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Abstract

Electroencephalogram (EEG) provides valuable information about brain activities

and states in a non-invasive way, making it a crucial research area in human-

computer interaction (HCI). With the rapid advancement of artificial intelligence

(AI) technologies, EEG systems have increasingly harnessed the power of AI for

various clinical, entertainment, and social interaction applications. For example,

sleep staging systems combine EEG signals with deep learning to assist physicians

in the rapid diagnosis of sleep disorders. Driver monitoring systems employ EEG-

based deep neural networks (DNNs) to accurately detect driver fatigue, thereby

reducing the risk of car accidents. Additionally, robotic arm control systems use

DNNs to translate human thoughts, as reflected by EEG signals, into control sig-

nals, enabling disabled individuals to perform basic tasks such as drinking water

or moving objects.

Despite the significant progress driven by AI, models, particularly those based on

deep learning, remain largely unexplainable due to their black-box nature. This

lack of interpretability poses challenges in understanding and trusting the AI’s

decisions. Furthermore, these models are susceptible to both intentional and un-

intentional attacks, raising serious concerns about their robustness and reliability.

Addressing these issues is crucial for AI’s widespread adoption and safe deployment

in EEG systems. Researchers are actively exploring methods to enhance the in-

terpretability and robustness of AI models, ensuring they can provide reliable and

transparent support in critical applications. As the field evolves, these advance-

ments will be pivotal in realizing the full potential of AI-enhanced EEG systems

for improving human life across various domains.

A comprehensive literature review on interpretable and robust AI techniques for

EEG systems is presented in this thesis. It begins with an introduction to the

background knowledge of EEG signals. Next, it proposes a taxonomy of inter-

pretability, categorizing it into three types: backpropagation, perturbation, and

rule-based methods. Additionally, it categorizes robustness based on undesirable

vii
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factors into four classes: noise and artifacts, human variability, data acquisition in-

stability, and adversarial attacks. The literature review includes detailed analyses

and comparisons for each category. Finally, it identifies several critical challenges

for interpretable and robust AI in EEG systems and discusses their future direc-

tions. This literature review aims to guide researchers in understanding this field’s

latest advancements and future trends.

This thesis introduces a novel framework called the Hybrid Attention EEG Sleep

Staging (HASS) Framework, designed for cross-subject EEG sleep staging tasks.

HASS employs a spatio-temporal attention mechanism to adaptively assign weights

to inter-channel and intra-channel EEG segments based on the spatio-temporal

relationships of the brain during different sleep stages. Experimental results on

the MASS and ISRUC datasets demonstrate that HASS can significantly improve

typical sleep staging networks. HASS addresses the difficulties of capturing the

spatial-temporal relationships of EEG signals during sleep staging under cross-

subject scenarios and holds promise for improving the accuracy and reliability of

sleep assessment in both clinical and research settings.

Furthermore, this thesis introduces EENED and GlepNet, novel EEG-based archi-

tectures for neural epilepsy detection. To address the challenge of learning robust

global-local representations in epilepsy signals, EENED/GlepNet combines tem-

poral convolutional layers with a multi-head attention mechanism. This approach

enhances the performance of epilepsy diagnosis, potentially improving patient out-

comes. The utilization of Grad-CAM for interpretability further elevates its clini-

cal value, allowing healthcare professionals to validate and visually understand the

model’s diagnostic process. This advancement not only promises improved epilepsy

detection but also contributes significantly to neuropsychological research and the

application of machine learning in healthcare.

Additionally, an Interpretability-guided Channel Selection (ICS) framework is pro-

posed for the EEG driver drowsiness detection task. ICS provides a two-stage

training strategy to select the key contributing channels with interpretability guid-

ance progressively. ICS trains a teacher network in the first stage using full-head

channel EEG data. It then applies class activation mapping (CAM) to the trained

teacher model to highlight the high-contributing EEG channels and proposes a

channel voting scheme to select the top N contributing channels. In the second

stage, ICS trains a student network with the selected channels of EEG data for
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driver drowsiness detection. Experiments on a public dataset demonstrate that our

method significantly improves the performance of cross-subject driver drowsiness

detection.

Finally, by adopting relational thinking theory to transform raw EEG signals into

probabilistic graphs, this thesis improves the decoding performance for EEG emo-

tion classification tasks. The proposed method, the relational probabilistic graph

convolutional network (RPGCN), effectively models variations in potential emo-

tional states. RPGCN considers relationships among EEG channels and provides

interpretability by explaining recognition results consistent with cognitive neuro-

science findings. Extensive experiments demonstrate that RPGCN significantly

outperforms state-of-the-art approaches for EEG-based emotion recognition. The

interpretable modeling of EEG signals opens new possibilities for integrating brain

activity analysis to enable more intelligent and personalized human-computer in-

teraction.
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Chapter 1

Introduction

1.1 Background

Electroencephalogram (EEG) systems have long been established as fundamental

tools in neuroscience, neurology, and psychology, employed to measure the brain’s

electrical activity. By placing electrodes on the scalp, EEG systems capture the

brain’s spontaneous electrical activity, providing invaluable insights into various

neurological and cognitive processes. However, the vast and complex data produced

by these systems present significant analytical challenges, necessitating advanced

methods for effective interpretation.

In recent years, artificial intelligence (AI) has emerged as a transformative tool for

EEG data analysis. AI-driven algorithms have demonstrated remarkable efficiency

in processing large EEG datasets, detecting intricate patterns, and even predicting

neurological disorders or cognitive states. Despite these advancements, significant

challenges remain in the realm of AI-based EEG systems, particularly regarding

interpretability and robustness. FIGURE 1.1 provides an overview of the challenges

and needs in developing interpretable and robust AI EEG systems.

Interpretable AI: Traditional AI models, particularly deep learning models, are

renowned for their accuracy but often operate as opaque ”black boxes.” This lack

of transparency poses a significant concern in medical and neuroscientific contexts,

where understanding the rationale behind predictions is crucial. For example, in

diagnosing neurological disorders using EEG data, clinicians require not only an

1
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EEG Systems
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Figure 1.1: Overview of the challenges and needs in developing Interpretable
and Robust AI EEG Systems. The diagram illustrates the key components of
EEG systems, including data acquisition, pre-processing, feature extraction, and
classification. It highlights the challenges in creating robust AI models, such as
noise and artifacts, data acquisition instability, and human variability. Addi-
tionally, it emphasizes the need for interpretable AI, addressing issues related to
the black-box nature of models and understanding model behaviors and feature
representations. Feedback loops in the system are critical in refining EEG ap-
plications for improved accuracy and reliability.

accurate diagnosis but also a clear explanation of the underlying factors driving

that diagnosis. Interpretable AI seeks to address this issue by demystifying the

decision-making processes of AI models, thereby enhancing trust and usability in

clinical settings.

Robust AI: The inherently noisy nature of EEG data further complicates analysis.

Factors such as muscle movements, eye blinks, and external electrical interference

introduce artifacts into the data, potentially compromising the accuracy of AI

models. Robust AI models are designed to withstand such noise and artifacts,

ensuring consistent and reliable predictions even when confronted with suboptimal

data quality. The necessity for robustness becomes especially critical in real-world

applications, where the quality of input data can vary significantly.

The integration of AI into EEG systems also faces additional challenges, including

the non-stationary nature of EEG signals, individual differences in brain activity,
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and the vast diversity of potential cognitive states or conditions. These factors

contribute to the complexity of developing effective AI models for EEG analysis.

The non-stationary nature of EEG signals refers to the fact that brain activity

patterns can change over time and vary across different experimental conditions.

This variability makes it difficult to develop models that can consistently perform

well across different scenarios. Additionally, individual differences in brain activity

mean that models trained on one group of subjects may not generalize well to

other populations. To address these issues, researchers are exploring techniques

such as transfer learning and domain adaptation, which aim to improve model

generalization across different contexts.

Furthermore, the vast diversity of potential cognitive states or conditions that can

be reflected in EEG data adds another layer of complexity. Accurately classifying

and interpreting these states requires models that can capture subtle and complex

patterns in the data. This necessitates the development of sophisticated feature

extraction and representation learning techniques, which can effectively capture

the relevant information from the EEG signals.

This thesis aims to explore the intricate challenges and potential solutions asso-

ciated with creating interpretable and robust AI models for EEG systems. By

addressing these critical aspects, the research seeks to facilitate the development

of AI applications that are not only effective but also transparent and reliable.

The ultimate goal is to enhance the usability of AI-driven EEG systems in clini-

cal and research settings for innovative and impactful applications in neuroscience,

neurology, and psychology.

While AI offers promising prospects for enhancing EEG data analysis, ensuring

the interpretability and robustness of these AI models is of great importance. This

thesis aims to delve deep into the challenges and solutions associated with creat-

ing interpretable and robust AI models for EEG systems, hoping to facilitate the

development of more effective, transparent, and reliable novel applications.
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1.2 Motivations

The advent of AI-based EEG systems has created revolutionary opportunities

across various applications, from medical diagnostics to enhancing human-computer

interactions. Despite their potential, these systems often face criticism for their

”black-box” nature and instability in practical applications, limiting their relia-

bility and interpretability. These issues hinder the trust and acceptance of such

technologies and restrict their practical applicability and effectiveness in critical

domains such as healthcare and safety-critical systems.

This thesis is motivated by the urgent need to address these limitations by advanc-

ing the development of interpretable and robust AI techniques tailored explicitly for

EEG systems. Interpretability is crucial as it provides insights into the decision-

making processes of AI models, fostering user trust and enabling practitioners

to diagnose and refine the systems effectively. Robustness ensures the reliability

and stability of these systems across diverse and challenging real-world conditions,

which is essential for applications involving critical decision-making such as driver

fatigue detection, sleep staging, and emotion recognition.

The objective of this thesis is not only to contribute significantly to the theoretical

and methodological development of interpretable and robust EEG systems but

also contribute significantly for the practical application of these enhanced BCI

technologies. It seeks to unlock new possibilities for innovation in EEG system-

based BCIs, thereby expanding their applicability and effectiveness in improving

human lives.

1.3 Objectives

This thesis aims to address critical challenges in the integration of AI with EEG

systems, focusing on enhancing system robustness and developing self-interpretable

deep learning methods. Specifically, it seeks to understand how interpretable AI

techniques can be utilized to bolster EEG systems’ resilience against noisy data

and variability across sessions/subjects, thereby ensuring reliable analysis. Addi-

tionally, it explores the creation of inherently self-explanatory deep learning models

that provide insights into their decision-making processes, aiming to make AI in
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EEG systems more transparent and trustworthy. The ultimate goal of this the-

sis is to develop interpretable neural network architectures that not only mitigate

the impact of undesirable factors leading to performance decline but also deliver

superior and generalized decoding outcomes, thereby advancing the state of EEG

analysis and its applications in healthcare and neurotechnology.

1.4 Contributions of The Thesis

FIGURE 1.2 presents an overview of the targets and contributions of this thesis.

The objectives, the research areas, the proposed methods, the interpretability &

robustness aspects, and the conclusion are included. This thesis has made signifi-

cant contributions to this field. They include one comprehensive literature review

and five compelling series of approaches to tackle the critical challenges and fulfill

the needs in this area, as previously mentioned, and are listed as follows.

Objective 

Improving the performance and reliability of EEG systems by developing Al models that combine 
interpretability and robustness. 

会 ' • 会．

Research 
Areas 

Sleep Staging Epilepsy Detection Fatigue Detection Emotion Recognition 

曹 ｀

 

＊ ｀ 

The Proposed 
Methods 

Interpretability & 
Robustness Aspects 

Conclusion 

HASS EENED & GlepNet ICS RPGCN 

会 ｀

 

＊ 啊

(1) and (4) (1), (2) and (4)   (2) and (4) (2) and (3)

—
 

Combining interpretability and robustness in Al model design significantly improves the performance 
and reliability of EEG systems in various applications 

Interpretability and Robustness Aspects 

(1) Robust Feature Representation Mining
(2) Interpretable Feature Visualization
(3) Building Self-interpretable Model

(4) lnterpretability Guidance Model Design

Figure 1.2: Overview of the targets and contributions of this thesis.

I. The first contribution of this thesis is to provide a comprehensive

literature review focusing on the interpretability and robustness of AI

in EEG systems [1]. By highlighting the emerging techniques, it offers insight

into the latest trends in this research area. Also, it provides a glimpse into the
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enormous potential and implications for the broader field. The thesis serves as

an exhaustive guide for understanding, evaluating, and advancing the realm of

interpretability and robustness in EEG systems.

II. This thesis introduces the Hybrid Attention EEG Sleep Staging

(HASS) Framework for cross-subject EEG sleep staging tasks [2]. HASS

employs a spatio-temporal attention mechanism to adaptively assign weights to

inter-channel and intra-channel EEG segments based on the spatio-temporal rela-

tionships of the brain during different sleep stages. Experimental results demon-

strate that HASS can significantly improve typical sleep staging networks and ad-

dress the difficulties of capturing the spatial-temporal relationships of EEG signals

during sleep staging, promising improved accuracy and reliability of sleep assess-

ment.

• Robust Feature Representation Mining: Mine robust sleep staging fea-

ture via spatial-temporal dimension.

• Interpretability Guidance Design: Enhance features with high contribu-

tions via the hybrid attention mechanism.

III. This thesis introduces EENED [3] and GlepNet [4], novel EEG-based

architectures for neural epilepsy detection. These architectures combine

temporal convolutional layers with a multi-head attention mechanism to enhance

the accuracy and timeliness of epilepsy diagnosis. The utilization of Grad-CAM for

interpretability further elevates their clinical value, allowing healthcare profession-

als to validate and visually understand the model’s diagnostic process, potentially

improving patient outcomes and contributing to neuropsychological research.

• Robust Feature Representation Mining: Mine robust epilepsy feature

via convolution layers and multi-head attention components.

• Interpretable Feature Visualization: Apply Grad-CAM for interpretabil-

ity elevates their clinical value, allowing healthcare professionals to validate

and visually understand the model’s diagnostic process.

• Interpretability Guidance Design: Utilize both global and local infor-

mation in detecting epilepsy via time-series EEG signals.
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IV. This thesis proposes an Interpretability-guided Channel Selection

(ICS) framework for the EEG driver drowsiness detection task [5]. ICS

provides a two-stage training strategy to select key contributing channels with in-

terpretability guidance progressively. Experiments on a public dataset demonstrate

that the proposed method significantly improves the performance of cross-subject

driver drowsiness detection.

• Interpretable Feature Visualization: Apply the class activation mapping

(CAM) to highlight the high-contributing EEG channels.

• Interpretability Guidance Design: Design a channel voting scheme to

select the top N contributing EEG channels followed by the interpretable

feature guidance.

V. By adopting relational thinking theory, this thesis introduces the

relational probabilistic graph convolutional network (RPGCN) to im-

prove the decoding performance for EEG emotion classification tasks

[6]. RPGCN effectively models variations in potential emotional states by consid-

ering relationships among EEG channels and provides interpretability by explain-

ing recognition results consistent with cognitive neuroscience findings. Extensive

experiments demonstrate RPGCN’s superior performance for EEG-based emotion

recognition, opening new possibilities for integrating brain activity analysis into

intelligent and personalized human-computer interaction.

• Interpretable Feature Visualization: Model and visualize the weight of

the GCN’s input adjacency matrix as the emotion relation.

• Building Self-interpretable Model: Transform raw EEG signals into

probabilistic graphs, allowing effective modeling of potential emotional state

variations.

The contributions of this thesis are united by a shared focus on advancing in-

terpretability and robustness in EEG-based AI systems, addressing these founda-

tional challenges. Each work contributes to the overarching objectives of this work,

demonstrating how diverse approaches can be applied to tackle critical issues in

EEG research and applications. Collectively, these contributions form a framework
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that enhances the reliability and transparency of EEG models and bridges the gap

between theoretical advancements and practical implementations. By integrating

innovative methodologies and aligning them with neurophysiological principles, this

thesis advances the field of EEG-based AI systems, providing a unified approach

to addressing the complex demands of both research and real-world applications.

1.5 Organization of The Thesis

The organization of this thesis is summarized below. In Chapter 2, a comprehen-

sive review of related literature on interpretable and robust AI in EEG systems

is provided. In Chapter 3, the thesis analyze Hybrid Attention EEG based Sleep

Staging Framework, HASS, to achieve the robust cross-subject sleep staging per-

formance. The novel EEG-based architectures for interpretable neural epilepsy

detection, EENED as well as GlepNet, are presented in In Chapter 4. In Chapter

5, the thesis discuss the details of ICS for solving the cross subject issues in driver

drowsiness detection under interpretability guidance. Chapter 6 introduces the in-

terpretable RPGCN for EEG Emotion Recognition. Finally, Chapter 7 concludes

this thesis, and discuss the further plans and roadmaps for this research field.
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Chapter 2

Literature Review

2.1 Background

EEG provides valuable information about activities and states of the brain in

a non-invasive way, being one of the active research areas in human-computer

interaction (HCI). With the blossoming of recent AI technologies, EEG systems

have increasingly embraced the power of AI for various clinical, entertainment

and social interaction applications. For example, sleep staging systems combine

EEG signals with deep learning to assist physicians in rapid diagnosis [7]. Driver

monitoring systems employ EEG-based deep neural networks (DNNs) to accurately

detect driver fatigue to reduce the risk of car accidents [8]. Robotic arm control

systems use DNNs to translate human thoughts (reflected by EEG signals) into

control signals, helping the disabled perform basic tasks, such as drinking water

or moving objects [9]. Although significant progress has been made by AI, the

AI models (especially the deep learning-based ones) still remain unexplainable due

to their black-box nature and are also susceptible to intentional or unintentional

attacks, raising serious concerns for the interpretability [10, 11] and robustness [12]

of AI in EEG systems.

Interpretability refers to understanding why and how the AI models make decisions

and predictions. Specific to AI-based EEG systems, the interpretability allow re-

searchers to gain insights into EEG dynamics and the link between brain states and

cognitive functions, and also make it easier to identify potential biases and failure

This chapter is being prepared for further manuscript submission.

11



Chapter 2. Literature Review 12

modes of EEG systems. From another point of view, the interpretability can foster

user trust and acceptance of EEG systems, enabling users to build confidence in

the validity and value of EEG systems.

Robustness refers to the degree to which the decisions and predictions of AI models

are free from attacks and perturbations. Unlike traditional HCI data such as image,

audio and video, EEG data derived from brain tends to be noisy and variable

across individuals, resulting in a lower signal-noise ratio (SNR). This is because

EEG signals are easily interfered by biological and environmental artifacts (for

example, muscle movements, eye blinks, heartbeat, electrical devices, and so on),

and the same stimuli also evoke different EEG responses in different people which

has unique neural rhythms.

While the interpretability and robustness in AI based EEG systems have raised

serious concerns, and despite tremendous efforts made by researchers to address

them, an exhaustive survey summarizing the state of knowledge on these two crit-

ical topics remains lacking. There are surveys on interpretable and robust AI in

general, but none of them specifically focuses on EEG Systems. To fill this gap, in

this thesis we present a systematic literature review covering the following aspects.

We first introduce the background of EEG signals from the EEG categories, EEG

applications and EEG datasets. We then elaborate the interpretability and ro-

bustness of AI in EEG systems, respectively. For the interpretability, we clas-

sify the interpretable AI into three types from the implementation perspective

of interpretability methods. The first type is post-hoc methods based on back-

propagation, which obtains the contribution of the features to results by back-

propagating the prediction results. The second type is perturbation-based meth-

ods that explain initial models using local models trained with data perturbation.

The last type is rule-based methods, and it applies models based on logical rules

to make predictions. For the robustness, we categorize the robust AI into four

classes: signal-component-related, subject-related, device-related, and the latest

adversarial-attack-related challenges, covering all threats to the stability and secu-

rity of AI-based EEG systems in practical applications. Within each category, we

summarize the common features and shared methodologies, describe representative

works, and analyze their differences. Finally, we discuss the potential directions

for future research and propose practical suggestions.
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The contributions of this literature review are as follows:

• This is a comprehensive literature review focusing on the interpretability and

robustness of AI in EEG systems.

• We propose a novel taxonomy of interpretability and robustness for EEG

systems.

• We summarize and highlight the emerging and most representative inter-

pretable and robust AI works related to EEG systems.

2.2 Understanding EEG Signals:

Categories, Applications and Datasets

In this section, we provide an overview of the EEG paradigms, including EEG signal

categories, EEG signal applications and typical EEG datasets. The EEG paradigm

is a widely used approach in the field of BCI, and it involves measuring the brain’s

electrical activity through electrodes placed on the scalp. Compared with other

paradigms in BCI, such as the ECoG paradigm [13], the advantages of the EEG

paradigm include its non-invasive nature, high temporal resolution, and relative

ease of use. However, it has poor spatial resolution and is susceptible to interference

from external sources such as muscle activity. Despite these limitations, the EEG

paradigm continues to be a valuable tool in developing BCI technology.

2.2.1 EEG Signal Categories

EEG signals fall into three general categories: spontaneous EEG, evoked poten-

tials, and event-related desynchronization/synchronization (ERD/ERS). The spon-

taneous EEG do not involve external stimuli presented to subjects, while the evoked

potentials elicit the subjects’ EEG responses to specific external stimuli. In con-

trast, the ERD/ERS is stimuli-irrelevant, only reflecting subjects’ mental activities.

The EEG signal categories are shown in FIGURE 2.1.
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Figure 2.1: Summary of EEG Signal Categories.

2.2.1.1 Spontaneous EEG

The most widely used EEG, in general, is spontaneous EEG. It refers to the mea-

surement of brain waves obtained without external stimuli. Some common sponta-

neous EEG signals are obtained from the scenarios where test subjects are engaged

in experiencing fatigue and sleeping, suffering from a brain disorder (for example,

Autism, Seizure), and performing motor imagery (MI) tasks [14].

2.2.1.2 Evoked Potentials

Evoked Potentials (EPs), also called evoked responses, are EEG signals elicited

by non-spontaneous event stimuli. Depending on different kinds of stimuli, there

are two forms of EPs signals: event-related potentials (ERPs) and steady-state

evoked potentials (SSEPs). The ERPs record the EEG signals elicited by specific

and isolated stimulus events. While the SSEPs can reflect subjects’ perception

of pressure, touch, temperature and pain. On this basis, both ERPs and SSEPs

contain somatosensory, auditory, and visual potentials according to the subjects’

senses. All EPs signals, such as P300 [15], rapid serial visual presentation (RSVP)

[16], and error-evoked potentials, are more robust than spontaneous signals because

the amplitude and frequency of EPs are typically higher.
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2.2.1.3 Event-Related Desynchronization and Synchronization

The ERD/ERS reflects a relative power decrease/increase of EEG in a specific fre-

quency band during physical motor executions and mental activities. The ERD/ERS

does not require any external stimuli. However, to gather high-quality ERD/ERS

signals, participants must undergo lengthy training that may last several weeks. In

addition, the ERD/ERS signals are prone to fluctuate with different participants

and thus have low stability.

2.2.2 EEG Signal Applications

EEG signals have various applications. We list the six most typical applications

shown in FIGURE 2.2.
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Figure 2.2: Typical EEG Applications.

2.2.2.1 Sleep Monitoring

Sleep monitoring plays a crucial role in the early diagnosis and intervention of sleep-

related diseases. According to the sleep staging criteria proposed by the American

Academy of Sleep Medicine (AASM) [17], the complete sleep process can be divided

into three stages: wakefulness (W), non-rapid eye movements (NREMs), and rapid

eye movements (REMs). Different sleep stages are reflected in different prominent
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waveforms in EEG signals. For example, spindles and K-complex waveforms are

prominent features in the NREMs stage [18]. To save manpower and time, em-

ploying EEG signals for automatic sleep monitoring has gradually become a hot

research topic [19–21].

2.2.2.2 Seizure Detection

The characteristics of seizure activities can be observed from EEG signals, which

provide essential information about the type and severity of the seizure and help

identify the location of the seizure focus in the brain (for example, temporal lobe)

[22, 23]. The EEG signals are crucial for developing effective treatment plans and

monitoring the patient’s health condition.

2.2.2.3 Fatigue Detection

EEG signals can be used for detecting and monitoring fatigue, such as driver fatigue

[24, 25] and mental load fatigue. One common way is through spectral power

analysis, for which the changes in the power of different frequency bands can be

used as fatigue indicators. Another way is to analyze the ERPs. When fatigue

happens, the amplitude of certain ERPs (For example, P300) will decrease [26].

EEG signals can also be combined with other techniques, such as eye tracking and

reaction time tests, providing a more complete picture of the cognitive and neural

changes associated with fatigue.

2.2.2.4 Communication and Control

EEG signals representing human intent can be decoded into language or control

signals used to communicate with people or intelligent devices. A typical applica-

tion is the P300 speller, which enables users to type without any motor systems

and converts their intention into text [15, 27, 28]. Besides, some intelligent en-

vironment stuff can be linked to and controlled by EEG systems, for example,

assistive robots in smart homes. These applications can be achieved by detecting

SSVEP owing to the advantages of less training time, excellent recognition perfor-

mance, and high information translation rate (ITR) [29, 30]. Current research in
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this scenario focuses mainly on controlling robots [31–33], wheelchairs [32, 34], and

so on

2.2.2.5 Emotional Recognition

EEG systems can be applied to assess and understand changes in the brain related

to mental and physical states [35–37]. Studies have shown differences in the activity

of specific brain regions, such as the amygdala and prefrontal cortex, when a person

is experiencing fear or happiness. Activities in these brain regions are directly

reflected in the related EEG signals, which could be applied to mental health [38],

cognitive psychology [39], and affective computing research [11, 40].

2.2.2.6 Stroke Rehabilitation

Stroke has a high mortality rate and leads to long-term disability in up to 50% of

survivors. Therefore, motor rehabilitation is a top priority for post-stroke treat-

ment [41]. Unlike traditional stroke rehabilitation treatments, EEG systems do not

rely on patients’ residual motor ability. In contrast, EEG systems create a direct

communication pathway between the brain and an external device [42], bypassing

the traditional neuromuscular pathway. During EEG system-assisted rehabilita-

tion, the system collects the patient’s EEG signals and then decodes the patients’

motor intentions into commands through signal processing. These commands drive

the robotic device to move the patient’s paralyzed limb to complete the rehabil-

itation exercise. Studies have reported motor cortex activation in patients who

underwent EEG Systems-based rehabilitation and statistically significant improve-

ments in patients’ motor abilities during subsequent motor assessments [43, 44].

2.2.3 Typical EEG Datasets

The selection and utilization of datasets is a critical foundation of physiological

signal processing, greatly affecting the interpretability and robustness of derived

conclusions. Table 2.1 summarizes the public EEG datasets employed for various

tasks, including emotion recognition, fatigue detection, seizure detection, sleep

monitoring and motor imagery.
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For example, the emotion recognition task engages datasets such as Deap [45],

Dreamer [46], and ASCERTAIN [47], which incorporate various physiological sig-

nals, encompassing EEG, Electromyography (EMG), Electrocardiogram (ECG),

Galvanic Skin Response (GSR), Temperature (TEMP), and Respiratory (RSP).

These datasets cater to various age demographics and compile a substantial num-

ber of subjects, thereby augmenting the robustness of the analytic methodologies

applied. Likewise, fatigue detection and seizure detection tasks leverage diverse

datasets, underscoring the resilience and adaptability of the ensuing models.

Differently, sleep monitoring and motor imagery domains utilize multiple datasets

collated from a wide demographic range, reinforcing the inferred models’ broad

applicability. The comprehensive nature of these datasets buttresses the inter-

pretability of the findings by providing a detailed understanding of the behavior of

different physiological signals under an array of conditions.

The broad spectrum of datasets outlined in Table 2.1 underscores the extensive

application of these tasks across various ages and subject populations, highlighting

the inherent robustness of these approaches. Besides, these datasets contribute to

the interpretability by fostering a nuanced and comprehensive understanding of

the field, thus improving the transparency in physiological signal processing.

2.3 Interpretable AI in EEG Systems

AI interpretability refers to explaining the decisions and actions of AI models in

a manner that humans can understand. For interpretable AI in EEG systems, it

means the internal logic and workings of AI models conform to physiological prin-

ciples. For example, in motor imagery (MI) tasks, the EEG signals that contribute

to predictions are derived from electrodes around the motor cortex, as depicted in

FIGURE 2.3.

Interpretability is essential for EEG systems because it assesses whether the AI

model has learned physiologically meaningful features. Foremost, interpretability

allows checking whether the predictive logic of AI models conforms to specific

proven physiological rules, since the predictive accuracy scores of the AI models can

be deceptive. For example, in MI tasks, the model making decisions may pay more

attention to the noises generated by subjects’ involuntary muscle movements rather
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Table 2.1: Summary of public datasets used in EEG systems.

Task Dataset
Physiological

Signal
Subject
Number

Subject Age

ER

Deap [45] EEG, EMG ... 32 19− 37

SEED [48] EEG 15 Mean 23.27

SEED-IV
[49]

EEG 15 20− 24

SEED-V [50] EEG, SMI 20 N/A

Dreamer [46] EEG, ECG 23 20− 33

HCI-Tag [51] EEG, ECG... 30 19− 40

ASCER-
TAIN [47]

EEG, ECG ... 58 Mean 30

AMIGOS
[52]

EEG, ECG ... 40/37 N/A

Enterface 06
[53]

EEG, fNIRS 16 N/A

Imagined
Emotion [54]

EEG 31 18− 38

Fatigue Detection

MEDT [55] EEG 27 22− 28

DDDE [56] EEG 13 44.5∓ 18.8

FatigueSet
[57]

EEG, ECG ... 12 N/A

Seizure Detection

CHB-MIT
[58]

EEG 23 1.5− 22

Bonn
University

[59]
EEG 10 N/A

Freiburg
Seizure [60]

EEG 21
Adults and
Children

Helsinki
University

[61]
EEG 79 Infants

EPILEP-
SIAE [60]

EEG 275 N/A

Temple
University

[62]
EEG 80 6− 56

NMT [63] EEG N/A 1− 90

Sleep Monitoring

Sleep-EDF
[64]

EEG, EMG ... 197 18− 90

SHHS [65] EEG, EMG ... 6441 Above 40

MASS [66] EEG, EMG ... 200 18− 76

ISRUC [67] EEG, EMG ... 118
Adults and
Children

HMC [68] EEG, EMG ... 105 20− 80

CAP Sleep
[69]

EEG, ECG ... 102 18− 70

Sleep
Cassette [70]

EEG, EOG ... 100 18− 65

SIESTA [71] EEG, EOG ... 72 18− 80

Motor Imagery

BCI IV 2a*
[72]

EEG, EOG 9 N/A

BCI IV 2b*
[72]

EEG, EOG 9 N/A

OpenMBI
[73]

EEG 54 24− 45

Stroke
[74, 75]

EEG 21 Mean 54.2

MOABB [76] EEG 104 18− 55
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Temporal Lobe

Parietal Lobe
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Vision

Motor Control
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Figure 2.3: Key brain regions related to the motor imagery task. These include
the frontal lobe for cognitive skills and motor function, the temporal lobe for
sensory input processing, the parietal lobe for sensory information integration,
the occipital lobe for vision, and the cerebellum for coordination of voluntary
movements. Each region contributes to the successful execution of the task.

Table 2.2: Summary of Interpretable AI in EEG Systems.

Interpetability Categories Methods Coverage Explanation Type Representative Works

Backpropagation-based Methods

LRP Local/Global Attribution [78–82]

DeepLIFT Local/Global Attribution [83–87]

CAM Local Attribution [24, 88–91]

Grad-CAM Local Attribution [4, 92–96]

Perturbation-based Methods
LIME Local Attribution [97–101]

SHAP Local Attribution [85, 102–105]

Rule-based Methods

RF Global Decision Rules [106–110]

FIS Global Fuzzy Rules [111–115]

BS Global Bayesian Rules [116–120]

than EEG signals that truly originate from cranial nerve movements. Furthermore,

interpretability methods can uncover patterns that inform brain signal research.

For example, when predicting subjects’ sleep states, models identified that the

signals of peripheral EEG channels generated by regular eye movements during

deep sleep are highly correlated with sleep status [77], even though these EEG

signals had long been overlooked.

After a thorough review of existing literatures, we divide the interpretability meth-

ods applied in EEG systems into three categories from the perspective of the im-

plementation: backpropagation-based methods, perturbation-based methods and

rule-based methods. We summarize the interpretability categories and their repre-

sentative works in Table 2.2.

Type and Coverage of interpratable AI in EEG Systems: In EEG systems,
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the interpretability of AI models can be broadly categorized as either local or

global, influenced by feature attribution or logic rules. Local interpretability aims

to explain individual predictions by illuminating why a model correlates a specific

EEG pattern with a particular condition. Techniques like Layer-wise Relevance

Propagation (LRP) [121], Deep Learning Important Feature (DeepLIFT) [122],

Class Activation Mapping (CAM) [123], Gradient-weighted Class Activation Map-

ping (Grad-CAM) [124], Local Interpretable Model-Agnostic Explanations (LIME)

[125], and Shapley Additive Explanations (SHAP) [126] provide local interpretabil-

ity.

In contrast, global interpretability illuminates the overall behavior of a model,

revealing how it operates across multiple instances. Methods like random forest

(RF) [127], fuzzy inference system (FIS) [128] and Bayesian system (BS) [129] are

frequently utilized for the global interpretability.

Feature attribution, assigning importance values to input features for a model’s

decision, is prevalent in methods such as LRP, DeepLIFT, CAM, Grad-CAM, LIME

and SHAP, potentially highlighting key brain activity patterns. Meanwhile, logic

rules that provide clear criteria for classifying EEG data conditions are also used

in RF, FIS and BS.

The explanation type (attribution or logic rule) and interpretability scope (local

or global) provide unique and crucial insights into AI decision-making in EEG

systems. The selection depends on the required level of interpretability and the

most appropriate explanation type for the given data and task.

2.3.1 Backpropagation-based Methods

Backpropagation-based methods decompose the model predictions by first back-

propagating the gradients from the predictions into input feature space and then

visualizing the weights of these features ( for example, time-frequency patterns and

electrode regions) in raw EEG signals that contribute to predictions.
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2.3.1.1 Layer-wise Relevance Propagation

LRP [121] provides insight into the neurophysiological phenomena behind EEG

models’ predictions by backpropagating results. The LRP aims to determine the

contribution (measured by the relevance value) of individual elements within the

input signal (corresponding to each sample point of the EEG signal) to the output

prediction. It allows EEG models to integrate temporal information and brain-

topography-related spatial information by producing heatmaps.

To implement the LRP, a neural network like a convolutional neural network (CNN)

is first be trained to process EEG signals. Let R
(l)
i denotes the relevance value of

neuron i in layer l (l = 1, 2, . . . , L). At the output layer (for example, l = L), the

relevance value is equivalent to the model’s predicted score:

R
(L)
i = fi, (2.1)

where fi is the activation value of neuron i in the output layer of the neural network.

For each layer l, the backpropagation is used to propagate R
(l)
i to the subsequent

layer, R
(l−1)
j . In the LRP, this process is defined as

R
(l−1)
j =

∑
i

f
(l−1)
j w

(l)
ji

z
(l)
i

R
(l)
i , (2.2)

where f
(l−1)
j represents the activation value of neuron j in layer (l−1), w

(l)
ji denotes

the weight between neuron i in layer l and neuron j in layer (l − 1), and z
(l)
i =∑

j f
(l−1)
j w

(l)
ji denotes the sum of the inputs to neuron i in layer l.

Backpropagating through each layer allows us to calculate the relevance values for

every sample point in the input layer (for example, the original EEG signal). A

higher relevance value indicates that the data contributed more to the prediction,

while a lower value indicates less contribution. Visualizing these relevance values

reveals how the neural network extracts useful information from EEG signals. This

offers insights to improve neural network models or understand brain signals more

thoroughly.

The LRP reveals whether the models focus on task-relevant EEG signals. Ellis

et al. [79] used the LRP to generate heatmaps highlighting the local and global

signals. The heatmaps show that the local signals with higher relevance values
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are highly related to the sleep state of the human brain, matching neurophysio-

logical expectations. Similarly, the LRP can clarify the contributions of noise and

neurophysiological factors. Nagarajan et al. [80] applied LRP to select the high

contributing EEG channels in MI tasks, confirming that the model indeed learns

features from the electrodes at action-related brain regions.

The LRP also reveals how EEG signals from different brain dimensions corre-

late with model decisions over time. Sturm et al. [81] used the LRP to track

how a DNN’s attention shifted between feature regions during action switching in

MI tasks, revealing the physiological principles underlying the model predictions.

Moreover, Wang et al. [130] and Bang et al. [78] leveraged the LRP to explain

3D-CNN model predictions, for which the heatmaps simultaneously highlighted the

contributions of frequency ranges, time intervals and spatial locations of relevant

signals.

2.3.1.2 Deep Learning Important Features

DeepLIFT aims to check if the model’s decisions align with known neurophysio-

logical phenomena, and provide guidance for finding generalizable EEG features.

Similar to LRP, the DeepLIFT uses backpropagation to calculate how each input

feature correlates with the model prediction for each trial.

The DeepLIFT is based on reference activation, enabling comparison of a feature’s

importance against a predefined reference point. Its core principle is to calculate a

contribution score for each input feature. The contribution score can be computed

using the following equation:

Ci = (fi − f 0
i )× ∂y

∂fi
, (2.3)

where Ci denotes the contribution score for feature i, fi represents the actual

activation of feature i, f 0
i signifies the reference activation for feature i, ∂y

∂fi
denotes

the gradient of the output with respect to the activation of feature i.

For the DNNs composed of multiple layers, the chain rule is employed to compute

the contribution score for each input feature. The chain rule for DeepLIFT can be
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expressed as

Ci =
∑
j

Ci,j =
∑
j

∂fj
∂fi

Cj, (2.4)

where Ci,j indicates the contribution score of feature i to feature j,
∂fj
∂fi

denotes the

gradient of the activation of feature j with respect to the activation of feature i,

and Cj represents the contribution score for feature j.

The most common application of the DeepLIFT method in EEG systems is to

verify whether the prediction logic of models conforms to physiological principles.

For example, Lawhern et al. [83] used the DeepLIFT to prove that their proposed

EEGNet can learn to focus on EEG channels near task-related brain regions in

different EEG classification tasks. Similarly, Ju et al. [131] used the DeepLIFT

to interpret the spatiotemporal frequency information learned by their Tensor-

CSPNet in MI tasks, and found it match the key frequency components existing

in the left and right hands.

On the other hand, the DeepLIFT can discover certain feature patterns from model

predictions to guide brain research. For seizure detection, the high gamma fre-

quency is known to be a key feature for distinguishing pre-ictal and inter-ictal

segments. However, Gabeff et al. [84] interpreted the models using DeepLIFT, re-

vealing that some low amplitude patterns were also detected as ictal. This finding

complements the established conclusion, and verifies that the resting EEG features

can also be helpful, providing counter-balancing information for seizure detection.

2.3.1.3 Class Activation Mapping

CAM is a technique that produces heatmaps by visualizing the importance of

each input feature in the final classification decision. For EEG systems, the input

features are often the EEG signals from multiple channels and time points. To

describe the CAM method mathematically, let fk(x) denote the activation of the

k-th feature map in the last convolutional layer of the network, given an input x.

The class-specific weights wk
c for class c are learned during the training process.

The class activation map for class c can be computed as

Mc(x) =
∑
k

wk
c · fk(x), (2.5)
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where Mc(x) represents the heatmap for class c. This heatmap can be visualized

as an overlay on the input EEG signals, highlighting the most relevant spatial and

temporal features that contribute to the final classification decision.

To obtain the final classification score, the global average pooling (GAP) layer is

applied on the feature maps, and then a softmax activation function is used to

generate the probability distribution over classes:

pc(x) =
eSc(x)∑C
c=1 e

Sc(x)
, (2.6)

where Sc(x) =
∑

i

∑
j f

c
k(x)i,j is the sum of the activation values of the k-th feature

map for class c, and C denotes the total number of classes.

CAM analysis connects the deep-layered features to the biologically meaningful

features. In the work of Cui et al. [24], the features from the last convolutional

neural network layer were traced back to the bursts in the θ band and the spindles

in the α band, which strongly relate to drowsiness. Similarly, Yildiz et al. [88]

analyzed the seizure detection model using CAM, and found that low-frequency

EEG signals are critical for distinguishing seizures.

2.3.1.4 Gradient-weighted Class Activation Mapping

Grad-CAM extends the CAM approach by considering the gradient information

flowing into the last convolutional layer of the network, offering a more precise and

high-resolution visualization of relevant features in AI-based EEG systems. The

Grad-CAM method computes the importance weight αk
c for the k-th feature map

with class c in the last convolutional layer as follows:

αk
c =

1

Z

∑
i

∑
j

∂Sc(x)

∂fk(x)i,j
, (2.7)

where Z is the total number of spatial locations in the feature map, and ∂Sc(x)
∂fk(x)i,j

denotes the gradient of the class score Sc(x) with respect to the activation fk(x)i,j

at the spatial location (i, j). The Grad-CAM heatmap for class c can then be

computed as
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MGrad
c (x) = ReLU

(∑
k

αk
c · fk(x)

)
, (2.8)

where ReLU is the rectified linear unit function, ensuring that only positive con-

tributions are considered. Compared to the CAM, the Grad-CAM gives a more

nuanced understanding of how the model behaves, since it takes into account both

the positive and negative influences of the input features.

The Grad-CAM have been utilized to provide insight into the features learned by

classifiers. Fei et al. [90] revealed that higher frequency bands are particularly

useful for emotion recognition. Jonas et al. [132] identified key EEG features for

prognostication in comatose patients after cardiac arrest. Similarly, Aslan et al.

[133] used the Grad-CAM to visualize model outputs and clarify the relationship

between frequency components in seizure patients versus healthy individuals. Ad-

ditionally, applying Grad-CAM for channel selection can enhance decoding efficacy

and achieve an optimal balance between model performance and channel utilization

[93].

2.3.2 Perturbation-based Methods

Perturbation-based methods perturb individual EEG samples and observe the im-

pact on subsequent network neurons and predictions, trying to reveal correlations

between samples and model outputs. Similar to backpropagation-based methods,

they are also post-hoc methods that interpret the models by attribution. How-

ever, the perturbation-based methods are model-agnostic, building local models to

approximate the predictions of the original models based on perturbed inputs. In

other words, the local models establish the connection between biological features

and original model predictions.

2.3.2.1 Interpretable Model-agnostic Explanations

LIME explains target model predictions by approximating them locally with in-

terpretable models. To be specific, the LIME approximates the complex model’s

behavior near a specific input point x using a simple and locally linear model,

which quantifies the contribution of individual elements within the input signal to
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the prediction f(x). The original input x is perturbed to create similar inputs xi

with i = 1, 2, . . . , N , and their corresponding predictions f(xi) are obtained from

the trained model. Weights wi for the perturbed inputs inputs xi are computed

using an exponential kernel

wi = exp

(
−d2i
σ2

)
, (2.9)

where di denotes the distances between the x and xi, and σ is a scaling factor.

The simple linear model (for example, linear regression) is then trained using the

perturbed inputs xi, predictions f(x), and weights wi. The coefficients βi of this

simple linear model represent the contributions of each sample point in the input

signal to the output prediction:

f(x) ≈
N∑
i=1

βixi, (2.10)

Visualizing these feature contributions provides insights into how the model pro-

cesses EEG signals and extracts relevant information. This can guide researchers

to improve neural network models or interpret brain signals more comprehensively.

Locally interpretable models offer a direct way to map initial model predictions

onto EEG features. Giudice et al. [97] used local models to explain DNN pre-

dictions of voluntary/involuntary blinks, revealing that the peaks and troughs in

signals correspond to voluntary and involuntary eye blink behaviors, respectively.

Similarly, Alsuradi et al. [98] also utilized the LIME to explain active/inactive ac-

tion predictions, and find that the action trial can be identified as active for strong

desynchronization in the α and β bands, and passive for the synchronization in

those bands.

Some models, containing specialized layers like SAGpooling, impede the visualiza-

tion of feaure contributions through backpropagation. To tackle this issue, Xu et

al. [99] applied the LIME to construct local interpretability models for the domain

adversarial graph attention model (DAGAM). They identify that the symmetry

of EEG activities between the left and right hemispheres is a critical feature of

neutral emotions.
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2.3.2.2 Shapley Additive Explanation Values

SHAP quantifies the contribution of each input features to prediction based on

the Shapley values from game theory. The Shapley value refers to the marginal

contribution of the EEG feature, which is the difference between prediction results

before and after the feature is added. The SHAP value for feature i in a model f

is defined as

ϕi(f)=
∑

S⊆N\{i}

|S|!(|N |−|S|−1)!

|N |!
[f(S ∪ {i})−f(S)], (2.11)

where N is the set of all input features, S is a subset of features without feature

i, and |S| denotes the cardinality of S. The term f(S ∪ {i})− f(S) represents the

marginal contribution of feature i when added to the subset of features S.

SHAP values have three key properties: local accuracy, missingness, and consis-

tency. Local accuracy ensures that the sum of SHAP values for each input feature

and the expected model output equals the model prediction for a specific instance.

Missingness idictates that if a feature is missing or has no impact on the model

prediction, its SHAP value will be zero. Consistency guarantees that if a feature

contributes more in a new model compared to an old one, the SHAP value of that

feature should not decrease.

The SHAP is often utilized to explain complex AI models in EEG systems. Tah-

massebi et al. [85] constructed a real-time DNN model to monitor patients’ eye

states. To ensure model interpretability in practical scenarios, they employ the

SHAP to build locally interpretable models that reveal the relationship between

EEG features and the eye state. Raab et al. [102] also used the SHAP to explain

the feature contributions of initial models, which are DNN models of different

dimensions (1-D and 3-D) for seizure detection.

2.3.3 Rule-based Methods

Unlike post-hoc interpretability methods which use feature contributions as the

explanation, the rule-based methods apply particular logic rules, such as decision

rule, fuzzy rule, Bayesian rule, as the interpretations of the EEG systems, resulting

in high interpretability.
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2.3.3.1 Random Forest

RF is an rule-based method based on the “IF-THEN-ELSE” logic rule (for example,

decision rule). The interpretability of RF arises from two main aspects: feature

importance and decision paths.

Feature Importance: Feature importance in RF is typically calculated using the

Gini importance or mean decrease impurity (MDI). For each feature i derived from

the EEG signals, the Gini importance IG(i) is given by

IG(i) =
∑
t∈Ti

nt

n

(
1−

C∑
c=1

p2tc

)
, (2.12)

where Ti represents the set of nodes in the RF that split on feature i, nt is the

number of samples reaching node t, n is the total number of samples, C is the

number of classes, and ptc is the proportion of samples with class c in node t. The

Gini importance measures the decrease in node impurity, which is weighted by the

probability of reaching each node. The features of the EEG signals can be ranked

based on their Gini importance, so that the most relevant features (also the most

relevant EEG signals) contributing to the model’s decision-making process can be

identified.

Decision Paths: RF consists of multiple decision trees, each of which is trained

on a bootstrapped sample of the original data. The decision path of an instance

in a tree is the sequence of nodes from the root to a leaf node, which corresponds

to the class assigned by the tree.

RF model interpretability can be achieved by analyzing decision paths for an in-

stance across all trees. This reveals common patterns and rules leading to predic-

tions, providing insights into the decision-making process.

Visualizing feature importance and decision paths provides a deeper understanding

of how input EEG signals relate to model predictions, and can aid model refinement

and more comprehensive brain signal interpretation. For example, Abdulhay et al.

[134] employed the RF to classify the Shannon entropy of instantaneous values

associated with each intrinsic mode function (IMF), directly responding to the

association between the instantaneous amplitudes and frequencies of the IMF and

seizures. Li et al. [135] followed a similar approach for seizure classification. The
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difference is that the authors classify the electrodes directly by RF to find the

seizure onset zone (SOZ).

2.3.3.2 Fuzzy Inference System

FIS is a computational framework based on the fuzzy set theory, fuzzy logic or

fuzzy reasoning. It offers inherent interpretability by using human-readable rules

and transparent reasoning processes.

A typical FIS consists of four main components: fuzzification, fuzzy rule base, fuzzy

inference engine, and defuzzification. The fuzzification involves converting crisp

input values into fuzzy sets using membership functions. For each input variable

xi, a membership function µAi
(xi) is used to determine the degree of membership

of xi to the fuzzy set Ai:

µAi
(xi) : xi → [0, 1], (2.13)

where µAi
(xi) represents the degree of membership of xi to the fuzzy set Ai.

The fuzzy rule base is a collection of human-readable “IF-THEN” rules that de-

scribe the relationships between input and output fuzzy sets. A fuzzy rule can be

expressed as:

Rk : IF x1 is Ak1 AND · · · AND xn is Akn THEN y is Bk, (2.14)

where xi are the input variables, Aki and Bk are fuzzy sets, and Rk represents the

k-th fuzzy rule.

The fuzzy inference engine combines the fuzzified input values and fuzzy rules to

produce fuzzy output sets. The firing strength or weight wk of each rule Rk is

computed as the product of the membership degrees of the input values to their

corresponding fuzzy sets:

wk =
n∏

i=1

µAki
(xi) , (2.15)

The fuzzy output sets are then generated by aggregating the weighted consequent

fuzzy sets Bk:

B′
k(x) = wk ·Bk(x), (2.16)

where B′
k(x) is the weighted fuzzy output set for rule Rk.
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The defuzzification process converts the fuzzy output sets back into crisp output

values. One common method is the centroid defuzzification, which obtains the

crisp output value y by calculating the centroid of aggregated fuzzy output sets

y =

∑
x B

′
k(x) · x∑

x B
′
k(x)

. (2.17)

FIS provides human-readable rules that give insights for model refinement and

brain signal interpretation. Feng et al. [111] developed a Takagi-Sugeno-Kang

(TSK) FIS based on joint distribution adaptation (JDA) to simultaneously reduce

the difference between the marginal distribution and the conditional distribution

of the EEG training sets and test sets. This approach can be extended to multi-

categorical EEG seizure detection tasks. Furthermore, Jiang et al. [112] applied the

TSK-FIS to driver fatigue detection, and proposed an online multi-view & transfer

TSK-FIS for driver drowsiness estimation. This FIS is inherently interpretable,

enabling direct tracing of the EEG channels associated with fatigue.

2.3.3.3 Bayesian System

The BS uses Bayesian theorem to model the relationship between EEG features

and predictions:

P (θ | D) =
P (D | θ)P (θ)

P (D)
, (2.18)

where θ denotes the model parameters, and D represents the observed data (for

example, EEG signals and associated cognitive states). P (θ) is the prior distribu-

tion capturing our prior beliefs about the parameters that relate EEG signals to

cognitive states. P (D|θ) is the likelihood function that quantifies the probability of

observing the EEG data given the model parameters. Depending on the problem,

this might involve a linear regression model, a neural network, or any other appro-

priate models that capture the. P (θ|D) is the posterior distribution representing

the updated beliefs about the model parameters after observing the EEG data.

The interpretability of Bayesian Systems in EEG applications stems from the ex-

plicit representation of uncertainty through probability distributions. By analyzing

the posterior distribution P (θ|D), it becomes possible to explain the relationships

between EEG signals and cognitive states, as well as the uncertainty associated

with the model’s predictions.
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Table 2.3: Comparison of different interpretability methods in EEG Systems.

Backpropagation-
based Method

Perturbation-
based Method

Rule-based
Method

Mechanism

Analyze the feature
contribution by
backpropagating

the gradients from
predictions.

Explain the original
model’s behavior

with local surrogate
models.

Explain model
using specific logic

rules

Explanation Stage Post-hoc Post-hoc Ante-hoc

Model Dependence Model-specific Model-agnostic Model-agnostic

Flexibility Low High High

Application Scenario
Differentiable

models
Tolerable of high

computational costs
Availability of

priori knowledge

Limitation

Gradient
dependency;

Narrow
applicability

Computationally
intensive; Prone to

overfitting

Oversimplify
complex EEG

systems; Require
domain expertise

Qian et al. [116] introduced a Bayesian-copula discriminant classifier (BCDC) to

study the relationship between drowsiness and nap. The BCDC shows a better

understanding of the periodical rhymes of physiological states, and enhances the

interpretability of driver alertness. Wu et al. [117] proposed a separation and

recovery Bayesian method, finding that the predictive emotion features originate

from the lateral temporal area and distribute in γ and β bands.

2.3.4 Discussion on Interpretable AI in EEG Systems

Selecting an appropriate interpretability method is crucial for understanding the

decision-making mechanisms of AI models in EEG systems. Each has its own

strengths and limitations, which we will explore in more detail. The comparative

overview of these methods is shown in Table 2.3.

Backpropagation-based methods represent a popular subset of interpretability tech-

niques, encompassing methods like LRP, DeepLIFT, CAM, and Grad-CAM. These

are post-hoc methods, which mean that they are applied after the model has made

its predictions to identify the time-frequency patterns and electrode regions that

were influential in the decision-making process. They can offer valuable insights

into the model’s behavior by illuminating the inner workings of its hidden layers.
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However, they rely on gradient information which may be unavailable. Moreover,

their model-specific nature limits broader applicability.

In contrast, perturbation-based methods such as LIME and SHAP provide greater

flexibility as they are model-independent. These methods explain the model’s pre-

dictive behavior by creating local surrogate models that approximate the original

model’s behavior in a particular instance’s neighborhood. This can reveal how dif-

ferent features contribute to a prediction, which is valuable in EEG systems analysis

to understand crucial brain regions and time-frequency features. However, these

methods can be computationally intensive, especially for complex models or large

datasets. Moreover, fitting local models may raise overfitting concerns, potentially

leading to misinterpretations.

Rule-based methods like RF, FIS, and BS prioritize interpretability by using logic

rules or mathematical statements. Their transparency allows direct insight into

feature contributions, promoting trust and understanding. However, they may

oversimplify complex EEG systems by reducing them to incomplete rules. More-

over, accurate interpretation often requires domain expertise, and a balance be-

tween interpretability and performance evaluation is necessary, as these methods

might not consistently yield the highest predictive accuracy.

In conclusion, selecting an appropriate interpretability method involves the follow-

ing aspects: the specificity of backpropagation-based method, the computational

cost and overfitting risks of perturbation-based methods, and the incompleteness

of rule-based methods. The selection should match the specific needs and con-

straints of the EEG system, the computing resources available, the required level

of interpretability, and the expertise of the users.

2.4 Robust AI in EEG systems

AI robustness refers to the ability of AI models to consistently and accurately

perform their designated tasks when faced with unexpected conditions. For robust

AI in EEG systems, it means effectively countering uncontrollable disturbances

across the entire spectrum of EEG signal processing, spanning from the signal

sampling phase to the signal input phase. Specifically, the robust AI should adapt

to changing brain activity patterns, resist environmental noise, and fill channel
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Table 2.4: Summary of Robust AI in EEG Systems.

Undesirable Factors Subcategory Methods and Representative Works

Noise and Artifacts
External Noise Traditional Signal Processing [136, 137]

Internal Artifacts Models’ Self-Robustness [91, 138]

Human Variability
Cross-subject Issues Transfer Learning [139, 140], Dynamic Domain Adaptation [141]

Cross-session Issues Transfer Learning [142, 143], Robust Feature Extraction [141, 144]

Data Acquisition Instability
Resistance Change Attention Mechanism [145, 146]

Channel Missing & Broken Missing Data Reconstruction [137, 147–150]

Adversarial Attacks Evasion & Manipulation Adversarial Training [151–154]

gaps from electrode resistance fluctuations. Moreover, model robustness ensures

model accuracy in practical applications. For example, physicians rely on precise

EEG diagnostics to inform brain disease treatment. Without robust AI providing

accurate predictions, the EEG systems lack diagnostic value.

In this section, we classify the undesirable factors that affect EEG systems into

four categories: noise and artifacts, human variability, data acquisition instability

and adversarial attacks. Based on these four categories, we elaborate the tech-

niques that can alleviate the adverse effects of undesirable factors and improve the

robustness of EEG systems. We summarize the robust AI and the representative

works in Table 2.4.

2.4.1 Noise and Artifacts in Signals

Brain activity measurement, especially through the EEG signals, is often suscepti-

ble to external noises from various sources (for example, electromagnetic interfer-

ence) and internal artifacts from the human body (for example, muscle movements

and eye blinks). These factors distort or interfere with EEG signals, impacting the

accuracy and reliability of the EEG system. To address this issue, two types of

methods have been developed to minimize the effects of noise and artifacts in EEG

signals.

2.4.1.1 Signal Processing

The first type involves traditional signal processing denoising techniques, relying on

filtering algorithms developed from prior knowledge to separate and remove noise

efficiently. For instance, Kaur et al. [136] compared two signal denoising techniques

based on discrete wavelet transform (DWT) and wavelet packet transform (WPT)
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combined with variational mode decomposition (VMD). The VMD first decomposes

the signals into diverse components, and then the DWT and WPT are used to

denoise the artifactual components. The WPT with VMD provides a more refined

frequency decomposition, facilitating better noise separation and artifact removal

compared to its DWT counterpart.

2.4.1.2 Learning-based Denoising

The second type involves the use of modular adaptive denoising techniques in EEG

systems, which rely on specialized network structures to automatically denoise the

signals. Hussein et al. [138] utilized a long short-term memory (LSTM) network

to leverage the temporal dependencies in the time series EEG data, and the LSTM

can be expressed as

ft = σ(Wf [ht−1, xt] + bf ),

it = σ(Wi[ht−1, xt] + bi),

ot = σ(Wo[ht−1, xt] + bo),

c̃t = tanh(Wc[ht−1, xt] + bc),

ct = ft ∗ ct−1 + it ∗ c̃t,

ht = ot ∗ tanh(ct)

(2.19)

where ft, it and ot represent the forget, input and output gates at timestamp t, W·

and b· refer to the weight and bias for the respective gates, ct and c̃t denote the cell

state and the cell input activation, σ(·) denotes the Sigmoid function, ∗ denotes

the element-wise product, and ht is the output hidden state. The robustness of

[138] lies in the LSTM’s ability to learn long-term dependencies and capture rel-

evant temporal features, thus improving signal-to-noise ratio (SNR) and reducing

artifacts.

Building on the inception-time network backbone, Zhang et al. [91] proposed an

end-to-end framework that takes raw EEG signals as input, eliminating the need

for complex signal preprocessing. This noise-insensitive method can capture robust

features of motor imagery (MI) tasks and effectively eliminate noise interference.

The inception-time network is described as
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F (x) =
N∑
i=1

wifi(x), (2.20)

where F (x) represents the output of the inception layer, wi denotes the weights,

fi(x) and N refers to the i-th convolutional layer and the total layer numbers.

The robustness of this method mainly stems from the network’s ability to learn

hierarchical representations of EEG signals and adaptively select relevant features,

enhancing the noise suppression capabilities and improving the overall signal qual-

ity.

Both traditional signal processing denoising techniques and learning-based denois-

ing methods contribute significantly to enhancing the robustness of EEG data.

By focusing on improving signal quality and robustness, it is expected that more

accurate and reliable data can be obtained for various applications, including the

diagnosis and treatment of neurological disorders, brain-computer interfaces (BCI)

and cognitive research.

2.4.2 Human Variability

Variations in EEG signals across different subjects and states pose significant chal-

lenges for cross-subject and cross-session EEG systems. These variations mainly

arise from the differences in brain anatomy, brain function, and other individual

characteristics. Additionally, changes in mental state, fatigue, or recording condi-

tions for the same subject can also lead to substantial disparities in EEG data. To

mitigate such impact, AI models need to extract stable features from EEG signals

across sessions and subjects.

One common approach to address the EEG variations caused by human variability

is transfer learning (TL). For cross-subject EEG, Li et al. [139] proposed a multi-

source TL method, which utilizes transfer mapping to reduce the difference between

known and new subjects, by minimizing the following divergence:

D(S, T ) =
n∑

i=1

||wS
i −wT

i ||22, (2.21)

where S and T denote the source domain and target domain, wS
i and wT

i represent

the weights in the corresponding domains, and || · ||2 denotes the ℓ2-norm.
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For cross-session EEG, Lin et al. [142] proposed a robust principal component

analysis (RPCA)-embedded TL approach, aiming to generate a personalized cross-

session model with less labeled data while alleviating intra-session and inter-session

differences. The loss function of the TL is given by

min
L,E
||L||∗ + λ||E||1 s.t. X = L + E, (2.22)

where X is the data matrix of EEG signals, L is the low-rank matrix, E is the

sparse error matrix, and λ is the regularization parameter. ∥ · ∥∗ denotes the

matrix nuclear norm, which is the sum of the singular values, and ∥ · ∥1 denotes

the ℓ1-norm, which is the sum of the absolute values of entries.

Apart from the TL methods, self-adaptive methods are also used to extract robust

EEG features to deal with the human variability. Li et al. [141] emphasized the

importance of aligning EEG data within the same emotion class for generalizable

and discriminative features. They proposed a dynamic domain adaptation (DDA)

algorithm, where global and local divergences are handled by minimizing their

subdomain discrepancies:

min
Fs,Ft

L(Fs,Ft)=
C∑
c=1

Dc(Fs,Ft)+α
C∑
c=1

Dlocal(F
c
s,F

c
t), (2.23)

where Fs and Ft represent the feature representations in the source domain and

target domain, Fc
s and Fc

t represent the feature representations for the c-th class in

two domains, C indicates the total number of classes, α denotes the regularization

parameter, Dc computes the global divergence between the two domains for class

c, and Dlocal computes the local divergence for each class between two domains.

The DDA intends to harmonize the feature representations between the source and

target domains.

Furthermore, motivated by the effectiveness of deep learning approaches for stable

feature abstractions at higher levels, Yin and Zhang [144] developed an adap-

tive stacked denoising autoencoder (SDAE) to extract cross-session EEG features.

Within this framework, the weights of the first hidden layer are directly connected

to the input layer and are updated iteratively. This process accounts for the shifts

in the statistical properties of EEG power features observed over consecutive days.
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Consequently, the SDAE model is endowed with the proficiency to capture a precise

EEG data distribution at a high level.

2.4.3 Data Acquisition Instability

Data acquisition instability refers to the unstable connection between the EEG

acquisition equipment and the subject, resulting in the loss of EEG channels. One

factor that leads to this instability is the hardening of the glue connecting the

electrodes to the scalp over time, thus increasing the resistance of the electrodes.

Besides, sweating on the subject’s scalp can have a similar effect. In the above

two cases, the changes of electrode impedance are difficult to detect, so they cause

undetectable channel loss in EEG signals. The primary solution to this issue is to

identify the missing channels.

Banville et al. [147] proposed dynamic spatial filtering (DSF), a multi-head at-

tention mechanism that focuses on good channels and ignore bad ones. The DSF

computes the attention weights for each channel as follows:

αi =
exp(WaXi)∑

j = 1N exp(WaXj)
, (2.24)

where αi represents the attention weight for the i-th channel, Wa is the learnable

attention matrix, Xi is the feature vector for the i-th channel, and N is the total

number of channels.

Estimating and reconstructing the missing channels is another promising way to

address this issue. Bahador et al. [145] estimated and reconstructed the data

segments in missing channels based on the information near the missing segments.

They used a linear weighted interpolation method

Ym =
∑

i = 1NwiYn,i, (2.25)

where Ym is the estimated missing channel data, Yn,i represents the i-th neigh-

boring channel data, wi is the corresponding weight, and N is the total number of

neighboring channels.
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2.4.4 New Emerging: Adversarial Attacks

Adversarial attacks on EEG systems have become a growing concern in neuro-

science and cybersecurity. EEG systems are widely used in medical-related fields,

including pathological diagnosis, control of bionic prosthetic limbs, and communi-

cation of severely disabled individuals (for example, amyotrophic lateral sclerosis

patients). Since these scenarios involve patient privacy and safety, the vulnerability

of EEG systems to adversarial attacks may cause severe medical accidents.

Adversarial attacks on EEG systems typically consist of evasion and manipulation.

Evasion involves crafting misleading EEG signals to cause the EEG systems to yield

incorrect predictions [154, 155]. For example, an attacker could interfere with users’

EEG in a MI task to make bionic prosthetic lose control, which may potentially

injure the users or bystanders. As for the manipulation, it means simulating the

user’s EEG to deceive EEG systems into misinterpreting the user’s intentions. In

such a scenario, EEG systems may leak individual’s personal information or initiate

unauthorized financial transactions.

However, real-world adversarial attacks on EEG systems are rather difficult, and

thus the defensive methods against these attacks have just begun to be investigated

[151]. Adversarial training is a defensive technique that incorporates adversarial

examples into the training process to enhance model robustness. Given an EEG

input x and its corresponding label y, the adversarial training aims to minimize

the loss function L:

min
θ

E(x, y)[L(f(xadv; θ), y)], (2.26)

where xadv denotes the adversarial example, f represents the model with model

parameter θ, and the expectation is taken over the distribution of training data

(x, y). By minimizing the loss function under adversarial perturbations, the model’s

resilience to adversarial attacks is improved, ensuring the safety and privacy of

patients using EEG systems.
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2.4.5 Discussion on Robust AI in EEG Systems

Understanding and mitigating the factors that impact the robustness of AI-based

EEG systems is vital in the burgeoning field of neural engineering and AI. These

factors, including noise and artifacts, human variability, data acquisition instability

and adversarial attacks, can critically degrade the performance and reliability of

the EEG systems. Each factor arises from unique sources and presents distinct

challenges, necessitating a comprehensive and multi-pronged approach to address

them effectively.

Noise and artifacts from external and internal physiological sources significantly im-

pede the quality of EEG signal acquisition and interpretation. Externally, diverse

noise sources like electromagnetic interference or muscle movements, detrimentally

affect the EEG signal fidelity. Internally, noise and artifacts from heart rhythms,

eye movements and other biological phenomena can compromise the SNR of the

EEG recordings, making them more difficult to analyze. Mitigating such issues

requires stringent experimental protocols and robust signal processing algorithms

that filter out noise without compromising the integrity of the underlying neural

signals.

The inherent variability among human subjects poses another challenge to AI-

based EEG systems. This variability can manifest in numerous ways, through the

differences in skull thickness and scalp conductivity, cognitive states, and other

biological factors. Furthermore, temporal variations, such as changes in a person’s

mental state or fatigue level, can also impact the EEG signals. Therefore, designing

AI-based EEG systems that can generalize across inter- and intra-individual differ-

ences is paramount. Solutions involve developing sophisticated machine learning

models that account for individual variations or implementing adaptive algorithms

capable of adjusting to temporal variations.

Data acquisition instability is another significant factor impacting the robustness

of AI-based EEG systems. This instability can stem from technical issues such as

changes in electrode-skin resistance, missing data due to broken or disconnected

channels, or malfunctioning recording devices. These issues lead to data loss or

degradation, significantly hampering the quality and interpretability of the EEG

data. Therefore, solutions typically focus on the improvements in hardware and
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software, including more stable EEG devices, improved electrode design and ma-

terials, and more efficient error detection and error correction algorithms.

Lastly, adversarial attacks substantially threaten the security and integrity of AI-

based EEG systems. These attacks often exploit the vulnerabilities in AI mod-

els by intentionally manipulating input data, leading to incorrect predictions or

classifications. Proactive defenses are necessary to resist such threats, including

improving model robustness through adversarial training, implementing rigorous

data integrity checks, and developing robust cybersecurity measures.

2.5 Summary

The interpretability and robustness of AI EEG systems is growing in importance

and urgency. They ensure the trustworthiness and reliability of EEG systems, and

greatly contribute to understanding the models and reproducing the results. This

literature review pioneers a comprehensive overview of the interpretable and robust

AI techniques designed explicitly for EEG systems. We provide a systemic per-

spective of this critical field, summarize a wide range of available techniques and

tools, and offer an authoritative reference for researchers and practitioners. We in-

troduce new and innovative taxonomies for interpretability and robustness in EEG

systems. Throughout the literature review, we summarize the most representative

works based on their distinctive contributions, inventive mechanisms, or potential

influence on the development of EEG systems. We analyze the technical details,

properties and limitations of different works within each category, and also compare

their differences across different categories. Highlighting these emerging techniques

offers insight into the latest trends of this research area, and also provides a glimpse

into their enormous potential and implications for the broader field. In conclusion,

this literature review serves as an exhaustive guide for understanding, evaluating

and advancing the realm of interpretability and robustness in EEG systems.
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EEG-based Cross Subject Sleep

Staging with Hybrid Attention

3.1 Introduction

Sleep staging is a crucial process in evaluating sleep quality and diagnosing sleep

disorders, which involves dividing a sleep period into several periodical stages [19,

21, 156, 157]. However, manual sleep staging is time-consuming, subjective, and

requires professional expertise, which can lead to unstable and unreliable further

sleep disorder diagnosis. Therefore, automated sleep staging methods, including

deep learning-based approaches, have been developed to improve efficiency and

accuracy.

Despite the progress in automated sleep staging, accurately capturing the spatio-

temporal relationships within EEG signals during different sleep stages remains

challenging. Previous studies have proposed several methods, such as earlier tra-

ditional machine learning methods and current deep learning methods, to enhance

the performance of sleep staging systems. However, these methods mainly consider

extracting only spatial or temporal features inside the EEG signals, and they have

limitations in capturing the complex spatio-temporal relationships of the brain.

To address the above challenges, this thesis proposes a novel hybrid attention EEG

sleep staging (HASS) framework. The framework employs a well-designed encoder

based on the attention mechanism that adaptively assigns weights to different EEG

42
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segments and channels based on their spatio-temporal relationships during sleep

stages. Specifically, the proposed encoder internally contains two components based

on the attention mechanism: intra-channel and inter-channel attention. The two

components are responsible for capturing the spatial and temporal relationships in

sleep EEG signals, respectively. The captured spatial and temporal relationships

are further integrated as the spatio-temporal relationships, which can effectively

improve sleep staging networks’ performance.

The proposed HASS framework has shown promising results in improving the F1

score and accuracy of typical sleep staging networks, as demonstrated by experi-

mental results on the MASS [66] and ISRUC [67] datasets. By capturing the com-

plex spatio-temporal relationships of EEG signals during sleep staging, the HASS

framework shows excellent potential for improving the stability and reliability of

sleep assessment in both clinical and research settings.

3.2 Related Work

Recognizing different sleep stages is crucial for diagnosing and treating sleep disor-

ders. In the past, support vector machines (SVM) [158] and random forests (RF)

[159] were widely used for sleep staging. However, they require extensive prior

knowledge and manual feature engineering as well as suffer limited performance.

Nowadays, deep learning approaches are the primary method for sleep staging and

illustrate better performance.

In the early stage, deep learning methods, such as convolutional neural networks

(CNN), are utilized to extract temporal features from sleep signals [160]. For

instance, Dong et al. [160] proposed the multivariate CNN to capture the temporal

features for sleep staging. After that, the recurrent neural networks (RNN) [161,

162], the combination of RNN and CNN [163], and spiking neural networks (SNN)

[19] are also applied to extract the temporal representation in different sleep stages.

Apart from mining the temporal features to achieve sleep stages classification, some

studies have tried to extract the spatial features in the sleep data. Liu et al. [164]

set electrodes as nodes and mine the spatial features between different channels

using relational thinking networks (RTN).
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The aforementioned methods only extract temporal and spatial features in sleep

data separately, which ignores the spatio-temporal correlation between features.

In order to better utilize the spatio-temporal relationships in sleep data, this the-

sis proposes a HASS framework to enhance the typical sleep staging networks’

performance.
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Figure 3.1: Overall of the Hybrid Attention Sleep Staging Framework

3.3 Methodology

3.3.1 Description of Matrix Q, K and V

The Query (Q), Key (K), and Value (V) matrices play an essential role in the

self-attention mechanism, which is designed to capture long-range dependencies

and complex relationships in input time sequences. These matrices are derived

from the input representations through linear transformations using three different

weight matrices, namely WQ, WK , and WV .

The Q matrix represents the transformed state of the current input element, en-

abling the model to search for relevant context within the input sequence. In

essence, it serves as a basis for comparison against other input elements to deter-

mine their relevance. The K matrix encompasses the transformed context repre-

sentations of the other input elements, allowing for comparing the query and each

context element. This comparison is crucial for calculating attention scores, which

indicate the relative importance of each element in the time sequence. The V ma-

trix retains the original input element representations used to compute the final

attention-weighted output. This output serves as a context-aware representation of
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the current input element, considering the relationships between the element and

its surroundings.

3.3.2 Hybrid Attention Framework

The hybrid attention framework, as shown in FIGURE 3.1, contains two parts.

The first is the novel hybrid attention encoder, and the second is the typical sleep

staging network. The hybrid attention encoder captures the spatial and temporal

relationships in the EEG signals, and the typical sleep staging network is utilized

to achieve the classification. Specially inside the hybrid attention encoder, the

intra-channel attention, inter-channel attention, and FFN model are described re-

spectively in the following.

3.3.2.1 Intra-channel Attention

The intra-channel attention encoder can capture the spatial relationship between

the channels. We set Input as I, where I ∈ RC×T×1, the encoder process the Input

into F ′ ∈ RC×T×1 as follows:

F = LN (I + DA (IQ , IK, IV ) ; Θ,Φ) , (3.1)

F ′ = LN (F + FFN (F ;Ψ)) . (3.2)

3.3.2.2 Inter-channel Attention

Unlike the intra-channel attention encoder, the inter-channel one makes the DA

inside each channel, which can capture the temporal relationship from the sleep

signals. The calculations are conducted as follows:

F ′′ = LN
(
F ′ + DA

(
F ′
Q, F

′
K, F

′
V

)
; Θ,Φ

)
, (3.3)

Encoder out = LN (F ′′ + FFN (F ′′;Ψ)) , (3.4)
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where LN denotes the layer normalization [165] and DA denotes dot-product

attention. To be specific, given query Q ∈ Rdk×N , key K ∈ Rdk×N , and dv-

dimensional value V ∈ Rdv×N inputs, DA is calculated as:

Q(n) = W
(n)
Q Q + b

(n)
Q 1⊤ ∈ R

dk
m

×N , (3.5)

K(n) = W
(n)
K K + b

(n)
K 1⊤ ∈ R

dk
m

×N , (3.6)

V (n) = W
(n)
V V + b

(n)
V 1⊤ ∈ R

dv
m

×N , (3.7)

DA(Q,K, V ;Θ,Φ) = WO


V (1)A(1)⊤

...

V (m)A(m)⊤

+ bO1
⊤ ∈ Rdv×N , (3.8)

A(n) = softmax

(
Q(n)⊤K(n)√

dk/m

)
∈ (0, 1)N×N , (3.9)

where m is the number of heads, n ∈ {1, . . . ,m} is the index the head. The set of

parameters Θ and Φ are defined as:

Θ :=
⋃

1≤i≤m

{
W

(n)
Q , b

(n)
Q ,W

(n)
K , b

(n)
K

}
, (3.10)

Φ := {WO, bO} ∪
⋃

1≤i≤m

{
W

(n)
V , b

(n)
V

}
. (3.11)

3.3.3 Feed-forward Network

There are two FFN models in the hybrid attention sleep staging framework. Each

FFN model consists of two dense layers and can be calculated as:

FFN1 (F ;Ψ) =
(
W2

[
W1F + b11

⊤]
+

+ b21
⊤
)
,

Ψ := {W1, b1,W2, b2} .
(3.12)

FFN2 (F ′;Ψ) =
(
W4

[
W3F

′ + b31
⊤]

+
+ b41

⊤
)
,

Ψ := {W3, b3,W4, b4} .
(3.13)

where W1,W3 ∈ Rdf×D and W2,W4 ∈ RD×df are mapping matrices, b1, b3 ∈ Rdf

and b2, b4 ∈ RD are biases, and [·]+ is the unit slope function.
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3.4 Experiments and Results

3.4.1 Dataset

To thoroughly evaluate the efficacy of the HASS framework, we conduct experi-

ments using two well-established datasets: the Institute of Systems and Robotics

of the University of Coimbra (ISRUC) and the Montreal Sleep Study Archive-SS3

(MASS) datasets. The ISRUC dataset comprises PSG recordings from 100 adult

subjects, each with 6 EEG channels. Meanwhile, the MASS dataset includes PSG

records from 62 adult subjects, each with 20 EEG channels. To standardize the

data, we divide the recordings into time slices corresponding to sleep epochs, each

representing 30 seconds of sleep. To ensure the accuracy of our evaluations, we

enlist the expertise of sleep specialists who manually classify each time slice into

one of five different sleep stages: Wake (W), N1, N2, N3, and REM, following the

AASM criteria [166].

3.4.2 Settings

In our experiment, the input is denoted as I ∈ RC×T×1. Specifically, C denotes the

number of EEG channels, with 6 channels in the ISRUC dataset and 20 channels

in the MASS dataset. T signifies the time slices corresponding to sleep epochs,

each denoting 30 seconds of sleep. Regarding intra-channel attention, the DA is

calculated on channel dimension. Conversely, the DA is computed along the time

slices dimension for inter-channel attention.

3.4.3 Result and Analysis

Table 3.2 and Table 3.1 present the comparison of the performance of four typical

sleep staging networks, namely TinySleepNet (TSN) [167], DeepSleepNet (DSN)

[163], MCNN [160], and U-Time [168], on the MASS and ISRUC datasets, before

and after applying the proposed HASS framework. The performance of the net-

works is evaluated using overall F1 scores, accuracies, and F1 scores for each sleep

stage.
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Table 3.1: Performance comparison (F1 Score and Accuracy) of ISRUC dataset
between the original four sleep staging networks and after applying HASS.

Baselines HASS
ISRUC Dataset

F1 Acc W N1 N2 N3 REM

TSN [167] Yes 0.774 0.794 0.891 0.576 0.874 0.884 0.847
No 0.751 0.769 0.868 0.545 0.855 0.878 0.828

DSN [163] Yes 0.755 0.781 0.883 0.535 0.861 0.889 0.831
No 0.731 0.756 0.852 0.527 0.829 0.879 0.796

MCNN [160] Yes 0.782 0.801 0.902 0.603 0.861 0.893 0.842
No 0.764 0.782 0.885 0.571 0.851 0.894 0.833

U-Time [168] Yes 0.727 0.769 0.869 0.524 0.813 0.885 0.769
No 0.713 0.755 0.844 0.525 0.793 0.861 0.755

Table 3.2: Performance comparison (F1 Score and Accuracy) of MASS dataset
between the original four sleep staging networks and after applying HASS.

Baselines HASS
MASS Dataset

F1 Acc W N1 N2 N3 REM

TSN [167] Yes 0.811 0.881 0.885 0.565 0.892 0.847 0.921
No 0.798 0.858 0.873 0.547 0.888 0.848 0.889

DSN [163] Yes 0.791 0.855 0.873 0.528 0.888 0.821 0.883
No 0.773 0.834 0.861 0.514 0.861 0.825 0.864

MCNN [160] Yes 0.818 0.875 0.895 0.553 0.918 0.836 0.917
No 0.804 0.862 0.884 0.548 0.898 0.825 0.897

U-Time [168] Yes 0.794 0.873 0.885 0.528 0.891 0.813 0.883
No 0.782 0.854 0.865 0.517 0.882 0.801 0.875

The results demonstrate that HASS can significantly improve the performance of

the typical sleep staging networks. Specifically, for the MASS dataset, all four

networks achieved higher overall F1 scores and accuracies when using HASS. The

improvement in F1 scores for each stage is consistent across all networks. After

applying HASS, the performance of the networks for all stages is improved. No-

tably, the most significant improvement was observed for the W stage, with all

four networks achieving significantly higher F1 scores with HASS over the origi-

nal networks. For instance, TSN and DSN achieved F1 scores of 0.885 and 0.873,

respectively, with HASS, compared to 0.873 and 0.861 without HASS. Similarly,

MCNN and U-Time achieved F1 scores of 0.895 and 0.885, respectively, with HASS,

compared to 0.884 and 0.865 without HASS.

Likewise, for the ISRUC dataset, HASS improved the performance of all four net-

works, with higher overall F1 scores and accuracies over the original networks.
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However, the improvement in F1 scores is less significant compared to the MASS

dataset, and three out of four networks achieved higher F1 scores for the W stage

with HASS. Nevertheless, the improvement in F1 scores for all stages is consistent

across all networks.

The overall F1 scores and accuracy improvement are significant and consistent

across all networks and for all sleep stages. These results suggest that the HASS

framework can be highly effective in enhancing the accuracy of sleep staging net-

works, which is crucial for accurately diagnosing and treating sleep disorders. With

these improvements, the HASS framework has the potential to significantly enhance

the quality of sleep staging in clinical settings, thereby improving the overall quality

of patient diagnosis and care.

3.4.4 Ablation Studies

To evaluate the contributions of individual components within the HASS frame-

work, we conducted ablation studies focused on isolating the impact of the spatial

and temporal attention mechanisms.

• Spatial-only Model: A variant of HASS with only the spatial attention

mechanism enabled.

• Temporal-only Model: A variant of HASS with only the temporal atten-

tion mechanism enabled.

• Baseline Models: Including TSN, DSN, MCNN, and U-Time architectures

for performance benchmarking.

The ISRUC dataset results, as shown in Figure 3.2, demonstrate the effectiveness of

the HASS framework compared to its ablated variants and baseline models. Specif-

ically: The original HASS framework achieved the highest accuracy of 80.1%,

outperforming both the spatial-only (78.7%) and temporal-only (78.5%) variants.

Among the baseline models, MCNN achieved 77.4%, while U-Time reached 76.5%,

both significantly lower than the full HASS framework. The results highlight that

the integration of both spatial and temporal attention mechanisms contributes

significantly to the overall performance.
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Figure 3.2: Overall of the Hybrid Attention Sleep Staging Framework

The MASS dataset results, summarized in Figure 3.3, further validate the ro-

bustness of the HASS framework. Key findings include: The full HASS model

achieved the best performance with an accuracy of 88.1%, surpassing the spatial-

only (86.5%) and temporal-only (86.8%) configurations. Among the baseline mod-

els, MCNN achieved 86.2%, while U-Time recorded 85.5%, both trailing behind

the HASS framework. These results emphasize the importance of jointly leverag-

ing spatial and temporal attention for improved sleep staging performance.
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The ablation studies confirm that the HASS framework’s superior performance
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stems from the combined contributions of its spatial and temporal attention mech-

anisms. While the spatial-only and temporal-only models exhibit competitive per-

formance, their integration within the HASS framework significantly enhances ac-

curacy, demonstrating the synergistic benefits of jointly modeling spatial and tem-

poral dependencies in EEG sleep staging.

3.5 Summary

The proposed HASS framework effectively improves the performance of typical

sleep staging networks on two different datasets: MASS and ISRUC. The experi-

ment results demonstrate that HASS can significantly enhance the overall F1 scores

and accuracies of the networks and improve the performance of the networks for all

sleep stages. Specifically, the most remarkable improvement was observed for the

W stage on the MASS dataset. These findings suggest that the HASS method has

the potential to enhance the accuracy of sleep staging networks, which is critical

for the accurate diagnosis and treatment of sleep disorders.
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Learning Robust Global-Local

Representation from EEG for

Neural Epilepsy Detection

4.1 Introduction

Epilepsy is one of the most prevalent neurological disorders worldwide, affecting

individuals across all age groups. This chronic condition, characterized by recur-

rent seizures, can significantly impair cognitive and mental functions and, in severe

instances, may be life-threatening. Consequently, epilepsy is a significant concern

for healthcare professionals globally, underscoring the imperative for precise di-

agnostic methods. Clinical detection and diagnosis of epilepsy typically employ

various imaging modalities, including Electroencephalography (EEG), Computed

Tomography (CT), Magnetic Resonance Imaging (MRI), and Magnetoencephalog-

raphy (MEG). While MRI, CT, and MEG are instrumental in identifying secondary

epilepsy resulting from intracranial lesions or injuries, they offer limited diagnostic

value for primary epilepsy in the absence of solid intracranial lesions. Conversely,

EEG, as a noninvasive, readily accessible, and cost-effective method, has emerged

as the principal tool for the clinical diagnosis of epilepsy. However, the extensive

volume of EEG data presents a significant challenge to neurologists and clinicians,

necessitating meticulous analysis that is both time-consuming and subjective. This

52
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highlights the critical need for advanced automated EEG classification and detec-

tion algorithms. Developing and implementing these adaptive algorithms have

become a focal point of contemporary research, aiming to alleviate the diagnos-

tic burden on healthcare professionals and enhance the accuracy and efficiency of

epilepsy diagnosis.

With the help of deep learning, automatic epilepsy detection with EEG has earned

more and more attention [169–171]. Specifically, neural network models draw-

ing upon the architectures of the attention mechanism and convolutional neu-

ral networks (CNN) have been widely adopted in epilepsy detection tasks that

utilize EEG. To be specific, the attention mechanism was first renowned for its

good performance in capturing long-range dependencies in context and sequence

data [172, 173]. It has been widely applied to the field of EEG epilepsy detec-

tion [174, 175], extracting the spatio-temporal relationship features associated with

epilepsy seizure. In contrast, CNN-based neural networks present a different ap-

proach to analyzing time series. These networks prioritize capturing local features

and can pay particular attention to signal waveforms of different frequencies in

EEG signals [176, 177]. It is facilitated through layered convolution operations,

allowing CNN to delve into the intricacies of the EEG signals and extract high-

dimensional representations [178]. These representations play an important role in

detecting and classifying epilepsy. Both attention-based networks and CNN show

good capability in achieving EEG epilepsy detection, respectively [179, 180]. How-

ever, epilepsy signals have complex patterns, and only mining either global or local

dependencies could suffer limited performance.

Specifically, in detecting epilepsy via time-series EEG signals, both global and

local information play a non-negligible role. Global feature usually reflects long-

distance dependencies in the brain signal segment, whereas local feature focuses

more on subtle changes. Regarding global information, it has been found that

the spike-wave is different in the pre-ictal and inter-ictal periods and that there

is an increasing trend in the spike-wave in the period close to the epilepsy seizure

[181]. Based on this phenomenon, it is possible to capture the number of spikes

detected in the global EEG signal to predict seizures. There are also methods

to monitor the dynamics of the EEG signal by analyzing the similarity between

the current period of the EEG of an epilepsy patient and two reference periods

[182], which compares the difference between the patient’s current EEG state and
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the reference state of that patient’s historical interictal and pre-seizure periods

respectively. Turning to local information, some localized abnormal waveforms and

sudden changes in amplitude can help detect epilepsy waves. For instance, areas

with a lot of waveform jitter in EEG time-domain signals may be able to serve as

biomarkers for the seizure onset zone (SOZ), which is made up of short-lived, violent

oscillations of bioelectrical activity seen in the intracranial electroencephalogram

(iEEG) [183]. Initially, this localized feature could be detected using a root mean

square (RMS) detector [184].

Therefore, to comprehensively leverage the interleaved global and local EEG sig-

nals’ epilepsy features to more precisely and robust epilepsy detection, we propose

th End-to-End Neural Epilepsy Detection (EENED)/ Global-Local Neural Epilepsy

Detection Network (GlepNet). The proposed method is based on an encoder with

interleaved convolution and attention mechanism structure, as graphically repre-

sented in FIGURE 4.5. The architecture of EENED/GlepNet draws inspiration

from previous works [185], and the encoder blocks within the model employ the

self-attention mechanism [186, 187]. It is applied to discern the complex and inter-

leaved temporal relationships within epilepsy EEG signals, improving the model’s

performance in epilepsy detection tasks. To be specific, we have eliminated the

traditional multi-head attention mechanism’s positional encoding [188, 189]. Ad-

ditionally, we have partitioned the traditional feed-forward layer into two sections,

creating a unique sandwich structure. Meanwhile, we have incorporated a hybrid

convolution module within the encoder blocks to extract local features that might

otherwise be overlooked by the multi-head attention model and thus enhance the

model’s performance. The designed hybrid convolution module comprises one-

dimensional depth-wise and one-dimensional point-wise convolution. This com-

bination allows for more nuanced analyses of local features in EEG signals that

may be linked to epilepsy, such as abnormal waveforms and abrupt changes in fre-

quency and amplitude. Furthermore, to verify the effectiveness and interpretabil-

ity of EENED/GlepNet, we utilized the Grad-CAM algorithm for visualization

[124]. This visually intuitive method validates the dependability of our method by

highlighting its heightened capability to detect time segments related to epilepsy

episodes precisely [190]. Specifically, our visualization demonstrates that the pro-

posed method can capture the abnormalities, ranging from the sudden onset of

spikes to the dispersion of sharp and slow waves, which are hallmark indicators of

epileptic manifestations, which have been proven in neuroscience [191]. This form
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of visualization offers clinicians a transparent and interpretable view of the EEG

signals [192].

The experiments demonstrate EENED/GlepNet’s superior performance. Regard-

ing accuracy and F1 score, EENED/GlepNet surpasses the performance of both

traditional CNN and attention based networks. The increased performance is at-

tributed to EENED/GlepNet’s ability to not only capture the long-range dependen-

cies in temporal EEG signals but also combine with extracting local signal features

through the convolution module. Furthermore, we make the ablation study and

comparative analysis to discuss the influence of the convolutional blocks, the multi-

head attention block, as well as the number of encoder blocks. The given result

demonstrates that the above blocks are all necessary and that the setting of the

three encoder blocks is suitable. EENED/GlepNet not only exhibits reliability in

epilepsy detection tasks but also displays significant potential for further advance-

ments and applications in this field. By offering a more comprehensive utilization

of the global and local dependencies of the EEG signals, EENED/GlepNet can

substantially enhance diagnostic accuracy.

The contributions of this section are summarized as follows.

• To the best of our knowledge, this is the first attempt to interleave multi-

head attention mechanism and convolution techniques within a framework for

capturing robust global-local representation, thereby enhancing EEG neural

epilepsy detection.

• The proposed EENED/GlepNet achieve the state-of-the-art performance on

four open-source EEG epilepsy datasets in terms of binary epilepsy classifi-

cation.

• We employ the interpretable technique of Grad-CAM to visually substantiate

that EENED/GlepNet are adept at discerning the global-local representa-

tions essential for robust epilepsy detection.

4.2 Related Work

Neural epilepsy detection and management are crucial research fields, with EEG

established as a potent diagnostic tool [193, 194]. Given the voluminous nature of
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EEG data, it becomes impractical for neurologists to analyze it efficiently [195].

This has spurred the development of automated epilepsy detection algorithms to

alleviate the workload on physicians, marking a significant research direction [196].

The innovation in wearable EEG technologies has been particularly noted by Cas-

son et al., who explored their use in real-time monitoring and emphasized their

translational value from laboratory to clinical settings [197].

Epilepsy detection methods broadly fall into two categories: manual feature en-

gineering and deep learning approaches. The former relies on signal processing

techniques such as Fourier transform, wavelet transform [198, 199], local mean de-

composition (LMD) [200, 201], and empirical mode decomposition (EMD) [202] to

extract features. These features are then classified using methods like SVMs and

random forests [203, 204]. Although these techniques are comprehensive, they can

be complex and not sufficiently effective.

In contrast, deep learning techniques, particularly CNNs, have proven effective

in utilizing EEG data due to their ability to capture localized patterns [205]. Re-

cent advancements have introduced attention-based networks, such as transformers,

which were initially designed for NLP tasks but have since adapted for time-series

analysis [1]. These networks excel in recognizing long-range dependencies within

the spatio-temporal data of EEG signals. Attention to the design of such models,

including the role of positional encoding, has been critical in improving perfor-

mance [188]. Hybrid models, combining CNNs and transformer architectures, like

those developed by Gulati et al. and Song et al., integrate localized feature ex-

traction with global contextual understanding, offering a promising direction for

robust epilepsy detection [89, 185].

From a broader perspective, understanding both the global and local aspects of

EEG data is essential. Globally, studies have noted variations in spike-wave pat-

terns during different phases of epileptic activity, with frequency increases preced-

ing seizures [181]. Locally, identifying specific abnormal waveforms and amplitude

changes can pinpoint the seizure onset zones (SOZ), where intense oscillations in

bioelectrical activity occur, as seen in intracranial EEGs [183]. Therefore, leverag-

ing both global and local EEG features could lead to more accurate and compre-

hensive epilepsy detection systems.
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Figure 4.1: Position-wise feed-forward model. Two linear layers increase
and decrease the dimensionality of the data, respectively.

4.3 EENED

4.3.1 Methodology

4.3.1.1 Encoder Blocks

Inspired by Macaron-Net [206], the encoder blocks of EENED adopt a sandwich

structure, which divides the feedforward layer in the Transformer encoder into two

half-step residual feedforward units. Mathematically, for given input (f t
(e−1)|t =

1, ..., T ) to the eth encoder block, the output (f t
(e)|t = 1, ..., T ) of the block is:

f
(e)
FF1

= (f t
(e−1)|t = 1, ..., T ) +

1

2
PWFF((f t

(e−1)|t = 1, ..., T )) (4.1)

f
(e)
MHSA = f

(e)
PWFF1

+ MHSA(f
(e)
PWFF1

) (4.2)

f
(e)
Conv = f

(e)
MHSA + Conv(f

(e)
MHSA) (4.3)

(f t
(e)|t = 1, ..., T ) = LayerNorm(f

(e)
Conv +

1

2
PWFF(f

(e)
Conv)) (4.4)

Where PWFF() denotes the position-wise feed-forward module, MHSA() denotes

to the multi-head self-attention module, and Conv() denotes to the convolution

module.

4.3.1.2 Position-wise feed-forward module

The Transformer architecture [207] employs a feed-forward module before and af-

ter the MHSA module, consisting of two linear layers and activation as shown
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Figure 4.2: Multi-head self-attention module. We use a multi-head self-
attention similar to the transformer encoder but remove the relative positional
embedding in this pre-norm residual unit.

in FIGURE 4.1. The eth PWFF module transforms a sequence of input vectors

(f t
(e−1)|t = 1, ..., T ) from the previous encoder as follows:

F (e) = LayerNorm([f
(e−1)
t · · · f (e−1)

T ]) ∈ RT×D (4.5)

F̄ (e) = Swish(F (e)W
(e)
1 + 1b

(e)⊤

1 )W
(e)
2 + 1b

(e)⊤

2 ∈ RT×D (4.6)

Where T is the length of time and D is the feature dimension. W
(e)
1 ∈ RD×dpwff

and b
(e)
1 ∈ Rdpwff are the projection matrix and bias of the first linear layer,

1 ∈ RT is an all-one vector. dpwff is the dimension of hidden units. We also apply

Swish activation [208] Swish(·) and dropout [209] to help regularize the module.

W
(e)
2 ∈ RD×dpwff and b

(e)
2 ∈ Rdpwff are the second linear projection matrix and

bias. Following the pre-norm residual units [210], the final output of the PWFF

module is computed as follows:

F
(e)
PWFF = F (e) +

Dropout(F̄ (e))

2
∈ RT×D (4.7)

4.3.1.3 Multi-head self-attention module

The structure of the multi-head self-attention module is shown in FIGUE 4.2. The

MHSA module in the eth encoder processes features from the PWFF module. The

input features F
(e)
PWFF is converted by layer normalization:

F̄ (e) = LayerNorm(F
(e)
PWFF ) ∈ RT×D (4.8)
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Then, in the multi-head self-attention block, each attention head computes a pair-

wise similarity matrix S
(e)
h applying the dot products of query vectors F̄ (e)Q

(e)
h ∈

RT×d and key vectors F̄ (e)K
(e)
h ∈ RT×d

S
(e)
h = F̄ (e)Q

(e)
h (F̄ (e)K

(e)
h )⊤ ∈ RT×T (1 ≤ h ≤ H) (4.9)

where H denoted the number of heads. Q
(e)
h ,K

(e)
h ∈ RD×d are the hth head’s query

and key projection matrices, respectively. Scaled by 1/
√

D/H, S
(e)
h , the matrix of

similarity and softmax are applied to produce the attention weight matrix A
(e)
h :

A
(e)
h = Softmax

(
S
(e)
h√
D/H

)
∈ RT×T (4.10)

Then the attention weight matrix A
(e)
h is used to compute context vectors C

(e)
h with

the value vectors F̄ (e)V
(e)
h ∈ RT×d:

C
(e)
h = A

(e)
h (F̄ (e)V

(e)
h ) ∈ RT×d (4.11)

where V
(e)
h ∈ RD×d represents the matrix of value projection. The output features

of the multi-head self-attention module are obtained by concatenating the context

vectors from all heads and then applying an output projection matrix O(e) ∈ RD×D:

F̄
(e)
MHSA = [C

(e)
1 · · ·C

(e)
H ]O(e) ∈ RT×D (4.12)

F
(e)
MHSA = LayerNorm(F̄ (e) + DropOut(F̄

(e)
MHSA)) ∈ RT×D (4.13)

4.3.1.4 Convolution module

Similar to [211], the convolution module, as shown in FIGURE 4.3, takes F
(e)
MHSA

as input and starts with a point-wise convolution and a gated linear unit (GLU)

[212]:

F̄ (e) = PWConv(LayerNorm(F
(e)
MHSA)) ∈ RT×2D (4.14)
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Convolution Module
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Pointwise
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Linear 
Units

SwishDepthwise
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Figure 4.3: Convolution module. The convolution module contains two
convolutional layers of different scales, with Gated linear units used as the acti-
vation layer in the middle. The Swish activation function is used, followed by a
linear layer.

F̄
(e)
glu = (F̂ (e)W

(e)
1 + b

(e)
1 )
⊗

σ(F̌ (e)W
(e)
2 + b

(e)
2 ) ∈ RT×D (4.15)

where PWConv(·) is a one-dimensional point-wise convolutional layer with kernel

size (1 X 1) and stride of 1. The output F̄ (e) ∈ RT×2D could be divided into

F̂ (e) ∈ RT×D and F̌ (e) ∈ RT×D, which are the first half and the second half of

the output, respectively. W
(e)
1 ∈ RD×D, b

(e)
1 ∈ RD,W

(e)
2 ∈ RD×D, b

(e)
1 ∈ RD are

learned parameters, σ is the sigmoid function and
⊗

is the element-wise product.

The output of GLU F̄
(e)
glu is processed with a DWConv(·):

F̄
(e)
DWConv = W (e)

conv Swish(DWConv(F̄
(e)
glu)) + b

(e)
Conv ∈ RT×D (4.16)

where W
(e)
Conv ∈ Rdpwconv×D, b

(e)
Conv ∈ RD are learned linear parameters of Convolu-

tion module. Swish(·) is the activation function. DWConv(·) is a one-dimensional

depth-wise convolutional layer with a kernel size of 15. dpwconv is the dimension

of depth-wise convolution layer output. The final output features F
(e)
Conv of the

convolution module are as follows:

F
(e)
Conv = F

(e)
MHSA + Dropout(F̄

(e)
DWConv) ∈ RT×D (4.17)

4.3.2 Experiments and Results

4.3.2.1 Dataset

The Epileptic Seizure Recognition dataset [59] contains EEG recordings from 500

subjects. The brain activity of each subject was recorded for 23.6 seconds. Since
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Figure 4.4: Confusion matrix of the predicted results of the four models. From
left to right: Dense-CNN, CNN-LSTM, Transformer, and EENED.

four of the five categories are unrelated to epilepsy, we reduced the labels to one

category. The training set contains 7360 segments of EEG signal data, and the test

set contains 1840 segments of EEG signal data, of which 1461 are non-epileptic EEG

signals. We followed the data processing in [213].

4.3.2.2 Model configuration

• EENED

EENED contains three Encoder blocks, and each Encoder layer contains a

self-attention module and a convolution module. The attention mechanism

consists of 8 attention heads, each with a dimension of 64. The convolution

module uses one-dimensional convolution layers and GLU activation function;

the convolution kernel size is 15, the step size is 1, the padding is 7, and the

number of groups is 512. The model also contains two feed-forward layers and

residual connections, and finally, it applies two linear layers and a sigmoid

activation function to classify the features.

• Dense-CNN

Dense-CNN [214] is comprised of multiple convolutional layers, with each

layer having a different set of convolutional filters. The first is a linear layer

that outputs a tensor of size 512. The subsequent layers use an architecture

called Dense-Inception which is made up of several Inception modules. Each

Inception module consists of multiple branches that process the input in

parallel using different convolutional filters of different kernel sizes. The

output of each branch is then concatenated along the channel dimension

and fed into a 1x1 convolutional layer to reduce the number of channels. The

output of one Inception module is then fed into the next Inception module,
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and the process is repeated until the final layer, which outputs a tensor of

size 18.

• Transformer

This network architecture is a Transformer-based classifier consisting of an

upsample layer, two linear layers, Transformer-Encoder layers with 3 Trans-

former encoders, a fully connected layer, and a sigmoid activation function.

The upsample layer maps the input sequence to a hidden state of size 512.

The first linear layer maps the hidden state to a single value, which is then

used to scale the output of the Transformer-Encoder layer. The Transformer-

Encoder layer contains a self-attention mechanism and two linear and dropout

layers. The self-attention mechanism uses 8 attention heads and an output

projection matrix of size 512. The dropout probability is set to 0.1 for the

attention and linear layers. The fully connected layer maps the output of

the Transformer-Encoder to a single value, which is then passed through the

sigmoid activation function to produce the final classification output.

• CNN-LSTM

CNN-LSTM [215] comprises a convolutional neural network and a long and

short-term memory (LSTM) layer. The convolutional neural network consists

of two convolutional layers and a maximum pooling layer, and the output size

of the fully connected layer is 512. The input of the LSTM layer is the output

of the fully connected layer and contains two LSTM layers with a hidden state

size of 128.

4.3.3 Result and Analysis

As shown in FIGURE 4.4, from the prediction result confusion matrix of the four

models, the accuracy rates of Dense-CNN and Transformer are 0.942 and 0.943,

respectively. The accuracy rates of CNN-LSTM and EENED are 0.958 and 0.982,

respectively. Among them, EENED achieved the highest accuracy rate. When

Dense-CNN is used to process time-domain signals, it cannot perform better due

to the lack of a mechanism for processing sequence data. Transformer is good at

global modeling of time-domain data. However, it is challenging to capture short

sequence signal features related to epilepsy in EEG signals, such as the appearance
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Table 4.1: Comparison of performance (F1 Score and Accuracy) of four neural
networks on The Epileptic Seizure Recognition dataset.

Network Accuracy F1 Score
Dense-CNN[214] 0.942 0.963
Transformer 0.943 0.963
CNN-LSTM[215] 0.958 0.974
EENED 0.982 0.989

of spikes and the sprinkling of sharp and slow waves. In contrast, CNN-LSTM inte-

grates local and global feature extraction to a certain extent, which can effectively

capture the temporal dependence of time series data. EENED has the highest ac-

curacy rate in the experimental results. It combines the characteristics of CNN and

Transformer. While learning the global temporal dependence of epilepsy-related

EEG signals, it captures local signal features through the convolution module.

4.3.4 Summary

EENED achieves higher accuracy in epilepsy detection tasks than other transformer

and CNN-based neural networks. The experimental results show that EENED

can combine the ability of the self-attention mechanism to build the long-term

dependence of EEG signals and the characteristics of the convolution module to

extract local EEG signal features, which is crucial for using EEG to detect epilepsy

as a reference for medical diagnosis.

4.4 GlepNet

4.4.1 Methodology

4.4.1.1 Overall GlepNet

The proposed GlepNet architecture integrates traditional attention-based and CNN

structures into a cohesive framework for neural epilepsy detection as shown in

FIGURE. 4.5. At the core of this architecture are several encoder blocks, each

combining interleaved multi-headed self-attention with convolution modules. This

design allows for the extraction of robust, interleaved global-local EEG epilepsy
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Figure 4.5: Global-Local Neural Epilepsy Detection Network Architecture.
GlepNet incorporates a linear layer for feature embedding, followed by special-
ized encoder blocks that enhance the detection of global-local epilepsy patterns.
Each encoder block includes multi-head self-attention and convolution modules,
positioned between two macaroon-like, position-wise feed-forward layers with a
half-step residual connection designed to capture interleaved EEG epilepsy fea-
tures effectively. A normalization layer addresses the gradient vanishing issue,
while the final linear and sigmoid layers are dedicated to accurate epilepsy de-
tection.

features. Each encoder block is fortified with macaroon-style feedforward layers

that enhance the processing of these representations.

GlepNet utilizes half-step residual connections within these blocks to stabilize gra-

dients and facilitate learning across the stacked encoders. The attention modules

in each encoder are crucial for capturing long-range dependencies in the EEG sig-

nals, while the convolutional layers focus on extracting local spatial relationships.

This integration enables GlepNet to harness multi-scale contextual and positional

information effectively.

The architecture further employs feedforward layers to refine features between en-

coders, optimizing the preparation of inputs and outputs for subsequent processing

stages. The fusion of attention mechanisms and convolutional layers within this

encoder-decoder framework allows GlepNet to construct hierarchical representa-

tions, addressing both local and global patterns essential for accurate epilepsy

detection. To ensure comprehensive capturing of the EEG epilepsy feature, the

encoder block is multiplying three times within the GlepNet architecture. This
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Algorithm 1 GlepNet for EEG-based Epilepsy Detection

Require: EEG Input
Ensure: Epilepsy Label
1: Input: EEG Signal
2: Output: Predicted Epilepsy Label
3: function GlepNet(EEG)
4: x← Linear(EEG)
5: for i = 1 to 3 do
6: x← EncoderBlock(x)
7: end for
8: x← Linear(x)
9: label← Sigmoid(x)
10: return label
11: end function

configuration is designed to capture a broad spectrum of features across various

levels of abstraction, employing a serialization of encoder blocks as a multi-scale

feature extraction strategy that is effective for EEG epilepsy detection.

To provide an intuitive demonstration of GlepNet and its components, the pseu-

docode for the following elements is presented below in the methodology section:

GlepNet (see Algorithm 1), Encoder Block (see Algorithm 2), Position-wise Feed-

forward Module (see Algorithm 3), Multi-Head Self-Attention Module (see Algo-

rithm 4) and Convolution Module (see Algorithm 5).

4.4.1.2 Encoder Blocks

Inspired by Macaroon-Net [206], the encoder blocks of GlepNet adopt a sandwich

structure, which divides the feedforward layer in the Transformer encoder into two

half-step residual feedforward units. A multi-head self-attention and convolution

modules are included between the two feedforward modules. Mathematically, for

given input (f t
(e−1)|t = 1, ..., T ) to the eth encoder block, the output (f t

(e)|t =

1, ..., T ) of the block is formulated as

f
(e)
FF1

= (f t
(e−1)|t = 1, ..., T )+

1

2
PFFM((f t

(e−1)|t = 1, ..., T ))
(4.18)

f
(e)
MHSA = f

(e)
PFFM1

+ MHSA(f
(e)
PFFM1

) (4.19)
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Algorithm 2 GlepNet - Encoder Block

1: function EncoderBlock(x)
2: xresidual ← x
3: x← LayerNorm(x)
4: x← MHSA-Module(x) + 1

2
xresidual

5: xresidual ← x
6: x← LayerNorm(x)
7: x← Conv-Module(x)
8: xresidual ← x
9: x← LayerNorm(x)
10: x← PFFM(x) + 1

2
xresidual

11: return x
12: end function
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Figure 4.6: Position-wise feed-forward model. Two linear layers increase and
decrease the dimensionality of the data, respectively.

f
(e)
Conv = f

(e)
MHSA + Conv(f

(e)
MHSA) (4.20)

(f t
(e)|t = 1, ..., T ) =

LayerNorm(f
(e)
Conv +

1

2
PFFM(f

(e)
Conv))

(4.21)

where PFFM(·) denotes the position-wise feed-forward module, MHSA(·) signi-

fies the multi-head self-attention module, and Conv(·) represents the convolution

module.

4.4.1.3 Position-wise feed-forward module

The GlepNet architecture employs a feed-forward module before and after the

MHSA module, consisting of two linear layers and activation as shown in FIGURE.

4.6. The eth PFFM module transforms a sequence of input vectors (f t
(e−1)|t =

1, ..., T ) from the previous encoder as follows:
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Algorithm 3 GlepNet - Positionwise Feed-Forward Module (PFFM)

1: function PFFM(x)
2: x← LayerNorm(x)
3: x← Linear(x)
4: x← Switch(x)
5: x← Dropout(x)
6: x← Linear(x)
7: x← Dropout(x)
8: return x
9: end function

F (e) = LayerNorm([f
(e−1)
t · · · f (e−1)

T ]) ∈ RT×D (4.22)

F̄ (e) = Swish(F (e)W
(e)
1 + b

(e)⊤

1 )W
(e)
2 +

b
(e)⊤

2 ∈ RT×D
(4.23)

where T denoted the time length and D is the feature dimension. W
(e)
1 ∈ RD×dPFFM

and b
(e)
1 ∈ RdPFFM are the projection matrix and bias of the first linear layer,

1 ∈ RT is an all-one vector. dPFFM is the dimension of hidden units. We also

apply Swish activation [208] Swish(·) and dropout [209] to help regularize the

module. W
(e)
2 ∈ RD×dPFFM and b

(e)
2 ∈ RdPFFM are the second linear projection

matrix and bias. Following the pre-norm residual units [210], the final output of

the PFFM module is computed as follows:

F
(e)
PFFM = F (e) +

Dropout(F̄ (e))

2
∈ RT×D (4.24)

4.4.1.4 Multi-head self-attention module

The structure of the multi-head self-attention module is shown in FIGURE. 4.7.

The MHSA module in the eth encoder processes features from the PFFM module.

The input features F
(e)
PFFM is converted by layer normalization

F̄ (e) = LayerNorm(F
(e)
PFFM) ∈ RT×D (4.25)
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Algorithm 4 GlepNet - Multi-Head Self-Attention Module (MHSA)

1: function MHSA-Module(x)
2: x← LayerNorm(x)
3: x← MultiHeadSelfAttention(x)
4: x← Dropout(x)
5: return x
6: end function

Then, in the multi-head self-attention block, each attention head computes a pair-

wise similarity matrix S
(e)
h using the dot products of query vectors F̄ (e)Q

(e)
h ∈ RT×d

and key vectors F̄ (e)K
(e)
h ∈ RT×d

S
(e)
h = F̄ (e)Q

(e)
h (F̄ (e)K

(e)
h )⊤ ∈ RT×T (1 ≤ h ≤ H) (4.26)

where H denoted the number of heads. Q
(e)
h ,K

(e)
h ∈ RD×d are the hth head’s query

and key matrices of projection. Scaled by 1/
√

D/H, S
(e)
h , denotes the matrix of

similarity, together with softmax to produce the attention weight matrix

A
(e)
h = Softmax

(
S
(e)
h√
D/H

)
∈ RT×T (4.27)

Then the attention weight matrix A
(e)
h is used to compute context vectors C

(e)
h with

the value vectors F̄ (e)V
(e)
h ∈ RT×d:

C
(e)
h = A

(e)
h (F̄ (e)V

(e)
h ) ∈ RT×d (4.28)

where V
(e)
h ∈ RD×d is the matrix of value projection. The final output feature

of the multi-head self-attention module is computed by the concatenation of all

heads’ context vectors and an output projection matrix O(e) ∈ RD×D:

F̄
(e)
MHSA = [C

(e)
1 · · ·C

(e)
H ]O(e) ∈ RT×D (4.29)

F
(e)
MHSA = LayerNorm(F̄ (e)+

DropOut(F̄
(e)
MHSA)) ∈ RT×D

(4.30)
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Figure 4.7: Multi-head self-attention module. We apply a multi-head self-
attention without the relative positional embedding in this residual unit.
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Figure 4.8: Convolution module. The convolution module contains two convo-
lutional layers of different scales, with Gated linear units used as the activation
layer in the middle. The Swish activation function is used, followed by a linear
layer.

4.4.1.5 Convolution module

Similar to [211], the convolution module, as shown in FIGURE 4.8, takes F
(e)
MHSA

as input and starts with a point-wise convolution and a gated linear unit (GLU)

[212]:

F̄ (e) = PWConv(LayerNorm(F
(e)
MHSA)) ∈ RT×2D (4.31)

F̄
(e)
glu = (F̂ (e)W

(e)
1 + b

(e)
1 )⊗ σ(F̌ (e)W

(e)
2 + b

(e)
2 ) ∈ RT×D (4.32)
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Algorithm 5 GlepNet - Convolution Module

1: function Conv-Module(x)
2: x← LayerNorm(x)
3: x← PointwiseConv(x)
4: x← GatedLinearUnit(x)
5: x← DepthwiseConv(x)
6: x← BatchNorm(x)
7: x← Switch(x)
8: x← Linear(x)
9: x← Dropout(x)
10: return x
11: end function

where PWConv(·) is a one-dimensional point-wise convolutional layer with kernel

size (1 × 1) and stride of 1. The output F̄ (e) ∈ RT×2D could be divided into

F̂ (e) ∈ RT×D and F̌ (e) ∈ RT×D, which are the first half and the second half of

the output, respectively. W
(e)
1 ∈ RD×D, b

(e)
1 ∈ RD,W

(e)
2 ∈ RD×D, b

(e)
1 ∈ RD are

learned parameters, σ is the sigmoid function and ⊗ is the element-wise product.

The output of GLU F̄
(e)
glu is processed with a DWConv(·):

F̄
(e)
DWConv =W (e)

conv Swish(DWConv(F̄
(e)
glu))+b

(e)
Conv ∈ RT×D (4.33)

where W
(e)
Conv ∈ Rdpwconv×D, b

(e)
Conv ∈ RD are learned linear parameters of Convolu-

tion module. Swish(·) is the activation function. DWConv(·) is a one-dimensional

depth-wise convolutional layer with a kernel size of 15. dpwconv is the dimension

of depth-wise convolution layer output. The final output features F
(e)
Conv of the

convolution module are as follows:

F
(e)
Conv = F

(e)
MHSA + Dropout(F̄

(e)
DWConv) ∈ RT×D. (4.34)

4.4.1.6 Linear Layer, LayerNorm and Sigmoid

Linear layers, layer normalization, and the sigmoid activation function are key

components in constructing deep neural networks. In GlepNet, the two linear

layers are applied to help the network map the input to an intermediate valuable

representation for the task. Layer normalization is a technique that normalizes

the activations across the features to stabilize network training. By subtracting



Chapter 4. EENED & GlepNet 71

the mean and dividing by the standard deviation across the neurons, the layer

norm helps the network generalize better. Finally, the sigmoid activation takes a

real-valued input and squashes it to a probability value between 0 and 1, which

represents outputs as probabilities and allows the network to predict the epilepsy

class.

4.4.1.7 Grad-CAM for Neural Epilepsy Detection

Grad-CAM (Gradient-weighted Class Activation Mapping) is a technique that can

be used to visualize and understand which regions in medical images are most

important for neural network-based models in making predictions. Recently, Grad-

CAM has been applied in research for detecting epilepsy from EEG and MRI scans.

By highlighting the critical regions that contain discriminative information in the

EEG data, Grad-CAM provides insight into which part of neural signals the models

rely on to identify epilepsy.

For example, studies have used Grad-CAM on convolutional neural networks an-

alyzing EEG data to indicate the key time segments and channels that contain

epileptiform discharges and brain oscillations associated with seizures [216]. Other

work has applied Grad-CAM on MRI analysis models to discover the importance

of temporal and frontal lobe abnormalities [217]. Incorporating Grad-CAM inter-

pretation enables better trust and transparency around automated neural epilepsy

detection, as doctors can visually see what drives the AI model’s outputs. Going

forward, Grad-CAM could be used to improve and refine neural networks to focus

learning on clinically relevant biomarkers and spatial patterns for robust epilepsy

risk stratification and care.

The Grad-CAM method in this chapter is utilized for single-channel EEG signals

for binary classification task. The basic overview is to input data into the proposed

model as forward propagation and obtain raw scores before sending them into fully

connected Layers. Then the back propagation is applied to obtain the weights.

Eventually, we multiply the weights with each feature score, respectively. Through

a ReLU activation function, we obtain the Grad-CAM values and visualize them

to obtain the heatmaps. The basic step can be elaborated as Eq. (4.35), where

parameter W represents output feature values after the last convolutional layer, t

denotes types (0 or 1), r means the rth channel of a specific feature layer (here we
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set r as time sampling number). W r symbolizes rth channel of last feature layer

W and wt
r represents weight of rth channel in categories t. Finally, Gr

t means the

Grad-CAM values of rth channel in t classification and is given by

Gr
t ← max(

∑
r

wt
rW

r, 0). (4.35)

The total heatdata is a matrix of 1×r combining with r channel of Grad-CAM

values of feature layer W , which is used to draw heatmaps with the same sampling

points as that of raw input data.

4.4.2 Experiments and Discussions

4.4.2.1 Datasets

The experiments were conducted using four single-channel EEG datasets. These

datasets encompass: 1) The Epileptic Seizure Recognition dataset (ESR) [218]. 2)

EEG Epilepsy Datasets sourced from the Neurology & Sleep Centre (NSC) in New

Delhi [219]. 3) Bonn EEG Datasets [59]. 4) Single electrode EEG data collected

from healthy and epileptic patients [220].

1) Epileptic Seizure Recognition Dataset (ESR)

Each EEG data spans 23.6 seconds. For our study, we consolidated the

original 5 labels into 2 categories. Specifically, we grouped four out of the

five labels that were unrelated to epileptic activity into a singular category.

We adopted the data pre-processing methodology outlined in [213].

2) EEG Epilepsy Datasets from Neurology & Sleep Centre, New Delhi (NSC)

The dataset originates from the Neurology & Sleep Centre (NSC) in Hauz

Khas, New Delhi. It encompasses EEG time series segments from 10 patients

with epilepsy. Each dataset file contains 1024 sample points, spanning 5.12

seconds, with a sampling rate of 200 Hz. The dataset is categorized into

pre-ictal, interictal, and ictal three categories. For our study, we streamlined

the original three labels into two by amalgamating the interictal and ictal

categories into a singular label.
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3) Bonn EEG dataset (Bonn)

This dataset is from Universitätsklinikum Bonn in Germany and contains

100 single-channel EEG time series. Each datum consists of 4097 sample

points recorded over 23.6 seconds (sampling rate: 173.6 Hz). The data are

categorized into five groups: Z, O (healthy subjects), and N, F, S (epileptic

subjects). For our experiment, we focus only on categories N, F, and S, ignor-

ing Z and O. Since categories N and F are collected from epileptic intervals,

and S is collected from the epileptic phase, we combine N and F into a single

label. Thus, the dataset is simplified into a dichotomous dataset.

4) Single electrode EEG data of healthy and epileptic patients (SEHE)

This dataset is produced in a similar method of Bonn EEG dataset that

mentioned before, for instance, the sampling rate, time period of each file are

the same. However, this dataset has only 2 labels (”H” for healthy subjects

and ”E” for epilepsy subjects). It also overcomes many limitation of Bonn

EEG dataset like inconsistent sensor position during acquisition [221]. All

data are collected from 15 healthy and epileptic people with surface EEG

electrodes. And we pre-process this dataset in a same method as that of

Bonn EEG dataset after considering the similarity between them.

4.4.2.2 Baseline Model and Configuration

The proposed model is compared with following baseline model, including SVM

[222], ConvNet [196], TS-SENet [223], Dense-CNN [214], CNN-LSTM [215], Trans-

former.

1) SVM

Empirical mode decomposition (EMD) has been applied efficiently as a preva-

lent temporal and spectral feature extractor technique in analysing time se-

ries. A support vector machine (SVM) is frequently incorporated as the

classifier and makes the prediction. This method is a foundational baseline

for accurately identifying and analyzing epileptic EEGs.

2) ConvNet
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The ConvNet comprises four convolution-maxpooling blocks. The initial

block is uniquely structured to manage input efficiently, followed by three

standard convolution-maxpooling blocks, culminating in a dense softmax

layer. In the primary layer, filters carry out convolutions across time. Each

filter executes spatial filtering in the subsequent layer, using weights for ev-

ery potential electrode pair based on the filters from the preceding temporal

convolution.

3) TS-SENet

TS-SENet is a comprehensive end-to-end framework designed for EEG seizure

detection. At its outset, TS-SENet integrates both multi-level spectral and

multi-scale temporal analyses concurrently. This process results in captur-

ing hierarchical multi-domain representations using a modified squeeze-and-

excitation block. To conclude, a classification network recognizes epileptic

EEG patterns based on the features harvested from the earlier subnetworks.

5) Dense-CNN

The Dense-CNN architecture consists of multiple convolutional layers, whereby

each layer is equipped with a distinct set of convolutional filters. The first

component consists of a linear layer. The subsequent layers employ an ar-

chitectural framework known as Dense-Inception, including several Inception

modules. The Inception module is composed of numerous branches that con-

currently process the input by employing distinct convolutional filters with

different kernel sizes. After that, the results obtained from each branch are

combined by concatenating them along the channel dimension. This com-

bined output is then sent through a convolutional layer in order to decrease

the number of channels. The output tensor produced by one Inception mod-

ule is then given as input to the subsequent Inception module, and this se-

quence of operations is iterated until reaching the final layer.

6) Transformer

The network architecture is a classifier based on the Transformer model. It

comprises an upsampling layer, two linear layers, Transformer-Encoder layers,

a fully connected layer, and a sigmoid activation function. The upsampling

layer transforms the input sequence into a higher hidden state. The first linear

layer is responsible for mapping the hidden state into a single value, which
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subsequently serves for scaling the output of the Transformer-Encoder layer.

The Transformer-Encoder layer is comprised of a self-attention mechanism,

as well as two linear layers and dropout layers. The self-attention mechanism

employs eight attention heads and a projection matrix for its output. The

dropout are applied to the attention and linear layers. The output of the

Transformer-Encoder is mapped to one value by the fully connected layer.

The sigmoid activation function further processes this value to get the final

classification result.

7) CNN-LSTM

CNN-LSTM [215] consists of a convolutional neural network and a long and

short-term memory (LSTM) layer. The convolutional neural network com-

prises of two convolutional layers and a maximum pooling layer. The fully

connected layer yields an output size of 512. The input to the LSTM layer

consists of the output from the fully connected layer. It has two LSTM layers,

each having a hidden state size of 128.

4.4.2.3 Training Paradigm

The k-fold cross-validation paradigm is applied to divide the training and testing

sets. For each dataset, the data is divided into 5 folds, where one fold is the testing

set, and the remaining are used to train. The data used for training is divided into

80% and 20%, respectively, where the 20% is the validation set, and the remaining

is the training set.

4.4.2.4 Cropping Strategy

To expand the data volume, our experiments used a cropped strategy [196], which

crops the data of each trail into 0.5s non-overlapping segments. The cropping is

done strictly after splitting the training, validation, and testing sets, which prevents

data leakage. We make all baselines follow the same cropping strategy to prevent

abnormally high accuracy and F1 scores.
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4.4.2.5 Hyperparameters and Environments

The proposed GlepNet architecture is composed of three Encoder blocks, with

each Encoder layer consisting of a self-attention module and a convolution mod-

ule. The attention mechanism has a total of 8 attention heads, with each head

having a dimensionality of 64. The convolution module employs one-dimensional

convolution layers and the gated linear unit (GLU) activation function. The con-

volution kernel has a size of 15, a step size of 1, a padding of 7, and is divided into

512 groups. The model is comprised of two feed-forward layers and incorporates

residual connections. It concludes with the application of two linear layers and a

sigmoid activation function to categorise the extracted features.

The model is trained on an NVIDIA Tesla A100. The batch size is set to 128, and

we use learning rate decay by setting an initial learning rate of 1e− 4 and a decay

factor of 0.1. The minimum learning rate is set as 1e− 8. Additionally, The total

training epoch is default 500 and the early stopping strategy was implemented. We

retain the best model obtained to do the model inference, where we set the batch

size the same as training process.
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Figure 4.9: Interpretable Visualization. For those samples have a label
“Epilepsy”, GlepNet model focuses more on the part of the value that has a
large gradient and changes drastically over time. As seen in sample 60 (left), our
GlepNet model exhibits the highest degree of attention towards the segments
located approximately at 25, 45-60, 90-95, and 110-120, respectively. Notably,
these segments have comparatively greater amplitudes in comparison to other
regions. As shown in sample 00 (right), it is revealed by the Grad-CAM method
that the peaks of the signal are lighter that the other area.



Chapter 4. EENED & GlepNet 77

Table 4.2: Comparison (in %) of Accuracy (ACC) of our proposed GlepNet and
six Baselines on the Epileptic Seizure Recognition (ESR), EEG Epilepsy Datasets
from Neurology & Sleep Centre in New Delhi (NSC), Bonn EEG dataset (Bonn),
and Single electrode EEG data of healthy and epileptic patient (SEHE). The best
and highest results are in bold.

Method ESR (ACC) NSC (ACC) Bonn (ACC) SEHE (ACC)

SVM [222] 75.23±7.13 72.81±8.22 75.25±7.22 68.82±6.92

ConvNet [196] 86.10±4.52 78.88±6.01 80.94±6.22 74.88±7.16

TS-SENet [223] 89.72±4.57 86.02±5.01 92.80±4.25 87.28±3.56

DenseCNN [214] 91.13±4.55 85.70±4.98 88.54±6.22 95.47±2.92

CNN-LSTM [215] 92.82±4.92 79.91±5.43 94.74±3.17 80.71±6.53

Transformer 92.30±3.73 71.51±8.68 85.31±6.55 65.61±8.01

GlepNet (ours) 96.91±1.30 93.30±2.48 97.02±2.22 98.17±1.79

Table 4.3: Comparison (in %) of F1 Score (F1) of our proposed GlepNet and six
Baselines on the Epileptic Seizure Recognition (ESR), EEG Epilepsy Datasets
from Neurology & Sleep Centre in New Delhi (NSC), Bonn EEG dataset (Bonn),
and Single electrode EEG data of healthy and epileptic patient (SEHE). The best
and highest results are in bold.

Method ESR (F1) NSC (F1) Bonn (F1) SEHE (F1)

SVM [222] 77.21±7.42 74.13±9.33 81.81±5.12 67.61±6.22

ConvNet [196] 89.34±4.98 80.15±3.50 87.01±4.28 70.92±4.82

TS-SENet [223] 84.63±6.47 84.55±5.42 85.88±6.07 85.32±4.22

DenseCNN [214] 95.31±3.01 80.01±5.61 85.17±6.62 95.11±3.66

CNN-LSTM [215] 93.14±5.02 69.32±8.02 93.62±2.62 82.73±4.72

Transformer 92.33±3.69 64.03±8.12 77.12±6.77 62.82±8.42

GlepNet (ours) 98.12±0.80 90.63±1.52 97.24±2.01 99.11±0.52

4.4.3 Performance Comparison

4.4.3.1 Baseline comparison

In this section, we evaluate the performance and robustness of our proposed Glep-

Net alongside six baseline models across four datasets. The results are presented

in Table 4.2 and Table 4.3. Overall, GlepNet consistently outperforms the base-

line models on these datasets, demonstrating significant advantages in terms of

accuracy and robustness.
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To be specific, while SVMs are effective for general classification tasks, they struggle

with the sequential nature of EEG data without extensive kernel modifications and

feature engineering. Dense-CNN and ConvNet, which primarily focus on spatial

feature extraction, do not perform optimally with time series data due to their

limitations in handling sequential information effectively.

The Transformer, known for its proficiency in global modeling of time-domain data,

excels in capturing long-range dependencies, which are crucial for identifying com-

plex epileptic patterns such as spikes and the interleaving of spikes with slow waves.

However, despite its strengths, the Transformer is computationally intensive and

can suffer from inefficiencies as well as overfitting when scaling to larger datasets

or in cases where local context is vital.

CNN-LSTM improves upon these models by effectively capturing the temporal

dependencies inherent in time-series data. Nevertheless, it is somewhat limited in

integrating these features with global context. TS-SENet, which integrates squeeze-

and-excitation (SE) blocks with convolutional networks, aims to enhance the net-

work’s sensitivity to temporal dynamics by adaptively recalibrating channel-wise

feature responses. Despite these advancements, TS-SENet often faces challenges in

effectively scaling these features across more complex datasets, potentially limiting

its practical utility in real-world EEG analysis where variability across data is high.

In comparison, GlepNet demonstrates the highest accuracy and robustness by com-

bining the strengths of attention mechanisms and convolutional features. Through

its convolution module, GlepNet detects local signal characteristics, while its at-

tention mechanism facilitates the learning of overall time dependencies in epilepsy-

related EEG representations. This comprehensive approach allows GlepNet to out-

perform other models, leveraging detailed local insights alongside broader temporal

patterns to enhance EEG epilepsy detection.

4.4.3.2 Ablation Study

In this part, we conduct two ablation studies in terms of discussing the influence

of the convolution module, multi-head self-attention module as well as the number

of the encoder blocks.
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Figure 4.10: Comparison of the attention of the GlepNet model with convo-
lutional layers, the GlepNet model with Convolution Module removed and the
GlepNet model with Multi-Head Self-Attention Module removed for two differ-
ent samples ( index 25 on the left and 50 on the right ) visualized with the
Grad-CAM method. The RELATIVE IMPORTANCE can be represented by
different colors, with brighter colors denoting more pronounced attention of the
model: the two images on the first row are generated by our proposed GlepNet
model, where the model pays attention to a proper number of localities and
global information; the images on the second row are produced by the GlepNet
model with the Convolution Modules removed, where the model pays too much
attention to global information and ignores local characteristics; the images on
the third row represent the attention of GlepNet model without Multi-Head Self-
Attention Modules, where the model pays too much local attention but overlooks
the global features. The classifying effect can be indicated by probability, and it
is evident that the first row images - which has a higher probability of epilepsy
- have better effect of classifying than that of the others.
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Convolution Module & Multi-head Self-attention Module: We conducted

an ablation study to assess the impact of the convolution module and the multi-

head self-attention module on the network’s performance. This study involved

comparing the test accuracy of our proposed model, GlepNet, against two mod-

ified versions: one where the convolutional layers were removed (Conv−) and

another where the multi-head self-attention modules were eliminated (MHSA−).

The results are presented in Table 4.4. From the table, it is evident that removing

the convolutional modules resulted in a reduction in accuracy as well as robust-

ness across all datasets, with the most pronounced reduction observed in the NSC

dataset. On the other hand, eliminating the multi-head self-attention modules

led to a slight performance improvement in the ESR and Bonn datasets but a

noticeable decline in the NSC and SEHE datasets.

The complete GlepNet model, incorporating both the convolution and multi-head

self-attention modules, consistently outperformed the other versions across all

datasets. The GlepNet model’s superiority underscores both modules’ comple-

mentary roles in enhancing the network’s predictive capacity. Thus, integrating

convolutional layers with multi-head self-attention mechanisms provides a robust

architecture that effectively leverages spatial and temporal features, leading to im-

proved performance in epilepsy dataset classification.

Moreover, we make a interpretable visualization as shown in FIGURE 4.9 and

an ablation visualization aims to elucidate the relative importance and areas of

attention the model allocates when diagnosing the presence of epilepsy as shown

in FIGURE 4.10 using the Grad-CAM method.

Three distinct configurations of the GlepNet model were examined: the complete

GlepNet model, the model with the convolutional layers removed (Conv−), and

the model with the Multi-Head Self-Attention Module eliminated (MHSA−). The

color-coded weights represent the relative importance, with brighter colors signify-

ing areas where the model pays heightened attention.

The visualizations show that the complete GlepNet model demonstrates a nuanced

allocation of attention across the time series, as evidenced by the balanced dis-

tribution of weights. This balanced approach allows the model to capture both

global and localized features effectively, leading to a higher probability of accu-

rately classifying the presence of epilepsy (as denoted by the probabilities in each
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Table 4.4: Ablation study (Accuracy in %) on four Epilepsy Datasets: As
shown, ”Conv−” means removing the convolution modules from the pro-
posed GlepNet model, whereas ”MHSA−” means eliminating Multi-Head Self-
Attention modules from GlepNet. The best and highest results are in bold.

Method ESR NSC Bonn SEHE

Conv− 93.18±3.63 68.83±4.52 83.18±5.01 67.28±4.27

MHSA− 92.28±4.83 89.63±2.81 92.77±3.35 94.02±3.51

GlepNet (ours) 96.91±1.30 93.30±2.48 97.02±2.22 98.17±1.79

chart). Conversely, the Conv− configuration appears to spread its attention more

broadly but lacks depth in certain critical regions. This potentially results in a

decreased capacity to discern nuanced features. Similarly, the MHSA− config-

uration focuses on particular time segments but misses broader patterns. This

comparative analysis underscores the complementarity of convolutional layers and

multi-head self-attention mechanisms in the GlepNet model. Fusing both com-

ponents allows the model to achieve a fine balance between localized detail and

holistic understanding, optimizing its diagnostic accuracy for epilepsy.

Number of Encoder Blocks: The number of encoder blocks in GlepNet was

adjusted to find the optimal performance. The results for one fold are illustrated

in FIGURE 4.11. We observe that the best performance across the four datasets

is achieved with 3 encoder blocks. There is a clear trend where both accuracy

and F1 score generally peak at 3 encoder blocks before declining with additional

blocks. Specifically, for the ESR dataset, accuracy and F1 score increase up to three

encoder blocks, reaching nearly 100% and 95%, respectively. Beyond this point,

further increases in the number of encoder blocks lead to diminishing returns. This

pattern is consistent across the Bonn and SEHE datasets, with optimal performance

similarly occurring at 3 encoder blocks. For the Bonn dataset, both accuracy and

F1 score peak just below 100%. In the SEHE dataset, the peak values are slightly

lower. The NSC dataset also shows a similar pattern. These results suggest that

three encoder blocks are optimal, maximizing accuracy and F1 score across most

datasets. Using fewer or more encoder blocks compromises performance.
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Figure 4.11: Comparative analysis of the impact of varying encoder blocks on
accuracy and F1 score across four datasets under one fold. Optimal performance
is generally observed with 3 encoder blocks, with deviations in accuracy and F1
score emerging beyond this point.

4.4.4 Interpretability Analysis

In this section, we consider investigating and analysing the features learned by our

model. Inspired by [224], we decided to conduct our experiment on the dataset of

EEG Epilepsy Datasets from NSC via Gradient-weighted Class Activation Mapping

(Grad-CAM) [124] to visualize and analyse the patterns acquired by the model

for interpretation. To interpret the common patterns acquired by the model, we

analysed the results and displayed representative samples from a variety of subjects.

To determine the increased efficacy of the model resulting from the addition of

convolution layers, we examine the attention of select test samples on Trans-

former (Multi-Head Self-Attention Modules only), Convolution Neural Network

(Convolution Modules only) and our proposed GlepNet model (Multi-Head Self-

Attention Modules + Convolution Modules). Since EEG signals contain potent

one-dimensional structural information and are closely linked with local attributes

[225], the visualization analysis effectively showcases the benefits of each type of

added layers. To capture long-range dependencies, the Transformer employs the

self-attention mechanism to model global contextual knowledge while disregarding

some local detailed features [207]. As shown in the FIGURE 4.10, it is evident that

the model utilizing only the Transformer has a wider and less focused attention
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in comparison to GlepNet, and allocates less attention to some local detailed fea-

tures. In extreme contrast, for the Convolution Neural Network, the model pays

more attention to detailed localities, but ignores latent interrelated features, and

the bright regions in the Grad-CAM attention representation map are intermittent

and irregular, and the captured features are more difficult to be learnt by the model

[207]. Conversely, our model pays attention not only to global features properly

but also to local detailed features.

We also consider investigating shared EEG features across the various samples,

which are learned by our proposed model as epilepsy or healthy category indica-

tors. The presence of significant waveform jitter in EEG time-domain data suggests

that these specific locations might serve as valuable biomarkers for the identifica-

tion of epileptogenic areas in individuals with epilepsy. They are dense areas of

peaks and troughs in EEG, usually recorded by intracranial electrodes [183]. They

are continuous oscillatory waves in the time domain after filtering, with uniform

waveforms and amplitudes significantly higher than those of the background wave

[226].

For those samples attached to a high likelihood of epilepsy, we have observed that

our proposed models share commonalities in focusing on the region with intense

waveform jitter of epileptic EEG signals. As shown in FIGURE 4.9, the parts

of the signal whose values change drastically over time (more significant gradient)

take more weight in calculating the probability values for the final classification.

Furthermore, for the peak portion of the signal that is classified as epilepsy, our

model will pay more attention to it.

4.4.5 Epilepsy Detection Future Direction

4.4.5.1 Integration of Prior Human Knowledge

A significant limitation of current EEG epilepsy detection systems is their inability

to incorporate established physiological principles as prior information. In practice,

these systems tend to generate correlations between features and diagnostic out-

comes without discerning which features are clinically relevant. This often leads to

models focusing on irrelevant or misleading features. To address this, future EEG

epilepsy detection systems should be designed to leverage prior human knowledge
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effectively. By integrating physiological principles directly into the learning pro-

cess, these systems can ensure that the models prioritize features that are genuinely

indicative of epilepsy, enhancing both the accuracy and trustworthiness of the di-

agnoses.

4.4.5.2 Real-Time and Personalized Monitoring

The next frontier in EEG monitoring involves developing systems capable of pro-

viding real-time, personalized insights. This means creating algorithms that not

only detect epileptic events as they occur but also adapt to the unique physiolog-

ical patterns of individual patients. Such systems would continuously learn from

each patient’s data, refining their diagnostic capabilities and potentially predicting

seizures before they happen. By focusing on personalized models, we can ensure

that each patient receives the most accurate and timely intervention, tailored to

their specific needs.

4.5 Summary

This thesis presents GlepNet, an innovative method for neural epilepsy detection,

which melds the global interdependency-capturing capabilities of the attention-

based mechanism with the local feature extraction strength of the convolution

blocks. The core of the GlepNet’s design is an interleaved temporal convolution

model together with the multi-head attention mechanism within the GlepNet’s en-

coder blocks, allowing for comprehensive learning of the temporal relationships and

global-local epilepsy-related abnormalities in EEG signals, which are critical indi-

cators of manifestations. Incorporating the Grad-CAM algorithm further attests

to GlepNet’s robustness and efficacy, presenting visual interpretability of immense

value to clinicians. Through transparently learning the robust global-local epilepsy

representation, GlepNet not only improves epilepsy detection but also contributes

significantly to machine learning in healthcare.
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Interpretability Guided EEG

Channel Selection Framework for

Driver Drowsiness Detection

5.1 Introduction

Driver drowsiness has been a leading risk factor for traffic accidents and poses

a major threat to roadway safety [227]. Therefore, developing high-performance

drowsiness detection systems that continuously monitor the driver’s state and alert

the driver at the onset of drowsiness is quite crucial for safe driving.

Considerable efforts have been made to driver drowsiness detection based on various

bio-traits, including eye blinking [228], heart rate [229], respiration [230], and facial

expression [231]. Among these bio-traits, the EEG, which directly measures brain

activities, has gained more attention owing to its essential relationship with fatigue

[232]. Current prevailing EEG-based driver drowsiness detection methods mainly

utilize DNNs to learn feature representations directly from raw EEG data for binary

classification (drowsiness or not). The raw EEG data is obtained by multiple

electrodes positioned on specific areas of the scalp and continuously capture the

brain’s electrical activity. Thus the EEG data is high-dimensional and usually

contains noise, artifacts, and task-irrelevant information. The existing DNNs for

drowsiness detection either use single-channel EEG data [233] or full-head channel

EEG data [24] as input data, resulting in limited performance due to insufficient
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learning (from single-channel with incomplete information) or biased learning (from

the full-head channel with noises). Since data is the basis of training DNN models,

it is highly demanded to study how the different channels of EEG data affect the

DNNs and how to select suitable EEG channels for effective feature learning.

Although some EEG channel selection methods exist, they are all task-specific

(designed for a particular task and cannot be successfully applied to drowsiness

detection) and subject-specific (the selected channels vary with each subject and

may not be suitable for other subjects). To make the selected channels more

general to the driver drowsiness detection task, we propose a two-stage training

strategy that contains a teacher network and a student network to refine the feature

learning with channel selection in a coarse-to-fine fashion. For the teacher network,

we first use an interpretability method to analyze each channel’s contribution to

the drowsiness detection with training data and then design a voting scheme to

select the top N contributing channels according to the performance of the teacher

network. The selected channels of EEG data are finally fed to the student network

for further training. Experiments conducted on a public dataset demonstrate that

our method is highly applicable to driver drowsiness detection and can significantly

improve the detection accuracy on cross-subjects.

5.2 Related Work

EEG-based Drowsiness Detection. EEG signals directly measure brain activ-

ity and reflect the fatigue state more straightforwardly than other types of signals

(e.g., eye blinking, driver expression, and heart rate). In the pre-deep learning

era, EEG-based drowsiness detection tasks focused more on extracting effective

features. Chai et al. [234] utilized independent components by entropy rate bound

minimization analysis (ERBM-ICA) for the source separation and autoregressive

modeling for extracting the features. Gao et al. [8] proposed a multileveled feature

generator that combines a one-dimensional binary pattern and statistical features.

Schwendeman et al. [235] applied Welch’s method to extract the power spectral

density (PSD) as drowsiness features from the dry electrode in-ear EEG. Recently,

deep learning has been adopted prevalently for EEG-based drowsiness detection.

Nissimagoudar et al. [236] and Ding et al. [237] applied DNNs to single-channel

EEG data to detect driver drowsiness. Furthermore, Cui et al. [24] proposed an
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InterpretableCNN with two convolutional layers, one point-wise convolution layer,

and one depth-wise convolution layer to process multi-channel EEG data and con-

struct a more robust detection system. Different from these methods that rely on

insufficient or noisy data, we select more informative data from raw data for model

training.

Channel Selection. In previous studies, some scholars formulated the EEG chan-

nel selection into mathematical and statistical problems. With the help of the non-

dominated sorting genetic algorithm (NSGA), Luis Alfredo Moctezuma et al. pre-

sented a channel optimation method for epileptic-seizure classification. Alyasseri

et al. [238] proposed hybrid optimization techniques based on the binary flower

pollination algorithm (FPA) and β-hill climbing (called FPA β-hc). Varsehi et al.

[239] assumpted that there are causal interactions between the channels of EEG

signals, and applied Granger Causality (GC) analysis to verify this assumption. Be-

sides, reducing the number of channels can effectively minimize the computational

complexity and training time. To this end, Yang et al. [240] proposed a grouped

dynamic EEG channel selection method, GDCSBR, which provided flexibility for

subsequent dynamic channel selection. Differently, Zhang et al. [241] utilized a

sparse squeeze-and-excitation module, and Gaur et al. [242] proposed using the

Pearson Correlation Coefficient (PCC), achieving automatic subject-specific selec-

tion, respectively. These methods are based on learning schemes or statistical

schemes but are unsuitable for driver drowsiness detection. In contrast, we use

interpretability to guide the channel selection for drowsiness detection.

5.3 Methodology

5.3.1 Framework overview

Our interpretability-guided channel selection (ICS) framework for EEG data is

shown in Fig. 5.1. To select useful EEG channels, the ICS uses a two-stage

training strategy. In the first training stage, the teacher network takes as input

all EEG channels and is optimized for the drowsiness detection task. Then the

class activation mapping (CAM) [123] is applied to each training sample to show

the importance of different EEG channels, following which the channel voting is

performed to select the contributing channels. In the second stage, the student



Chapter 5. ICS 88

Drowsiness
or Not

All EEG Channels Selected EEG Channels Detection Result

Channel Voting

Interpretable 
Channel 
Selection 

Model

Student Network

CAM on Training DatasetTeacher Network

Interpretability-guidance EEG 
Channel Selection Framework （ICS）

Figure 5.1: The structure of the proposed ICS framework.

network is trained with the selected EEG channels and is used as the final detection

model. The teacher network and the student network have similar architectures,

except that the convolution channels in the first layer of the student network are

adjusted with the number of selected EEG channels.

5.3.2 Interpretability Guidance

Besides the two-stage networks, the interpretation technique, CAM method, plays

a crucial role in the ICS framework. The CAM method is an effective interpretation

technique that can pinpoint the discriminative regions of each input sample for a

trained Convolutional Neural Networks (CNN) model. In particular, a heatmap

is generated from the activations following the final convolutional layer for each

input sample. The map is then interpolated to the size of the input sample to

reveal what extent the input sample’s local regions contribute to the classification.

However, the CAM method cannot be used directly for time-series EEG data and

our model, because it was initially only intended for 2-D image data and deep

CNN structure with a global average pooling (GAP) layer. Inspired by Cui et al.’s

work [24], we modify the original CNN by changing the final dense layer to the

GAP layer and applying the CAM method to visualize the EEG classification. The

visualized heatmap can verify the contribution of each channel to the classification.

After modification, the two-stage network architecture integrated with the CAM

technique can outperform the original detection system’s performance.
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5.3.3 Voting Scheme

In this section, we detail how the voting scheme works. To select the top N channels

that contribute significantly to the system’s classification result, we apply CAM on

the training set to calculate the contribution of each channel to the classification.

We pick up the input sample points with high confidence levels. Specifically, the

probability of the model’s prediction for both categories (drowsiness or not) is

obtained by the softmax layer

σ(z)i =
ezi∑K
j=1 e

zj
, for i = 1, . . . , K, (5.1)

where z is the intermediate tensor inside the model before feeding into the softmax

layer, ezi donates the standard exponential function for the input tensor, and K

is the number of prediction classes in the teacher network (K = 2 in our task).

Hence, we can obtain the prediction probabilities of two classes.

We consider the sample points in channels as high-contribution for the model clas-

sification when and only when the model predicts correctly and the prediction

softmax probability is greater than or equal to 0.90. We conduct a prediction with

the teacher model for each sample point and then apply the CAM method to the

entire training dataset to visualize the EEG classification during the training pro-

cess. The visualized heatmap, as shown in Fig. 5.2, demonstrates the contribution

of each channel. We select the high-confidence sample points in the next step based

on the aforementioned selection rule.

After obtaining the high-contribution sample points, we need to set them to make

voting trace back to the top N contribution channels. To use the global informa-

tion, we sum up the heatmap scores of each channel for each sample and then rank

all the channels in descending order. As such, we obtain the ranking of all channels

in terms of their contribution to the correct model classification. Next, we select

the top N channels according to the ranking. With high-confidence samples on the

training dataset and voting scheme, our approach can select the top N channels

that are most closely associated. Finally, the student network is retrained using

the the top N channels and thus can improve the model performance.
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Figure 5.2: Visualization of CAM and voting scheme. The normalized heatmap
score represents the level of contribution. The higher the score (indicated by the
lighter color), the more significant the contribution. The voting can be divided
into two processes, sum up and sort. Sum and sort high-contribution samples’
heatmap scores, then we can obtain the channel contributions.

5.4 Experiments

5.4.1 Experimental Setup

5.4.1.1 Dataset

We perform the drowsiness detection experiments on a public EEG dataset [55].

The data was collected from 27 subjects who completed a lengthy driving task in

a virtual reality simulator. The participants were required to immediately return

the vehicle to the center lane in response to random lane departure events. The

label (drowsiness or not) can be determined based on the subjects’ reaction times.

We follow the previous works [24, 243] and build a mini version of the dataset

containing 11 subjects and 2952 samples, and we call it a mini driver drowsiness

dataset (MDDD). Each sample, X ∈ R30×384, where 30 and 384 are the number of

channels and sample points, respectively.
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Table 5.1: Mean accuracies on MDDD with the changes in the numbers of top
channels selected.

Nums of Channels N = 5 N = 10 N = 15 N = 20 N = 25 N = 30

EEGNet 4,2 [83] 0.6742 0.7296 0.7283 0.7121 0.7022 0.6831
EEGNet 8,2 [83] 0.6798 0.7369 0.7342 0.7155 0.6977 0.6842

ShallowConvNet [196] 0.7741 0.7944 0.7881 0.7821 0.7725 0.7665
InterpretableCNN [24] 0.7785 0.8138 0.8051 0.8012 0.789 0.7826

5.4.1.2 Baselines

To demonstrate the superiority of the proposed ICS framework, we compare with

four typical CNN-based methods in EEG classifications, including EEGNet [83]

(both EEGNet 4,2 and EEGNet 8,2), ShallowConvNet [196] and InterpretableCNN

[24]. All the baselines are implemented using their default settings.

5.4.1.3 Training and Testing

We conduct the training and testing with the Leave-one-subject-out analysis. In

particular, the classifiers are trained using the EEG data from all other subjects

and tested using the data from just one subject. Every subject is used as a test

subject once during each iteration. The performance of drowsiness detection is

measured by detection accuracy, which is the ratio of the number of correctly

predicted testing samples to the number of all testing samples.

5.4.2 Ablation Study

The values of N in the ICS framework are adjusted to select the most suitable N

value for the performance. The results are shown in Table 5.1. We can see that

the best performance of the four classifiers is achieved with N = 10. When the

number of selected channels is too small, the classifiers can not perform very well

because they do not have enough information. As the value of N increases (from

10 to 30, with a step size of 5), the classifier’s performance decreases since there are

too many noises in the newly added channels, and the classifier incorrectly learns

the features, hence decreasing the model performance.
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Table 5.2: The comparison of the performance(Mean Accuracies and Standard
Deviation) of MDDD between the original four classifiers and them after applying
ICS for selecting the top 10 channels.

Method EEGNet 4,2 EEGNet 8,2 ShallowConvNet InterpretableCNN

Sub ID Orig. Acc ICS Acc Orig. Acc ICS Acc Orig. Acc ICS Acc Orig. Acc ICS Acc

0 0.8352 0.8455 0.8251 0.8312 0.8228 0.8422 0.8457 0.8617
1 0.3125 0.5333 0.4525 0.6033 0.8018 0.8226 0.7121 0.8939
2 0.5675 0.6021 0.5528 0.7021 0.6446 0.7612 0.8333 0.8133
3 0.8521 0.8666 0.8024 0.8228 0.7026 0.7643 0.7770 0.8041
4 0.4571 0.6051 0.4563 0.6017 0.8308 0.8128 0.8661 0.8929
5 0.4776 0.6188 0.5076 0.4522 0.7912 0.8225 0.8916 0.8313
6 0.8663 0.8443 0.8218 0.8011 0.7313 0.7757 0.6176 0.6373
7 0.7665 0.7227 0.7435 0.7882 0.7122 0.6883 0.7765 0.6970
8 0.6998 0.7127 0.7323 0.7943 0.8988 0.8873 0.8694 0.8631
9 0.8781 0.8521 0.8328 0.8844 0.8308 0.8067 0.6759 0.8519
10 0.8011 0.8225 0.7994 0.8476 0.6643 0.7548 0.7434 0.8053

Mean 0.6831 0.7296 0.6842 0.7390 0.7665 0.7944 0.7826 0.8138
Std (0.1971) (0.1232) (0.1575) (0.1324) (0.080) (0.053) (0.027) (0.008)

5.4.3 Comparison with Previous Methods

We apply our ICS framework to existing driver drowsiness detection methods and

show the results in Table 5.2. Note that we use N = 10 for channel selection for the

following experiments. We can see from Table 5.2 that the proposed ICS framework

provides a significant contribution to improving the previous models’ performance

in driver drowsiness detection. Specifically, the original EEGNet 4,2 and EEGNet

8,2 have a similar performance in terms of average accuracy, reaching around 68.3%

and 68.4%. After making the channel selection with ICS, their average accuracies

improved significantly, from 68.31% to 72.96% and 68.42% to 73.69%, respectively.

As for ShallowConvNet and InterpretableCNN, their average accuracies increase

2.79% and 3.12%, respectively. In addition to improving the average accuracy, ICS

also greatly boosts the accuracy of each subject. In terms of the Leave-one-subject-

out cross-validation on the four classifiers, 70.45% (31 out of 44) of the subjects’

detection accuracy has been improved).

Apart from the accuracy improvement, the ICS framework can also effectively im-

prove the stability of the classifier. Specifically, for the two EEGNet classifiers,

the application of ICS decreases their standard deviation of detection accuracy for

each test subject from 0.1971 to 0.1232 and from 0.1575 to 0.1324, respectively. In

contrast, the original ShallowConvNet and InterpretableCNN already have higher

stability in detection accuracy, with standard deviations of 0.080 and 0.088, re-

spectively. The improvement of their stability via ICS is limited, with a decrease
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Figure 5.3: Comparison of ICS and other typical channel selection methods.

of 0.027 and 0.008, respectively. Hence, we can conclude that ICS can help the

model to learn more informative features and thus improve the robustness of driver

drowsiness detection.

5.4.4 Comparison with other Channel Selection Schemes

In this section, we compare our ICS with other typical channel selection methods to

see how channel selection contributes to the drowsiness detection task. The results

are shown in Fig. 5.3, which demonstrates that previous typical methods, i.e., FPA

β-hc, and PCC, can only slightly improve the detection accuracy by 1.5%-2.0%.

In contrast, the ICS significantly outperforms the previous methods, achieving an

average improvement of around 4.0%.

5.5 Summary

This thesis proposes an effective channel selection framework for driver drowsi-

ness detection with the guidance of interpretability. Based on the interpretable

CAM algorithm and the voting scheme, the proposed ICS can effectively select

the most relevant channels and remove the channels that do not contribute posi-

tively to drowsiness detection. The ICS is an interpretability-guidance approach to

cross-subject channel selection, taking advantage of interpretability and selecting

the channels intuitively and transparently. The experiment on a public dataset

demonstrates that our framework is universally applicable and can significantly

improve the performance of previous models.
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As for the limitations, the ICS is not an end-to-end framework, which means that

it requires two training stages and is thus time-consuming, which may limited

under high-dimensional scenarios. In the future, we intend to study the efficient

optimization of teacher network and student network in a unified manner. We will

further apply our ICS to other EEG scenarios, such as EEG epilepsy detection.
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Learning Interpretable Relational

Probabilistic Graphs for

EEG-based Emotion Recognition

6.1 Introduction

Emotion recognition has wide-ranging applications in human-computer interaction

(HCI) as well as intelligent applications [244–246]. In social contexts, detecting

emotions allows systems to attune better to human feelings and needs, improv-

ing experiences in customer service, virtual communication and entertainment by

adapting to individuals’ affective states. For healthcare, emotion recognition as-

sists in the early diagnosis and monitoring of mental health conditions by analyzing

subtle emotional changes to identify early warning signs of disorders like depression

and anxiety [247–249]. Furthermore, emotion recognition can be widely applied to

enhance users’ cognitive performance [250] and provide interactive tools [251, 252].

A variety of emotion recognition methods have been proposed, which mainly iden-

tify emotions based on behavioral cues such as facial expressions [253–256], vocal

intonations [257–259], body gestures [260] and textual information [261]. Despite

much progress, these methods have inherent limitations that constrain recogni-

tion accuracy. First, behavioral cues may not precisely reflect the true emotional

state due to the dissimulation of emotions by individuals, leading to misinterpre-

tation. Second, they are susceptible to individual differences. Expressions, voice
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and gestures can vary greatly across cultures, genders, ages, and so on, demanding

extensive training data for emotion recognition models to account for these dispar-

ities. Third, these methods are context-dependent. Facial and gestural cues are

hard to interpret without contextual understanding, resulting in the same behaviors

conveying different emotions.

All the above behavior-based methods do not take into account brain signals, which

can provide more accurate and objective measurements of emotional responses.

Hence, EEG signals that record the electrical activity of the brain have been grad-

ually utilized for emotion recognition [11, 40, 262–267], promoting the development

of personalized and intelligent applications. However, these EEG-based methods

just treat the EEG signals as time-series data, and usually employ convolutional

neural networks (CNNs) [268, 269], recurrent neural networks (RNNs) [270] or

graph neural networks (GNNs) [271] to learn discriminative features for emotion

state classification.

Neuroscience research has elucidated that human emotion is mediated by intricate

neural pathways and circuits connecting diverse brain regions, and different emo-

tions involve different patterns of activity and connectivity across brain regions

[272]. This suggests that the relationships among brain regions, especially the sig-

nificance of particular regions, are crucial for emotion recognition. However, the

EEG channels corresponding to different brain regions do not explicitly convey such

relationships. Existing EEG-based methods treat all EEG channels equally, even

learning from irrelevant channels, which weakens the learning capacity of models

and thus degrades their emotion recognition performance. Therefore, considering

and modelling the relationships in EEG channels can provide deeper insight into

brain activities and help for emotion recognition.

Moreover, the traditional CNN, RNN and GNN models on EEG data operate as

black boxes, only outputting emotion labels without explaining the relation be-

tween specific emotions and brain regions (EEG channels). This hinders their

practical application in high-stake domains like healthcare, where model trans-

parency and explainability are indispensable for informed decision-making and user

acceptance.

In this chapter, we address the problems of channel relations and interpretability in

EEG-based emotion recognition in a unified manner. We propose a deep learning
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solution via a relational probabilistic graph convolutional network (RPGCN). The

RPGCN involves a two-stage learning process. To model the relations among EEG

channels, we adopt the relational thinking theory [273, 274] in the first stage to in-

vestigate the relationships among EEG channels and train a relational probabilistic

graph (RPG) model. Specifically, we first leverage the relational thinking theory to

learn a summary probabilistic graph that captures the overall emotional relation

and variant probabilistic graphs that represent the infinite variations of the emo-

tional relations. For each probabilistic graph, the node denotes EEG channels, and

the edge indicates the relationships between nodes. The two types of probabilistic

graphs are then extracted to generate an emotion relation graph, which measures

the importance of different EEG channels relation. In the second stage, we apply

a graph convolutional network (GCN) to learn the feature representations of emo-

tional states from EEG data guided by the emotion relation graph. After training

the RPG model, the edge weights that are post-processed can be directly used to

explain the relations among EEG channels, without any additional interpretability

tools required.

We conducted extensive experiments to validate the effectiveness of RPGCN. The

experimental results show that our RPGCN achieves superior emotion recognition

accuracy over previous methods, and also obtains intrinsic model interpretabil-

ity that previous methods do not provide. The contributions of this chapter are

summarized as follows:

• We propose a two-stage learning strategy for EEG-based emotion recognition.

The strategy facilitates model training and model interpretability in a one-

shot fashion.

• We deduce the relationships among EEG channels via relational thinking

theory, and present an emotion relation graph generation method that can

guide feature learning with established EEG channel relationships.

• We provide a model interpretability method that can validate the relation-

ships between EEG channels while confirming the emotion recognition results.

The rest of this chapter is organized as follows. Section 6.2 reviews the related

works from two aspects. Section 6.3 briefly introduces the basic concepts of va-

lence, arousal and multi-regional brain interactions. The detailed description of the
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proposed RGPCN is provided in Section 6.4. In Section 6.5, experiments under

various conditions and analyses are presented. Finally, section 6.6 concludes this

work.

6.2 Related Work

6.2.1 Behavior-based Emotion Recognition

Behavior-based emotion recognition relies on the visual cues (for instance, facial

expressions, posture and textual communication) or auditory cues (for instance,

vocal patterns and speech rate) of individuals, usually using some computer vision

or signal processing techniques. For example, Yeh et al. [257] and Xie et al. [258]

recognize emotions by analyzing the acoustic features in speech signals. Besides, Li

et al. [275] classify different facial emotions by using CNNs with adaptive pooling

maps. Similarly, Pranav et al. [254] follow up by constructing a deep CNN to

classify five different facial emotions. Moreover, Piana et al. [276] extract features

from 3D motion data of full-body movements to perform real-time automatic emo-

tion recognition. There are also methods for analyzing emotions in multimodal

data, specifically textual content and speech information. For instance, Xu et al.

[277] propose to learn the alignment between speech frames and text words using

attention mechanism, in order to produce more accurate emotion classification’s

multimodal feature representations.

A common drawback of the above behavior-based methods is that they do not

directly take into account the brain signals, as the brain is the direct reflection

of emotions. This causes behavior-based methods to fail to provide accurate and

objective measurements of emotional responses, thus limiting their usage for intel-

ligent applications.

6.2.2 EEG-based Emotion Recognition

Compared with behavior-based emotion recognition, applying EEG signals for di-

rect emotion recognition has raised more and more attention recently [278–280].

Manual extraction of emotion-centric features from EEG data is difficult and runs
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the risk of omitting essential details from the original signal. Therefore, directly

inputting the raw EEG signals into the CNNs and RNNs, and leveraging their

automatic feature extraction capabilities for emotion recognition is a better choice

[281, 282]. Meanwhile, EEG signals are inherently unstable, often showing sharp

contrasts between individuals. Applying domain discriminators can address the

domain changes between training and test sets [263]. This technique assists in

discerning more domain-agnostic features, narrowing the disparity between source

and target domains.

Besides, neuroscience research underscores the profound connection between hu-

man emotions and specific cortical zones [283]. Given the multichannel composition

of EEG signals, it is imperative to consider the relations between the signals when

exploring the link between electrodes and the emotional influences of brain regions.

An adjacency matrix, reflecting electrode topology, and a dynamical graph convo-

lutional neural network (DGCNN) can discern intrinsic connections between nodes

[265]. Another way is by categorizing electrodes based on spatial placements, fusing

features, and feeding them into a feature extraction component. Such fusion facil-

itates the understanding of the correlations within and between brain sectors [40].

Beyond leveraging spatial relations for emotion classification, integrating spatio-

temporal information in emotion signals has gained attraction among researchers.

Scholars have engineered separate modules for handling spatial and temporal data,

harnessing capsule neural networks [266] and demographic networks [267] for emo-

tion recognition.

Although the above methods achieve good emotion recognition results, their black-

box property limits their application to intelligent applications. For instance, nei-

ther a commercial customer nor a patient would pay for an application lacking in

interpretability. Therefore, developing interpretable EEG-based emotion recogni-

tion techniques is highly essential.
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Figure 6.1: Two-dimensional map of valence and arousal.

6.3 Preliminary

6.3.1 Valence & Arousal

Valence and arousal are two fundamental dimensions in characterizing emotional

states [284–286]. Valence describes the inherent appeal or averseness of an emo-

tional event, object or situation. It determines whether an emotion is positive, such

as the high valence associated with happiness, or negative, as seen with the low

valence of sadness. Arousal pertains to an individual’s physiological and psycholog-

ical reaction to stimuli, indicating emotional intensity. This spectrum ranges from

the high arousal experienced during excitement to the subdued arousal associated

with calmness.

The combination of valence and arousal creates a two-dimensional emotional space

that allows for a more nuanced understanding of emotions. Emotions can be posi-

tioned within this space based on their valence and arousal levels (low to high), as

shown in Fig. 6.1.
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6.3.2 Multi-regional Brain Interactions

Neuroscience models often conceptualize the brain as a hierarchy of interconnected

nodes, where each region forms part of a more extensive neural network. In partic-

ular, they suggest that any brain region receives significant input from many other

regions rather than operating in isolation [287]. In addition, brain-related tasks

are not limited to specific brain regions but rather to whole-brain patterns [288].

This framework of broadly distributed neural circuits facilitates the studying of

complex cognitive functions emerging from interactions across large populations of

neurons spanning multiple brain areas, such as the generation of emotions.

6.4 Relational Probabilistic Graph Convolutional

Network

6.4.1 Motivation and Problem Formulation

Relational thinking refers to the cognitive process of understanding and analyzing

relationships between different elements or entities [273, 289]. It involves identi-

fying connections, patterns and dependencies among various pieces of information

or concepts. This motivates us to use the relational thinking to reveal the hid-

den mechanisms underlying the emotional activities in various brain regions, and

further analyze the relationships among EEG channels to enable learning feature

representations of emotional states.

To apply relational thinking to EEG signals, we represent the EEG signals as a

graph structure. The reasons are as follows. First, relational thinking focuses

on relationships, specifically how entities connect. The graph structure explicitly

captures these relations as connections between nodes, aligning closely with the

core focus of relational thinking. Second, EEG measures electrical activity from

neuronal interactions in the brain. These interactions can be effectively modeled

as a graph, with nodes denoting EEG channels (for instance, brain regions) and

edges denoting functional connections, as demonstrated in [265, 271, 290].
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Figure 6.2: Architecture of RPGCN. First, RPG inference extracts edge em-
beddings between the signal nodes and generates the summary probabilistic
subgraph. Second, the variant probabilistic subgraphs represent the variable
emotion states transformed from the summary probabilistics graph via Gaussian
graph transforms. Next, an emotion relation graph representing the emotion re-
lations is obtained by merging the two subgraphs. Finally, the emotion relation
graph and EEG signals are fed into a graph convolutional network to extract
emotional feature representations, which are further fed into a classifier to pre-
dict emotion labels.

Previous works directly learned feature representations from raw EEG data or

graph-structured EEG data for emotion recognition. They have difficulty in cap-

turing intricate relationships in EEG channels, and the learned graphs also fail to

explain recognition results. In contrast, we formulate EEG-based emotion recog-

nition as a two-stage recognition task, and propose a two-stage learning strategy

to learn emotional features progressively.

The overall architecture of the relational probabilistic graph convolutional network

(RPGCN) is shown in Fig. 6.2.

The first stage is the RPG inference task, which obtains the emotion relation graphs

that represent the relationships of EEG channels. Let X = {Xt ∈ RC×N |t ∈ T}
denotes the EEG signals in T time segments and GEmo = {GEmo

t |t ∈ T} denotes a

set of emotion relation graphs obtained from X, in which C is the number of EEG

channels and N is the number of sampling points within a time segment. This task

can be formalized as

GEmo = RPG(X), (6.1)

where RPG denotes the RPG inference function. See Section 6.4.2 for details of

the RPG inference process.
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The second stage is the classification task, which uses a GCN to map the input

EEG signals to the corresponding emotion categories with the guidance of emotion

relation graphs. This task is formalized as

ŷ = GCN(X,GEmo), (6.2)

where GCN denotes a GCN model and ŷ denotes the label of the emotion category.

See the GCN details in Section 6.4.3.

Finally, the two stages are progressively learned with carefully designed loss func-

tions, which are detailed in Section 6.4.4.

6.4.2 RPG Inference

As shown in Fig. 6.2, the RPG inference aims to model the emotion relation as the

posterior graphs’ edge distribution and obtain a emotion relation graph.

For this purpose, we first transform the EEG signals into initial graph structures,

which are used for further emotional relational learning. To better model the

intricate emotional activities within graph-structured EEG, we introduce two types

of graphs based on relational thinking: the summary probabilistic graph and the

variant probabilistic graph. The former is designed to capture the general emotional

relations, while the latter, generated from the former, can represent the possible

variations of the emotional relations. Then we extract the two types of graphs to

generate an emotion relation graph, which contains the overall emotional activities

and variant emotional activities, thus simulating the emotional state of the human

in reality.

6.4.2.1 Node Embedding and Edge Embedding

The input EEG signals are first converted into graphs by forming nodes from EEG

channels and extracting edge embeddings between EEG channels. Specifically,

for the t-th EEG signal segment Xt ∈ RC×N , we adopt a linear layer fnode(·) to

convert the EEG data from each channel into individual node embeddings of the

graph, and then concatenate every two nodes to generate edge embeddings with a
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convolutional network f edge(·). The node and edge embedding generation processes

are as follows:

vi,t = fnode(xi,t), (6.3)

ei,j,t = f edge(vi,t, vj,t), (6.4)

where i, j ∈ [1, C] and i ̸= j are the channel/node indexes, xi,t denotes the EEG

data in channel i of Xt, vi,t ∈ R1×Dn denotes the node embedding corresponding to

xi,t, and ei,j,t ∈ R1×De represents the edge embedding for nodes i and j. Dn and De

represent the dimensions of the node embedding and edge embedding, respectively.

6.4.2.2 Summary Probabilistic Graph

To accurately recognize the emotion state, it is necessary to reveal the global

dependency among the brain regions. To this end, we seek to construct a graph

that represents general emotion relations. We refer to such a graph as a summary

probabilistic graph, which is denoted by GSum.

The summary probabilistic graph GSum is built upon the phenomenon of multi-

regional brain interactions, as introduced in Section 6.3.2. The connection between

two neurons is affected not only by the nodes directly linked to it, but also by other

neurons whose connections pass through it. The associated neuron connections may

be innumerable. That is to say, the edges actually depend on innumerable nodes.

Let λi,j = Pr(ei,j) denote the probability of edge existence, and αi,j denote the

edge that follows a specific distribution. Here, we use a distinct symbol αi,j to

differentiate the deduced edge and the initial edge ei,j,t, and also omit the subscript

t for notational convenience.

The basic neural interaction involves the propagation of action potentials (spikes)

between neurons. This spike transmission can be modeled as a binary event —

either a spike is transmitted or not. Therefore, we assume the edge αi,j follows a

Bernoulli distribution:

αn
i,j ∼ Bern(λi,j), (6.5)

where Bern denotes the Bernoulli distribution, superscript n ∈ [0,+∞] is the

index of additional node n other than node i and j, and λi,j → 0 indicates that

single neural activity is physiologically slight [291].
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Then the edge αSum
i,j in GSum can be constructed as a combination of all αn

i,j, and

is given by

αSum
i,j =

∞∑
n=1

αn
i,j. (6.6)

Since it is computationally intractable to compute all αn
i,j in Eq. (6.6) directly,

an equivalent binomial distribution is employed to denote the edge distribution in

GSum:

αSum
i,j ∼ lim

n→∞,λi,j→0
Bin(n, λi,j), (6.7)

where Bin denotes the binomial distribution, and n→∞ means that the αSum
i,j is

affected by innumerable nodes.

According to VRNN [292], the parameters of the approximate posterior distribution

can be estimated via an RNN encoder. However, the edge distribution (for instance,

Bin(n, λi,j)) of the summary probabilistic subgraph has an infinity parameter n,

which causes the inference and sampling cannot be computed directly. To solve

the problem of the infinity parameter n and near-zero parameter λi,j, we apply the

De Moivre-Laplace theorem [293] that the binomial distribution Bin(n, λi,j) can

be approximated by a Gaussian distribution N (nλi,j, nλi,j(1− λi,j) when n tends

to infinity:

αSum
i,j ∼ N (µSum

i,j , µSum
i,j (1− µSum

i,j )) (6.8)

where µSum
i,j denotes the mean of the Gaussian approximation of the binomial dis-

tribution and is defined as

µSum
i,j =

(1− 2µi,j) + 2σ2
i,j

1− 2µi,j

−

∣∣∣1− 2µi,j +
√

(1− 2µi,j)2 + 4σ2
i,j

∣∣∣
1− 2µi,j

(6.9)

qi,j =
1

1− 2µi,j

∼ Softplus(µi,j) + ϵi,j (6.10)

µSum
i,j ∼

1 + 2qi,jσ
2
i,j −

√
1 + 4q2i,jσ

4
i,j

2
(6.11)

A Gaussian distribution N (µi,j, σi,j) with µi,j <
1
2

is required before computing the

posterior approximation variable αSum
i,j for the binomial edge variables. Hence, in
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Eq. (6.9), µi,j and σi,j are computed from the input nodes with two convolutional

layers fmean and fstd respectively. In Eq. (6.10), to avoid the explosion of 1
1−2µi,j

, we

define it as an approximation qi,j with a very small hyperparameter ϵi,j to constrain

its lower bound. As a result, αSum
i,j is further simplified as Eq. (6.11). This allows

the re-parametrization to draw samples from the posterior distribution Q(αSum
i,j )

from this Gaussian approximation N (µSum
i,j , µSum

i,j (1− µSum
i,j )) [294].

6.4.2.3 Variant Probabilistic Graph

The conduction of variant probabilistic subgraph information relies upon the pres-

ence of the summary probabilistic subgraph. Specifically, based on the sample zSumi,j

from the distribution of summary probabilistic subgraph, we introduce Gaussian

variables N (µ̃i,j,t, σ̃
2
i,j,t) to define the variant probabilistic subgraph:

zSumi,j =
√
µSum
i,j (1− µSum

i,j ) εSumi,j + µSum
i,j (6.12)

αV ar
i,j,t ∼ N (zSumi,j µ̃i,j,t, z

Sum
i,j σ̃2

i,j,t) (6.13)

where zSumi,j denotes the re-parametrization sampling result from the posterior dis-

tribution Q(αSum
i,j ) of the summary probabilistic subgraph. The Gaussian distribu-

tion N (µ̃i,j,t, σ̃
2
i,j,t) is generated by a linear layer as the Gaussian variable for the

Gaussian graph transforms [295] to obtain the conditional probability distribution

Q(αV ar
i,j,t ).

zV ar
i,j,t =

√
zSumi,j σV ar

i,j,t ε
V ar
i,j,t + zSumi,j µV ar

i,j,t (6.14)

where zV ar
i,j,t represents edge sampling from the variant probabilistic subgraph.

6.4.2.4 Emotion Relation Graph

In the final step of RPG inference, to extract emotional feature representation,

based on two subgraphs generated in the summary probabilistic graph and the

variant probabilistic graph, we define the edge of the emotion relation graph as

follows:
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αEmo
i,j,t = zV ar

i,j,t z
Sum
i,j (6.15)

αEmo
i,j,t describes the edges of the final emotion relation graph generated from the

summary probabilistic subgraph and variant probabilistic subgraph.

6.4.3 Graph Convolutional Network Emotion Classification

Given a graph G = (V,E) with V = {vi,t} and E = {ei,j,t}, GCNs aim to derive

a function f that updates node representations by aggregating information from

their neighbors. The core operation of a GCN is defined by:

H(l+1) = σ
(
D̃− 1

2 ÃD̃− 1
2H(l)W (l)

)
(6.16)

where H(l) denotes the node feature matrix at layer l, Ã denotes the adjacency

matrix with self-loops, D̃ denotes the diagonal node degree matrix of Ã, W (l)

denotes the layer l weight matrix, and σ denotes the ReLU activation function.

Following the RPG inference, we apply GCN for emotion recognition. For classifi-

cation, the representation H(l+1) after applying the propagation rule is subjected

to a Sigmoid operation to predict the class probabilities Z for each emotion:

Z = Sigmoid
(
H(l+1)W (l+1)

)
(6.17)

Z = Sigmoid
(
σ
(
D̂− 1

2 ÂD̂− 1
2H(l)W (l)

)
W (l+1)

)
(6.18)

6.4.4 Learning of Relational Probabilistic Graphs

We apply variant inference [296] to optimize modeling probability distributions

over RPG inference. We define our specific optimization target as the following

evidence lower bound (ELBO):

ELBO = min{KL
[
Q(GEmo | X)||P (GEmo | X)

]
+ CE(Y, Y ′|GEmo, X)} (6.19)
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KL
[
Q(GEmo | X)||P (GEmo | X)

]
=∑

(i,j)∈E

{KL[Q(αSum
i,j )||P (αSum

i,j )) + KL(Q(αV ar
i,j )||P (αV ar

i,j )]} (6.20)

In Eq. (6.19), the ELBO for RPG inference contains three terms.

KL
[
Q(GEmo | X)||P (GEmo | X)

]
is the combination of two KL terms. Since the

RPG inference can be represented as two types of random variables: binomial

variables related to the edges of the summary probabilistic subgraph αSum
i,j and

Gaussian variables related to the edges of the variant probabilistic subgraph αEmo
i,j,t ,

this KL term can be further divided into summary KL term (Sum KL term) and

emotion KL term (Emo KL term) in Eq. (6.20). Here min{CE(Y, Y ′|GEmo, X) is

the Emo Inference Term. It represents the subject’s emotional inference generated

from RPG inference via input EEG signals.

6.4.4.1 Term 1: Summary KL Term.

We define the summary probabilistic subgraph as the basis of RPG inference across

time segments to construct the dynamic change of the variant probabilistic sub-

graph between time segments. RPG inference defines the computation of the sum-

mary probabilistic subgraph as follows:

ESum
i,j = fedge(

T∑
t=1

(vi,t),
T∑
t=1

(vj,t)(i, j ∈ [1, C]&&i ̸= j) (6.21)

λi,j = Softplus(fλ(ESum
i,j )) (6.22)

µi,j = fµ(ESum
i,j ) (6.23)

σi,j = Softplus(fσ(ESum
i,j )) (6.24)

where fedge(·), fλ(·), fµ(·), and fσ(·) denote the four different networks used to

compute edge embeddings of a summary probabilistic subgraph ESum
i,j and the

variables of the two distributions. µi,j and σi,j are variables of the Gaussian distri-

butions N (µi,j, σi,j) referred to in Eq. (6.9), which are used to compute Gaussian

approximations to the posterior binomial distribution. The λi,j denotes the prob-

ability of the prior binomial distribution in Eq. (6.7). However, the Summary
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KL term is computationally intractable since the posterior probability distribu-

tion of the summary probabilistic subgraph edge Q(αSum
i,j ) = BIN(n, λi,j) has an

infinite parameter n. We transform the incalculable Summary KL term into an

approximation as a closed-form solution that is irrelevant to the infinite parameter

n:

KL[Q(αSum
i,j )||P (αSum

i,j )] ∼∑
(i,j)∈E

{µSum
i,j log

µSum
i,j + ϵ

λi,j + ϵ
+ (1− µSum

i,j ) log
1− µSum

i,j + µSum
i,j

2
/2 + ϵ

1− λi,j + λi,j
2/2 + ϵ

}
(6.25)

where ϵ is a tiny hyperparameter to prevent explosions.

6.4.4.2 Term 2: Variant KL Term.

In Step 3, we further define the calculation of the posterior distribution of variant

probabilistic subgraph edges Q(αV ar
i,j,t ) in Eq. (6.13) and the corresponding prior

distribution P (αV ar
i,j,t ) as follows:

Q(αV ar
i,j,t ) ∼ N (zSumi,j × fµ̃(Ei,j,t), z

Sum
i,j × ζ(fσ̃(Ei,j,t))

2) (6.26)

P (αV ar
i,j,t ) ∼ N (zSumi,j × fµ̄(Ei,j,:t), z

Sum
i,j × ζ(fσ̄(Ei,j,:t))

2) (6.27)

where fµ̃, fσ̃, fµ̄, fσ̄, and fσ̄ are four different networks used to generate the Gaus-

sian variable to compute the prior and posterior distributions, respectively. Ei,j,t

and Ei,j,:t represent the variant probabilistic subgraph edge of the tth time segment

and the variant probabilistic subgraph edge of the segments before the tth time

segment. We abbreviate the two distributions as Q(αV ar
i,j,t ) ∼ N (µq

i,j,t, σ
q
i,j,t

2) and

P (αV ar
i,j,t ) ∼ N (µp

i,j,t, σ
p
i,j,t

2). Therefore, the variant KL term can be computed as:

KL
(
Q
(
αV ar
i,j

)
∥P
(
αV ar
i,j

))
=

∑
t∈T,(i,j)∈Et

2 log

(
σp
i,j|t + ϵ

σq
i,j|t + ϵ

)
+

σq
i,j|t

2 +
(
µq
i,j|t − µp

i,j|t

)2
(
σp
i,j|t + ϵ

)2 − 1


(6.28)
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where ϵ is a tiny hyperparameter to prevent explosions.

6.4.4.3 Term 3: Emotion Relation Term.

According to Eq. (6.15), we define an adjacency matrix AEmo
t = [αEmo

i,j,t ], and we

define the Emotion Relation Inference process as follows:

V̄t = GCN(Vt, A
Emo
t ) (6.29)

Ȳ = fn2y(
∑
t∈T

(V̄t)) (6.30)

where GCN(·) denotes a GCN, Vt = {vc,t|c ∈ C} denotes the node in the tth

time segment, and V̄t denotes the node based on the emotion relation graph after

updating the weights by the GCN. Finally, we combine the signals of the nodes in

different time segments and apply a classification network fn2y to obtain the input

signal’s emotion classification result Ȳ . This result will be used with the ground

truth Y to compute the CE loss in Eq. (6.19) as the emotion relation term in the

RPG optimization objective.

6.4.5 Model Interpretability of RPGCN

The interpretability of the RPGCN comes from its model’s self-interpretability.

In the first stage, the RPG inference uses relational thinking theory to model the

relationships among EEG channels. Via this method, the variant probabilistic

graphs reflect the complex emotional connections and diverse variations through

nodes symbolizing EEG channels and edges illustrating the connections between

these channels. Combining these probabilistic graphs to generate an emotion re-

lation graph highlights the importance of various EEG channels and establishes

a basis for the model’s interpretability. During the second phase, the GCN uti-

lizes feature representations from the emotion relation graph and achieves robust

emotion classification. The emotion relation graph plays a key role in guiding the

GCN’s learning process by providing interpretable relational information among

EEG channels, which is essential for comprehending emotional states.

The RPGCN’s interpretability is crucial because it can offer direct insights into the

relationships among EEG channels after training. After training, the edge weights
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in the emotion relation graph are adjusted to clarify the connections between the

channels. This straightforward interpretation strategy eliminates the requirement

for external interpretability tools, therefore simplifying the process of comprehend-

ing how the model identifies and utilizes the connections among EEG channels to

detect emotional states.

6.5 Experiment and Discussion

6.5.1 Datasets

6.5.1.1 Deap

The Database for Emotion Analysis using Physiological Signals (Deap) dataset

[45] is a multimodal physiological database tailored for emotion analysis. It was

constructed with the primary objective of exploring the emotional responses of in-

dividuals when subjected to visual stimuli, notably through measurements of EEG

and peripheral physiological signals such as Electrocardiography (ECG), Galvanic

Skin Response (GSR), and others. The dataset comprises 32 participants exposed

to 40 different one-minute music video clips. These clips were carefully curated

to elicit varying emotional responses, characterized along dimensions of valence

(high/low) and arousal (high/low). After each video clip, participants provided

ratings regarding the emotions they experienced. To be specific, the dataset in-

cludes 1) EEG data across 32 channels. 2) Other peripheral physiological signals:

electrocardiography (ECG), galvanic skin response (GSR), respiration, and skin

temperature.

6.5.1.2 Dreamer

The Dreamer dataset [46] stands as a significant benchmark in biologically driven

emotion recognition. Designed to further our understanding of the interconnections

between physiological signals and emotional experiences, Dreamer offers an in-

depth exploration of emotional states through both EEG and ECG measurements.

This dataset encompasses 23 participants with movie clips tailored to elicit specific

emotional reactions across multiple dimensions. The key among these is valence
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(positive/negative) and arousal (high/low), facilitating a nuanced analysis of the

spectrum of emotional responses. Specifically, the Dreamer dataset includes: 1)

EEG recordings across 14 channels, capturing the nuances of brain activity in

response to emotional stimuli. 2) ECG recording across 14 channels offers insight

into the cardiac responses associated with different emotions.

6.5.2 Implementation Details

6.5.2.1 Experiment Setting

We applied k-fold cross-validation and trained a specific model for each subject,

where k was set to 10. In each step of 10-fold cross-validation, one fold was selected

as the test set, and the rest were randomly divided into 8 : 2, where the 80% were

utilized for training and the 20% were applied for validation. Then, we crop each

data into 4s non-overlapping segments to ensure that cropped experiments [196]

are conducted without data leakage. We apply the Adam optimizer with a learning

rate of 1e − 5 ∗ 3 and a weight decay of 1e − 3. The network was trained for 500

epochs, and the five models with the highest validation accuracy were selected to

be averaged as the best model for testing. The above training process was repeated

10 times for each subject, and the average accuracy and average F1 score of all

folds were finally reported as the final results.

6.5.2.2 Operating Environment

For our experiments, we utilized a computational environment fortified with specific

software and hardware configurations. On the software front, we used Python

3.8.11, PyTorch (version 1.8.0) and NumPy (version 1.20.2). Hardware-wise, our

system was powered by an Intel (R) Xeon (R) CPU E5-2620 v4 clocked at 2.10

GHz, buttressed by a substantial 256 GB of RAM, and accelerated by a GeForce

Tesla P40 GPU. As for the configuration of the training hyper-parameters, the

details are listed in Table 6.1.
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Hyper-parameter Value

HiddenDim 128

GraphDim 128

Sequence Dim 512

Node Embedding Dim 128

Edge Embedding Dim 128

Epoch 500

Heads 4

Time Series 32

Weight Decay 1× e− 3

Learning Rate 3× e− 5

eps (ϵ) 1× e− 6

ϵi,j 1× e− 5

Dropout 0.5

Conv Channel 8

Table 6.1: The optimal values of hyper-parameters.

6.5.3 Experiment Results & Comparison with Prior Art

Table 6.2 demonstrates the emotion recognition performance of our proposed RPGCN

on the Deap and Dreamer datasets, respectively. The results of the experiments

include I) accuracy and F1 scores for per-subject on the Deap and Dreamer dataset

(see Fig. 6.3 and Fig. 6.4), II) the overall accuracy and F1 score on the Deap and

Dreamer dataset, and the comparison against the results from the existing ten

other baselines (see Table. 6.2).

Per-Subject Result: For the per-subject result on the Deap dataset, RPGCN

achieves an accuracy of 80.46% for arousal and 79.28% for valence, and an F1

score of 79.13% for arousal and 77.21% for valence. The standard deviations in

accuracy for arousal and valence are 4.77 and 5.48. For the F1 score, they are

3.46 for arousal and 3.74 for valence. For the per-subject result on the Dreamer

dataset, the accuracies for arousal and valence are 80.68% and 77.28%. The F1

scores for arousal and valence on this dataset are 79.88% and 77.73%. The standard

deviations in accuracy for arousal and valence are 4.77 and 5.48, respectively. The

standard deviations in accuracy on the Dreamer dataset are 4.12 for arousal and
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Method
Deap Dreamer

Arou Acc Arou F1 Vale Acc Vale F1 Arou Acc Arou F1 Vale Acc Vale F1

DGCNN [265] 75.23 75.63 70.38 73.45 74.28 73.88 75.30 75.82

RGNN [271] 70.56 69.18 69.94 68.11 68.82 67.45 66.51 67.77

EEGNet [83] 75.65 74.88 70.61 66.08 70.65 71.17 69.43 67.11

TSception [297] 65.34 64.91 67.39 52.18 66.32 65.43 67.27 65.48

SpikingNN [298] 63.15 60.28 66.23 66.21 62.72 64.39 64.29 63.85

3DCANN [299] 72.15 69.81 65.23 64.18 70.23 71.81 61.67 62.89

MSDTT [300] 60.23 59.94 61.08 62.84 61.12 59.03 59.88 60.37

SS-STANN [301] 75.56 76.18 72.94 76.11 72.82 71.45 71.51 70.77

MTGNN [302] 74.76 73.54 72.84 74.13 70.28 70.55 72.71 73.12

ASTG-LSTM[303] 75.72 74.15 76.34 76.22 74.85 75.47 72.82 72.33

ST-GCLSTM [304] 76.47 76.53 75.83 75.17 74.27 74.78 74.01 73.26

RPGCN (Ours) 80.46 79.13 79.28 77.21 80.68 79.88 77.28 77.73

Table 6.2: Comparison (in %) of RPGCN and Baselines on the Deap and
Dreamer Datasets.

Method
Deap Dreamer

Arou Acc Arou F1 Vale Acc Vale F1 Arou Acc Arou F1 Vale Acc Vale F1

CNN-Spa 68.61 67.82 67.61 66.28 60.12 60.08 61.28 61.96

CNN-Temp 68.37 66.91 67.89 64.88 60.74 60.91 60.19 62.81

TF-Spa 61.23 60.11 62.18 56.21 61.61 60.22 60.23 60.89

TF-Temp 62.33 59.17 60.12 60.01 61.33 61.01 61.88 62.21

CNN-Joint 75.66 73.82 74.71 72.13 71.01 67.92 70.08 69.92

TF-Joint 76.92 77.18 75.04 73.41 70.56 70.11 69.94 68.11

RPG Inference 80.46 79.13 79.28 77.21 80.68 79.88 77.28 77.73

Table 6.3: Comparison of RPG Inference and other Feature Extractors on the
Deap and Dreamer Datasets.

3.78 for valence. The corresponding F1 score standard deviations are 2.65 for

arousal and 2.97 for valence. Intriguingly, we also note that for both datasets, the

difficulty of predicting the two sentiment dimensions is not consistent. Considering

the tradeoff between accuracy and F1 score, we find that valence is harder to

predict for Deap, while arousal is harder to predict for Dreamer.

Comparison Results: The comparison results contain a comparison of RPGCN

with other baselines that have different characteristics. Among them, EEGNet

[83] has the relational inference capability by capturing features in the time and
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Figure 6.3: Accuracy and F1 Score of RPGCN on Deap Dataset

frequency domains through convolutional and pooling layers. However, the scope

of convolutional attention is usually localized and cannot fully explain its spatio-

temporal relations.

The impulse transfer in Spiking NN (SNN) [298] can infer the signal implicit re-

lation. Information transfer between impulse neurons is based on the temporal

differences and patterns of the impulses, but it cannot take into account the spatial

information of the signal. TSception [297] and MSDTT [300] introduce independent

temporal and spatial inference components in the model to infer spatio-temporal

relations. TSception employs two convolutional networks in two temporal and
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Figure 6.4: Accuracy and F1 Score of RPGCN on Dreamer Dataset

spatial dimensions. MSDTT contains the multi-domain spatial transformer (MST)

module and a dynamic temporal transformer (DTT). Specifically, when performing

temporal inference, the temporal relation built by the temporal component is only

a correlation between different time segments. In contrast, the complex spatial

relations within the time segments are ignored. Therefore, it limits the inference

capability of models.

3DCANN [299] and SS-STANN [301] apply a spatio-temporal encoder as the core

for feature extraction, representing the spatio-temporal relation of EEG signals as

an abstract high-latitude feature through a convolutional network. However, this
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Figure 6.5: Interpretabe Emotion Relation Feature Visualization on
Deap Dataset. Subfigures (a) indicate that the emotion relationship of posi-
tive emotions varies in different subjects. In contrast, the emotion relationship
is located in the prefrontal cortex and anterior insula regions. Subfigures (b)
indicate that the emotion relationship of negative emotions varies in different
subjects, while the emotion relationship is located in the postcentral gyrus re-
gion.
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Figure 6.6: Comparsion Emotion Feature Visualization on Deap
Dataset. The visualization illustrates that traditional GCN with a random-
initiated adjacency matrix cannot capture the relation between specific brain
regions (EEG channels) and emotion.
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spatio-temporal relation is not interpretable and lacks theoretical support from

brain physiology. It is only built at the feature level, ignoring the brain’s topology,

resulting in limited performance. In a direct comparison with 3DCANN and SS-

STANN, the prowess of RPGCN becomes more evident.

Similarly, for the graph-based methods, DGCNN [265], MTGNN [302], ASTG-

LSTM [303], and ST-GCLSTM [304] parameterize the spatial or temporal relation

as part of the model, which is updated by loss. The above methods transform

the EEG signals into spatial or frequency domain features and do not include

the brain’s topology, resulting in limited performance. To compare, RGNN [271]

introduces specific prior knowledge as the spatial dependency. The prior knowledge

used by RGNN to define spatial dependency is that correlations between brain

regions show regular decay with physical distance. However, leveraging only prior

knowledge cannot adequately represent the robust emotion classification due to

missing other critical features. Leveraging the model’s self-inference to infer brain

physiology-aligned features would be more convincing.

6.5.4 Relation Feature Visualization Comparison

To further validate the interpretability of the RPG inferred emotion relation and

have an intuitive comparison with the traditional GCN method (without RPG

inference), we model the weight of the GCN’s input adjacency matrix as the emo-

tion relation. Specifically, the difference between the RPGCN and the traditional

GCN is that the adjacency matrix of the traditional GCN is randomly initialized

without the RPG inference guided. We visualize the emotion relation of the EEG

signals of selected subjects under high-arousal & high-valence (positive emotion)

and low-arousal & low-valence (negative emotion) in the Deap dataset. We have

retained only the most salient parts to clear the range of emotion relations. Row

(a) in Fig. 6.5 illustrates the emotion relation of positive emotion and their most

related brain area. Negative emotion relations are shown in Fig. 6.5 row (b).

In Fig. 6.5 row (a), the universal emotion relation of the signals is mainly concen-

trated in the first half of the brain while varying in different subjects, which shows

that similar emotions are highly variable. [305] has shown that positive emotions

significantly elevate the correlations between the prefrontal cortex and the anterior

insula region, where the prefrontal cortex corresponds to Fp1, Fp2, F3, F4, F7, and
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F8, and the anterior insula corresponds to T7 and T8. The emotion relations asso-

ciated with negative emotions in Fig. 6.5 row (b) are centered on the mid-posterior

sides of the brain and also vary in different subjects. This is also consistent with

the conclusion in [305] that the brain under negative emotions is associated with a

strong connection in the postcentral gyrus. The postcentral gyrus corresponds to

C3, C4, CP1, and CP2. Our experimental result proves that the RPG inference can

infer not only the highly variable emotion relation but also the universal emotion

relation, which is consistent with the physiological phenomenon of the brain.

To compare with, in Fig. 6.6, without the RPG inference guidance, the visualized

adjacency matrix’s weight of the traditional GCN cannot illustrate the correlations

between EEG channels and either positive emotions or negative emotions. The

random-initiated adjacency matrix cannot effectively model the emotion relations

with the specific brain region, which shows the interpretable superiority of our

RPG inference.

6.5.5 Ablation Study

To verify the advantages of RPG inference, we replace it with other traditional

feature extractors and do the ablation studies on the Deap and Dreamer datasets,

respectively. The results of the ablation study (Table 6.3) show that our RPG

inference has an advantage over the typical feature extractors. They are the

CNN spatial feature extractor (CNN-Spa), CNN temporal feature extractor (CNN-

Temp), Transformer spatial feature extractor (TF-Spa), Transformer temporal fea-

ture extractor (TF-Temp), CNN spatio-temporal feature extractor (CNN-Joint),

and Transformer spatio-temporal feature extractor (TF-Joint), respectively. We

applied the same experiment setting as the main experiment. The experiment re-

sult in Table 6.3 demonstrates that our RPG inference outperforms the traditional

feature extractors.

6.6 Summary

In this thesis, we propose a novel EEG emotion recognition method, RPGCN,

based on the relational thinking. Our method can infer the variations of emotion
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relations in the EEG signals and achieve state-of-the-art performance on the Deap

and Dreamer datasets with specifically designed summary probabilistic subgraph

and variant probabilistic subgraphs. We also demonstrate the importance of RPG

inference through ablation studies. In addition, the structure of RPGCN is inter-

pretable, and the universal emotion relation revealed by RPG is consistent with

brain physiological phenomena, which can be further used in developing person-

alized and intelligent applications for many proposes, including VR/AR, product

design/recommendation, and medical scenarios applications.
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Conclusion and Future Directions

7.1 Conclusions

This thesis has presented comprehensive advancements in EEG systems, leveraging

the power of AI to address significant challenges and improve the interpretability

and robustness of various applications. By thoroughly examining the literature on

interpretable and robust AI techniques for EEG systems in Chapter 2, we identified

and categorized methods to enhance the interpretability and robustness of AI EEG

models. Our proposed taxonomy of interpretability methods, to be specific, is

backpropagation, perturbation, and rule-based, along with categorizing robustness

based on undesirable factors. They are noise and artifacts, human variability, data

acquisition instability, and adversarial attacks. This literature review also provides

a structured framework for future research.

This thesis introduces several innovative frameworks and architectures that signif-

icantly advance the state-of-the-art in EEG applications. In Chapter 3, the HASS

framework has demonstrated superior performance in cross-subject sleep staging

tasks, utilizing a spatio-temporal attention mechanism to adaptively weight EEG

segments based on their spatial and temporal relationships. This approach has sig-

nificantly improved the MASS and ISRUC datasets, offering a promising solution

for clinical and research applications in sleep assessment.

Furthermore, the development of EENED and GlepNet architectures for neural

epilepsy detection has shown remarkable improvements in the accuracy of diagnosis

121
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are demonstarted in Chapter 4. By interleaving convolution model with multi-head

attention mechanism, these architectures enhance the robustness of epilepsy signal

representations with the benefit of Grad-CAM interpretability, thereby elevating

their clinical utility.

In Chapter 5, the ICS framework has addressed the challenge of identifying key

contributing channels for EEG driver drowsiness detection. By implementing a

two-stage training strategy and utilizing class activation mapping, ICS has demon-

strated significant performance improvements in cross-subject detection tasks, of-

fering a more reliable solution for driver monitoring systems.

Finally, the RPGCN in Chapter 6 has advanced the field of EEG-based emo-

tion recognition by transforming raw EEG signals into probabilistic graphs. This

method effectively models the relationships among EEG channels, providing inter-

pretability and aligning with cognitive neuroscience findings. RPGCN’s superior

performance in emotion classification tasks underscores the potential for integrat-

ing brain activity analysis into more intelligent and personalized HCI systems.

In conclusion, this thesis has significantly advanced EEG systems by addressing

critical challenges in interpretability and robustness. The contributions of this

thesis are unified by a shared focus on enhancing interpretability and robustness

in EEG-based AI systems. While each work addresses distinct research areas,

which span sleep staging, neural epilepsy detection, driver drowsiness monitoring,

and emotion recognition, they collectively advance the overarching objectives of

this research. Together, these studies illustrate how innovative methodologies can

effectively tackle critical EEG analysis challenges, highlighting the significance of

developing robust and interpretable EEG systems. The proposed frameworks and

architectures create opportunities for more reliable and transparent applications

across clinical and commercial interaction domains, enhancing human life through

advanced AI-driven EEG technologies.

7.2 Limitations

In this section, we discuss several limitations encountered during the research on in-

terpretable and robust AI techniques for EEG systems. These limitations highlight

areas for improvement and future research directions:
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Data Quality and Quantity: One of the primary challenges in EEG-based re-

search is the variability in data quality. EEG signals are often contaminated with

noise and artifacts from various sources, including muscle activity, eye movements,

and external electrical interference. Additionally, the quantity of high-quality la-

beled EEG data is limited, which constrains the training and validation of complex

AI models. The reliance on small datasets can lead to overfitting and limit the gen-

eralizability of the models.

Inter-Subject and Intra-Subject Variability: EEG signals exhibit significant

variability both between different subjects (inter-subject) and within the same

subject over different sessions (intra-subject). This variability poses a significant

challenge for developing models that can generalize well across different individuals

and conditions. Transfer learning and domain adaptation techniques have been

explored to address these issues, but there is still a long way to go to achieve

robust solutions.

Interpretability vs. Performance Trade-off : While interpretability is a key

focus of this research, achieving a balance between model interpretability and per-

formance remains challenging. Highly interpretable models, such as linear models

and decision trees, often lack the accuracy and robustness of more complex models.

Conversely, models with high performance, such as deep learning models, are often

criticized for being ”black-box” in nature, making it difficult to understand their

decision-making processes.

Computational Complexity: The methodologies employed in this research, such

as CAM and hybrid attention mechanisms, often involve significant computational

complexity. This complexity can limit the applicability of these methods in real-

time or resource-constrained environments. Future research needs to focus on op-

timizing these techniques to make them more computationally efficient without

sacrificing accuracy or interpretability.

Scalability and Adaptability: While the research demonstrates promising re-

sults in specific applications like driver fatigue detection and emotion recognition,

scalability and adaptability to other EEG-based applications remain a concern. De-

veloping scalable AI models that can adapt to a wide range of EEG applications,

including medical diagnostics and cognitive state monitoring, requires further ex-

ploration.
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Integration with Other Modalities: The current research primarily focuses on

EEG signals. However, integrating EEG with other modalities, such as fNIRS,

ECG, and behavioral data, could provide a more comprehensive understanding

of brain activity and improve the robustness and accuracy of AI models. The

complexity of multimodal data fusion and the associated interpretability challenges

need to be addressed in future research.

These limitations underscore the need for continued research and development

in the field of interpretable and robust AI for EEG systems. Addressing these

challenges will pave the way for more reliable and practical applications of EEG-

based BCI and AI-driven neurotechnologies.

7.3 Future Directions

Interpretability and robustness techniques offer a promising future for building bet-

ter EEG systems. Despite much success, there are still some unresolved problems

worthy of in-depth study. Therefore, we discuss a few promising directions.

7.3.1 Future Directions for Interpretable AI in EEG Sys-

tems

7.3.1.1 Prior Human Knowledge and Brain Inspired Design

A significant limitation of existing interpretable EEG systems lies in their inability

to integrate prior information effectively. In EEG systems, prior information refers

to established physiological principles that can guide model behavior. Current

attribution methods, while capable of identifying correlations between features and

predictions, often fail to ensure that models focus on relevant features or avoid those

that are less meaningful. This limitation can result in model learning patterns that

deviate from established domain knowledge. To address this, interpretable EEG

systems in real-world scenarios should aim to jointly learn the relationship between

prior information and feature importance, ensuring that explanations are grounded

in features deemed essential by domain experts.
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Weinberger et al. [306] introduced the deep attribution prior (DAPr) framework,

which integrates prior knowledge into models by imposing constraints through a

prior model. For example, in neuroscience, seizures are known to result from sudden

abnormal discharges of neurons in the temporal lobe. However, EEG systems for

seizure diagnosis are often susceptible to noise generated by patient movements,

such as muscle artifacts. By incorporating the seizure region as prior knowledge,

models can be guided to prioritize relevant features, enabling predictions to align

with established medical knowledge while reducing the influence of noise.

Beyond the integration of prior human knowledge, brain-inspired design provides

an additional pathway to enhance the interpretability of EEG systems. By em-

ulating the structural and functional organization of the brain, these designs en-

sure that models align more closely with neurophysiological principles, offering

biologically plausible explanations. For instance, modular architectures inspired

by hierarchical brain structures can facilitate more interpretable decision-making.

Separate modules can be designed to process low-level signal features, such as os-

cillatory patterns, and high-level cognitive features, such as task-related dynamics.

This approach mirrors how different brain regions specialize in distinct functions,

making decision-making more transparent and easier to interpret. By bridging

neuroscience and machine learning, brain-inspired designs have the potential to

advance both the interpretability and robustness of EEG systems significantly.

7.3.1.2 High-dimensional Feature Interpretation

The existing interpretable methods in EEG systems mainly reveal the contribu-

tions of features to predictions, but lack insight into why features are assigned

specific contributing values. Providing dynamic feature descriptions, rather than

only linear relationships between features and predictions, can be a promising way

to reveal the inner logic of model predictions. For example, Zhang et al. [307]

designed special loss for each convolutional layer, instructing them to focus on cer-

tain regions within the input image. Sabour et al. [308] proposed capsule networks

to parse the entire object into a parsing tree of capsules by a dynamic routing

mechanism, in which each capsule may encode a specific meaning of input data.

We expect interpretable AI in future EEG systems to gain insight from the above

two works to provide hidden semantics to explain feature correlations. For instance,
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in the MI task, high-dimensional features could be interpreted as concurrency be-

tween low-latitude motor cortex signal features and visual cortex signal features.

Alternatively, with models’ hidden semantics, we can know how models’ attention

is drawn to noises if high-dimensional features can be interpreted as similarities be-

tween noise and essential features. By incorporating dynamic routing algorithms

or specialized loss functions into EEG systems, we can guide the model to fo-

cus on specific semantic features, and enhance the robustness of the system while

maintaining interpretability.

7.3.2 Future Directions for Robust AI in EEG Systems

7.3.2.1 Artificial Synthetic Data and Large Models

Large models have been used in NLP and CV, demonstrating impressive perfor-

mance coupled with robustness. This is achieved by training with large amounts

of data and thus naturally performing well against anomalies. However, there has

been little work on applying large models to EEG systems due to the scarcity of

available EEG data. Some existing works utilize traditional generative models, such

as GANs [309, 310], to artificially synthesize new EEG data for data augmentation.

However, the performance of these works is rather limited because of a lack of

proper EEG generation mechanisms. In the future, it is imperative to develop

more sophisticated models for EEG data synthesis. Additionally, EEG-oriented

data augmentation based on signal processing or adversarial examples remains

a potential direction for overcoming data scarcity. Once sufficient EEG data is

available, these approaches, alongside brain foundation models, can facilitate the

application of large pre-trained models to EEG systems. By adapting foundational

architectures to the specificities of EEG data, researchers can develop more robust,

generalizable, and interpretable systems for clinical and practical applications.

Moreover, the concept of brain foundation models holds significant promise for

advancing EEG-based AI systems. Brain foundation models, aim to create univer-

sal representations by pretraining on diverse and large-scale EEG datasets. These

models can act as a backbone for a wide range of EEG tasks, such as emotion

recognition, sleep staging, and epilepsy detection, enabling efficient transfer learn-

ing across tasks with minimal fine-tuning.
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A critical component of building brain foundation models is the use of self-supervised

learning techniques. By leveraging unlabeled EEG data, self-supervised methods

can extract robust and transferable features that capture the underlying struc-

ture of EEG signals. Techniques like contrastive learning, masked signal modeling,

and predictive coding have shown promise in learning meaningful representations

without requiring extensive labeled data. These features, when combined with

task-specific fine-tuning, can significantly enhance the robustness and adaptability

of EEG systems.

7.3.2.2 Decoupling of EEG Signals for Robust Feature

EEG signals contain diverse information, including subject identity and task-

related information (for example, MI and emotion recognition). On the one hand,

the identity information in EEG signals is more difficult to forge than other biomet-

ric information (for example, face, iris and fingerprint), so it can be used for more

reliable identity recognition. On the other hand, the identity information is also a

kind of noise that affects the performance of other tasks. Therefore, disengaging

the identity information from the EEG signals can make the EEG systems more

resilient to subject variations, thus enhancing the robustness of EEG systems and

allowing for better cross-subject applications.

However, various types of information in EEG signals are highly coupled and in-

terfere with each other, which hinders their applications. Thus, how to decouple

the EEG Signals for designing robust features is a promising direction.

7.3.3 Building Interpretable and Robust EEG Systems

Building human-trusted EEG systems have been a long-term goal pursued by aca-

demics for many years. Using interpretability to identify potential problems and

vulnerabilities in models can improve the robustness of EEG systems. In addition,

incorporating prior human knowledge and interpreting hidden semantics can allow

systems to better learn from experts. It also enables consumers to better under-

stand how the systems work. This will be helpful for future academics to improve

models and develop better EEG systems to meet consumers’ requirements.
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