form a solid founda-
tion for future research, particularly in developing robust countermeasure systems
that align more closely with human perceptual processes in complex speech-based
spoofing scenarios.

7.2 Contribution

This study addresses the challenge of distinguishing between genuine and human-
imitated speech by leveraging a human listeners test and acoustic features re-
lated to auditory perception. Unlike Al-generated speech, human-imitated speech
closely mimics the natural qualities of genuine speech, making it difficult to de-
tect. The proposed methods can be applied to various speech security tasks, such
as fake speech detection, speech forensics, and speaker verification spoofing coun-
termeasure challenges.

This research contributes scientifically by distinguishing between genuine and
human-imitated speech using human listeners tests and acoustic features related
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to auditory perception.

Importantly, this study contributes the first human-imitated speech dataset
that is compatible with machine learning analysis. This dataset, created under
realistic and diverse acoustic conditions, offers a valuable resource for both subjec-
tive experiments and objective evaluation with advanced machine learning models.
Moreover, the public release of the dataset enables other researchers to collaborate,
compare, and reproduce results under clearly defined conditions. This contributes
to greater transparency and scientific value in the field of speaker imitation detec-
tion.

One of the key contributions of this study is the demonstration that existing
spoofing countermeasure systems fail to reliably detect human-imitated speech,
an issue verified through our experimental evaluations. This finding highlights a
critical vulnerability in current speech authentication frameworks and underscores
the need for new detection strategies tailored to this form of attack.

From a societal perspective, this research contributes significantly to society by
protecting voice-based technologies from human-imitated speech attacks, thereby
ensuring more secure and trustworthy digital communication in applications such
as speaker verification, fake speech detection, and speech forensics.

7.3 Future work

This study has laid the groundwork for advancing the detection of human-imitated
speech and its differentiation from genuine speech. However, several key areas of
improvement remain to be explored in future research, which will enhance the ro-
bustness and applicability of the proposed methods. The future work is organized
into the following areas:

One crucial next step is to expand the dataset to ensure broader applicability
and robustness of the detection systems. The current dataset, while pioneering,
focuses on a limited set of speakers and scenarios. To improve the diversity of the
dataset, future work should aim to include a broader range of speakers, incorpo-
rating different accents, languages, and age groups. Furthermore, increasing the
variability in environmental conditions, such as different background noises, micro-
phone types, and recording environments, will help create a more representative
dataset. Additionally, integrating real-world data from various contexts will make
the dataset more applicable to practical challenges in speech detection, ultimately
improving the generalization capabilities of detection models.

The study has explored timbral features such as boominess, depth, and warmth,
which show promise in distinguishing human-imitated speech. However, there is
potential for improvement in this area. Future research should focus on investigat-
ing additional acoustic features that might reveal more subtle differences between
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genuine and imitated speech. Features like spectral variations, non-linear dynam-
ics, and temporal characteristics may provide valuable information for detection.
Moreover, refining existing features and combining complementary acoustic fea-
tures can lead to more accurate and robust detection models, ensuring that the
systems can effectively capture the nuanced differences between genuine and imi-
tated speech.

The use of advanced deep learning models could significantly improve the de-
tection of human-imitated speech. In future work, there is a need to explore
transformer-based models or attention mechanisms, which have demonstrated su-
perior performance in capturing complex relationships between various features.
These models can improve the ability to model temporal and spectral dependencies
over long sequences, enhancing the accuracy of detection. Additionally, leveraging
transfer learning could allow the models to generalize better across domains, espe-
cially when datasets are small or not highly diverse. The integration of multi-task
learning can also be considered, enabling models to perform multiple detection
tasks simultaneously, further improving their robustness and overall performance.

The development of real-time detection systems is another important avenue
for future research. Currently, speech detection models are often designed for of-
fline analysis, but integrating detection systems into real-time voice-based security
platforms is crucial for their practical use. Future work should focus on designing
efficient algorithms that can operate in real-time, ensuring low-latency detection
without compromising accuracy. Additionally, it is important to explore ways
to make these systems scalable and efficient to handle large volumes of speech
data in real-time, particularly in high-demand applications like digital assistants,
automated verification systems, and communication security.

Incorporating multiple modalities into speech detection could significantly en-
hance the robustness of the systems. Future work could explore multimodal de-
tection systems, combining audio with visual inputs such as lip movement, facial
expressions, or even body language. Integrating these visual cues with speech
detection could make systems more accurate, as it would allow for the detection
of incongruities between the auditory and visual aspects of speech. Additionally,
integrating contextual information such as user history or environmental factors
could further improve detection accuracy, particularly in dynamic or noisy settings.

Another promising area for future research is the concept of human-AT collabo-
ration in speech detection. While machine learning models have shown significant
promise, there are scenarios where human expertise can enhance detection ac-
curacy. By developing systems where machine learning models collaborate with
human experts, it may be possible to improve the detection of ambiguous cases.
Active learning techniques could be employed, where the detection system requests
human feedback for particularly challenging samples, enabling continuous learning
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and refinement of the model.

By addressing these key areas, future research can significantly advance the
state-of-the-art in speech detection systems, making them more accurate, reliable,
and applicable to real-world challenges in speech security, authentication, and
privacy protection.
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