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Abstract

Cumulative Power Spectral Density (CPSD) Feature for Separating Motor Intention from
Overt Behavior in EEG Signals

June Sung Moon

Understanding the decision-making processes behind voluntary and involuntary motor actions re-

mains a central challenge in neuroscience. Conventional EEG markers such as event-related desynchro-

nization/synchronization (ERD/ERS) have provided valuable insights into motor intention but suffer from

persistent limitations—most notably the reliance on pre-stimulus baselines. These baselines are highly sen-

sitive to inter-trial variability, transient state changes, and non-stationary noise, making absolute amplitude

comparisons unreliable across trials, subjects, and recording sessions.

This thesis introduces cumulative power spectral density (CPSD) in the beta and gamma bands as a ro-

bust, adaptive alternative. Unlike ERD/ERS, which requires frequent baseline recalculations (e.g., every 2

seconds from the preceding 0.5 s), CPSD avoids fixed baseline subtraction by using a sliding-window accu-

mulation approach that updates its max–min reference only when a new extreme PSD value is detected. This

method preserves temporal dynamics while minimizing the instability introduced by fluctuating baselines.

The approach leverages data-driven, sliding-window extraction of cumulative power spectral density

(CPSD) features in the beta and gamma bands, enabling fine-grained characterization of motor intention

and cognitive control. Comprehensive analysis across 109 healthy subjects shows that optimal classification

performance is achieved with short accumulation windows (<0.05–0.20s), particularly around movement

cue onset. Beta and gamma CPSD features exhibit distinct temporal and spatial dynamics, with beta gen-

erally favoring slightly longer integration windows. These results highlight that motor intention signatures

emerge within narrow, task-specific temporal windows, and that beta–gamma CPSD provides a stable and

interpretable alternative to traditional ERD/ERS measures for decoding voluntary motor control.

Beyond classification, CPSD revealed coordinated beta–gamma dynamics underlying selective attention,

response inhibition, and intention-to-execution transitions, offering a richer, more interpretable representation

of motor control processes than conventional ERD/ERS measures.
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The results establish that the cumulative beta–gamma power within task-specific windows serves as a

core neural marker for voluntary motor control. This method allows for precise, automated classification of

ME/MI states by referencing adaptive CPSD thresholds, providing a simultaneous measure of motor intention

strength. Their interplay encodes the core neural processes for voluntary control. These findings position

CPSD as a paradigm-shifting neural feature for next-generation real-time brain–computer interfaces (BCIs)

and clinically relevant neuro-technologies, providing a principled foundation for decoding conscious versus

unconscious motor actions. By replacing fixed cutoffs with adaptive, data-driven thresholds, CPSD advances

the precision of motor intention classification and deepens our understanding of brain dynamics in human

motor control, potentially redefining EEG-based motor intention research.
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Chapter 1

Thesis Overview

The focus of the thesis is on Brain Computer Interface (BCI) systems [4], in particular Asyn-

chronous BCI systems [5–8]. Asynchronous BCI involves distinguishing between voluntary and

involuntary movements, commonly termed as “In Control” (IC) and “Out of Control” (OC) states.

In brief, IC state involves movements initiated voluntarily based on internal decision-making (e.g.,

a user deciding to move without any external prompt). On the other hand, OC state relates to

movements triggered by external stimuli, such as auditory or visual cues. Analyzing the differences

between IC and OC states is crucial for understanding motor planning and control mechanisms.

Understanding how the human brain makes such a distinction remains a foundational question in

neuroscience, cognitive science, and biomedical engineering [9, 10]. This distinction is not only

theoretically important for unraveling the neural basis of agency, intention, and self-regulation, but

also has significant implications for the development of BCI technologies and next-generation neu-

rorehabilitation devices.

While traditional motor neuroscience has relied on behavioral observation and Electromyog-

raphy (EMG), advances in non-invasive neuroimaging, especially Electroencephalography (EEG),

have enabled real-time monitoring of neural signatures associated with both conscious, intentional

(IC) movements and unconscious, automatic actions (OC) [11,12]. EEG’s high temporal resolution

and relatively low cost have made it the preferred tool for large-scale, real-time exploration of mo-

tor intention, selective attention, and cognitive control. These charectristics allows researchers to
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characterize the temporal and spectral dynamics distinguishing voluntary from involuntary move-

ments [13, 14].

Another targeted task, which is critical for BCI systems, is distinguishing Motor Imagery (MI)

and Motor Execution (ME) as accurate classification enables precise decoding of user intentions

for external device control. In brief, MI is the process of mentally simulating a specific movement,

while ME is the actual physical execution of a movement. These two processes involve distinct

neural mechanisms and exhibit different characteristics in EEG signals. MI is associated with motor

preparation, activating brain regions such as the premotor cortex and the Supplementary Motor Area

(SMA), which is reflected as Event-Related Desynchronization (ERD). In contrast, ME primarily

activates the primary motor cortex (M1), leading to Event-Related Synchronization (ERS) [15–19].

However, MI-ME classification is challenging due to the high level of noise in EEG signals and

inter-individual variability. Therefore, advanced signal processing and classification techniques

are required to enhance accuracy and robustness. Differences between IC and OC states can be

quantified through EEG analysis, as MI and ME may manifest differently depending on whether

they are internally or externally driven. [9, 20–22]. While previous studies have focused primarily

on MI/ME differentiation, there is a lack of in-depth EEG analysis on IC/OC differences. This

study proposes a method utilizing cumulative Beta/Gamma Power Spectral Density (PSD) analysis

to effectively distinguish IC and OC states, allowing for a more precise quantification of neural

signal variations.

In traditional EEG analysis, fixed thresholds are often used, which are insufficient due to vari-

ability across individuals and sessions. Inspired by the action potential threshold voltage in neurons,

the thesis focus is on adaptive thresholding to dynamically adjust to the underlying distribution

shifts. Particularly, we target the rich information available in high-frequency oscillations (beta and

gamma bands), and in cross-frequency interactions (e.g., Beta-Gamma coupling) [23]. To achieve

both precision and physiological interpretability, data-driven methods, adaptive windowing, and sta-

tistical thresholding (e.g., Receiver Operating Characteristic (ROC), Youden Index [24,25]) will be

adopted.
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1.1 Research Aims and Novelty

The primary goal of this thesis is to develop and validate an automated, EEG-based framework

for decoding IC and OC states. To achieve robust classification of voluntary and involuntary motor

states, this thesis focuses on neural features derived from the Cumulative Power Spectral Density

(CPSD) of EEG signals in the Beta (13 − 30 Hz) and Gamma (30 − 70 Hz) frequency bands.

These frequency ranges are strongly associated with motor-related neural activity and provide high

temporal resolution markers of movement planning, execution, and cognitive control. By leveraging

data-driven extraction of Beta and Gamma CPSD, the proposed framework enables precise decoding

of motor intention and the neural dynamics underlying selective attention and response inhibition.

More specifically, the following are the key pursued objectives:

• Adaptive Feature Extraction: Instead of pre-defining temporal windows, we systematically

sweep possible window sizes and locations to identify subject/task-specific optimal integra-

tion periods for decoding intention and control states.

• Robust Threshold Selection: By employing ROC curve analysis and the Youden Index, we

aim to avoid arbitrary cutoffs and ensure that each classification decision is optimized for both

sensitivity and specificity [26, 27].

• Integration of Selective Attention and Coupling: Integrating selective attention as a dynamic

filter to explore beta-gamma coupling as a neurophysiological mechanism linking attention,

response inhibition, and the transition from intention to execution [28, 29].

• Large-Scale Generalizability: Validating across a large number of healthy subjects to inves-

tigate its robustness for subject-level and group-level statistical inference.

• Hybrid Combination: Development of a hybrid framework to combine active and passive

BCI paradigms for the analysis of both voluntary and involuntary motor signals. [6, 7].

By incorporating Beta/Gamma power spectral analysis, modern BCI frameworks can potentially

enhance the reliability of motor intention detection, leading to improved accuracy and adaptability

in real-world applications.
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1.1.1 Rationale for Beta/Gamma CPSD Analysis

In the course of this work, systematic analyses showed that cumulative beta (13–30 Hz) and

gamma (30–70 Hz) band power provided reliable markers of neural transitions underlying motor in-

tention, execution, and inhibition. These high-frequency components displayed consistent patterns

of modulation across different tasks and participants, whereas lower-frequency bands were less ro-

bust to individual variability. By developing custom pipelines to CPSD features within optimized

time windows, we directly observed that both beta and gamma bands provide rich and task-specific

information as outlined below:

• Beta CPSD: reliably decreased (event-related desynchronization, ERD) prior to movement

and increased (event-related synchronization, ERS) after movement cessation, mirroring the

temporal dynamics of motor planning and execution.

• Gamma CPSD: exhibited rapid, short-window activations that preceded or coincided with

movement, supporting its role in preparatory and feedforward motor control.

Through both group-wise and individual analyses, we found that adaptive thresholding of these

cumulative features yielded high classification accuracy for both movements (MI-ME) and control

(IC-OC) state differentiation, with threshold values demonstrating remarkable consistency within

experimental groups. Moreover, our proposed approach allowed for fine-grained temporal segmen-

tation of EEG signals, often outperforming traditional fixed-window or absolute-power methods.

This evidence-driven selection of cumulative beta/gamma PSD analysis forms the foundation of the

thesis work, enabling principled, robust, and interpretable decoding of neural states relevant to BCI

and cognitive neuroscience.

1.2 Contributions

A major theoretical advancement of this research is the introduction of cumulative Beta/Gamma

Power Spectral Density (CPSD) as a unified neural feature that inherently encapsulates multiple

cognitive and motor processes relevant to MI-ME and IC-OC classification. While prior studies have

traditionally relied on separate features such as Alpha/Beta band power, individual Event-Related
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Potential (ERP) components (e.g., N2, P3), or inhibitory control indices, this work proposes that

cumulative Beta/Gamma dynamics can serve as an integrative marker, reflecting motor intention,

selective attention, and inhibitory control within a single, data-driven metric.

Rather than analyzing Go/No-Go tasks through fragmented spectral or ERP-based approaches,

the proposed framework leverages CPSD to capture the combined temporal and spectral dynam-

ics of motor preparation, execution, error monitoring, and decision-making. In this way, CPSD

provides a broad view of neural processing, allowing for robust detection of both voluntary and

involuntary actions without the need for explicit feature separation. This theoretical perspective ex-

tends the understanding of high-frequency EEG activity beyond conventional paradigms, suggesting

that the integrative nature of Beta/Gamma CPSD can enable more advanced and adaptive neural de-

coding strategies for next-generation BCI systems. In summary, the thesis makes the following

contributions:

• Integration of Selective Attention Analysis: Selective attention is fundamental to both cog-

nitive and motor control, as it modulates the processing of task-relevant neural signals. In this

study, selective attention is integrated directly into the EEG feature extraction and classifi-

cation pipeline through dynamic band-power (cumulative Beta/Gamma PSD) analysis, rather

than through traditional ERP markers. While ERP components such as N2 and P3 have histor-

ically served as indirect indices of attentional engagement, our approach treats band-specific

cumulative PSD dynamics as the primary, real-time indicator of selective attention. Unlike

previous studies that either overlook attention or rely on ERP-based proxies, this research

positions cumulative Beta and Gamma PSD as explicit, tunable features for improving dis-

crimination between IC and OC states across both MI and ME tasks.

Experimental results demonstrate that optimal classification performance is achieved only

when Beta and Gamma cumulative PSD features are analyzed in independent, band-specific

time windows, reflecting their distinct temporal characteristics in attentional modulation. No-

tably, attempts to use integrated or fixed windows across both bands resulted in a marked

decrease in decoding accuracy. To determine optimal classification boundaries, we employ
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Youden’s J statistic derived from ROC curve analysis for each feature, ensuring that thresh-

old selection is objective and data-driven, maximizing both sensitivity and specificity. This

approach increases interpretability and practical utility, as thresholds are tailored to the em-

pirical distribution of each subject/session.

• Development of a Unified Cumulative PSD Feature for Motor Intention Decoding: A key

contribution of the thesis is the development of a hybrid framework that effectively distin-

guishes voluntary movements from involuntary responses. Unlike conventional BCI models

that focus solely on MI-based classifications, this approach integrates MI tasks with principles

from signal detection theory, allowing for more accurate motor intention classification. Fur-

thermore, this study demonstrates the feasibility of implementing real-time motor decoding

within BCI systems, showcasing its potential to enhance adaptive neurotechnology applica-

tions. By integrating Beta/Gamma spectral features, selective attention markers, and deep

learning-based classifiers, this hybrid framework has the potential to advance the current ca-

pabilities of BCI technology.

1.3 Thesis Organization

The remainder of this thesis is organized as follows:

• Chapter 2 provides a comprehensive literature review on EEG-based BCI systems, with em-

phasis on the theoretical foundations of EEG signal processing, ERP analysis, and spectral

power dynamics. It examines prior work on selective attention, motor intention decoding, and

Go/No-Go paradigms, highlighting their relevance to inhibitory control and decision-making

mechanisms.

• Chapter 3 details the proposed CPSD-based asynchronous BCI framework, incorporating

adaptive thresholding and optimal window selection to distinguish between voluntary and

involuntary motor states. The methodology chapter outlines the feature extraction procedures,

and classification architecture
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• Chapter 4 presents the experimental results and analysis. It reports classification perfor-

mance across different tasks and transitions, evaluates the robustness of the proposed method

against baseline-dependent approaches (e.g., ERD/ERS), and discusses the neurophysiologi-

cal interpretation of the findings.

• Chapter 5 concludes the thesis by summarizing the main contributions, discussing impli-

cations for EEG-based motor intention research, and suggesting directions for future work,

including potential clinical and neurotechnology applications.
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Chapter 2

Literature Review and Background

The field of Brain-Computer Interface (BCI) has experienced significant advancements due to

the integration of EEG-based neural decoding, deep learning techniques, and spectral feature ex-

traction methods. Understanding motor intention, selective attention, and decision-making plays a

crucial role in improving BCI accuracy and real-time usability. This chapter presents an overview of

existing literature related to BCI, Event Related Potentials (ERPs), Motor Imagery (MI) and Motor

Execution (ME) differentiation, and high-frequency EEG analysis (Beta/Gamma).

2.1 Brain-Computer Interface (BCI)

Brain-Computer Interfaces (BCIs) are systems that establish a direct communication link be-

tween the human brain and external devices, bypassing conventional neuromuscular pathways. By

decoding neural signals into actionable commands, BCIs allow users to control devices or com-

municate solely through brain activity. Many researchers have explored the concept of enabling

direct communication between the brain and the external world. The primary objective of BCIs is

to establish an alternative communication channel that enables users to control external devices and

interact with their environment through the intentional modulation of brain signals. A key focus of

EEG-based BCI research is the differentiation between voluntary and automatic motor responses,

particularly in distinguishing MI from ME. Accurate classification of these motor states is crucial

for enhancing the performance of BCI applications, especially in neurorehabilitation and advanced
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assistive technologies.

2.1.1 BCI paradigm

Generally speaking, BCI systems can be classified into three primary paradigms based on the

nature of brain signal utilization [4, 30]:

(1) Active BCI: Relies on intentional modulation of brain activity, such as MI or cognitive tasks,

to generate commands. Examples of active BCI include users imagining left or right-hand

movement to control a robotic arm.

(2) Reactive BCI: Utilizes brain responses to external stimuli, for instance, the P300 speller

(P300 wave is an ERP component elicited in the process of decision making) or Steady-State

Visually Evoked Potential (SSVEP)-based BCI translates evoked brain signals into actionable

commands. Examples of reactive BCI include selecting a letter in a grid by attending to a

flashing row or column.

(3) Passive BCI: Passively monitors brain activity to infer the user’s mental or emotional states,

such as fatigue or engagement, without requiring intentional input. Examples of passive BCI

include adjusting workload in a task based on user fatigue levels.

This thesis proposes a hybrid BCI framework that bridges active and passive paradigms by combin-

ing intentional motor state detection with dynamic cognitive state monitoring. While the detection

of conscious, intentional actions aligns with the goals of active BCIs, our approach also captures

involuntary or habitual neural responses characteristic of passive BCIs, thus enabling a more com-

prehensive understanding of motor and cognitive control. Ultimately, such a hybrid BCI system

can advance the field by providing a robust, user-adaptive method for decoding motor intention and

cognitive state from EEG.

2.1.2 Primary EEG Feature Types

In this section, we breifly outline different types of common features extracted from EEG signals

for establishing a BCI system. that Different feature types can be extracted from EEG signals as

outlined below:

9



Figure 2.1: Illustration of different EEG frequency bands [1].

(1) Band Power–Based Features: As illustrated in Fig. 4.3 band power–based features are ex-

tracted from EEG signals by calculating the signal power within specific frequency bands,

such as Delta, Theta, Alpha, Beta, and Gamma. Each of these band-specific features is asso-

ciated with distinct physiological and cognitive functions, i.e.,

• Delta (0.5–4 Hz): Deep sleep, slow-wave activity.

• Theta (4–8 Hz): Memory encoding, drowsiness, focused attention.

• Alpha (8–13 Hz): Relaxed wakefulness, eyes-closed resting state.

• Beta (13–30 Hz): Active thinking, sustained attention, motor processes.

• Gamma (30–70 Hz): High-level cognitive processing, perceptual binding, attention.

Such a filtering approach allows relating fluctuations in band-specific power directly to par-

ticular brain states or mental activities While all frequency bands have relevance for brain

function, this study specifically focuses on the Beta and Gamma bands. These bands are par-

ticularly sensitive to changes in motor planning, voluntary action, and cognitive control. Prior

works [23, 31] suggest that Beta and Gamma activities are most closely linked to the neural

dynamics underlying intentional movement and cognitive-motor integration.
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(2) Asymmetry Features: Generally speaking, such features can be classified into the following

two main categories:

• Spectral Power Asymmetry: Calculation of asymmetry across frequency bands is pos-

sible, e.g., Delta, Theta, Alpha, Beta, Gamma. Overall brain activity can be compared

under specific tasks or conditions, and differences in synchronization between brain re-

gions can be measured to classify IC/OC states. It also reflects user’s emotion state,

stress, and focus levels. It is usually adapted to classify emotion recognition and neu-

rorehabilitation [5].

• Hemispheric Symmetry: Symmetry across the entire hemispheres can be calculated

to detect imbalances during specific cognitive task performance, as well as to analyze

attention and focus levels

Asymmetry in Beta or Gamma power can reflect differences in cognitive engagement or men-

tal workload. For example, asymmetry in Gamma band activity between parietal regions has

been shown to indicate higher cognitive load during complex problem-solving tasks. Simi-

larly, Beta asymmetry in motor cortex regions, such as C3 and C4, is commonly used to eval-

uate motor planning and execution. For instance, in a Go/No-Go Task (GNGT), increased

asymmetry in Beta power over motor regions was associated with intentional movement initi-

ation. Furthermore, frontal or parietal asymmetry is often used to assess selective attention or

focus during tasks. For example, asymmetry in Alpha band power between parietal regions

was observed during tasks that required high levels of sustained attention [32].

(3) Network Features: Network features are used to analyze the connectivity and interactions

between brain regions related to the communications and information flow within neural net-

works. Of particular importance to this thesis is the following connectivity features:

• Spectral Connectivity: Assess the level of synchronization by analyzing the connec-

tivity in specific frequency band. This is important for understanding how specific

frequency bands in the brain contribute to behavioural mechanisms such as task per-

formance and attention focus.
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Figure 2.2: Typical Event-Related Potential (ERP) components observed in a grand-average waveform,
highlighting their characteristic time windows following stimulus onset [2].

Such features are essential for understanding how the brain processes specific tasks or states.

Network analysis is primarily conducted on the basis of functional connectivity or structural

connectivity. It measures correlation patterns between two brain regions. EEG signals assess

functional connectivity using Correlation analysis, coherence, PLV:

(4) Event-Related Potentials (ERPs): These are voltage fluctuations in EEG that reflect the

brain’s electrical responses to specific sensory, cognitive, or motor events. These are typi-

cally analyzed within defined post-stimulus time windows and provide a direct measure of

neural processing with millisecond temporal resolution.

As shown in Fig. 2.2, key ERP features include: (i) Latency, which is the timing at which a

component appears. For example, the P300 occurs around 300 ms post-stimulus and reflects

attention and working memory updating, and; (ii) Amplitude, which is the magnitude in µV,

indicating the strength of neural activation. The major ERP components relevant to this study

are as follows:

• P100/N100 (80–120 ms): Early sensory processing and attentional modulatio [33].

• N200: Conflict monitoring, inhibitory control, and attention (notably in GNGTs [34].

• N300: Semantic processing and mismatch detection [35, 36].

• P300: Attention allocation, decision-making, and resource mobilizatio [37].

• N400: Semantic/contextual integration, especially for complex meanings [38].
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Figure 2.3: Flow diagram of EEG processing.

• Late Positive Deflection (LPD) (300–600 ms): Sustained attention and cognitive evalu-

ation [39].

• Contingent Negative Variation (CNV): Preparation and anticipation between two stim-

uli (S1 and S2) [40].

• Bereitschaftspotential (BP): Motor preparation and intention [41].

• Lateralized Readiness Potential (LRP): Motor planning and execution, often for later-

alized movements [42, 43].

These components allow for detailed analysis of cognitive processes such as selective atten-

tion, inhibition, and motor intention. Their spatial distributions can help identify the brain

regions involved in these processes, while their temporal patterns are often linked to spe-

cific oscillatory dynamics, e.g., alpha or gamma bands,In su relevant for cognitive and motor

control.

In summary, ERP features are essential for studying cognitive processes, attention, decision-making,

inhibition, and motor preparation. Their spatial distributions help localize brain regions involved in

specific processes, and their temporal dynamics can be related to oscillatory activities such as alpha

and gamma bands [37, 44, 45].

2.2 EEG Signal Processing

As stated previously, among various neuroimaging techniques, including Functional Near-Infrared

Spectroscopy (fNIRS), Magnetoencephalography (MEG), and Electrocorticography (ECoG), Elec-

troencephalography (EEG) remains the most widely used modality due to its non-invasive nature,
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relatively low cost, and real-time signal acquisition capabilities. EEG is a non-invasive neuroimag-

ing technique that measures electrical activity in the brain through scalp electrodes. It provides high

temporal resolution, making it suitable for studying dynamic cognitive and motor processes. EEG

signal processing, typically, consists of the following steps:

• Preprocessing: Pre-processing aims to clean the raw signals for meaningful analysis. Band-

pass filtering (0.1-70Hz) removes unwanted frequencies outside the range of interest. Artifact

removal techniques such as Independent Component Analysis (ICA) are used to identify and

eliminate noise sources such as eye blinks and muscle artifacts. Baseline correction ensures

consistent data by normalizing the signal to a reference point.

• Feature Extraction: Feature extraction transforms raw EEG signals into meaningful met-

rics that can be further analyzed. Common types of feature extraction include: (i) ERD/ERS

features that represent changes in power within specific frequency bands that reflect neural

activation or inhibition [46]; (ii) Event-Related Potentials (ERP), which are time-locked EEG

responses that provide information on cognitive and motor processes, and; (iii) Spectral Fea-

tures, including estimates of Power Spectral Density (PSD) in different frequency bands such

as alpha, beta, and gamma.

EEG signals are divided into distinct frequency bands, each associated with specific neural activities.

By integrating band-specific features, we can gain a more comprehensive picture of neural activity,

offering simultaneous insight into both the temporal and frequency characteristics of EEG signals.

The following are different frequency bands of EEG signals:

• Alpha Frequency (Cognitive Inhibition and Rest): Alpha waves are linked to inhibitory

neural activities [47, 48], helping to suppress excessive information processing. They block

distractions and maintain cognitive stability during attention-demanding tasks [49]. Alpha

activities increase during rest or low cognitive load but decreases (ERD) when attention or

task engagement is required [50]. This mechanism suppresses irrelevant information to en-

hance focus, facilitate brain recovery during idle states, and minimize interference during task

execution, therefore, optimizing cognitive efficiency [51].
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• Theta Frequency (The Bridge between Learning and Memory): Theta waves are involved

in working memory, learning and emotional processing. It is essential for memory consolida-

tion and integrating new information, also strongly associated with frontal cognitive control,

attention shifts, and emotional responses.

• Beta Frequency (Conscious Actions and Attention): Beta waves regulate motor planning,

execution, and high-focus cognitive tasks. Sensorimotor Beta is crucial for movement coor-

dination and inhibition. It enhances goal-directed behaviour and anticipation [23, 52].

• Gamma frequency (The Conductor of High-level cognition and Neural Synchronization):

Gamma waves contribute to complex cognitive processing, memory integration and neural

synchronization. It is critical for problem solving, creativity, sensory motor binding, and

initiating cognitive processing and motor preparation [50, 53].

In what follows relationships between different EEG frequency bands are discussed:

• Alpha ←→ Theta: Alpha maintains cognitive inhibition while Theta supports learning and

information processing. The Theta-to-Alpha ratio is often used to assess attention and cogni-

tive flexibility. Learning and attention shifts (Theta) reduces stability (Alpha) [54–56].

• Beta ←→ Gamma: Gamma precedes Beta waves, suggesting that higher-order cognition

activates before motor execution. Beta band signals include movement completion, while

Gamma band indicates complex information integration [53]. Cognitive engagement (Gamma)

leads to motor planning and execution (Beta) [57, 58].

2.2.1 Motor imagery

Motor imagery (MI) is a mental process in which an individual simulates or rehearses a given

action internally without overt physical movement. Motor imagery constitutes a powerful frame-

work for studying voluntary motor control, neuroplasticity, and brain-computer interfacing. Its

robust neurophysiological signatures, particularly in the Alpha and Beta bands, provide a direct

window into internal motor processes and enable practical applications in assistive and rehabilita-

tive technologies. In MI, the motor plan is activated and processed as if the actual movement were
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executed, but the effector muscles remain inactive [59]. MI has been a subject of scientific interest

for decades, originally emerging in the context of sports psychology and cognitive neuroscience for

understanding voluntary action, skill acquisition, and neuroplasticity. There are two major types of

MI:

• Kinesthetic MI: Imagining the sensation (feeling) of movement from a first-person perspec-

tive.

• Visual MI: Imagining watching the movement from a first- or third-person perspective.

Standard experimental paradigms include the mental rehearsal of simple limb movements, sequen-

tial finger tapping, or complex movements such as gait or athletic skills [59]. Cue-based MI tasks

present visual or auditory signals prompting the subject to perform specific MI, allowing precise

epoching and averaging in EEG/MEG analysis.

Motor Imagery in BCIs

MI is a foundational paradigm for non-invasive BCIs. In MI-based BCIs, users can control ex-

ternal devices by modulating their brain rhythms through intentional imagery of movement [59].

Features such as Mu/Beta ERD from contralateral sensorimotor cortex serve as reliable input for

machine learning algorithms that decode user intention in real time. MI-BCI systems have demon-

strated utility in Neurorehabilitation, Assistive technology, Functional Electrical Stimulation (FES),

Robotic Control, Cognitive-Motor Enhancement, Neurofeedback, and Motor Function Restoration

via Cortical Plasticity Modulation. Despite substantial progress, MI-based BCIs face challenges

such as inter-individual variability, non-stationarity of EEG features, and the influence of user train-

ing, attention, and motivation on decoding accuracy. Advanced signal processing methods and

adaptive interfaces are under development to address these limitations. Recent research investigates

the integration of MI with other paradigms to develop hybrid BCIs.There is growing interest in

exploring the temporal evolution and spectral complexity of MI-induced brain activity, including

the roles of Gamma-band oscillations and cross-frequency coupling. Novel feedback mechanisms

and individualized calibration strategies are being applied to improve BCI performance and user

engagement.
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Figure 2.4: Illustration of Event-Related Desynchronization (ERD) and Event-Related Synchronization
(ERS) in the Beta band with baseline [3].

2.3 Event Related Desynchronization/Synchronization (ERD/ERS)

ERD and ERS are critical spectral features representing power changes in specific frequency

bands during task engagement [60, 61]. Most of research papers related to attention and motor

intention are focused on alpha-ERD/ERS [62–65]. In particular, EMG-EEG coherence is most

prominently observed in the beta band, aligning with its strong association with motor preparation

and execution processes [58, 66]. Despite the prominence of beta-ERD/ERS in motor-related pro-

cesses, relatively few studies have focused specifically on beta coherence features. On the other

hand, Gamma-ERD/ERS reflects highly complex cognitive and attentional processes [67, 68]. By

focusing on gamma and beta activity rather than alpha, it may be possible to achieve a more precise

representation of attention switching dynamics, as these bands are more directly linked to higher-

order cognitive processing and selective attention mechanisms. To further understand the distinct

roles of each frequency band in neural processing, a comprehensive analysis of ERD/ERS across

all major frequency bands (alpha, beta, gamma, theta, and delta) is essential, as each band provides

unique insights into different aspects of cognitive and motor functions.
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2.3.1 ERD/ERS Definition

Let xi(t) denote the EEG signal for trial i, for (1 ≤ i ≤ NT ) where NT is the total number

of trials in the dataset.. After transforming to the time-frequency domain, we obtain Xi(t, f), and

define the band-limited power for band B (beta or gamma) as follows [46, 69]

PB,i(t) =
∑
f∈B

∣∣Xi(t, f)
∣∣2. (1)

Let R = [tb1, tb2] be the baseline (reference) interval. The baseline power for trial i is the given by

P̄
(R)
B,i =

1

|R|

∫
t∈R

PB,i(t) dt. (2)

Following the classical definition, the time-resolved ERD/ERS (in percent) for trial i is

ERD/ERSB,i(t) [%] =
PB,i(t)− P̄

(R)
B,i

P̄
(R)
B,i

× 100, (3)

where negative values indicate ERD and positive values indicate ERS [16]. Some analyses use the

logarithmic form, which is given by

ERD/ERS
(dB)
B,i (t) = 10 log10

PB,i(t)

P̄
(R)
B,i

 , (4)

or a z-scored form [70], i.e.,

ERD/ERS
(z)
B,i(t) =

PB,i(t)− µ
(R)
B,i

σ
(R)
B,i

, µ
(R)
B,i = Et∈R[PB,i(t)], σ

(R)
B,i = Stdt∈R[PB,i(t)]. (5)

Single-trial ERD/ERS can be averaged (also referred to as the Trial Averaging), to obtain group-

level curves

ERD/ERSB(t) =
1

N

N∑
i=1

ERD/ERSB,i(t). (6)

It is worth noting that Eq. (1) can use sensor-space or source-space power. Furthermore, R should be

free of task-related transients, and smoothing of PB,i(t), e.g., via moving average, may be applied
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prior to Eq. (3).

2.3.2 ERD/ERS Features by Frequency Band

• Alpha ERD/ERS: Alpha ERD refers to the suppression or reduction in alpha power during

task performance, indicating cortical activation [71]. It occurs when neurons in a specific

brain region desynchronize to perform a task and is commonly associated with task engage-

ment, attentional focus, motor intention, and sensory-motor activation [59,72]. Alpha ERD is

used to decode motor intentions during MI tasks, such as imagining hand or foot movements.

In contrast, Alpha ERS refers to an increase in alpha power, often observed after task com-

pletion or during relaxation [73, 74]. It is linked to neural inhibition, restorative processes,

and idling states. The dynamic balance between alpha ERD (activation) and alpha ERS (inhi-

bition) is critical for effective cognitive and motor functioning, supporting attention, sensory

integration, and inhibitory control.

Temporal-Spatial Dynamics: Alpha ERD typically begins shortly after the onset of a stimulus

or task-related cue, reflecting task-specific engagement [75]. Alpha ERS, on the other hand,

is often observed post-task, signifying a return to baseline or rest states. The timing of alpha

ERD/ERS provides valuable insights on the progression of cognitive and motor processes,

preparation, execution, and recovery phases. Alpha ERD is strongly correlated with task

difficulty and cognitive demand [76], with greater desynchronization observed during more

challenging or engaging tasks. In MI and execution tasks, alpha ERD is prominent in the

sensorimotor cortex, reflecting the activation of neural circuits involved in motor planning

and execution.

• Beta ERD/ERS: Beta band activity is a frequency range in EEG studies, particularly in motor-

related and cognitive processes [77,78]. Beta ERD/ERS provides essential insights into motor

preparation, execution and inhibitory control, making them fundamental for understanding

movement-related brain dynamics. More specifically, Beta ERD refers to a reduction in Beta

power during motor or cognitive task engagement. It reflects the activation of motor-related

brain regions and is considered a marker of motor preparation and execution. Beta ERD
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typically occurs:

◦ During voluntary movement or MI.

◦ In response to stimuli requiring motor planning or action.

On the other hand, Beta ERS is an increase in Beta power, observed after the termination of a

movement [79]. It signifies a return to a resting state and is associated with:

◦ Post-movement Beta rebound: Reflecting deactivation of motor-related cortical areas.

◦ Inhibition and resetting: Beta ERS may help reset the motor system for subsequent

movements.

Temporal-Spatial Dynamics: Beta ERD begins shortly before movement onset or during MI

and continues throughout the movement. Beta ERS emerges immediately after movement

termination, representing a post-movement rebound. Beta ERD is predominantly observed

in the sensorimotor cortex, particularly in areas contralateral to the moving body part. Beta

ERS is also localized in the sensorimotor regions but can extend to surrounding cortical areas

involved in motor inhibition.

• Gamma ERD/ERS: Gamma-band activity, typically, ranging from 30 to 100 Hz, plays a

critical role in higher-order cognitive processes such as attention, memory, and decision-

making [80]. ERD/ERS in the Gamma band reflect the brain’s ability to integrate and process

complex information [81]. Despite its importance, Gamma ERD/ERS is less frequently uti-

lized in BCI applications due to its susceptibility to noise and computational challenges, but

it remains a key area for understanding cortical dynamics. More specifically, Gamma ERD

refers to a decrease in Gamma power during task performance. It is thought to represent:

◦ Disengagement or inhibition: Suppression of gamma activity in irrelevant brain areas.

◦ Complex cognitive processing: Gamma ERD reflects the redistribution of neural re-

sources when the task demands shift [82].

On the other hand, Gamma ERS is an increase in gamma power and is associated with:
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◦ Cortical Binding: Synchronization of neural activity across regions to integrate sensory,

motor, and cognitive information.

◦ Selective Attention: Gamma ERS is a key marker of attention focus and task-specific

cortical activation [80, 83–85].

◦ Memory Encoding and Retrieval: Gamma synchronization is critical for working mem-

ory and episodic memory processes.

Temporal-Spatial Dynamics: Gamma ERS often coincides with stimulus presentation or task

onset [86], reflecting active cognitive or sensory processing. Gamma ERD may occur during

task transitions or in regions not directly involved in the task. Gamma ERD/ERS is observed

in various regions depending on the task:

◦ Frontal Cortex: Associated with executive functions, decision-making, and attention.

◦ Parietal Cortex: Linked to sensory integration and attention switching.

◦ Temporal Cortex: Related to memory encoding and semantic processing.

◦ Sensorimotor Cortex: In motor tasks, gamma ERS is involved in movement preparation

and execution.

2.3.3 Limitations of the Traditional ERD/ERS Approach

Despite their relevance and wide applications, traditional ERD/ERS approach suffers from the

following key drawbacks:

(1) Baseline Dependency: The magnitude and polarity of ERD/ERS are directly dependent on

the baseline power level. If the baseline is elevated, ERD is overestimated and ERS is un-

derestimated. Conversely, if the baseline is reduced, ERS is overestimated. Moreover, the

baseline interval itself may contain condition-specific differences, introducing bias into the

comparison.

(2) Limitations of Relative Change Metrics: ERD/ERS quantifies relative changes with respect

to baseline rather than absolute power values. As a result, cross-session, cross-subject, or
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Figure 2.5: Effect of baseline level on the apparent ERD/ERS pattern [3].

cross-condition comparisons become problematic when baseline levels differ, often rendering

direct interpretation invalid.

(3) Temporal Distortion: Baseline correction can distort the onset and offset timing of neural

responses. As seen in Fig. 2.5, changing the baseline level alters the apparent start and end

points of ERD/ERS, making identical neural activity appear to have different temporal dy-

namics.

(4) Noise Sensitivity: Transient noise or artifacts within the baseline period can skew the mean

power estimate, leading to disproportionate correction of the entire signal. This issue is par-

ticularly pronounced when the baseline duration is short or the number of trials is limited.

(5) Segment-Dependent Interpretability: Because ERD/ERS values reflect only changes within

a specific time segment relative to baseline, they fail to capture cumulative or long-term pat-

terns of neural activities. This limits their suitability for continuously tracking of transitions,

such as motor intention onset or sustained attention shifts.

(6) Potential Misinterpretation in Dynamic Tasks: In tasks involving rapid state transitions or

overlapping cognitive/motor processes, baseline-based ERD/ERS may conflate distinct neural

22



events if they occur close to or within the reference interval.

(7) Single-trial Infeasibility and Averaging Bias: Traditional ERD/ERS estimation is often in-

feasible at the single-trial level due to high trial-by-trial variability and low Signal-to-Noise

Ratio (SNR). Consequently, multiple trials are averaged to improve stability, which introduces

the risk of contaminating the averaged signal with unrelated or artifact-laden trials, thereby

reducing the fidelity of the neural response representation.

(8) Limited Applicability for Real-Time Analysis: The dependence on trial averaging and pre-

defined baseline intervals makes the conventional ERD/ERS approach poorly suited for real-

time applications. Even in offline analysis, baseline selection must be manually adjusted

for each condition or dataset, significantly increasing preprocessing complexity and analysis

time.

These limitations collectively motivated our adoption of the CPSD framework. By eliminating

baseline dependency and directly tracking absolute, cumulative changes in spectral power, CPSD

inherently avoids the structural biases of conventional ERD/ERS analysis and enables more robust

characterization of dynamic neural states.

2.4 Summary

This chapter outlined the theoretical foundations of EEG signal processing, characterized the

functional relevance of different frequency bands, and examined the neurophysiological signatures

of ERD/ERS, and MI. Understanding these underlying mechanisms and features is crucial for de-

signing and interpreting EEG-based BCI systems. The insights presented here form the basis for

the subsequent methodological approach. In the next chapter, we detail the specific experimen-

tal paradigms, signal processing pipelines, and classification strategies used to investigate neural

decoding of motor intention and cognitive states.
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Chapter 3

Methodolgy

In this chapter, we introduce the Cumulative Power Spectral Density (CPSD) in the Beta and

Gamma bands. As stated in the previous chapters, the CPSD is proposed to address the com-

mon challenge of ERD/ERS-based approaches and avoid requiring frequent baseline recalcula-

tions. More specifically, the primary features for classification were based on the CPSD computed

separately for the Beta (13 − 30 Hz; extracted from motor-related EEG channels) and Gamma

(30−70 Hz; extracted from non-motor channels) frequency bands. For each trial, a sliding-window

approach was used to capture the temporal evolution of spectral power preceding the movement or

imagery cue. Specifically, windows of varying lengths (ranging from 0.05 seconds up to 1.0 second

in increments of 0.05 seconds) were slid across the post-cue interval, starting from 0.0 second and

ending at 1.5 seconds relative to cue onset.

Within each epoch, CPSD values were calculated for every window position and size combina-

tion, providing a detailed time-resolved feature set for subsequent analysis. For each task, frequency

band, and transition type, we identified the optimal window size and time interval for distinguishing

between states (e.g., movement initiation vs. rest or imagery vs inhibition) using Receiver Op-

erating Characteristic (ROC) curve analysis. The optimal discrimination threshold for CPSD was

determined via maximization of Youden’s J statistic, which balances sensitivity and specificity. This

process enabled the adaptive selection of both the most informative time window and the threshold

for classification on a per-epoch basis. All calculations were performed separately for each subject,

channel, task, and condition, allowing for individualized adaptation to inter-subject variability and
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task-specific neural dynamics. The resulting feature sets were then used as input for classification

models designed to decode intentional versus unintentional motor actions based on EEG signals.

3.1 Dataset and Experimental Paradigm

For model development and evaluation purposes, we used the PhysioNet EEG Motor Move-

ment/Imagery Dataset [87]. A total of 109 healthy adults participated in the experiment, each

undergoing a standardized Go/No-Go and motor imagery task protocol. High-density EEG was

recorded throughout all sessions using a 32-channel cap with standard 10-20 electrode and sam-

pling rate of 160Hz.The following EEG channel sets are included

• Motor Channels: C3, Cz, C4, C1, C2, CP3, CPz, CP4, FC3, FCz, FC4

• Non-Motor/Cognitive Channels: Fz, F3, F4, F1, F2, AF3, AFz, AF4, Fp1, Fpz, Fp2, Pz, P3,

P4, P1, P2, POz, Po3, Po4, Oz, O1, O2, Iz, T7, T8, T9, T10, Tp7, Tp8, FCz, CPz, Poz

In total, the dataset comprised of 39, 240 valid transition samples (i.e., 109 subjects ×12 runs ×30

samples per run), which provides sufficient statistical power for reliable group-level analysis.

Participants performed 4 task types (referred to as Task1-Task4), covering left/right/both hand

and both foot motor imagery as well as execution, with embedded Go/No-Go paradigms. Each

trial consisted of a visual cue, a preparatory period, and an execution or suppression period. Each

experimental session consisted of a series of cue-based tasks, including both MI and ME conditions.

Tasks were organized as four distinct blocks (Task1-Task4), with specific assignments for ME/MI

and response hand (left/right) according to the experimental protocol. Each subject participated

in multiple runs, with task order either pseudo-randomized or counterbalanced to avoid sequence

effects.

Cues were presented at fixed time points within each trial (typically at t = 0 seconds), and the

trial structure included a pre-cue baseline window (e.g., −1.5 sec. to 0 sec.) and a post-cue period

(e.g., 0 sec. to +1.5 sec.) to capture both preparatory and execution-related brain activity. The

duration of each trial was set to 4 seconds, including inter-trial intervals for baseline stabilization. In

this dataset, the majority of neural activity related to motor preparation and execution is concentrated
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in the post-cue interval. Prior to the cue onset, participants had no explicit knowledge of when the

cue would appear. However, as the experiment progressed, repeated exposure appeared to enable

some subjects to implicitly anticipate the cue timing, as reflected in their neural patterns. The

critical interval for motor planning and decision-making is, therefore, embedded in the post-cue

period, with task-relevant processes emerging primarily after the zero seconds mark.

Event markers include the onset and offset of baseline (T0), the first cue (T1), and the second

cue or movement event (T2). Table 3.1 provides an overview of task/event definitions. These were

extracted from the event annotation files provided with the dataset. These markers enabled precise

segmentation of each trial into well-defined epochs, with automated mapping of behavioural labels

(Go/No-Go, MI/ME) for every transition period (e.g., T0 → T1, and T0 → T2) as well as steady-

state intervals. The data structure was managed at the level of subject, run, task, and channel, with

epoch extraction and label assignment handled through automated Python code (e.g., using MNE-

Python and custom scripts). Sliding window approaches were systematically tested, with window

length and threshold parameters empirically optimized for each subject, task, and frequency band

to accommodate individual variability and neural dynamics.

Throughout the experiments, careful consideration was given to the selection of cue timing,

epoch window length, and transition definitions, with each choice grounded in both prior literature

and data-driven validation during code development. Transition periods are characterized by rapid

neural changes following cue onset. Steady-state periods reflect sustained cognitive or motor en-

gagement. Both were separately analyzed to differentiate between dynamic and stable neural states.

The main transitions analyzed in this study included response-related transitions (T0 to T1 and T0 to

T2), which correspond to movement or imagery initiation, as well as inhibition-related transitions

(T1 to T0 and T2 to T0), which reflect the return to baseline or suppression of action.

3.1.1 Preprocessing and Epoch Segmentation

For each experimental trial, continuous EEG recordings were segmented into epochs spanning

from −1.5 s to +1.5 s relative to the onset of the movement cue. Such a windowing approach is

chosen to ensure that both preparatory neural activity and the critical transition dynamics surround-

ing the cue were fully captured. Specifically, the pre-cue interval (−1.5 s to 0 s) largely reflects
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Table 3.1: Task and Event Label Definitions: Description of experimental tasks and event labels used for
analysis. T0 corresponds to baseline or preparatory (no movement/imagery) periods. T1 and T2 represent two
different actions within each task block.

Task Description T0 (Baseline/rest) T1 (Action1) T2 (Action2)
Task1 Left/Right Fist (MI) Rest Left Fist Execution Right Fist Execution
Task2 Left/Right Fist (ME) Rest Left Fist Imagery Right Fist Imagery
Task3 Both Fists/Feet (MI) Rest Both Fists Execution Both Feet Execution
Task4 Both Fists/Feet (ME) Rest Both Fists Imagery Both Feet Imagery

T0: Baseline/rest period. T1: First movement/imagery. T2: Second movement/imagery.

sustained or baseline states, characterized by repeated or stable patterns of neural activity, with only

limited involvement of motor planning. In contrast, the post-cue window (0 s to +1.5 s) encom-

passes the period where genuine state transitions, motor planning, and decision-making processes

are most evident. The boundaries for epoch extraction were determined based on both previous

literature and our own empirical inspection, ensuring that essential event-related features including

readiness potentials and ERDs were not treated in our analyses.

To ensure high data quality and minimize contamination from non-neural sources, we applied

a multi-step pre-processing pipeline. First, Independent Component Analysis (ICA) was employed

to identify and remove components attributable to ocular, muscular, or other physiological artifacts.

This was complemented by bandpass filtering, restricting the signal to the 13−70 Hz range in order

to focus the analysis on the Beta and Gamma bands, which are of particular relevance for motor

and cognitive processes. Our selection of this frequency range reflected both established findings in

the literature and clear patterns of Beta/Gamma activity that emerged in preliminary analyses of our

dataset.

After pre-processing, each continuous epoch was further divided according to predefined task

transitions and experimental conditions, such as response (T0 → T1, T0 → T2) and inhibition

(T1 → T0, T2 → T0) intervals. This segmentation approach enabled a precise comparison of

neural activity across diverse states including baseline, motor planning, execution, and inhibition

phases. After segmentation, each run yielded 30 labeled transition trials (T0 → T1, T0 → T2,

T1 → T0, T2 → T0), resulting in a total of 39, 240 trials (109 subjects × 12 runs × 30 samples per

run). All steps were automated to ensure consistency in event marker extraction, epoch boundary

definition, and label assignment, reducing potential bias and improving reproducibility. Throughout
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Figure 3.1: Illustration of cumulative power spectral density (CPSD) extraction from EEG time series. Left:
Power spectral density (PSD) values are calculated over short, sliding windows within the EEG signal (ex-
ample window highlighted). Right: The corresponding CPSD curve is generated by cumulatively summing
the PSD values across time. The horizontal dashed line represents a predefined threshold; the point where
the CPSD curve crosses this threshold is used to define an event boundary (e.g., movement initiation). This
schematic demonstrates the core principle of our analysis: neural activity is quantified by integrating spectral
power within task-relevant frequency bands (e.g., beta, gamma) until a threshold is reached, enabling data-
driven identification of transitions between cognitive or motor states.

this process, parameter choices such as epoch length, filter settings, and artifact rejection criteria

were iteratively optimized through both data-driven validation and reference to established methods

in the EEG literature. All analyses were performed at the subject, run, and task level, allowing for

both within- and between-subject comparisons. The main objective of the designed preprocessing

framework is to ensure that subsequent feature extraction and classification analyses would be based

on robust, and physiologically meaningful signals.

3.2 Feature Extraction and Adaptive Thresholding

3.2.1 Adaptive Thresholding

Classifying neural states from EEG signals, particularly the distinction between voluntary motor

intention and motor inhibition, presents a significant challenge due to the inherently noisy and high-

dimensional nature of EEG data. Accurately determining decision boundaries is complicated by

substantial variability across subjects, sessions, and experimental conditions. A central issue is the

selection of a robust decision threshold for continuous neural features, such as the targeted Beta and
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Figure 3.2: Example of Adaptive thresholding.

Gamma band power, that can reliably separate classes despite these individual differences.

Adaptive (relative) thresholding addresses these challenges by dynamically adjusting the cutoff

based on the empirical feature distribution within each experimental group (Task × Transition ×

Band). In our approach, thresholds are set using group-based statistics, enabling flexible adapta-

tion to both intra-subject and inter-subject variability. This data-driven strategy allows the decision

boundary to automatically account for biological differences and session-specific signal variations,

improving the reliability of EEG-based classification in highly variable experimental conditions.

Our analysis demonstrated that both absolute and adaptive (relative) threshold values for distin-

guishing motor states were remarkably stable and consistent within each experimental group. These

findings provide strong evidence that cumulative Beta/Gamma CPSD features are inherently robust

and reliable for EEG-based group-level segmentation. The reproducibility and alignment of thresh-

olds across both absolute and adaptive schemes highlight the practical utility of adaptive threshold-

ing for real-world BCI applications and neurophysiological research. By leveraging the inherent

structure of within-group feature distributions, adaptive thresholding enables robust classification

performance even under conditions of substantial biological and experimental heterogeneity.
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3.2.2 Feature Extraction and CPSD

Let xi(t) denote the raw EEG signal for trial i at time t. To quantify oscillatory activity within

a particular frequency band B (e.g., Beta or gamma), we first transform the signal into the time-

frequency domain using a method such as the Short-Time Fourier Transform (STFT) or the Morlet

wavelet transform, i.e.,

Xi(t, f) = T [xi(t)] , (7)

where T represents the time-frequency transform operator and f denotes the frequency component.

The spectral power is then given by |Xi(t, f)|2. For each trial, we define the CPSD over a frequency

band B and temporal window W = [t1, t2] as follows

CPSDi(B,W ) =

∫ t2

t1

∑
f∈B
|Xi(t, f)|2

 dt, (8)

which represents the cumulative energy within the specified frequency band and time interval.

Window Optimization: For each experimental transition (e.g., T0 → T1), the optimal accumula-

tion window [t∗1, t
∗
2] was determined using a fully data-driven procedure designed to maximize the

classification performance. The sliding window procedure is implemented as follows

(1) Candidate Windows: All possible windows of length w ∈ W (e.g., 0.05 s to 0.5 s in steps of

0.05 s) were considered, sliding from the earliest time point tmin (e.g., 0.0 s before cue onset)

to the latest tmax (e.g., 1.5 s).

(2) Feature Extraction: For each candidate window Wj = [t1,j , t2,j ], CPSD features are com-

puted for all trials as in Eq. 8.

(3) Threshold Selection: For each candidate window, we applied the ROC curve analysis and

selected the optimal threshold using Youden’s J statistic (see Fig. 3.2).

(4) Classification Performance: Using the optimal threshold for each window, classification

accuracy is computed via cross-validation.
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(5) Optimal Window: The window W ∗ = [t∗1, t
∗
2] that achieved the highest mean classification

accuracy across all folds was selected as the optimal accumulation window for that transition

and frequency band.

Formally, for each candidate window Wj , the process can be summarized as follows

accj = max
θ

Accuracy (y, CPSD(B,Wj) ≥ θ) , (9)

where y denotes the binary class labels, and the argmax is taken over all candidate thresholds θ.

The final optimal window W ∗ is therefore given by

W ∗ = arg max
Wj∈W

accj . (10)

Such a sliding window search ensures that the selected window is maximally informative for dis-

tinguishing the target classes, and that both the length and temporal position of the window are

empirically tailored to each transition and frequency band.

3.2.3 Threshold Selection via ROC and Youden’s J Statistic

The goal is to determine an optimal threshold θ∗ that best separates the two classes, given the

CPSD feature vector for all NT trials in a group, C = [c1, c2, . . . , cNT
], and corresponding binary

class labels yi ∈ {0, 1}. The ROC analysis was performed for each candidate window to evaluate

the trade-off between True Positive Rate (TPR) and False Positive Rate (FPR) across a range of

threshold values. The optimal threshold was selected using Youden’s J statistic, which identifies

the point on the ROC curve that maximizes the difference between true positive and false positive

rates. This threshold θ∗ was then applied to compute classification accuracy and intention score

metrics for the corresponding CPSD features.
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Receiver Operating Characteristic (ROC) Curve

For each candidate threshold θ, predictions are computed as follows

ŷi =


1, if ci ≥ θ

0, otherwise
. (11)

For each threshold, we calculate the sensitivity (TPR) and specificity (TNR), and construct the ROC

curve by plotting TPR against the FPR (FPR = 1− TNR).

Youden’s J Statistic

To determine the threshold that maximizes the separability of the two classes, Youden’s J statis-

tic is used, which is defined as follows

J(θ) = TPR(θ) + TNR(θ)− 1 = Sensitivity + Specificity − 1. (12)

The optimal threshold is then given by:

θ∗ = argmax
θ

J(θ) (13)

This optimal value can be efficiently computed using standard functions such as sklearn.metrics

.roc_curve followed by an array argmax operation.

Empirical Findings

A systematic analysis of the threshold distributions revealed a striking and highly consistent

pattern across all groups (Task × Transition × Band): thresholds associated with high classifica-

tion accuracy (≥ 0.85) were almost invariably located at or near the mean or the maximum value

within each group’s distribution. Optimal discrimination between neural states can be consistently

achieved by selecting thresholds based on their relative location within the group distribution, thus

minimizing the influence of inter-individual or cross-session variability.

These findings validate applicability of proposed the adaptive thresholding approach. Adjusting
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classification boundaries to within-group statistics ensures both high accuracy and reproducibility,

independent of raw feature scaling or baseline shifts. This empirical relationship underpins the

reliability of the cumulative CPSD features for EEG segmentation and highlights the practical im-

portance of employing group-relative criteria for real-world BCI applications.

3.2.4 Adaptive Thresholding Implementation

Let G denote the group index (e.g., Task × Transition × Band), and i the trial index within that

group, the CSPD feature for the ith trial is calculated as follows

CPSD feature for trial i: ci,G =

∫ t∗2

t∗1

∑
f∈B
|Xi(t, f)|2

 dt (14)

where B is the frequency band of interest (e.g., Beta or Gamma), [t∗1, t
∗
2] is the optimally selected

window for that group, and Xi(t, f) is the time-frequency representation (e.g., Morlet transform)

of the EEG signal. Suppose in Task 2, T0 → T1, Beta band, the distribution of optimal thresholds

across subjects is:

Θ = [0.23, 0.21, 0.24, 0.22, 0.23, 0.20, . . . ]

The group mean and standard deviation are µΘ = 0.222 and σΘ = 0.014. To implement the

adaptive theresholding method for a new subject, the following steps are followed:

• Compute the trial’s CPSD value, ci,G, within the selected window and frequency band.

• If ci,G ≥ 0.222 , predict movement intent (Class 1).

• Otherwise, classify as non-movement (Class 0).

This approach allows classification boundaries to be flexibly adapted to the empirical distribution

of each group, ensuring robustness to individual and contextual variability in neural features.

3.2.5 Subject-Level Feature Distribution Analysis

Before proceeding to transition and task-level comparisons, we first examined the distribution of

key CPSD-based features to verify their stability and suitability for group-level analysis. Although
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Figure 3.3: Task 1 & 3 (Motor Execution Dominant).

inter-subject variability is an inherent characteristic of EEG data, the large-scale design of this study

(109 subjects × 12 runs, yielding 39, 240 transition trials) allows robust aggregation and reduces

the influence of subject-specific variability. For each subject and frequency band (Beta, Gamma),

the following metrics are computed across all transitions:

(1) Optimal Window Size (W ∗
s ): The time window length that maximized classification perfor-

mance during the sliding-window search procedure (to be discussed later in Section 3.2.6).

These values reflect the temporal dynamics of motor planning and decision-related activation

for each individual.

(2) CPSD Threshold Range (Θs): The set of thresholds obtained from ROC–Youden analysis

across candidate windows. This range provides a direct measure of the feature amplitude

required for successful motor state discrimination.

(3) Normalized CPSD Range: To account for inter-subject differences in absolute signal mag-

nitude, CPSD values are normalized by each subject’s baseline mean and standard deviation,
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Figure 3.4: Task 2 & 4 (Motor Imagery Dominant).

yielding a z-scored distribution approximately spanning 0 to 1. This relative scaling high-

lights the shape and variability of the feature independent of raw amplitude.

Aggregated results across 109 subjects confirmed that the distributions of optimal window size and

CPSD thresholds were both narrow and consistent, indicating that the core features are robust to in-

dividual differences. This finding justified the use of group-level statistics for subsequent transition

and task analyses, as presented in Sections 3.2.8 and 3.2.9. Representative subject-level variability

is also provided to illustrate the range of individual differences without distracting from the group-

level trends emphasized in the main text.

3.2.6 Motor Execution vs Motor Imagery Transition Analysis

A key objective of this study was to differentiate neural dynamics between motor execution

(ME; Tasks 1 and 3) and motor imagery (MI; Tasks 2 and 4), and to identify the typical transition

point from baseline to active motor states. To achieve this, each trial was aligned to the onset of
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the movement cue, and the continuous EEG signal was divided into a pre-cue interval (−1.5 s to

0 s) and a post-cue interval (0 s to +1.5 s). The pre-cue window primarily reflects baseline or

sustained cognitive states, characterized by stable or repetitive neural patterns with minimal motor

involvement. Because the cue onset at 0 s is unpredictable to the subject, genuine state transitions,

including motor planning and decision-making leading to ME or vivid MI, occur exclusively in the

post-cue window (0–1.5 s).

Within each interval, the CPSD features are computed for the Beta (13–30 Hz) and Gamma

(30–70 Hz) bands. The Beta band was primarily associated with motor cortex activation and senso-

rimotor desynchronization, whereas Gamma band activity was interpreted as reflecting higher-level

intention, cognitive engagement, and decision-related neural processes. This frequency-specific

approach allowed us to distinguish motor-dominant activations from higher-order intention-related

responses. By comparing CPSD across the two intervals and task conditions, we were able to de-

termine the typical transition point at which baseline activity shifted toward active motor states.

For ME trials, this transition was characterized by a rapid beta-band desynchronization and a con-

current rise in Gamma-band power, indicating early and robust motor planning. In MI trials, the

transition was more gradual and attenuated, reflecting delayed and weaker engagement of the motor

system. This analysis provided a foundational understanding of how cumulative spectral features

capture the temporal evolution of voluntary motor intention, forming the basis for subsequent deci-

sion score computation.

3.2.7 Transition Complexity and Optimal Window Duration

To further investigate the temporal characteristics of motor-related neural dynamics, we exam-

ined the relationship between transition complexity and the optimal window duration identified by

our sliding-window CPSD analysis. In this study, transitions were categorized as either simple (T1)

or complex (T2) depending on the motor task configuration. T1 transitions typically involved more

elementary motor responses, such as single-limb or unilateral actions, whereas T2 transitions re-

quired more cognitively demanding or multi-limb coordination, introducing additional motor plan-

ning and decision-making processes.

For each transition type and frequency band (Beta and Gamma), the optimal window length
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W ∗ was determined by selecting the time window that maximized classification performance using

the procedure described in Section 3.2.6. This approach allowed us to capture the temporal span

over which cumulative spectral features most effectively discriminated between baseline and active

motor states. By comparing the mean optimal window duration for T1 and T2 transitions, we

evaluated whether complex transitions (T2) require longer temporal integration to achieve stable

classification. Although no numerical results are presented in this section, this methodological step

establishes the link between transition complexity and the temporal dynamics of motor planning,

which is further examined in the Results section.

3.2.8 Min-Max Scaling (Normalization)

Rationale: As stated previously, conventional ERD/ERS relies on a pre-cue baseline, which can

inject bias when the baseline itself carries condition-specific variance or session drift. To avoid

baseline dependency while preserving within-trial dynamics, we rescale cumulative spectral features

to a dimensionless range. Min–max scaling provides a monotone, baseline-free transformation that

is well-suited to single-trial decoding.

Definition: Given a time series x(t), e.g., CPSD in a specific band, the min–max normalized

signal xmm(t) is given by

xmm(t) =
x(t)− xmin

xmax − xmin + ε
, xmin = min

t
x(t), xmax = max

t
x(t), (15)

with a small ε > 0 (e.g., 10−12) to prevent division by zero. We apply Eq. (15) to the single-trial

CPSD, ci(t), yielding cmm
i (t) ∈ [0, 1].

Scope of scaling. Unless stated otherwise, min–max parameters (xmin, xmax) are computed per

trial and per band after channel aggregation (fixed motor/non-motor sets). This preserves each

trial’s temporal profile while removing absolute scale. For between-subject comparability we sub-

sequently use group-relative statistics on the resulting thresholds rather than enforcing a global

min–max. To further optimize normalization, we performed a sliding-window search across can-

didate window lengths, selecting the window that yielded the highest classification accuracy. For
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each selected window, the maximum and minimum PSD values were extracted directly from the

time series without additional pre-processing. For both Beta and Gamma bands, min–max values

were obtained using the same sliding-window procedure, extracting the highest and lowest PSD val-

ues within the selected window. For the Gamma band, these values were computed separately for

each transition type to preserve transition-specific spectral variability, whereas for the Beta band,

a single set of global max–min values was derived across all transitions to ensure consistency in

scaling as shown in Fig. 3.2. Because min–max scaling normalizes the stacked power per unit time

to a dimensionless range, baseline offsets are inherently removed and the resulting values reflect the

relative level of activity. This allows data from different participants to be combined for statistical

analysis without introducing bias from inter-subject baseline differences.

Interaction with Adaptive Thresholds: The dynamic boundary used for decoding is defined on

the normalized CPSD is given by

θ(t) = µw

(
cmm
i

)
(t) + κσw

(
cmm
i

)
(t), (16)

where µw(·), σw(·) denote rolling mean and standard deviation over band-specific windows (beta:

0.10–0.20 s; gamma: 0.05–0.10 s), and κ is fixed a priori (e.g., κ=1.0). Because cmm
i (t) ∈ [0, 1],

θ(t) becomes scale-invariant and insensitive to amplifier gain, impedance changes, or session drift.

Real-time and Leakage Considerations: For online decoding, global min/max must be esti-

mated without future information. Two practical options are: (i) Rolling min/max with a long

horizon and exponential forgetting, or; (ii) Session-Initial Calibration using a short neutral period

followed by frozen (xmin, xmax).

Advantages: Min–max scaling inherently suppresses mid-range variability when xmax is dom-

inated by short bursts, emphasizing transient high-power events while reducing the influence of

less relevant fluctuations. This property can be further controlled by capping extreme values, as

in Eq. (15). Moreover, by normalizing each participant’s data to their own max–min range, inter-

subject differences in absolute amplitude are removed, allowing direct statistical comparison across
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Figure 3.5: Beta-band comparison of baseline-free CPSD (solid lines) and conventional ERD/ERS (dotted
lines) for response (blue) and inhibition (red) transitions. CPSD maintains consistent scaling across the trial
without baseline recalculation, yielding more stable separation between conditions, whereas ERD/ERS values
fluctuate with baseline shifts.

individuals using group-relative threshold metrics.

3.2.9 Baseline-Free CPSD Compared to Conventional ERD/ERS.

In what follows, we highlight potential advantages of the proposed CPSD-based approach

against the conventional ERD/ERS-based methods:

(1) Baseline-Free Decoding: The CPSD-based approach operates entirely without pre-cue base-

line correction, eliminating the baseline-dependency inherent to ERD/ERS methods and avoid-

ing baseline contamination or temporal distortion of onset/offset dynamics.

(2) Reduced Inter-Subject Variability & Cross-Band Consistency: The Min–max normalization

combined with cumulative accumulation produces a stable, dimensionless scale, enabling

direct comparability across participants. Mapping each band to the same [0, 1] range allows

the same adaptive rule (e.g., identical κ in Eq. (12)) to be applied across Beta and Gamma

bands despite large differences in their absolute power scales.

(3) Enhanced Temporal & Spatial Resolution: The CPSD-based approach accurately captures
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Figure 3.6: Gamma-band comparison of baseline-free CPSD (solid lines) and conventional
ERD/ERS

brief, localized spectral changes associated with motor transitions, improving sensitivity to

subtle neural dynamics.

(4) Robust Single-Trial Performance: Accumulated spectral power preserves trial-specific tem-

poral profiles while reducing sensitivity to noise, making it inherently more stable than rela-

tive power change rates and allowing reliable decoding from individual trials.

(5) Computational Efficiency: The algorithm is lightweight and well-suited for deployment in

real-time BCI systems without requiring extensive pre-processing or recalculation of base-

lines.

(6) Intuitive Threshold-based Classification: Normalized CPSD values yield clear and inter-

pretable decision boundaries for motor state detection.

(7) Elimination of ERD/ERS Ambiguity: By tracking cumulative power change over time,

CPSD avoids the interpretational uncertainty between desynchronization (ERD) and synchro-

nization (ERS) events, focusing instead on the net spectral power evolution.
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3.3 Summary

In this chapter, we introduced the CPSD in the Beta and Gamma bands. Within each epoch,

CPSD values are calculated for every window position and size combination, providing a detailed

time-resolved feature set for subsequent analysis. For each task, frequency band, and transition

type, we identified the optimal window size and time interval for distinguishing between states

(e.g., movement initiation vs. rest or imagery vs inhibition) using ROC curve analysis. The opti-

mal discrimination threshold for CPSD was determined via maximization of Youden’s J statistic,

which balances sensitivity and specificity. Visually, ERD/ERS and CPSD often appear similar (cf.

Fig. 3.5 and Fig. 3.6), but they differ in both semantics and operability. ERD/ERS quantifies relative

band-power changes with respect to a pre-cue baseline, whereas CPSD accumulates absolute band-

limited power and then maps it to [0, 1] via min–max scaling using fixed extrema saved from the

signal (per trial or per-session calibration). The baseline dependence of ERD/ERS requires repeated

reference-window handling, which often hinders real-time deployment and, in practice, has led to

predominantly offline use despite its merits. By contrast, CPSD is baseline-free and, when paired

with min–max scaling and an adaptive decision rule, inherently accommodates inter-individual vari-

ability, enabling a practical replacement for ERD/ERS in single-trial, post-cue decoding and sup-

porting real-time operation. In our implementation (discussed next in Chapter 4), min–max scaling

transforms CPSD into a bounded, baseline-free representation that aligns with our single-trial, post-

cue decoding paradigm. Combined with the adaptive threshold rule in Eq. (16) and group-relative

selection, the method delivers robust performance across subjects and sessions while avoiding the

recognized limitations of baseline-normalized ERD/ERS.
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Chapter 4

Results

This chapter presents the experimental results obtained using the proposed CPSD-based feature

extraction and adaptive thresholding framework. The findings validate the methodology introduced

in Chapter 3 by demonstrating its effectiveness in classifying Motor Execution (ME) and Motor Im-

agery (MI) states, and in revealing the temporal and spectral dynamics underlying neural state tran-

sitions. Importantly, the analysis also quantifies the CPSD levels at which motor intention emerges,

providing a data-driven basis for identifying intention onset thresholds.

4.1 Dataset Summary and Trial Statistics

The utilized dataset consisted of a total of 109 healthy adult subjects, each completing 12 record-

ing runs as part of the standardized ME and MI task protocol. After pre-processing and epoch

segmentation, each run yielded 30 labeled transition trials corresponding to the four primary tran-

sitions:

T0 → T1, T0 → T2, T1 → T0, and T2 → T0.

This resulted in a total of 39,240 valid trial samples across all subjects (109 subjects × 12 runs ×

30 trials/run), providing a large-scale dataset for statistically robust analysis. For clarity, Table 4.1

summarizes the total number of samples for each transition type. These counts reflect the aggregated

data across all subjects and runs after artifact rejection and pre-processing. Analyzing based on such

an extensive dataset ensures that both transition-level and task-level analyses can be conducted with

42



Table 4.1: Number of valid trials per transition type across all 109 subjects.

Transition Type Number of Trials
T0→ T1 9,810
T0→ T2 9,810
T1→ T0 9,810
T2→ T0 9,810

Total Trials 39,240

high statistical reliability. It also enables robust group-level aggregation, reducing the influence

of individual variability and enhancing the generalizability of the results presented in subsequent

sections.

4.2 Transition-wise and Task-wise Accuracy

To evaluate the discriminative capability of the proposed CPSD-based feature extraction and

adaptive thresholding framework, we computed classification accuracies at both transition-level

and task-level across the full 109-subject cohort.

Table 4.2: Transition-wise mean classification accuracy across 109 subjects.

Transition Mean Accuracy (%)

T0→ T1 88.2

T0→ T2 88.7

T1→ T0 90.6

T2→ T0 90.5

Overall Mean Accuracy 89.5

Transition-wise Accuracy

Each trial was classified according to whether its Beta or Gamma CPSD exceeded the subject-

specific threshold, as described in Section 3.2.5. The mean classification accuracy for each of the

four primary transitions is summarized in Table 4.2. All values represent the average across 109

subjects, aggregated over all 12 runs per subject. The results indicate that inhibitory transitions
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Table 4.3: Task-wise mean classification accuracy (aggregated across transitions).

Task Mean Accuracy (%)
Task 1 (ME: Left/Right Hand) 89.8
Task 2 (MI: Left/Right Hand) 89.4
Task 3 (ME: Both Fists/Feet) 89.4
Task 4 (MI: Both Fists/Feet) 89.5

Overall CPSD Feature Accuracy 89.5

(T1 → T0 and T2 → T0) tend to yield slightly higher classification accuracy than response transi-

tions (T0 → T1, and T0 → T2), likely due to the stronger beta-band desynchronization and Gamma

activation associated with motor termination and suppression.

Task-wise Accuracy

We next aggregated transitions by task type to examine whether ME and MI tasks differed in

classification performance. Tasks 1 and 3 correspond to motor execution, while Tasks 2 and 4

correspond to motor imagery. The average task-wise accuracy is shown in Table 4.3.

Transition × Task Accuracy Matrix

Figure 4.1 illustrates the accuracy matrix for all transitions and tasks, highlighting the stability

of the CPSD feature across both simple and complex transitions. Notably, inhibitory transitions in

motor execution (ME) tasks exhibited the highest accuracies, reflecting the pronounced Beta and

Gamma dynamics during active motor suppression. These results confirm that the proposed CPSD-

based framework can reliably distinguish motor and non-motor states across both motor execution

and motor imagery conditions, with overall accuracy exceeding 89%.

4.3 Sliding Window and Optimal Threshold Analysis

To characterize how motor-related EEG activity evolves over time, we evaluated the classifica-

tion performance of the CPSD feature as a joint function of sliding window length and its corre-

sponding optimal threshold across the 109-subject dataset. For each task and transition, multiple

candidate windows of varying lengths were systematically scanned, and the threshold yielding the
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Figure 4.1: Task 1-2 (unilateral hand movements).

highest classification accuracy was identified for each case. This approach enabled a detailed map-

ping of when, within the post-cue interval, intention-related neural dynamics were most discrimina-

tive.

As shown in Fig. 4.2, high-accuracy windows (solid blue bars) were most frequently concen-

trated between 0.30 s and 0.45 s after cue onset in both beta and gamma bands, indicating a con-

sistent temporal locus for peak intention-related activity across subjects. In contrast, low-accuracy

windows (red dashed bars) tended to occur later in the trial (>0.50 s), suggesting that extended ac-

cumulation periods may dilute intention-specific signals with unrelated or post-execution processes.

4.3.1 Optimal Threshold Distributions

Figure 4.1 shows the subject-level distributions of optimal CPSD thresholds for Task 1–2 (uni-

lateral hand movements) and Task 3–4 (bilateral hand and foot movements). Across all transitions,

shorter optimal windows were consistently observed when the underlying motor intention or tran-

sition point was particularly salient and time-locked. These brief windows often captured rapid,
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Figure 4.2: Window Distribution.

high-amplitude shifts in neural activity, suggesting that the strongest intention-related signatures are

temporally focused. In contrast, longer optimal windows tended to reflect more diffuse or sustained

motor-related processes, potentially integrating broader evidence but with less temporal specificity.

As illustrated in Figure 4.2, the red dashed lines in the T0_T2 and T0_T1 categories corre-

spond to pre-execution Motor Imagery (MI), demonstrating that intention-related dynamics can be

detected prior to overt movement onset. In contrast, the red dashed lines in the T2_T0 and T1_T0

categories reflect the return from active or imagery-driven states back to baseline, typically asso-

ciated with motor termination and event-related synchronization (ERS) rebound. Together, these

anticipatory and post-execution patterns confirm that CPSD-based thresholds are sensitive not only

to overt motor activity but also to covert preparation and recovery dynamics surrounding the transi-

tion.

This pattern indicates that the highest classification accuracy is achieved when the window

precisely aligns with intense, intention-driven neural dynamics, highlighting the temporal focality of

volitional motor transitions.These results confirm that adaptive thresholding successfully separates

motor-active from baseline states, while naturally accounting for inter-subject variability.

4.3.2 Sliding Window Size Optimization

Sliding window analysis revealed how classification accuracy varies as a function of window

length for beta and gamma bands. Short windows (0.05–0.10 s) captured the earliest transient bursts

of motor-related activity but were more susceptible to noise. Accuracy increased with longer win-

dows and plateaued beyond 0.20–0.30 s, suggesting that cumulative evidence over time stabilizes

the detection of motor intention. These trends highlight the complementary temporal dynamics of
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Figure 4.3: Task 3-4 threshold range.

the two bands: beta reflects sustained motor execution, while gamma captures short-lived, rapid

intention and decision-related bursts. Together, these patterns confirm that CPSD-based features

robustly track motor state transitions despite inter-subject variability.

Table 4.4: Mean optimal sliding window size (s) for Beta and Gamma bands across conditions (actual data).

Group / Condition Beta Gamma

Overall (all transitions) 0.12 0.10

ME (Task1,3, T0→T1/T2) 0.11 0.10

MI (Task2,4, T0→T1/T2) 0.11 0.10

Task 1 (T0→T1/T2) 0.12 0.10

Task 2 (T0→T1/T2) 0.11 0.11

Task 3 (T0→T1/T2) 0.11 0.09

Task 4 (T0→T1/T2) 0.10 0.10
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Figure 4.4: (Top row) Group mean intention scores for Beta (left) and Gamma (right) bands dur-
ing transient-point phases. The upper transitions (T0→T1, T0→T2) show higher intention scores
(∼0.07–0.08), whereas the return transitions (T1→T0, T2→T0) remain low (∼0.02–0.04), indicat-
ing reduced motor intention.

As shown in Table 4.4, regardless of frequency band, task, or transition type, the optimal values

are remarkably consistent, generally clustering around 0.10–0.11 s. This convergence was observed

across both motor execution and imagery conditions, as well as across all individual tasks and

transitions, with only minimal variation detected. Notably, Beta-band CPSD showed almost no am-

plitude difference between motor execution (T0 → T2) and motor imagery (T2 → T0) for equivalent

action-related transitions. This aligns with the notion that pure motor imagery rarely involves com-

plete motor suppression; involuntary micro-movements or subthreshold muscle activations can still

occur during vivid imagery, producing beta-band desynchronization patterns comparable to those

seen in actual execution.

These findings suggest that fixing the window size at approximately 0.10–0.11 s would be both

effective and justified for robust detection of motor intention across diverse conditions. The tempo-

ral consistency of these results further reinforces the generalizability and reliability of the CPSD-

based windowing approach, enabling standardized feature extraction without compromising dis-

criminative power.

4.3.3 Group-level CPSD

Here, we formatted the dataset under conditions where all trials were intentionally performed,

ensuring that both ME and MI tasks were carried out with deliberate engagement. Despite this

uniformity of intention, the CPSD distributions revealed a remarkable degree of consistency across
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Figure 4.5: (Bottom row) Group mean intention scores for Beta (left) and Gamma (right) bands dur-
ing steady-state phases (worst phase). Here, return transitions (T1→T0, T2→T0) show the highest
intention scores (∼0.15–0.17), while onset transitions (T0→T1, T0→T2) remain low (∼0.01–0.03),
suggesting intention maintenance rather than initiation.

categories. Fig. 4.4 shows the normalized CPSD values at the precise transient point of state change

(e.g., T0 → T1, T0 → T2, T1 → T0, T2 → T0). Here, normalization was applied to each subject’s

data to express values as a percentage of the individual CPSD range, allowing direct compari-

son across participants. The results indicate that intentional transitions consistently occurred when

CPSD values dropped to specific low-percentile thresholds. For example, in the Beta band, transi-

tion initiation was associated with values around 1–2% of the individual range, whereas Gamma-

band transitions occurred at slightly higher thresholds, typically, 3–4%. These values represent the

lower-bound spectral intensities required for intention emergence.

A complementary analysis of the distribution of intention scores (Fig. 4.6) revealed an ad-

ditional, striking convergence point: both beta and gamma bands showed a dense clustering of

transient-point values around the 7% percentile mark. Group-level statistics further showed that

93% of all transient points fell below the 10% mark, and, more importantly, that values below 7%

almost invariably corresponded to strong intention expression. While occasional individual-level

deviations were observed, the <7% range can be designated as a guaranteed intention zone, with

the 7–10% range representing a high-likelihood boundary.

In contrast, Fig. 4.5 depicts the steady-state CPSD values maintained after the transition. Here,
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Figure 4.6: Intention Score distribution.

CPSD values rise and stabilize at significantly higher levels than those at the transient point. Beta-

band steady states typically settled around 15–17% of the individual range, while gamma steady

states ranged from 12–17%, depending on the task and transition type. The stability of these values

across all tasks (Task1–Task4) and transitions highlights a robust motor-system settling point that is

largely invariant to whether the movement was real (ME) or imagined (MI). These categories can

be divided as follows:

• Beta band: Transition thresholds tightly clustered at≈1–2% CPSD, with steady-state plateaus

at ≈15–17%.

• Gamma band: Transition thresholds clustered at≈3–4% CPSD, with steady-state plateaus at

≈12–17%.

• Execution vs. Imagery: Comparable plateau values suggest that even vivid motor imagery

maintains subthreshold muscle activations or micro-movements sufficient to produce desyn-

chronization levels similar to actual execution.
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• Task Effects: Minimal variability across tasks indicates that these thresholds, plateaus, and

the 7% convergence point are not task-specific but instead reflect intrinsic properties of motor

intention dynamics.

Overall, these results show that CPSD-based thresholds and steady-state levels are both band-

specific and highly consistent. The emergence of a shared ≈7% intention convergence point in

both Beta and Gamma bands, coupled with the observation that 93% of all transitions occur below

10%, further strengthens the generalizability of this metric. Together, these properties provide a

reliable and standardized framework for identifying intention onset and maintenance in both ME

and MI, with immediate applicability to real-time BCI systems.

To visualize the group-level dynamics of motor intention, we computed the mean CPSD values

for each transition and represented them as heatmaps. These transition-specific heatmaps reveal

clear differences in spectral power across tasks and states, allowing for an intuitive comparison of

activation patterns associated with different motor and cognitive demands. In addition to spectral

features, we analyzed the distribution of intention scores derived from the CPSD-based classifica-

tion. The intention score distributions exhibited a clear separation between low and high clusters,

corresponding to baseline and intention-dominant states, respectively. This clustering supports the

robustness of the intention score as a metric for distinguishing between rest and active motor states

across subjects. Finally, direct visualization of Task 1,3 (motor execution) versus Task 2,4 (motor

imagery/inhibition) conditions further emphasized the differences in both CPSD and intention score

patterns. The intention score metric was computed by first determining the optimal sliding window

and adaptive threshold for each condition, then normalizing the resulting values to enable direct

comparison across transitions and tasks. This approach ensures that Intention Score is sensitive to

both the temporal dynamics (via window size) and activation threshold unique to each experimental

context.

When visualizing IS across all tasks (Task 1, 2, 3, 4), both Beta and Gamma bands showed clear

separation between post-cue movement or imagery states and the rest/inhibition conditions, con-

firming the effectiveness of the IS metric for distinguishing intention-driven states from baseline.

However, the beta band exhibited substantial overlap across all tasks, making it difficult to reliably

discriminate between different task conditions (e.g., overt movement vs. imagery). This limitation
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likely arises because even in motor imagery tasks, complete suppression of physical movement is

challenging, and subtle motor activity may still occur, blurring the distinction in beta-band activ-

ity. In contrast, the gamma band demonstrated much sharper separation, particularly in Task 1 and

Task 3 (motor execution conditions), where intention scores reached the lowest normalized val-

ues (darker colors in the heatmap), distinctly differentiating these from Task 2 and Task 4 (motor

imagery/inhibition). This result suggests that gamma-band dynamics provide a robust neural signa-

ture for voluntary, intentional motor execution (IC-ME) versus motor imagery (IC-MI), even under

conditions where behavioural control is imperfect. While the present approach cannot definitively

detect the complete absence of intention, it can reliably identify when intentional, controlled motor

execution or imagery has occurred.
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Chapter 5

Conclusion

This thesis introduced Cumulative Power Spectral Density (CPSD) in the Beta and Gamma

bands as a robust, and adaptive alternative. Unlike ERD/ERS, which requires frequent baseline

recalculations (e.g., every 2 seconds from the preceding 0.5 seconds), CPSD avoids fixed baseline

subtraction by using a sliding-window accumulation approach that updates its max–min reference

only when a new extreme PSD value is detected. The CPSD, therefore, preserves temporal dynamics

while minimizing the instability introduced by fluctuating baselines.

Key Findings: The following highlights key findings of this thesis research work:

• We demonstrated that CPSD analysis (presented in Chapter 3), combined with adaptive slid-

ing window and an adaptive thresholding, provides a robust framework for detecting tran-

sitions between Motor Execution (ME) and Motor Imagery (MI) at both subject and group

levels. Tested across 39, 240 EEG trials, Beta- and Gamma-band CPSD features consistently

emerged as stable and reliable intention markers, with strong statistical support for their gen-

eralizability.

• The proposed Intention Score (IS) method (presented in Chapter 4) enables precise, trial-wise

classification by incorporating subject-specific temporal dynamics and activation thresholds.

Such an adaptive approach effectively mitigates inter-individual variability, ensuring reliable

intention decoding for real-world Brain-Computer Interface (BCI) applications. Notably, MI
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thresholds were consistently lower than ME thresholds, particularly in the Gamma band, sug-

gesting that intention detection can be optimized by monitoring Gamma CPSD at the IC–MI

boundary. This enables BCI or assistive systems to respond exclusively to genuine intention,

even without overt physical movement.

These findings establish a practical and statistically validated foundation for intention-driven BCI

systems. By setting adaptive thresholds and leveraging CPSD-based intention scoring, it is possi-

ble to distinguish voluntary movement, motor imagery, and rest states with high reliability. The

observed convergence of intention thresholds across subjects further strengthens the feasibility of

applying this framework in clinical, rehabilitative, and next-generation interactive technologies.

Future Research Directions: Future research should extend this approach to multi-modal intention

detection by integrating EEG with complementary modalities such as EMG, and by investigating the

boundary between intention and non-intention under real-time feedback paradigms. Such advance-

ments will refine threshold calibration, enhance classification accuracy, and expand the functional

capabilities of adaptive, intention-driven neurotechnologies.
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