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Abstract 
 

Electroencephalography (EEG) based emotion recognition enables computers to 

understand human emotions, which is a prosperous topic in the affective Brain-Computer 

Interface (a-BCI). Previous studies in EEG emotion recognition were sensory-dependent, the 

cross-sensory EEG emotion recognition under multimodal stimulation could not be achieved. 

However, human can percept emotion using cross-sensory information. There was a lack of 

systematic study for cross-sensory EEG emotion recognition under multimodal stimulation.  To 

address this challenge, in this study, the purpose was investigating and achieving cross-sensory 

EEG emotion recognition under multimodal stimulation as video. This study consisted of two 

parts: Part 1. Emotion EEG analysis under multimodal emotion stimulation; Part 2. Cross-

sensory EEG emotion recognition method.  

In Part 1, was an EEG experiment conducted with six conditions: two types of emotion 

(Pleasure /Unpleasure) × three stimuli modality (Audio /Visual /Audio-visual). Feature analysis 

revealed sensory and emotion patterns in spatial, spectral, and quantitative features of EEG.  In 

detail, as spatial features, emotion-related changes exhibited greater diversity in regional changes 

of the brain. As spectral features, emotion-related changes exhibited greater diversity in sub-

bands of EEG. As quantitative features, sensory-related changes exhibited greater spectral impact 

quantitatively than emotion.  

In Part 2, based on the cross-sensory emotion EEG under multimodal stimulation and 

feature analytic results from Part 1,  this study proposed Filter Bank Riemannian Feature with 

Adversarial Domain Adaptation (FBADR) method for cross-sensory EEG emotion recognition. 

Filter Bank, Riemannian feature extraction, and domain adaptation were coordinated with 
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sensory and emotion patterns in spectral, spatial, and quantitative aspects, respectively. 

Classification results showed that the proposed method achieved state-of-the-art performance 

with 89.01%±5.06%  accuracy in cross-sensory EEG emotion recognition with high robustness.  

Generally, this research provided a comprehensive idea for inspecting and realizing the cross-

sensory EEG emotion recognition under multimodal stimulation from Part 1 and 2, for 

understanding the neurological evidence of emotion and sensory patterns under multimodal 

stimulation and achievement of cross-sensory EEG emotion recognition, widening the potential 

application for EEG-based a-BCI. 
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1. General Introduction 

1.1 EEG-based affective-brain computer interface  
 

EEG-based affective brain-computer interface (a-BCI) is becoming more and more 

prosperous that combines knowledge from neuroscience, biomedical engineering, and computer 

science to identify and interpret an individual's emotional states by monitoring their brain's 

electrical activity through EEG [1]. EEG-based a-BCI holds promise for various applications, 

including the diagnosis of psychological disorders, emotional assistance therapy, human-

computer interaction, and the development of emotion-aware technologies [2]. Since this 

research is specifically laid on the field of EEG-based a-BCI, this part will introduce the basic 

principles, research methods, application areas, and research trending in EEG-based a-BCIs. 

The basic principle of EEG-based a-BCI it that EEG is a non-invasive method for 

monitoring the electrically neurological activity by scalp electrodes to measure changes in 

cortical electrical potentials. EEG signals are associated with the firing activity of neurons and 

can reflect various functional states of the brain, including cognition, emotion, and motor control 

[3]. Emotional states are often associated with specific EEG patterns, which can be used to 

identify and interpret an individual's emotional state. The core principle of EEG-based affective 

BCI is to reveal  mapping relationship between EEG signals and emotional states using machine 

learning and pattern recognition techniques. Firstly, EEG data is collected from participants 

while simultaneously recording their emotional states, typically through questionnaires, 

physiological measures, or behavioral observations. Then, this data is used to train classifiers or 

regression models to associate EEG signals with emotional states. The trained model is t to 

predict an individual's emotional state with EEG. 
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EEG-based a-BCI has a wide range of potential applications like clinical trials, human-

computer interaction and emotion-aware systems. EEG-based a-BCI can assist in diagnosing and 

treating psychological disorders such as depression, anxiety, and post-traumatic stress disorder 

[4]. By monitoring a patient's emotional state, clinicians can gain a better understanding of their 

condition and develop personalized treatment plans. Emotion recognition can enhance the user 

experience in human-computer interaction. For example, in virtual reality environments, systems 

can adapt content or interaction based on the user's emotional state, providing a more 

personalized and immersive experience [5].Emotion-aware technologies are emerging to develop 

computer systems with emotion understanding and response capabilities. By combining EEG-

based a-BCI with natural language processing and computer vision, more intelligent human-

computer interactions and emotion analysis can be achieved [6]. Currently, EEG-based a-BCI 

research is in a rapidly evolving phase, with researchers exploring new methods and application 

areas. Researchers are increasingly interested in combining EEG with other modalities for 

emotion recognition, such as facial expressions, voice, and physiological signals. Multimodal 

emotion recognition aims to capture a more comprehensive view of an individual's emotional 

state [7].Real-time emotion recognition is a challenging but promising area of research. 

Researchers are working on developing real-time EEG-based a-BCI systems [8], for applications 

in emotion monitoring, emotion-assisted therapy, and real-time feedback for emotion-aware 

technologies. Since everyone's brain activity patterns and emotional experiences are unique, 

personalized models are a significant direction in EEG-based a-BCI research [9]. Personalized 

models can be trained based on an individual's EEG data, improving the accuracy of emotion 

recognition. As the applications of EEG-based a-BCI continue to grow, data security and privacy 

have become important concerns. Researchers need to consider how to protect the security and 
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privacy of EEG data to prevent potential misuse and privacy violations [10]. Therefore, EEG-

based a-BCI is essential for understanding and integrating human emotion towards external 

devices, enable computational methods and technologies to boost human’s emotion intelligence.  

Precise emotion recognition is important for a-BCI system. The main points are 

experimental paradigms, feature extraction and pattern recognition. In EEG-based a-BCI 

research, specific experimental paradigms are often used to induce different emotional states. For 

example, emotional movies, music, or images can be used to elicit emotions while recording 

participants' EEG signals. These experimental paradigms help researchers collect EEG data 

related to emotions for model training and evaluation [11]. Feature extraction involves 

transforming raw EEG signals into numerical features for machine learning. Commonly used 

features include time-domain features, such as mean power [12], frequency-domain features, 

such as spectral energy distribution [13], spatial feature, such as channel covariance matrix [14] 

and time-frequency domain features, such as wavelet transform coefficients [15]. The goal of 

feature extraction is to extract informative features that help classifiers better discriminate 

between different emotional states. Pattern recognition in a-BCI is the process of modeling the 

relationship between features and emotional states. Common pattern recognition methods 

include support vector machines, artificial neural networks, decision trees, and random forests 

[6]. These methods can classify, or regress emotional states based on combinations of features, 

enabling emotion recognition. When take attention into sensory modality on previous proposed 

methods, the wide-existing methods are sensory dependent. Specifically, one method only 

applied for one specific type of stimulation, if types of stimulation changed, the method must be 

changed correspondingly.  For instance, Audio-induced EEG emotion recognition:  Lin et al [16] 

utilized power spectrum density (PSD) feature and multilayer perceptron (MLP)/ SVM classifier 
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to decode music-induced EEG for joy, anger, sadness, pleasure, which achieved mean acc = 

82.29%. Visual-induced EEG emotion recognition:  Mehmood et al [17] utilized Hjorth 

parameters feature into multiple classifiers with separate or ensemble to decode affective picture 

induced EEG for sad, scared, happy,  calm, which achieved mean acc = 76.6%.  Audiovisual-

induced EEG emotion recognition: Liu et al [18] utilized short-time Fourier transform (STFT) 

feature and LDA feature selection with SVM classifier to decode audiovisual-induced EEG for 

non-neutrality/neutrality, achieved real-time EEG emotion recognition with mean acc= 92.26%. 

Sensory-dependency decoding methods fade the further application of a-BCI systems. 

 

 
 

Figure 1.1. Current sensory dependency in EEG emotion recognition. 
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1.2 Emotion recognition and perception  

 
Emotions is the basic element of modal society and appears and influence human’s daily 

experiences, participating in people’s interactions with meaning, shaping people’s perceptions of 

the world. In this expansive experience of human emotions, people encounter a rich and diverse 

spectrum of emotional states, including joy, sadness, excitement, fear, anger, surprise, and 

countless others [19]. Emotions are not only a short time influence, but they also constitute a 

long-term impact in everyone’s lifespan. Emotion composes the experience of our inner lives and 

serves as vital building factor s to construct of our humanity. Emotions are wide-existing, and 

lead to various domains of our lives [20]. In the process of social interactions, they are the silent 

but crucial characters, guiding us in our interactions with others. A smile exchanged between 

friends, the shared laughter among loved ones, and the comforting embrace of a family member, 

all showed emotions play in formatting of our social connections [21].Moreover, emotions are 

not only confined solely to subjective experiences [22] but also possess the power to shape 

human physical well-being [23]. Stress, as a physiological response to challenging situations, can 

impact on our heart rate, blood pressure, and immune system [24]. Conversely, positive emotions, 

such as contentment and joy, can bestow upon us a sense of relaxation and serenity, bolstering 

our immune function and contributing to our overall health and resilience [25]. 

Both emotion recognition and emotion perception are important concepts in studying 

different aspects of human emotions. Emotion recognition refers to judging human emotional 

states by analyzing external clues, such as facial expressions, voice, body posture, EEG, etc. [26]. 

Technical tools, such as computer vision, deep learning, and machine learning, are usually used 

to identify emotional features and patterns from data in an automatic or semi-automatic way [27]. 

In contrast, emotion perception studies and explores the process by which individuals, especially 
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humans, subjectively perceive, understand, and experience emotions [28]. This includes 

individuals' cognition and response to emotions, which is usually studied through psychological 

experiments, questionnaires, and other methods [29]. Both aim at understanding nature and 

expression of human emotions. However, emotion recognition focuses more on the analysis and 

identification of external cues [27], while emotion perception focuses more on an individual's 

subjective perception and experience of emotions [30]. From a certain level, emotion recognition 

is a machine-based and patterned process of human emotion perception. Through emotion 

recognition, researchers enable machines to understand emotions like humans and provide 

corresponding feedback. 

Emotion recognition, driven by technological advancements and its diverse applications 

across various domains, has undergone significant evolution in recent years. This transformative 

field is marked by several key trends and processes. The multimodal approaches emerged as a 

milestone, where researchers integrate diverse data sources, including facial expressions, vocal 

cues, physiological signals, and textual data. This comprehensive approach enhances the 

accuracy and robustness of emotion recognition systems by harnessing complementary 

information from multiple modalities [7]. Deep learning, notably convolutional and recurrent 

neural networks, excels at automatically extracting features from raw data, enabling more precise 

emotion recognition [31]. Transfer learning has gained attention as a strategy to improve emotion 

recognition performance [32]. Real-time emotion recognition systems are being actively 

developed, these systems enable dynamic and adaptive responses based on users' emotional 

states, enhancing human-computer interaction and user experiences [33]. Privacy and ethical 

considerations have become increasingly significant in the field of emotion recognition 

technology. There is a growing awareness of the need to address data privacy, obtain informed 



Chapter 1    7 

 
 

consent, and ensure responsible use of this technology [34]. Efforts to enhance cross-cultural 

sensitivity are underway, recognizing that emotions can manifest differently across cultures [35]. 

Emotion-aware AI systems are being developed to create more personalized and empathetic 

human-computer interactions. These systems can adapt their responses and behaviors based on 

users' emotional states, fostering more meaningful and effective communication [36]. Emotion 

recognition has found valuable applications in healthcare, particularly in mental health 

monitoring. Detecting and tracking emotional states in patients, aids in early diagnosis and 

treatment, potentially improving overall well-being [27]. In the area of market research and 

advertising, emotion recognition plays an important role in understanding consumer reactions to 

products, advertisements, and user interfaces. This data-driven approach informs marketing 

strategies and decision-making processes [37]. Emotion recognition technology can accurately 

identify an individual's emotional state by analyzing various data such as voice, facial 

expressions, and physiological indicators, providing more accurate human-computer interaction 

for intelligent systems [38]. At the same time, multimodal stimulation technology integrates 

multiple senses such as audio, visual, olfactory, etc., and can deeply influence and regulate the 

emotional experience of users through multi-faceted stimulation [25]. The development of these 

technologies had broad application prospects in virtual reality, games, medical, and other fields. 

The current state of research on emotion perception is constantly evolving. Researchers 

are deeply exploring the cognitive neural mechanisms of emotion perception, individual 

differences, and the relationship between emotional experience and behavior [39]. Through a 

variety of methods such as neuroimaging [40], psychological experiments [41], and 

computational modeling [42], they tried to parse the brain's role in emotion perception and 

changes in emotion processing . As neurological mechanism of cross-sensory emotion perception, 
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brain mechanisms of cross-sensory were investigated by fMRI,  different sensory may be 

mapped onto amodal emotion processing [43][44], the  brain regions include pSTS (posterior 

superior temporal sulcus), PFC (prefrontal cortex) and pCC (posterior cingulate cortex) would be 

activated for processing amodal emotion, it enables modality-nonspecific for emotional meaning, 

which means Human can percept the emotions regardless the types of stimulations [45].  Related 

to the emotion recognition mentioned above, an important research question is how to make 

machines capable of cross-sensory recognition of emotions like humans. 

 

 

 
 

 

Figure 1.2  Brain mechanism of cross-sensory emotion perception 
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1.3  Remaining problems 
 

Emotion recognition is a key point for effective EEG-based a-BCI. The precise emotion 

recognition for EEG enables the successful operation of a-BCI. As for the experimental 

environment and diagram in a-BCI, external stimulations always serve as the origin for elite user 

emotions. The stimulations human experienced, most of them are multimodal stimulations. 

When humans are encountering multimodal stimulation, they can perceive the same types of 

emotion from partial or entire sensory inputs [45]. Previous studies in EEG emotion recognition 

were sensory-dependent, the a-BCI can’t recognize cross-sensory emotion like humans. Since 

EEG is subjected to changes from both sensory and emotion, sensory patterns and emotion 

patterns are not clear from EEG under multimodal stimulation by far. There is a lack of 

systematic study for cross-sensory EEG emotion recognition under multimodal stimulation.  The 

main problems for solving cross-sensory EEG emotion recognition are two aspects: emotion 

EEG analysis under multimodal stimulation and cross-sensory EEG emotion recognition 

methods. These two problems mainly indicate the impact of multimodal emotion stimulation on 

EEG responses and the sensory dependency in EEG-based emotion recognition. 
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1.3.1 The impact of multimodal emotion stimulation on EEG responses 
 

The EEG cues from EEG are fundamental basement for understanding users neurological 

feedback for a-BCI system. The very first issues for making cross-sensory EEG emotion 

recognition unsolved is the EEG patterns, especially emotion and sensory patterns under 

multimodal stimulation are unclear. Previous study indicate that emotion pattern and sensory 

pattern with emotion and sensory-related changes respectively [46] [47], but lack of the 

comparatively study for EEG behave with respect to the sensory-related changes and emotion-

related changes under multimodal stimulation. The impacts of multimodal emotion stimulation 

are  major points. It not only would bring the psychological understanding of cross-sensory  

emotion perception, but most importantly, it enable the further development of and achievement 

of cross-sensory EEG emotion recognition under multimodal stimulation.  
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1.3.2 Sensory dependency in EEG-Based emotion recognition 
 

The difficulty for applying EEG-based a-BCI as sensory-independent as human emotion 

perception is from the current sensory-dependent EEG emotion recognition methods. One 

framework only applied for one specific type of stimulation, if types of stimulation changed, the 

framework must be changed correspondingly.  With retrospective to the previous research in 

EEG emotion recognition, audio-stimulated emotion EEG [16], visual-stimulated EEG [17], 

audio-visual-stimulated EEG [18], their emotions could be decoded with proposed methods. 

However, there is no certain method focusing on cross-sensory EEG emotion recognition, like 

one method could be appliable for emotion recognition regardless of sensory inputs. In reality, 

the multimodal stimulation and cross-sensory situations are widely existing. Hence, the solution 

for current sensory dependency in EEG-based emotion recognition is crucial for the further 

development of EEG-based a-BCI.  
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1.4 Research purpose and approach  
 

With respect to existing problems in EEG-based a-BCI research and its major difficulties 

which mentioned before, the general research purpose is achieving cross-sensory EEG emotion 

recognition under multimodal stimulation. The multimodal stimulation in this research,  which 

focused on audio-visual stimulation (video). The cross-sensory situations for  multimodal 

stimulation are audio, visual (partial sensory inputs) and audio-visual (complete sensory input) 

with two types of emotion component respectively. The research will focus on emotion EEG 

analysis under multimodal stimulation and cross-sensory EEG emotion recognition methods. 

These two parts will be presented in chapter 2 and chapter 3, which respect to problem 1.3.1 and 

1.3.2.  

As emotion EEG analysis under multimodal stimulation, this research would like to 

investigate the brain’s response which from collected EEG, to clear out how emotion and 

sensory-related changes will influence on EEG as emotion and sensory patterns. 20 participants 

would participate in the experiments and their EEG would be collected under the experimental 

conditions with multimodal emotion stimulation. The collected EEG after preprocessing, would 

go through feature analysis for revealing emotion and sensory pattern. The feature analytic 

results would provide a comparative idea for emotion and sensory patterns characters under 

multimodal stimulation and bring the EEG inspection for cross-sensory EEG emotion perception.  

For cross-sensory EEG emotion recognition, the feature interpolation of emotion pattern 

would be enabled by analytic results from emotion EEG analysis under multimodal stimulation. 

This study would build a method for cross-sensory EEG emotion recognition. The realization 

and validation of proposed methods would be taken for supporting proposed cross-sensory EEG 

emotion recognition’s effectiveness. 
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1.5  Structure of thesis 
 

The thesis is organized as follow structure in Figure 1.3.  Chapter 1 is for envision of 

EEG-based a-BCI , emotion recognition  and their sensory-dependent problem, which brought 

motivation and purpose for this research. Chapter 2 is for experimental design and feature 

analysis of cross-sensory emotion EEG under multimodal stimulation. Chapter 3 is for cross-

sensory EEG emotion recognition method, the method design, realization and validation. Chapter 

4 is general discussion of results from chapter 2 and chapter 3 as well as future works. Chapter 5 

is for concluding the works in this study. 

 

 

 
 

Figure 1.3. Workflow of paper structure. 
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2. Emotion EEG Analysis under Multimodal Stimulation 

2.1 Introduction 

 
Multimodal emotion stimulation is widely used in modern society for evoking various 

emotional states in humans via external sensory inputs, including auditory, visual, olfactory, and 

tactile cues. These stimulations are prevalent in different media, such as movies, animation, and 

virtual reality, and they can be used in education, marketing, advertising, psychological 

counseling, and entertainment [48–50]. A study on the response of the human brain to these 

stimuli is critical for understanding the process of emotional multimodal stimulation. EEG is 

commonly used to analyze and understand how emotion and sensory stimulation affects human 

brain activity. EEG measures the electrical activity of the brain by using electrodes placed on the 

scalp and recording the signals generated by neurons. By analyzing EEG data, researchers can 

better understand how these stimulations affect specific areas of the brain and elicit emotional 

responses in humans [51].  

BCI are promising in the future of multimodal emotion recognition [52][53]. EEG signals 

can be used to recognize emotions from visual and audio-visual stimuli [54], and the fusion of 

EEG signals and audio-visual features can improve emotion recognition performance [55]. 

However, there is a lack of research on the process of multimodal emotional stimulation and how 

it affects human brain activity. Therefore, research in this area could be significant in improving 

the effectiveness of these stimulations. This research can assist in the development of new 

methods used for designing more effective emotional stimuli and for attaining a better 

understanding of how various multimodal stimulations impact different individuals. 

Recent studies using EEG have investigated the neural correlates of emotional processing. 

Jiang et al. [56] found that alpha and beta oscillations in the prefrontal cortex are modulated by 
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the valence and arousal of emotional stimuli during an affective priming task. In another study, 

Mu et al. [57] found that beta and gamma oscillations in the temporal and parietal regions were 

associated with the processing of social feedback during interpersonal trust games. Schelenz et al. 

[58] investigated the multisensory integration of dynamic emotional faces and voices and 

proposed a method for simultaneous EEG and fMRI measurements. Additionally, Li et al. [59] 

demonstrated that alpha oscillations in the prefrontal cortex are associated with cognitive 

reappraisal during an emotion regulation task, whereas Yu et al. [61] found that delta and theta 

oscillations in the anterior cingulate cortex and insula are modulated by the perceived intensity of 

emotional pain during a social exclusion task. The medial temporal pole was observed to be 

responsible for driving amygdala activity in response to emotional stimuli by Sonkusare et al. 

[61]. Ahirwal and Kose investigated correlated EEG channel agendas, and the results were 

examined with respect to audio-visual emotion classification [62]. In the spectral domain, 

Balconi and Vanutelli investigated how vocal and visual stimulation, congruence, and 

lateralization affect brain oscillations in emotional interspecies interactions [63]. Temporal 

analyses were conducted by Balconi and Carrera [64], and they showed that the cross-modal 

integration of an emotional face and voice leads to the P2 ERP effect. These studies highlight the 

continued use of EEG in revealing the neural mechanisms underlying emotional processing.  

EEG signals have been used to investigate the neural mechanisms unrevealing sensory 

processing, including visual, auditory, and somatosensory processing. For instance, Gallotto et al. 

[65] investigated the neural correlates of visual perception using EEG and found that alpha and 

beta oscillations were modulated by attentional demands during visual processing. Craddock et 

al. [66] found that alpha oscillations in the somatosensory cortex were associated with the 

detection of tactile stimuli. Klasen et al. [67] found that emotional information processing in 
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multimodal environments is highly integrated, with interactions and regulatory effects between 

different sensory channels. Additionally, Bugos et al. [68] used EEG to investigate the neural 

mechanisms underlying auditory processing and found that theta oscillations in the auditory 

cortex are modulated by musical features. Zimmer et al. [69] found that emotional cues presented 

in multiple sensory modalities can improve visual attention. Ross et al. [70] investigated the 

neural correlates of somatosensory processing using EEG and found that gamma oscillations in 

the somatosensory cortex are associated with the processing of vibrotactile stimulation. Brain 

functional area studies were utilized by Magosso et al. [71], revealing that EEG alpha power is 

as-sociated with attentional changes during cognitive tasks and virtual reality immersion sensory 

stimulations. The effects of prolonged waking-auditory stimulation on EEG synchronization and 

cortical coherence were investigated by Cantero et al. [72]. Baumgartner et al. [73] found that 

different types of sensory stimuli evoke emotions in different ways, but the essential 

characteristics of emotional experience are similar. These studies demonstrate the utility of EEG 

in uncovering the role of oscillatory activity in sensory processing and its relationship with 

perception and attention. 

However, previous EEG-related research has mutually and exclusively focused on the 

influence of stimulation modality and emotional stimuli. The effects of EEG with changes in 

multimodal emotional stimulations have not been thoroughly studied, especially the 

spatiotemporal analysis under its uni-stimulus-modality and multi-stimulus modality. Overall, 

much remains to be understood regarding the neural mechanisms underlying emotional and 

sensory processing.  

In this chapter, which is aimed to investigate the changes in human brain activity in 

response to multimodal emotional stimulation and to assess the effects of the emotional mode 
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and sensory modality individually and together with respect to EEG. These investigations were 

conducted because movies are recognized as useful naturalistic stimuli for neuroimaging studies, 

and they were utilized in previous studies [74]. To achieve this, this study selected short film 

clips as the source of multimodal (visual + auditory) emotional stimulation and recruited 20 

participants. This study assessed two emotions (pleasure/unpleasure) and three modes 

(audio/visual/audio-visual); thus, a total of six conditions were assessed by EEG and self-

assessment data analyses. The subjective evaluation of the self-assessment metric (SAM) and 

objective PSD analysis of EEG with brain functional area allocation and sub-band analysis. 

Emotion patterns and sensory patterns of EEG under multimodal stimulation could be obtained 

with respective and comparative analysis. The results of this study can be used to gain an in-

depth understanding of the relevant changes in human brain activity in response to multimodal 

emotional stimuli, thus contributing to research and application in the areas of emotion 

regulation, psychotherapy, and EEG-based a-BCI.  
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2.2 Materials and Methods 

2.2.1 Experimental setup 

2.2.1.1 Participant information 

 
Referring to the previous EEG experiment using the emotion mode and sensory modality 

[75–77], twenty individuals were invited to participate in this study. Of the participants, 11 were 

men and 9 were women, aged 24.7 ± 1.9 years. All participants were inter-national students at 

the Tokyo Institute of Technology and native Chinese speakers, right-handed, and had no history 

of mental illness or recent mental or physical trauma. All participants provided written informed 

consent to participate in this study. The study was conducted in accordance with the principles of 

the Declaration of Helsinki. The study was approved by the Ethics Committee of the Tokyo 

Institute of Technology. 

 

2.2.1.2 Emotional stimulus 

 
Next, 20 emotional video clips were selected to elicit 2 emotions: pleasure or unpleasure 

(sad). Each emotion was shown in 10 video clips, with each lasting 30 s. Stimulus video clips 

were sourced from the New Standardized Emotional Film Database for Asian Culture [78]. The 

detailed information for selected video clips were referred to Appendix Table A1. This study 

trimmed the original videos from the database to 30 s to meet the stimulus duration requirements 

for this study. 

 

2.2.1.3 Experimental protocol 

 
During the experiment, subjects were asked to sit in a comfortable chair with their hands 

placed flat on a table. A 24-inch monitor with 1024 × 768 resolution was connected to a 

computer that sent control commands to play the experimental instructions and visual stimuli on 
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the screen. The subjects were asked to wear AirPods Pro2 in the noise-canceling mode while 

playing audio stimuli. The distance between the participants and the monitor was approximately 

90 cm, measured with their chins resting on a chinrest to prevent the shaking of the head. The 

experimental setup is shown in Figure 2.1, the photo used in Figure 2.1 had been approved by the 

participant. 

Before the experiment, a questionnaire survey was conducted to assure the physical and 

mental condition of the subjects. The contents of questionnaire were referred Appendix: A3. 

Questionnaire before emotion EEG experiment. After the questionnaire, according to the type of 

stimulus, there were three experimental conditions/modalities: audio stimulus, visual stimulus, 

and audio-visual stimulus. Resting conditions were used as control. 

Audio stimulus modality: The film clip was played with a black screen, and only audio 

was provided. Visual stimulus modality: The film clip was played while muted, and only visual 

stimulus was provided. Audio-visual stimulus modality: The film clip was played with original 

audio and visual information. Resting state: No audio or visual information was provided 

 

Figure 2.1. Illustration of the experimental setup 
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Each subject first performed the experiment in the resting state to enable the 

measurement of EEG in the resting state. In the resting state, the subjects maintained a sitting 

posture that was the same as that in stimulus-corresponding tasks. The duration for the resting 

state EEG recording was 300 s. 

The experimental workflow for the three stimulus modalities of multimodal emotional 

stimulation is shown in Figure 2.2. The experimental execution of the multimodal emotional 

conditioning task consisted of 60 trials, each lasting approximately 2.5 min. At the beginning of 

each trial, a 5 s cue indicated the starting time, followed by an 8 s cross-fixation to direct the 

participant’s attention. The stimulus lasted 30 s and was pseudo-randomly presented with one of 

two emotional stimuli (pleasure or unpleasure) in one of the three stimulus modalities. Pseudo-

random protocol was referred to Appendix A2. Pseudo-random protocol for the experiment. After 

the presentation of the stimulus, participants completed a self-assessment questionnaire to rate 

the type and degree of emotion experienced, spending approximately 20 s. Then, there was a 60 s 

rest without any visual or auditory stimulation. For each subject, the entire experiment, which 

included the requisite rest during the emotional conditioning task and resting state EEG 

measurements, lasted approximately 2.5 h; a 5 min break was provided after every 20 trials to 

avoid fatigue effects.  
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Figure 2.2. Workflow for stimulation representation 
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2.2.2 Data acquisition  

2.2.2.1 EEG data acquisition 

 
In this study, a 32-channel EEG system (Brain Products GmbH, Gilching, Germany) was 

used to collect EEG data, and the electrodes were as follows: Fp1, Fp2, F3, F4, F7, F8, FT9, 

FT10, FC5, FC6, T7, T8, CP5, CP6, TP9, TP10, P7, P8, FC1, FCz, FC2, C3, Cz, C4, CP1, CP2, 

P3, Pz, P4, O1, O2, and Oz. The positions of the channels on the scalp are shown in Figure 2.3. 

Before the experiment, each subject wore a headset for EEG collection. By the 

application of a special gel to the scalp, the impedance between each electrode and the scalp was 

reduced to below 10 kΩ. Using Brain Vision Recorder software, an amplifier was used to 

amplify weak electrical signals from the brain, and the data acquisition system was used to 

digitize and store the data. This study used FCz as the reference electrode, with a sampling 

frequency of 500 Hz. The data from these experiments are detailed in Table 2.1. 

 

 
Figure 2.3. EEG electrode distribution. 
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Table 2.1. EEG data collected during the experiment. 
Audio-

Unpleasure 

Visual-

Unpleasure 

Audio-visual-

Unpleasure 
Audio-Pleasure Visual-Pleasure Audio-visual-Pleasure 

Resting 

State 

200 trails 200 trails 200 trails 200 trails 200 trails 200 trails 20 trails 

 

 

EEG data were divided into seven categories. Audio unpleasure EEG data were collected 

with the audio stimulus modality, and film clips were collected with unpleasure emotions. For 

visual unpleasure data, EEG data were collected with the visual stimulus modality, and film clips 

were collected with unpleasure emotions. For audio-visual unpleasure data, EEG data were 

collected with audio-visual stimulus modalities, and film clips were collected with unpleasure 

emotions. For audio pleasure data, EEG data were collected with the audio stimulus modality, 

and film clips were collected with pleasure emotions. For visual pleasure, EEG data were 

collected with the visual stimulus modality, and film clips were collected with pleasure emotions. 

For audio-visual pleasure, EEG data were collected with the audio-visual stimulus modality, and 

film clips were collected with pleasure emotions. Resting state EEG data were collected in the 

resting state. 

Collected data comprised the following: 20 (subjects) × 2 (emotional classes) × 3 

(stimulus modalities) × 10 (trials) = 1200 trials, with 200 trials for each emotion with 1 stimulus 

modality. The duration of each trial was 30 s. Resting state = 1 × 20 (subjects) trials were 

collected before the main experiment with a duration of 300 s for each trial.  
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2.2.2.2 Self-Assessment data  

 
In each trial of the multimodal emotional conditioning tasks, self-assessment data were 

collected post-stimulus. According to the self-assessment metric (SAM) [79], the participants’ 

self-reported scores during each trial, as shown in Figure 2.4.  

During the self-assessment in each trial, subjects named the level of emotional arousal 

they experienced and assigned an integer score from 0 to 10. If the participant observed that the 

emotion was pleasure, it was recorded as the original score, and if the emotion was unpleasure, it 

was recorded as a negative absolute value of the score. All readings were recorded by the 

researcher. 

Self-assessment data were used as a subjective index to validate multimodal emotional 

stimulation, and the data were explored using EEG analysis. 

 

 
 

Figure 2.4. Self-assessment metric [79]. 
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2.2.3 Data analysis  

2.2.3.1 EEG data preprocessing 

 
When preprocessing EEG data to enhance data quality, it utilized several methods to 

improve the accuracy and reliability of the data. Specifically, the following steps were taken: 

Filtering: Appling a notch filter with a frequency of 50 Hz to remove electromagnetic 

interference from the EEG data. Additionally, it used the average potential as the reference 

electrode and re-referenced the EEG electrodes to further enhance data quality. These steps 

helped reduce noise and artifacts in the EEG signals. 

Artifact removal: It identified and removed EEG signals that were greater than 100 µv, 

which are commonly considered noise in EEG data. This step helped further reduce the impact of 

artifacts on the data. 

ICA decomposition: It used independent component analysis (ICA) to identify and 

separate the different independent sources of the EEG signals. This step helps identify 

components that are not related to the neural activity of interest, such as eye movements or 

muscle artifacts. The ICA result would be used in ICLabel.  

ICLabel: It used the ICLabel tool in EEGLAB [80] to classify the independent 

components obtained by ICA. ICLabel is a commonly used automatic classification tool that 

classifies independent components into different categories, including eye movement, muscle 

artifact, and neural activity. It used ICLabel to remove components corresponding to eye 

movements and muscle artifacts. 

By utilizing these methods, it were able to preprocess the EEG data and prepare it for 

further analysis. The combination of filtering, artifact removal, ICA decomposition, and ICLabel 

classification helped enhance data quality and reduce the impact of noise and artifacts on the data. 
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2.2.3.2 Power spectral density (PSD) analysis of EEG 

 
For the analysis of EEG data after preprocessing, we first conducted frequency domain 

analysis. In frequency domain analysis, the main index used was PSD, which is the result of the 

spectral analysis of the power of EEG signals. Different frequency bands of EEG can be obtained 

using the above experimental conditions and the distribution of PSD in different regions; thus, 

the significance of brain activity under different experimental conditions can be specifically 

explained [81]. Meanwhile, the inner condition comparison can be easily conducted using PSD. 

Before explaining the PSD calculation method adopted in this study, this part specify the strategy 

for the PSD analysis. As this experiment pertained to emotion and stimulation modalities, it used 

frequency band and brain functional analyses together. It aimed to reveal the conditions under 

different frequency ranges and the activity of each functional brain area corresponding to the 

EEG obtained from different experimental conditions. 

EEG sub-band Analysis, which EEG spectrum band research is a well-recognized 

analysis method in frequency domain studies and has significance in the study of emotion and 

sensory. In this EEG, signals are divided into various frequency bands [82].  Commonly used 

sub-spectral bands include delta: 1-4 Hz; theta: 4-8 Hz; alpha: 8-14 Hz; beta: 14–30 Hz; and 

gamma: 30–100 Hz [83]. In this EEG study with emotional and multimodal (visual, auditory, and 

audio-visual) stimulations, this study selected three bands—delta, theta, and alpha—and used a 

bandpass filter to obtain sub-spectrum bands.  

Increases in delta and theta waves are associated with negative emotions, such as 

unpleasure, while increases in alpha waves are associated with positive emotions, such as 

pleasure [84]. In addition, different stimulation modalities can elicit different EEG patterns that 

can be used to differentiate stimulus types, such as visual, auditory, or multimodal stimuli. These 
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frequency bands are particularly relevant in the analysis of emotion and stimulus patterns as they 

provide valuable insights into the physiological changes that occur in response to different 

emotional and stimulus conditions [85]. By analyzing these specific frequency bands, it can 

better understand the neural mechanisms underlying emotional processing, such as unpleasure 

and pleasure. For example, it enables compare pleasure and unpleasure emotional stimuli by 

comparing the intensity changes in different frequency bands. In addition, this study compared 

the effects of visual, auditory, and audio-visual stimuli on different frequency bands, thereby 

assessing the effects of different stimulation modalities on emotional and sensory responses. 

EEG functional brain mapping, which studies of divided functional brain areas is 

important in the field of brain science [86]. Functional brain division refers to the subdivision of 

the entire brain into smaller regions as per their contribution to different functions. In this study, 

five functional areas were defined as corresponding to the EEG channels utilized in the 

experiment: prefrontal, temporal, central, parietal, and occipital [87]. Except for the original 

reference channel FCz, the remaining 31 channels were allocated as per Figure 2.5. 

The prefrontal cortex (Fp1, Fp2, F3, and F4) is mainly responsible for thought, cognition, 

and behavioral control. The temporal cortex (F7, F8, FT9, FT10, FC5, FC6, T7, T8, CP5, CP6, 

TP9, TP10, P7, and P8) is primarily responsible for language processing, auditory cognition, and 

memory processing. The central cortex (FC1, FC2, C3, Cz, and C4) is primarily responsible for 

functions, such as perception, sensation, and sensory fusion. The parietal cortex (CP1, CP2, P3, 

Pz, and P4) is primarily responsible for body perception, spatial orientation, and hand–eye 

coordination. The occipital cortex (O1, O2, and Oz) is primarily responsible for visual 

processing and cognition. 
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Figure 2.5. Brain functional area allocation [87] with EEG electrodes. 

 
For each trial, the processes of a one-channel EEG with bandpass filtering and its PSD 

were calculated using the Welch method. The following process was performed using the MNE 

library in Python [88][89]. 

Segmentation: It divided the pre-processed EEG signals using the default setting for 

calculating the PSD using Welch’s method in a library, which usually includes overlapping 

windows. Adjacent windows overlapped by a certain percentage of their length, typically 50%. 

This allowed for a more accurate estimation of the PSD by reducing variance. 



Chapter 2    29 

 
 

PSD estimation: It used a function for estimating PSD using Welch’s method to estimate 

the PSD of each window of each EEG channel. The default settings for this function included 

overlapping windows, a Hanning window, and a Welch window size of 250. 

Denoting a one-channel EEG from one trial as vector X, the PSD can be determined as 

follows: 

 

                              𝑝
𝑝𝑠𝑑(𝜔)=

1

𝑛
| ∑ 𝑋(𝑚)∙𝑒−𝑗𝑤𝑚𝑛−1

𝑚=0 |2 
                                                           (2-1)   

 
where X is a vector with n elements, as indicated by the recordings from one channel. 

Average PSD: The function for estimating the PSD using Welch’s method returns an average 

PSD estimate for each channel in each window. The average PSD was calculated from the PSD 

estimates across all windows for each channel. Using the process shown in Figure 2.6, it 

obtained the PSD for each channel in each frequency band under different experimental 

conditions. 

 

 
 

Figure 2.6. Block diagram of spectral EEG analysis. 
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2.3 Results  

2.3.1 Self-Assessment  
 

First, considering the subjective self-assessment of emotion induced by multimodal 

emotional simulation, in 20 subjects, each person experienced 60 trials of stimulation; the total 

number of stimulation conditions was 6, 2 (pleasure/unpleasure) × 3 (audio/visual/audio-visual). 

The self-assessment results for each subject in terms of the experimental conditions are shown in 

Table 2.2. By calculating the self-assessments of all subjects for the six experimental conditions, 

it obtained the average self-assessment score [90][91] for each experimental condition shown in 

Table 2.2. 

 

 

Table 2.2. Self-assessment results of each subject in different experimental 

conditions. 

 
Audio 

Pleasure 

Visual 

Pleasure 

Audio-visual 

Pleasure 

Audio 

Unpleasure  

Visual 

Unpleasure 

Audio-Visual 

Unpleasure 

Sub01 7.8 8.2 7.4 −5.3 −4.6 −8.3 

Sub02 5.2 7.4 6.5 −6.7 −8.3 −6.1 

Sub03 6.4 5.5 7.9 −5.0 −6.2 −7.9 

Sub04 7.5 4.2 7.8 −8.0 −4.3 −6.8 

Sub05 6.0 5.2 7.1 −5.4 −5.2 −7.5 

Sub06 5.6 8.0 8.5 −7.0 −3.8 −6.4 

Sub07 6.5 7.1 3.8 −6.6 −4.1 −6.7 

Sub08 5.2 5.1 6.1 −7.9 −6.7 −8.5 

Sub09 7.9 7.7 7.7 −8.5 −5.6 −6.9 

Sub10 3.4 5.3 8.2 −5.9 −6.3 −5.1 

Sub11 7.2 8.3 7.8 −4.4 −3.6 −7.9 

Sub12 7.2 7.4 7.5 −2.7 −7.3 −6.3 

Sub13 4.8 6.0 6.0 −8.3 −7.2 −7.0 

Sub14 7.6 3.9 8.2 −6.2 −3.3 −6.1 

Sub15 6.9 4.7 6.6 −4.8 −8.6 −7.1 

Sub16 6.9 7.7 7.0 −4.6 −8.1 −6.3 

Sub17 4.7 4.7 8.0 −6.6 −7.0 −7.8 

Sub18 6.6 5.2 7.4 −6.2 −5.2 −7.9 

Sub19 8.3 7.4 8.0 −8.4 −6.3 −7.5 

Sub20 8.2 3.4 7.0 −4.8 −6.4 −5.8 

Average 6.50 ± 2.40 6.17 ± 2.51 7.23 ± 1.91 −6.17 ± 2.35 −5.90 ± 2.30 −7.00 ± 2.02 
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It is referred to pleasure as PL and unpleasure as UNPL. The results of the self-

assessment of all subjects in the six conditions are audio pleasure = 6.50 ± 2.40; visual pleasure 

= 6.17 ± 2.51; audio-visual pleasure = 7.23 ± 1.91; audio unpleasure = −6.17 ± 2.35; visual 

unpleasure = −5.91 ± 2.30; and audio-visual unpleasure = −7.00 ± 2.02, respectively. The result 

of two-way repeated ANOVA [92] analysis indicated that there is a significant difference in 

Emotion (there is a significant difference between pleasure and pleasure 𝑝 = 8.12 ∗ 10−14 <

0.01), which indicated as *** in Figure 2.7. No significant (NS) difference in Modality (𝑝 =

0.9868 > 0.1). This means that subjected SAM could be recognized as pleasure or unpleasure to 

the same extent regardless of Modality, the results had been indicated in Figure 2.7 

 

 

 
 

Figure 2.7. ANOVA analytic results of self-assessment data 
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Next, it calculated the relative difference between the two pairs of conditions within the 

six conditions. The p-values from the one-way ANOVA [92][93],  were as follows: for audio 

pleasure and visual pleasure, p = 0.48 > 0.1, indicating no significant difference as NS in Figure 

2.7; for audio unpleasure and visual unpleasure, p = 0.61 > 0.1, indicating no significant 

difference; for audio pleasure and audio-visual pleasure, p = 0.06 < 0.1, indicating a significant 

difference as NS in Figure 2.7; for visual pleasure and audio-visual pleasure, p = 0.02 < 0.1, 

indicating a significant difference; for audio unpleasure and audio-visual unpleasure, p = 0.01 < 

0.1, indicating a significant difference; and for visual pleasure and audio-visual pleasure, p = 

0.02 < 0.1, indicating a significant difference. 

According to the results of ANOVA, analysis were concluded that the audio and visual 

conditions have no significant difference (p > 0.1) for the two emotional states of pleasure and 

unpleasure. However, the audio-visual condition was significantly different (p < 0.1) from audio- 

and visual-only conditions. 

The results also suggest that a combination of multiple sensory modalities (audio-visual 

modality) can have a greater impact on mental states than stimulation from a single sensory 

modality (audio only or visual only) in view of subjective assessments. 

 

 

 

 

 

 

 

 

 

 

 



Chapter 2    33 

 
 

2.3.2 Comparison of PSD between resting EEG and multimodal 

stimulation EEG  
 

To explore the neurological effects of multimodal emotional stimulation in the six 

conditions, it first studied the PSD during stimulated and pre-stimulated phases. This study chose 

the start of the stimulation as 0 s, an EEG of 0~30 s for 3000 ms EEG in the stimulated phase, 

and the 500 ms EEG of −5~0 s for the pre-stimulated phase. The stimulus EEG and pre-stimulus 

EEG were transformed by epoching original EEG data. The changes before and after stimulation 

were compared. The extracted stimulus and pre-stimulus EEG datasets were preprocessed, and 

the PSD of the band-divided brain functional area was calculated to obtain the pre-stimulated and 

stimulated PSD in decibels. It calculated the percentage change in PSD. For each frequency band 

interval corresponding to each experimental stimulus condition and functional area, it used the 

following formula: 

                                  𝐶ℎ𝑎𝑛𝑔𝑒 𝑜𝑓 𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒𝑃𝑆𝐷 =
𝑠𝑡𝑖𝑚𝑢𝑙𝑎𝑡𝑒𝑑𝑃𝑆𝐷−𝑝𝑟𝑒𝑠𝑡𝑖𝑚𝑢𝑙𝑎𝑡𝑒𝑑𝑃𝑆𝐷

|𝑝𝑟𝑒𝑠𝑡𝑖𝑚𝑢𝑙𝑎𝑡𝑒𝑑𝑃𝑆𝐷|
× 100%  (2-2) 

where the 𝑝𝑟𝑒𝑠𝑡𝑖𝑚𝑢𝑙𝑎𝑡𝑒𝑑𝑃𝑆𝐷 had a negative value, and it used its absolute value for 

correction. The topography PSD calculation for 20 subjects were described in  Figure 2.8. For 

statically analysis for the data of 20 subjects, it calculated their respective results and used a 

paired one-tailed t-test to assess statistical significance. It considered results with a p-value < 0.1 

as significantly different and denoted 0.05 < p < 0.1 as *, 0.01 < p < 0.05 as **, and 0.01 > p as 

***. The results are shown in Table 2.3.  

 

 

 

 

 



Chapter 2    34 

 
 

 

 

 

 

 

 

 

 

Audio-Unpleasure Visual-Unpleasure Audio–Visual-Unpleasure  

   

Audio-Pleasure Visual-Pleasure Audio–Visual-Pleasure 

   

 

Figure 2.8. Topography distribution for change in PSD with pre-

stimulated/stimulated conditions. 
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Table 2.3. Percentage changes in PSD with pre-stimulated/stimulated conditions, 

considering frequency bands and functional areas with p-values. 

 
` Band Change in Percentage (%) 

  Frontal Temporal Central Parietal Occipital 

Audio 

Unpleasu

re 

Delta      

Theta      

Alpha     2.177 ∗ (0.0745) 

Visual 

Unpleasu

re 

Delta      

Theta      

Alpha  −1.814 ∗∗ (0.0434)  −2.449 ∗∗ (0.039) −2.845 ∗∗ (0.020) 

Audio-

visual 

Unpleasu

re 

Delta      

Theta      

Alpha  −1.514 ∗∗ (0.0418)  −1.867 ∗∗ (0.0412) −2.176 ∗∗ (0.0218) 

Audio 

Pleasure 

Delta      

Theta      

Alpha  1.465 ∗ (0.0818)   2.696 ∗∗ (0.0374) 

Visual 

Pleasure 

Delta      

Theta      

Alpha  −1.347 ∗ (0.0506)  −1.759 ∗∗ (0.0470) −1.876 ∗∗ (0.0382) 

Audio-

visual 

Pleasure 

Delta      

Theta      

Alpha  0.359 ∗∗ (0.0236) 0.727 ∗ (0.0740) 0.473 ∗∗ (0.0127) 0.070 ∗∗ (0.0113) 

 

 
There was a statistically significant difference between the stimulated and pre-stimulated 

PSD only in the frequency domain of the alpha wave and none in those of the delta and theta 

bands. Therefore, it chose only the alpha frequency domain and drew the topography of 

𝐶ℎ𝑎𝑛𝑔𝑒 𝑜𝑓 𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒𝑃𝑆𝐷. The six conditions were as follows. 

The occipital PSD increased by 2.177 in the presence of both auditory stimulation and 

unpleasure. Temporal, parietal, and occipital PSDs decreased by 1.814, 2.449, and 2.845, 

respectively, under visual stimulation and unpleasure moods. The PSD in the temporal, parietal, 

and occipital lobes decreased by 1.514, 1.867, and 2.176, respectively, under audio-visual 

stimulation and unpleasure moods. Temporal and occipital PSDs increased by 1.465 and 2.696, 

respectively, under auditory stimulation and pleasure. Temporal, parietal, and occipital PSDs 

decreased by 1.347, 1.759, and 1.876, respectively, under visual stimulation and pleasure. Under 
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audio-visual stimuli and pleasure emotions, parietal, parietal, and occipital PSDs increased by 

0.359, 0.473, and 0.07, respectively. These results suggest that changes in the PSD in the brain 

are influenced by sensory and emotional factors and that the effects of these factors vary by brain 

region and specific sensory and emotional conditions. 

In the pre-stimulated and stimulated conditions for comparison, only the alpha wave 

showed a statistically significant difference among the selected bands. This indicates that 

different frequency bands in the EEG are related to different brain processes. Alpha is associated 

with attention and relaxation, and changes in alpha activity are associated with different 

cognitive and emotional states [94]. Thus, PSD changes in the alpha band may be more sensitive 

to sensory and emotional conditions than those in the other bands, leading to the observations. 

The results show that changes in the PSD of the brain under different sensory and emotional 

conditions are complex and multifaceted. In terms of sensory conditions, the results suggest that 

auditory stimuli have different effects on the brain than visual stimuli. For example, PSD in the 

temporal and occipital regions increased in response to auditory stimulation, whereas PSD in the 

temporal, parietal, and occipital regions decreased in response to visual stimulation. In response 

to audio-visual stimuli, the PSD increased in the temporal regions but decreased in the parietal 

and occipital regions. These results suggest that different sensory inputs have different effects on 

brain function and that the combination of auditory and visual stimuli can produce unique 

patterns of PSD changes. In terms of emotional conditions, the results suggest that unpleasure 

and pleasure emotions affect the brain differently. Under the unpleasure condition, the PSD was 

reduced, with the greatest reduction in the occipital regions. In contrast, in the pleasure condition, 

the PSD increased, with the greatest increase in the occipital region. These results suggest that 
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emotions have effects on brain function and that different emotions can produce different 

patterns of PSD changes. 
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2.3.3 Emotion-related changes PSD analysis results 

 
To explore the role of the emotional part of the stimulus in this experiment, it performed 

emotion-related PSD analyses. This study divided the control group into pleasure and unpleasure 

for each modality stimulation so that it could obtain a total of three pairs of comparisons: Audio 

Pleasure vs. Audio Unpleasure, Visual Pleasure vs. Visual Unpleasure, and Audio-Visual 

Pleasure vs. Audio-Visual Unpleasure. This study chose the start of stimulation as 0 s and an 

EEG of 0~30 s for 3000 ms in the stimulated phase for both pleasure and unpleasure conditions. 

The PSD of each functional area was calculated for the three theta, beta, and alpha bands. The 

percentage change was used to measure the change in the pleasure state compared to the 

unpleasure state. The calculation was as follows in equation (2-3): 

                       𝐶ℎ𝑎𝑛𝑔𝑒 𝑜𝑓 𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒𝑃𝑆𝐷 =
𝑃𝑙𝑒𝑎𝑠𝑢𝑟𝑒 𝑠𝑡𝑖𝑚𝑢𝑙𝑎𝑡𝑒𝑑𝑃𝑆𝐷−𝑈𝑛𝑝𝑙𝑒𝑎𝑠𝑢𝑟𝑒 𝑠𝑡𝑖𝑚𝑢𝑙𝑎𝑡𝑒𝑑𝑃𝑆𝐷

|𝑈𝑛𝑝𝑙𝑒𝑎𝑠𝑢𝑟𝑒 𝑠𝑡𝑖𝑚𝑢𝑙𝑎𝑡𝑒𝑑𝑃𝑆𝐷|
× 100%       (2-3) 

Since the calculated Unp𝑙𝑒𝑎𝑠𝑢𝑟𝑒 𝑠𝑡𝑖𝑚𝑢𝑙𝑎𝑡𝑒𝑑𝑃𝑆𝐷  had a negative value, it used its 

absolute value to ensure the correction of results. The topography PSD calculation for 20 

subjects were described in  Figure 2.9. It calculated the respective results for the data from the 20 

subjects and used the one-tailed t-test for statistical significance. Results with a p-value < 0.1 

were considered statistically significant, and it denoted 0.05 < p < 0.1 as *, 0.01< p < 0.05 as **, 

and 0.01 > p as ***. The calculated results are shown in Table 2.4. 
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Figure 2.9. Topography distribution for changes in PSD with different emotional 

conditions. 
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Table 2.4. Changes in PSD with emotional status, considering frequency bands and 

functional areas. 

 
Stimulus 

Types 
Band Change in Percentage (%) 

  Frontal Temporal Central Parietal Occipital 

Audio 

PL-UNPL 

Delta   
−0.171 ∗∗ 

 (0.0221) 
  

Theta  
0.148 ∗  
(0.098) 

0.174 ∗∗ 

 (0.046) 

0.221 ∗∗ 

 (0.026) 

−0.234 ∗∗ 

 (0.0477) 

Alpha  
0.411 ∗∗∗  
(0.008) 

 
0.362 ∗∗  
(0.024) 

0.699 ∗∗∗  
(0.0016) 

Visual 

PL-UNPL 

Delta  
−0.415 ∗∗  

(0.011) 
 

−0.253 ∗  
(0.0796) 

 

Theta  
0.134 ∗ 

 (0.0956) 
  

0.238 ∗∗  
(0.0596) 

Alpha    
0.269 ∗∗  
(0.0378) 

0.104 ∗∗  
(0.0240) 

Audio-

visual  

PL-UNPL 

Delta 
−0.4942 ∗∗  

(0.0449) 
 

−0.443 ∗∗∗ 

 (0.0032) 

−0.4889 ∗∗∗  
(0.027) 

−0.432 ∗∗ 

 (0.011) 

Theta  
0.123 ∗∗  
(0.0132) 

 
0.104 ∗∗  
(0.0163) 

 

Alpha  
0.0492 ∗∗  
(0.0331) 

0.031 ∗∗∗  
(0.0014) 

0.034 ∗∗ 

 (0.041) 

0.130 ∗∗∗  
(0.0018) 

 

 
It observed that the results of the delta band were significantly different from those of 

theta and alpha. It concluded that in the delta band and parietal and occipital brain regions, the 

pleasure PSD was greater than the unpleasure PSD. However, in the theta and alpha bands and 

the parietal and occipital regions, pleasure PSD was lower than unpleasure PSD. The influence 

of each sensory stimulation modality differed among the three bands. The difference between 

theta with alpha patterns is evident from the topography diagram. Although the changing trend of 

theta is approximately the same as that of alpha, the degree of change in alpha is greater than that 

of theta; that is, alpha is more sensitive to changes in emotions. 

Combining the results of the t-test and functional brain area calculations, it can observe 

the following. Delta band: The PSD of the delta wave changed under the audio and audio-visual 

modalities; however, no similar change was observed under the visual modality. In the audio 
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modality, the PSD of delta waves did not change significantly in the frontal and central regions 

but was slightly reduced by 0.171% in other regions. These results suggest that delta waves may 

be involved in emotional processing in certain contexts. Theta band: The PSD of the theta waves 

changed in all audio, visual, and audio-visual modalities, which in the audio modality, the PSD 

increased in the temporal, central, and parietal regions (0.148%, 0.174%, and 0.221%, 

respectively) and decreased in the occipital region (−0.234%). Under visual conditions, the PSD 

increased in the temporal and parietal regions (0.134% and 0.238%, respectively) but did not 

change significantly in other regions. In the audio-visual modality, the PSD increased in the 

central and temporal regions (0.123% and 0.104%, respectively). These results suggest that theta 

waves are sensitive to emotional states. Alpha band: The PSD of the alpha band changed in all 

audio, visual, and audio-visual modalities which the audio modality, the PSD increased in the 

central and parietal regions (0.362% and 0.699%, respectively) but did not change significantly 

in the temporal regions. In the visual mode, the PSD increased (0.269%) in the occipital region 

and decreased (−0.104%) in the temporal region, with no significant changes in other regions. In 

audio-visual condition, the PSD increased in the central and occipital regions (0.0492% and 

0.034%, respectively) and decreased in the temporal and parietal regions (−0.031% and −0.130%, 

respectively).  
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2.3.4 Sensory-related changes PSD analysis results 
 

Next, it focused on the influence of the sensory modality on PSD in the frequency 

domain. It used multimodality stimuli (audio-visual) and single-modality stimuli (audio and 

visual) in the experiment. This study would like to compare the changes in PSD between the 

multimodality stimulus and the two single-modality stimuli. Therefore, it performed comparisons 

in four categories: audio-visual unpleasure vs. audio unpleasure (AV-A-UNPL), audio-visual 

pleasure vs. audio pleasure (AV-A-PL), audio-visual unpleasure vs. visual unpleasure (AV-V-

UNPL), and audio-visual pleasure vs. visual pleasure (AV-V-PL). Here, it used the percentage 

change to evaluate the change in PSD as well, which evaluated the change in PSD after adding 

additional stimuli (multimodal) compared with a single modality, which is calculated as follows 

in equation (2-4). 

 𝐶ℎ𝑎𝑛𝑔𝑒 𝑜𝑓 𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒𝑃𝑆𝐷 =
𝑚𝑢𝑙𝑡𝑖𝑠𝑡𝑖𝑚𝑢𝑙𝑎𝑡𝑒𝑑𝑃𝑆𝐷−𝑈𝑛𝑖𝑠𝑡𝑖𝑚𝑢𝑙𝑎𝑡𝑒𝑑𝑃𝑆𝐷

|𝑈𝑛𝑖𝑠𝑡𝑖𝑚𝑢𝑙𝑎𝑡𝑒𝑑𝑃𝑆𝐷|
× 100%                  (2-4)  

 

 
Since the calculated 𝑢𝑛𝑖𝑡𝑖𝑚𝑢𝑙𝑎𝑡𝑒𝑑𝑃𝑆𝐷 had a negative value, it used its absolute value to 

ensure the correction of results. The topography PSD calculation for 20 subjects were described 

in  Figure 2.10. For the data of 20 subjects, it calculated their respective results and used the one-

tailed t-test to assess statistical significance. Results with a p-value < 0.1 were considered 

statistically significant, and it denoted 0.05 < p < 0.1 as *, 0.01< p < 0.05 as **, and 0.01 > p as 

***. The calculated results are shown in Table 2.5. 
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Figure 2.10. Topography distribution for the change in PSD with multi-

stimulated/uni-stimulated pleasure/unpleasure conditions. 
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Table 2.5. Changes in PSD with respect to multi-stimulated/uni-stimulated and 

pleasure/unpleasure conditions, considering frequency bands and functional areas. 

 
Stimulus 

types 
Band Change in Percentage (%) 

  Frontal Temporal Central Parietal Occipital 

AV-A 

UNPL 

Delta −1.205 ∗∗∗ (0.010) −1.055 ∗∗∗ (0.009) −1.022 ∗∗∗ (0.002) −1.014 ∗∗∗ (0.002) −0.813 ∗∗∗ (0.008) 

Theta 0.607 ∗ (0.063)   0.369 ∗∗ (0.040) 0.758 ∗∗∗ (0.003) 

Alpha 0.309 ∗ (0.095) −2.752 ∗∗∗ (0.0001) −1.821 ∗∗∗ (0.0001) −3.382 ∗∗ (0.0001) −4.441 ∗∗∗ (0.0002) 

AV-V 

UNPL 

Delta  0.693 ∗∗∗ (0.001) 0.633 ∗∗∗ (0.003) 0.559 ∗∗∗ (0.008) 0.605 ∗∗∗ (0.004) 

Theta 0.838 ∗∗∗ (0.0007) 0.369 ∗∗∗ (0.0007) 0.380 ∗∗∗ (0.0026) 0.362 ∗∗∗ (0.002) 0.300 ∗∗ (0.0027) 

Alpha 0.234 ∗∗ (0.020) −0.141 ∗∗ (0.030) −0.141 ∗ (0.075) −0.182 ∗∗ (0.045) −0.198 ∗∗ (0.040) 

AV-A PL 

Delta −1.528 ∗∗ (0.020) −0.721 ∗ (0.082) −1.309 ∗∗∗ (0.004) −1.381 ∗∗∗ (0.003) −1.088 ∗∗ (0.011) 

Theta  0.123 ∗∗ (0.0132)   0.768 ∗∗ (0.030) 

Alpha  −3.1379 ∗∗∗ (0.0001) −1.942 ∗∗∗ (0.0004) −3.811 ∗∗ (0.0002) −5.060 ∗∗∗ (0.0001) 

AV-V PL 

Delta 0.525 ∗ (0.095) 0.408 ∗ (0.054) 0.306 ∗ (0.095) 0.335 ∗ (0.080) 0.405 ∗∗ (0.043) 

Theta  0.359 ∗∗∗ (0.0017) 0.306 ∗∗ (0.014) 0.311 ∗∗∗ (0.004) 0.313 ∗∗∗ (0.005) 

Alpha 0.197 ∗ (0.077)     

 

Therefore, it combined the previous results to arrive at the following analysis. 

Delta (1–4 Hz):In the unpleasure state, adding visual to audio stimuli led to a statistically 

significant decrease in delta activity across all brain regions ranging from 0.8126% to 1.2049%, 

respectively. Adding audio to visual stimuli led to a statistically significant increase in use 

activity in the central, parietal, and occipital regions, ranging from 0.5585% to 0.6931%, 

respectively. In the pleasure state, adding visual to audio stimuli led to a statistically significant 

decrease in activity in the central, parietal, and occipital regions ranging from 1.3092% to 

1.5284%. Adding audio to visual stimuli led to a statistically significant increase in activity in the 

frontal, temporal, and occipital regions ranging from 0.3061% to 0.5248%, respectively. Theta 

(4–8 Hz):In the unpleasure state, adding visual to audio stimuli led to a statistically significant 

increase in theta activity in the frontal and parietal regions, ranging from 0.1514% to 0.7576%, 

respectively, with a statistically significant p-value of less than 0.05 in the occipital region. 

Adding audio to visual stimuli led to a statistically significant increase in activity in all regions 
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ranging from 0.2996% to 0.8381%, respectively. In the pleasure state, adding visual to audio 

stimuli led to a statistically significant increase in activity in the frontal and parietal regions 

ranging from 0.2488% to 0.7675%, respectively. Adding audio to visual stimuli led to a 

statistically significant increase in activity in the temporal and occipital regions ranging from 

0.3063% to 0.4241%, respectively. Alpha (8–13 Hz):In the unpleasure state, adding visual to 

audio stimuli led to a statistically significant increase in alpha activity in the frontal, parietal, and 

occipital regions ranging from 0.3093% to 4.4406%, respectively. Adding audio to visual stimuli 

led to a statistically significant increase in activity in all regions ranging from 0.1413% to 

0.2344%, respectively. In the pleasure state, adding visual to audio stimuli led to a statistically 

significant increase in activity in the frontal and parietal regions ranging from 0.2535% to 

5.0590%, respectively. Adding audio to visual stimuli led to a statistically significant increase in 

activity in the temporal and occipital regions ranging from 0.0259% to 0.4241%, respectively 
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2.3.5 Emotion and sensory-related statistical analysis result 
 

From the results of PSD changes mentioned in 2.3.3 and 2.2.4, sensory patterns and 

emotion patterns under multimodal stimulation correspond with sensory-related changes and 

emotion-related changes. The numeric and topographic results indicated the changes in each 

decomposed band and area. To further explore comparative characteristics of emotion and 

sensory patterns of EEG under multimodal stimulation, emotion/sensory-related statistical 

analysis with respect to spectral, spatial, and quantitative aspects will be investigated in this part. 

The spatial characteristics of emotion and sensory patterns comparison with respect to 

“Within area standard deviation (std) of PSD changes.” Standard deviation is a viable metric for 

evaluating EEG features and indicating EEG characters [95]. Previously obtained results of PSD 

changes could be viewed from each of the five brain functional areas, standard deviation 

naturally represented the degree of variation within a group of data. Hence, the difference in 

spatial representation is available to be revealed by calculating the “Within area std of PSD 

changes.”, which could be obtained from PSD changes with normalization, and calculating std 

within five functional areas.  Within area std of PSD changes resulting from sensory and emotion 

are comparable for spatial characteristics of emotion and sensory patterns. In Figure 2.11, the 

results of within area std of PSD changes results from sensory and emotion are represented for  

Minimum: the position of the lower end of the box, lower quartile: the lower limit of the bottom 

edge of the box; median: the line in the middle of the box; upper quartile: the upper limit of the 

top edge of the box; maximum: the position of the upper end of the box, dot is abnormal data. 

The results in Figure 2.11 showed that Within bands std as mean: emotion (0.12) > 

sensory (0.07)  with significant difference. It indicated that the degree of variation in five areas 

which corresponds to emotion-related changes, were greater than sensory related changes. 
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Figure 2.11. Within area std of PSD changes, left is emotion-related changes and 

right is sensory-related changes. Statistical significance from emotion and sensory 

were obtained as p-value. 

 

 
Figure 2.12. Within band std of PSD changes, left is emotion-related changes, right 

is sensory-related changes. Statistical significance from emotion and sensory were 

obtained as p-value. 
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The spectral characteristics of emotion and sensory patterns comparison with respect to 

“Within band standard deviation (std) of PSD changes.” Previously obtained results of PSD 

changes could be viewed from each of the three bands, standard deviation naturally represented 

the degree of variation within a group of data. Hence, the difference in spectral characteristics is 

available to be revealed by calculating the “Within band std of PSD changes.”, which could be 

obtained from PSD changes with normalization, and calculating std within three bands.  Within 

band std of PSD changes results from sensory and emotion are comparable for spectral 

characteristics of emotion and sensory patterns. In Figure 2.12, the results of within band std of 

PSD changes results from sensory and emotion are represented. 

The results in Figure 2.12 showed that Within bands std as mean: emotion (0.17) > 

sensory (0.13)  with significant difference. It indicated that the degree of variation in three bands 

which corresponds to emotion-related changes, were greater than sensory related changes.  

Quantitative comparison of emotion and sensory patterns, which refer to the emotion-

related changes and sensory-related changes of EEG under multimodal stimulation. The metrics 

of quantitative comparison is the sum of absolute value of significant changes, aim to 

quantitatively represent statistical significance validated PSD changes. Each “Sum of absolute 

value” is from five functional allocated areas in each band and each band in each sensory or 

emotion analysis pair would have one “Sum”. The results are represented in Figure 2.13.  

The results in Figure 2.13 showed that mean of each emotion pair(2.06) < sensory 

pair(12.08). It indicated that PSD changes from sensory-related changes are quantitative greater 

than emotion related changes.  
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Figure 2.13. Sum of the absolute value for significant changes corresponding to 

emotional change pairs and sensory change pairs. The three on the left are 

emotional changes, and the four on the right are sensory-related changes. 
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2.4 Discussion 
 

As for the emotion-related changes, based on the results in Table 2.4 and Figure 2.9, 

results indicated that the change in emotional state had a significant impact on the change in 

theta activity. The PSD in the central and parietal regions significantly increased under the 

unpleasure condition, while the theta activity in the temporal and parietal regions decreased 

under the pleasure condition. This suggests changes in theta activity, which is the demonstration 

of emotional processing in the brain. The specific regions affected by changes in theta activity 

may vary according to the emotional state. Furthermore, the results indicated that the change in 

emotional state also had a significant impact on the change in alpha activity. The PSD of the 

occipital region significantly increased with respect to the pleasure emotion, whereas the alpha 

activity of the temporal region significantly decreased with respect to the unpleasure emotion. 

These results suggest that alpha activities may be involved in emotional processing, particularly 

in the occipital region, which is thought to be involved in visual processing. The specific regions 

affected by changes in alpha activity may depend on emotional state and sensory input 

[96].Findings in the delta band suggest that changes in the emotional state may be less sensitive 

to changes in the delta activity than in other bands. The PSD in the frontal regions was 

significantly lower in the pleasure emotion, suggesting that changes in delta activity may be 

related to emotional processing within this brain region [97]. The specific regions affected by 

changes in delta activity may vary according to the emotional state and sensory input. Thus, the 

effect of emotion on PSD could be discussed in that the analysis found that the emotional state of 

the participants had a significant impact on PSD, with all three frequency bands (delta, theta, and 

alpha) showing changes in activity that were dependent on the emotional state. Emotion 

perception shows serial dependence within and between sensory modalities [98]. This suggests 
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that emotions can modulate neural activity in specific brain regions and frequency bands, which 

possibly have implications for understanding emotional processing and regulation. 

As for the changes in PSD in response to emotional stimuli across different frequency 

bands, focusing on the emotional states of pleasure and unpleasure. This explored the changes in 

PSD across different sensory inputs and functional brain regions to better understand the 

interconnection between emotional states and brain functions. The findings suggest that different 

frequency bands exhibit different patterns of change in response to emotional stimuli and that the 

specific affected regions also vary relative to the emotional state and sensory input. As for the 

sensory-related changes, based on the results in Table 2.5 and Figure 2.10, the three bands 

showed significant changes in activity when audio and visual stimuli were combined compared 

to when they were presented separately. In addition, all three bands showed changes in activity 

that were dependent on the emotional state of participants. Moreover, some differences were 

observed between bands. Delta activity consistently decreased when visual stimuli were added to 

audio stimuli across all regions and emotional states. Theta activity significantly increased in the 

frontal and parietal regions when audio stimuli were combined with visual stimuli, regardless of 

the emotional state. The alpha activity showed more complex changes, with different regions and 

emotional states showing different patterns. These results suggest that the addition of different 

sensory inputs can modulate neural activity in specific brain regions. The pattern of changes in 

neural activity in response to different sensory inputs varies across the different frequency bands 

and brain regions [99]. 
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2.4.1 Emotion/Sensory-related changes spatial character discussion 
 
Based on the std of PSD changes within the brain functional area and Figure 2.11, the 

spatial variation of emotion-related changes was larger than that of sensory-related changes. This 

finding suggests there are differences existing in the way emotions and sensory patterns take the 

role of influencing brain activity. Previous studies have indicated individual pattern analysis, in 

EEG of the indication of EEG spatial characters with the emotion-related changes with emotion 

pattern [100] and sensory-related changes with sensory patterns [101]. The results of this 

research have more comprehensive results for comparing the spatial characters of emotion and 

sensory patterns. 

Emotion-related changes showed more diverse regional changes. This suggests that the 

impact of emotion on brain activity pretends to be broader and less localized. From this 

perspective, the effects of emotion are not limited to specific brain regions but involve broader 

interactions between regions. This broader influence may reflect the interaction between emotion 

and cognition, emotion and emotion regulation, which in turn affects the overall activity pattern 

of the brain [102]. In contrast, the spatial characteristics of sensory-related changes are relatively 

consistent and localized. This may indicate the relatively fixed neural circuits and pathways in 

the brain for sensory information processing [103].   
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2.4.2 Emotion/Sensory-related changes frequency-varied character 

discussion 
 
According to the std of the power spectral density (PSD) changes within the frequency 

band and Figure 2.12, it found that the frequency change characteristics of emotion-related 

changes were larger than sensory-related changes. The results of spatial characters comparison 

suggest that emotions and senses take different ways of modulating brain activity distinctly in 

different frequency ranges. Previous studies have shown the individual influence of sensory and 

emotion patterns from the viewpoint of different frequency bands, frequency change 

characteristics the neurological feedback as EEG, the emotion-related changes [104] and 

sensory-related changes [105] had been discussed, respectively. Moreover, this study gives a 

further explanation of sensory and emotion patterns' spectral character under multimodal 

stimulation.  

Emotion-related changes showed more diversified variation in spectral rather than 

sensory-related changes. This suggests that emotion regulation of brain activity frequency 

pretends to be more diverse. The role of emotion may involve brain oscillations in different 

frequency ranges and reflect that emotional processing involves multiple frequency ranges of the 

brain [106]. Conversely, the spectral change characteristics of sensory-related changes are 

relatively consistent. This implies that the frequency regulation of sensory information 

processing in the brain is relatively fixed and stable. The transmission and processing of sensory 

information may be more concentrated in specific frequency ranges, which is possibly related to 

the encoding and processing of perceptual information,  provides a certain degree of regularity 

and reliability for the brain's processing of external sensory input [107]. 
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2.4.3 Emotion/Sensory related changes quantitative discussion 
 
Based on the sum of absolute values of changes and Figure 2.13, it found that the degree 

of sensory-related changes was significantly higher than that of emotion-related changes. The 

results from this research indicate that there are clear quantitative differences in the influence of 

sensory and emotional effects on brain activity. The previous study focused on the influence of 

emotion or sensory-related changes with EEG under emotion stimulations [104] and sensory 

stimulations [105] respectively. From the analytic results of this study, the comparative 

evaluation of sensory and emotion-related changes, in the name of sensory and emotion patterns, 

had been obtained.  

Sensory-related changes showed more significant differences in spectral effects, which 

had been shown as PSD changes in this research. This suggests the implication that the 

processing of sensory information has a more direct and significant impact on the spectral 

distribution of the brain. The priority of the degree from spectral changes of sensory-related 

changes was higher than that of emotion-related changes, which reflects the important role of 

sensory information processing in the brain. The inner reception and determination of sensory 

information involve a wider range of neural networks and these changes show a more 

quantitative impact. This difference in the degree of changes is possibly related to the efficiency 

and priority of the brain in processing sensory information [108]. When people look back at the 

results emotion-related changes were relatively lower degree of changes. This means that 

emotion has a relatively weak impact on brain spectral contribution. The role of emotion is more 

reflected in the functional connections of the brain and the regulation of neural networks, rather 

than directly affecting changes in spectral distribution. The lower degree of emotion-related 
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changes at spectral changes possibly indicates the moderate role of emotion processing in brain 

activity and the slow and gradual nature of emotion regulation processes [109]. 
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2.5 Summary 
  

This chapter investigated the impact of emotional states and stimulus modality on brain 

activity with feature analysis of sensory and emotion pattern under multimodal stimulation. The 

participants’ EEG data were collected under six conditions: two types of emotion (Pleasure) 

/Unpleasure)* three stimuli modality (Audio /Visual /Audio-visual) with self-assessment metric.  

Validation of subjective emotion results confirmed Participants can recognize 

pleasure/unpleasure regardless of types of sensory. Analysis of spectral and spatial characters of 

EEG with PSD: Sub-band analysis combined with PSD allowed detailed study within specific 

frequency bands; Functional area allocation combined with PSD determined activities in each 

functional allocation of brain areas. The results of EEG analysis under multimodal emotion 

stimulation indicated: Spatial character: Emotion-related changes exhibit greater diversity in 

regional changes; Spectral character: Emotion-related changes exhibit greater diversity in sub-

band; Quantitative character: Sensory-related changes exhibit greater spectral impact 

quantitatively. Overall, our study provides a comprehensive understanding of the neural 

mechanisms underlying emotional processing across sensory modalities, mainly via EEG pattern 

analysis of sensory and emotion. These findings have important implications for understanding 

the neural mechanisms and gave the feature analytic basement for cross-sensory EEG emotion 

recognition.   



Chapter 3    57 

 
 

3. Cross-sensory EEG Emotion Recognition 

3.1 Introduction 
 

Emotion recognition is identifying and interpreting human emotions based on cues such 

as facial expressions, vocal intonations, physiological signals, and behavioral patterns [110]. It 

involves using algorithms and machine learning to analyze these cues and classify them into 

different emotional states, such as happiness, sadness, anger, or fear. Emotion recognition is 

applicable in various fields, including psychology, human-computer interaction, and healthcare 

[111]. EEG is a neuroimaging technique that measures the electrical activity in the brain using 

electrodes placed on the scalp. It records collective electrical signals generated by neuron firings 

in the brain. EEG provides valuable insights into brain activity and is widely used in 

neuroscience research, clinical diagnostics, and BCI systems [3]. EEG signals can be analyzed to 

detect patterns associated with specific mental states, cognitive processes, and emotional 

responses. EEG, owing to its non-invasiveness and high sensitivity to various emotions, has 

recently gained increasing attention as a physiological signal for emotion recognition [112]. The 

a-BCI system combines the principles of EEG and emotion recognition to create a direct 

communication pathway between the brain and an external device or computer system. This 

allows individuals to control external devices or interact with computer systems using their 

emotional states as inputs. The a-BCI systems use EEG signals to detect and interpret emotional 

states, translated into commands or actions for connected devices [113]. 

The current trend in EEG-based a-BCI focuses on improving the accuracy and reliability 

of emotion recognition using EEG signals [114]. The general concept of EEG a-BCI comprises 

data acquisition, preprocessing, feature extraction, classification/regression, model evaluation, 

and emotion recognition. The mean-focused parts are feature extraction and 
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classification/regression. Recently, various machine learning-inspired methods have been applied 

in EEG emotion recognition. Liu et al. [115] proposed an EEG emotion recognition model that 

combines an attention mechanism and a pre-trained convolution capsule network to effectively 

recognize emotions, enhancing emotion-related information in EEG signals. Li et al. [116] 

presented the Frontal Lobe Double Dueling Deep Q Network (FLD3QN), a model inspired by 

the Papez circuit theory and reinforcement learning neuroscience, utilizing EEG signals from the 

frontal lobe to enhance emotion perception. Padhmashree and Bhattacharyya [117] presented a 

novel four-stage method for human emotion recognition using multivariate EEG signals, 

achieving exceptional performance by incorporating deep residual networks and time-frequency-

based analysis. Wei et al. [118] proposed that the Transformer Capsule Network (TC-Net) 

achieves state-of-the-art EEG-based emotion recognition performance on DEAP and DREAMER 

datasets. This demonstrates its effectiveness in capturing global contextual information through 

an EEG Transformer and Emotion Capsule modules. Cui et al. [119] integrated signal complexity, 

spatial brain structure, and temporal context through 4D feature tensors, Convolutional Neural 

Networks, and Bidirectional Long-Short Term Memory, achieving high accuracy (94% for DEAP 

and 94.82% for SEED datasets) by deep decoding EEG signals and extracting key emotional 

features. Algarni et al. [120] developed a deep learning-based approach for EEG-based emotion 

recognition, contributing to improved accuracy in diagnosing psychological disorders by 

achieving high accuracies (99.45% valence, 96.87% arousal, 99.68% liking) through a multi-

phase process involving data selection, feature extraction, selection, and classification using a 

stacked bi-directional Long Short-Term Memory (Bi-LSTM) Model. To enhance Human-

Computer Interaction, Islam et al. [121] propose PCC-CNN, which is a deep machine-learning-

based Convolutional Neural Network (CNN) model for emotion recognition using EEG signals, 
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where Pearson's Correlation Coefficient featured images are employed for channel correlation 

analysis in sub-bands. Peng et al. [122] introduced a unified framework, GFIL (graph-regularized 

least square regression with feature importance learning), for EEG-based emotion recognition 

and highlighted the significance of the Gamma band and prefrontal/central region channels in 

emotion recognition. Huang et al. [123] presented an EEG-based emotion detection system that 

utilized short EEG segments of 1s, incorporating a novel feature extraction algorithm—

asymmetric spatial filtering—into a filter bank framework. Chen et al. [124] proposed an 

emotion recognition method using EEG signals, which involved extracting the energy means of 

detail coefficients as feature values and using a support vector machine (SVM) for classification. 

They demonstrated the validity of the feature values and provided a theoretical basis for 

implementing effective human-computer interaction. Wu et al. [14] highlighted the importance of 

Riemannian feature extraction in EEG-based emotion recognition, demonstrating that the 

proposed independent component analysis with Riemannian manifold and long short-term 

memory networks (ICRM-LSTM) model outperformed existing methods by effectively 

addressing the uncertain ordering in independent component analysis (ICA). Wang et al. [125] 

proposed a domain-adaptation symmetric positive definite (SPD) matrix network (daSPDnet) 

that effectively captured shared emotional representations among different individuals using 

Riemannian feature extraction. Based on the previous EEG emotion recognition studies, the filter 

bank was highly robust, and Riemannian feature extraction is an emerging field for effective 

feature extraction. 

Recent research has revealed that multimodal stimulation with cross-sensory emotions is crucial 

in human-computer interaction and affective computing (AC). Ranasinghe et al. [126] 

demonstrated that wearable accessories such as head-mounted displays (HMD), with wind and 
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thermal stimuli, significantly improve sensory and realism factors, enhancing the sense of 

presence compared to traditional virtual reality (VR) experiences. Zhu et al. [127] explored the 

emerging field of multimodal sentiment analysis, which integrates text, visual, and audio 

information to infer sentiment polarity, aiming to provide researchers with insights and 

inspiration for developing effective models in this field. Calvo and D'Mello [128] provided an 

overview of recent progress in AC, focusing on affect detection. This highlights the need for an 

integrated examination of emotional theories from multiple disciplines to develop effective 

practical AC systems. Wang et al. [129] introduced the multimodal emotion database (MED4), 

encompassing EEG, photoplethysmography, speech, and facial images for emotion recognition 

research, demonstrated the superiority of EEG signals in emotion recognition and proposes 

fusion strategies that combine speech and EEG data to significantly enhance accuracy and 

robustness. 

Tsiourti et al. [130] examined how incongruity in emotional expressions displayed by 

humanoid robots affects their recognition and response. Their research underscored the negative 

impact of such incongruence on the robot's appeal and credibility. A retrospective examination of 

previous studies in this field is necessary to comprehend the role of cross-sensory modalities in 

EEG-based emotion recognition. A critical limitation of applying the EEG-based aBCI is that the 

required system training and test data are highly sensory-dependent. Additionally, the current 

EEG-based aBCI system can only be based on one type of sensation from emotion simulation. 

For example, if an EEG-based aBCI is trained using EEG data from auditory stimuli, its 

operation is limited to auditory stimulation. 

Similarly, its operation is limited to visual stimulation if it is trained using EEG data from 

visual stimuli. If an EEG-based aBCI is trained using EEG data from audio-visual stimuli (e.g., 
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video stimuli), its operation requires audio-visual stimulation. In real-world applications, 

emotional stimuli are inherently multimodal [131]. Video stimuli contain auditory and visual 

modalities, resulting in a compound multimodal representation. When exposed to a partial 

sensory component of a multimodal emotional stimulus, individuals naturally perceive the same 

emotional category [132]. For instance, when individuals receive the audio, the visual, or both 

(audio-visual) components for the same video stimulus, the emotional category should be the 

same and identifiable using the EEG-based aBCI. Nevertheless, owing to sensory differences, the 

features extracted from EEG data can vary for different sensory modalities, even if they originate 

from the same stimulus source (e.g., the same video material). The key challenge in this study 

was effectively extracting features and mitigating the differences between different sensory 

modalities in EEG data. The cross-sensory EEG emotions were lacking in earlier research. 

However, the cross-sensory theme was highly related to transfer learning in EEG-based emotion 

recognition. This is valuable for tracing the previous comprehensive research on transfer learning 

in EEG-based emotion recognition. Existing transfer learning research has mainly focused on 

cross-subject, cross-session, and cross-dataset. Cimtay et al. [133] introduced a novel multimodal 

emotion recognition system using facial expressions, galvanic skin response (GSR), and 

electroencephalogram (EEG) data, achieving high accuracy rates and surpassing reference 

studies in subject-independent recognition. Li et al. [134] presented the self-organized graph 

neural network (SOGNN) for cross-subject EEG emotion recognition, achieving state-of-the-art 

performance by dynamically constructing graph structures for each signal. CLISA (Contrastive 

Learning method for Inter-Subject Alignment), a method developed by Shen et al. [135], 

leveraging contrastive learning to minimize inter-subject differences and improve cross-subject 

EEG-based emotion recognition by extracting aligned spatiotemporal representations from EEG 
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time series. Domain adaptation with adversarial adaptive processes has recently gained 

increasing attention, achieving state-of-the-art performance. Wang et al. [136] proposed a 

multimodal domain adaptive variational autoencoder method by learning shared cross-domain 

latent representations and reducing distribution differences, demonstrating superior performance 

in emotion recognition with small labeled multimodal data. Guo et al. [137] proposed a multi-

source domain adaptation with a spatiotemporal feature extractor for EEG emotion recognition, 

effectively reducing cross-subject and cross-session, demonstrating its powerful generalization 

capacity. He et al. [138] proposed a method that combines temporal convolutional networks and 

adversarial discriminative domain adaptation for EEG-based cross-subject emotion recognition, 

effectively addressing the domain-shift challenge. Sartipi and Cetin [139] proposed an approach 

that combined transformers and adversarial discriminative domain adaptation for cross-subject 

EEG-based emotion recognition, achieving improved classification results for valence and 

arousal. 
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(a). 

 
(b) 

 

Figure 3.1. Demonstration of previous EEG-based aBCI (a) and the proposed 

cross-sensory EEG-based aBCI (b). The stimuli source was video stimulation. 
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This study aimed to effectively extract features and mitigate the differences in EEG data 

between sensory modalities using domain adaptation techniques. The previous EEG-based aBCI 

and proposed cross-sensory EEG-based aBCI are illustrated in Figure 3.1. Emotional EEG data 

can be used to train the aBCI system regardless of the sensory modality. Establishing a robust 

emotion recognition framework is essential to address this issue.  

Hence, inspired by previous research on general emotion recognition, transfer learning-

based emotion recognition, and domain adversarial adaptation, this chapter conducted 

experiments to collect cross-sensory emotion EEG data with a video as the source stimulus. 

Audio, visual, and audio-visual sensory-inspired EEG data were obtained from 20 participants. 

Subsequently, filter bank adversarial domain adaptation Riemann methods (FBADR) have been 

proposed for cross-sensory EEG emotion recognition. Specifically, the proposed methods use 

filter banks and Riemann methods for feature extraction. An adversarial domain adaptation 

method inspired by conditional Wasserstein generative adversarial networks was explored for 

domain adaptation. The classification was conducted using an ensemble of SVMs with a meta-

classifier. Experimental results from the proposed FBADR revealed its state-of-the-art 

performance in cross-sensory emotion recognition with high robustness. This study could also be 

recognized as pioneering research in cross-sensory emotion recognition with a video stimulus as 

multimodal emotion stimulation using two categories of emotion: pleasure and displeasure. The 

results of this study can be further applied to EEG-based aBCI for theoretical analysis and 

practical applications.  
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3.2 Materials and Methods 

3.2.1 Data acquisition paradigm 
 

Cross-sensory EEG emotion recognition experiments were conducted using EEG data 

from self-designed multimodal emotion stimulation experiments [140] in Chapter 2. Twenty 

emotion videos: ten of pleasure and ten of unpleasure–sourced from the New Standardized 

Emotional Film Database for Asian Culture [78] were explored as multimodal emotion 

stimulation for inducing cross-sensory EEG emotion data during the experiment. Self-

assessments were performed after stimulation in each trial. The participants were twenty healthy 

participants with no previous mental or physical injury and currently native Chinese speakers. In 

the experiment, two computers were utilized, one was dedicated to controlling the stimulation 

process, while the other is used for recording EEG data and manually inspecting the recorded 

information. As the stimulation control window could potentially interfere with the window for 

EEG data recording, it employ two separate computers for these tasks to ensure the smooth 

progress of the experiment. 
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Figure 3.2. Description for cross-sensory EEG emotion data acquisition. 
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There are three stimulus modalities for inducing their respective sensory modalities: 

audio, visual, and audio-visual. The audio stimulus modality provided audio information from 

the emotion videos, the visual stimulus modality provided visual information from the emotion 

videos, and the audio-visual modality provided audio and visual information from the emotion 

videos. Hence, it had two types of emotions (pleasure or displeasure) and three stimulus 

modalities (audio, visual, and audio-visual) for inducing EEG data. The collected cross-sensory 

emotion EEG data can be described as follows: Pleasure EEG (audio /visual /audio-visual 

sensory) and unpleasure EEG (audio /visual /audio-visual sensory). The experimental setup is 

illustrated in Figure 3.2. Twenty healthy participants were recruited for the experiment. The 

experimental details and data validation are described in Chapter 2. Detailed information on the 

cross-sensory EEG emotion data is presented in Table 3.1. 

 

 

Table 3.1. Detailed information on the cross-sensory EEG emotion data. 

 
Cross-sensory EEG emotion data information 

Number of participants 20 (Native Chinese speaker) 
Sex 11 males, 9 females 

Age 24.7 ± 1.9 years 
Number of channels  32 channels 

Sampling rate  500 Hz  

Experimental stimulus conditions  
Audio Pleasure/visual Pleasure/audio-visual 
pleasure/audio unpleasure/visual 
unpleasure/audio-visual unpleasure 

Collected EEG data 
Each participant: 10 trials with 30 s duration 
for each condition 
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3.2.2 Data preprocessing 

 
The data preprocessing is described in Figure 3.3. Preprocessing cross-sensory EEG 

emotion data for cross-sensory emotion recognition involved the following steps. An applied 

finite impulse response (FIR) bandpass filter facilitated EEG signal extraction between 1 Hz and 

50 Hz [141][142], with a subsequent notch filter employed to eliminate 50 Hz mains power 

interference. Baseline correction was conducted within the initial 1000 ms before stimulation 

onset. The primary focus of the investigation was the EEG data spanning 0–30 seconds during 

stimulation, utilizing a 5-second window [173-145]. A total of 7200 samples were analyzed, 

comprising 60 samples per participant for each of the six cross-sensory EEG data types, each 

sample containing 2500 temporal features derived from 500 × 5 data points. The EEG data 

consisted of 32 channels, referencing FCz. Excluding FCz, 31 channels were utilized for further 

framework implementation. The above preprocessing steps were executed by the MNE [89] 

library in Python.  
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Figure 3.3. Workflow for EEG data preprocessing. 
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3.2.3 Filter bank Riemannian feature extraction 

 
Emotional EEG signals contain information of various frequency ranges. By categorizing 

the signals into different frequency bands, the features within each band can be better captured. 

The frequency bands are associated with different neural activities related to emotional states. 

Therefore, separating them helps extract emotion-related features accurately. Different frequency 

ranges of EEG signals are associated with specific neural activity. For instance, the low-

frequency range (1–4 Hz) is often associated with relaxation and resting, whereas the high-

frequency range (30–50 Hz) is associated with attention and arousal states [146]. Dividing the 

signals into different frequency bands allowed for a more accurate representation of the influence 

of different neural activities on emotional states. Consider the balance of sub-bands length and 

the results in Chapter 2, in this Chapter, it further divided the beta into two sub-bands:13-20 Hz 

(Beta 1) and 20–30 Hz (Beta 2), to better distinguish different neural activities and EEG signal 

characteristics [147][148].In the beta band, the lower frequency range (13–20 Hz) is typically 

associated with attention, cognitive processing, and emotion regulation, whereas the higher 

frequency range (20–30 Hz) tends towards motor control and perception [149]. Different neural 

activities and features can be captured more precisely by separating them. Therefore, it used IIR 

bandpass filters to divide the preprocessed 1–50 Hz EEG signals into six sub-bands: 1–4 Hz 

(Delta: band 1), 4–8 Hz (Theta: band 2), 8–13 Hz (Alpha: band 3), 13–20 Hz (Beta 1: band 4), 

20-30 (Beta 2: band 5), and 30–50 Hz (Gamma: band 6). 

The Riemannian space method has good generalizability in transfer learning. By learning 

Riemannian features from the source domain, transfer learning can be performed in the target 

domain, reducing the sample requirements and improving the classification performance [150]. 
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Riemannian space methods can capture shared structures and features between source and target 

domains, enabling knowledge and model transfer. 

Extracting Riemannian features from EEG signals involves computing the covariance 

matrix (CM) in SPD form [151]. EEG signals are typically represented as multi-dimensional 

time-series data, in which each observation at a given time corresponds to a voltage recorded at 

different electrode locations. Transforming these time series into a matrix representation is 

necessary for feature extraction and classification. It can capture the correlation and coactivity 

between different electrodes in the EEG signals by computing the covariance matrix. The 

covariance matrix is a symmetric positive-definite, describing the spatial covariance 

relationships between the different electrodes. Hence, the dimensions of the covariance matrix 

are related to the number of electrodes. Therefore, computing the covariance matrix in its SPD 

form is necessary for the Riemannian feature extraction of EEG signals. This allows the 

transformation of EEG signals into points on the Riemannian manifold and facilitates feature 

extraction and classification analysis using the geometric structure of the manifold. 𝑥  and 𝑦 

represent EEG signals from the two channels, with 𝑁 as the window length or time point of the 

signals. Preprocessing EEG signals had a signal mean of zero by filtering the direct components; 

therefore, the CM between both channels can be obtained using Equation (3-1). 

 

                        𝐶𝑜𝑣(𝑥, 𝑦) =
1

𝑁
∑ (𝑥𝑖𝑦𝑖)𝑁

𝑖=1                              (3-1) 

 
Let the preprocessed EEG trials be 𝑋𝑖 ∈ ℝ𝐾∗𝑁, 𝑖 = 1, … , 𝑡 , 𝐾 is the number of electrodes,  

𝑡 is the total number of trials. The corresponding CM for 𝑋𝑖 can be determined using Equation 

(3-2): 
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                                                      𝐶𝑀𝑖 =
1

𝑁−1
𝑋𝑖𝑋𝑖

𝑇                                         (3-2)  

 
𝑇 is the transpose operation of the matrix.  

It used the oracle approximating shrinkage [151] regularization method to ensure that all 

covariance matrices were regularized (in the symmetric positive-definite form). The shape of the 

CM corresponding to each EEG trial depended on the number of signal channels. There were K 

signal channels for each EEG trial; thus, the shape of the CM was (K, K). The number of rows 

and columns in this matrix equals the number of signal channels, representing the correlations 

and variances between each channel. The series of SPD CMs are denoted as 𝑠𝑦𝑚+ = {𝐶𝑀 ∈

ℝ𝐾×𝐾, 𝑥𝑇𝐶𝑀𝑥 > 0, 𝐶𝑀 = 𝐶𝑀𝑇 , ∀𝑥 ∈ ℝ𝐾  and 𝑥 is a non-zero vector. 

CMs naturally belong to the Riemannian manifold rather than the Euclidean space [152]. 

Transformative operations are required to apply operations suitable for Euclidean space. 

However, using the original CMs as features for classification is challenging because they 

reside on the Riemannian manifold ℝ𝕄, not in Euclidean space. The features extracted from the 

Riemannian tangent space have better discriminative properties and are easier to handle than the 

original Riemannian space features [153]. This is primarily due to their linear properties and 

enhanced discriminability. In tangent space, traditional linear methods such as the Euclidean 

distance and linear classifiers can be directly applied, as the space is linear, and linear operations 

have simpler expressions. Additionally, the projection operations in the tangent space highlight 

the differences between the sample classes, improving feature discriminability. In contrast, the 

original Riemannian space may have smaller differences between sample classes, leading to 

lower discriminability of the features. It will utilize the transformation from the 𝐶𝑀 ∈ 𝑠𝑦𝑚+at 

the Riemannian space—ℝ𝕄 of CMs to the tangent space—𝕋𝕊 to address this issue. Figure 4 

illustrates the two-dimensional Riemannian manifold and tangent spaces.  
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Based on singular value decomposition, the operation 𝑙𝑜𝑔𝑚 is denoted as 𝑙𝑜𝑔𝑎𝑟𝑖𝑡ℎ𝑚 of 

a matrix [154] in equation (3-3), where 𝐷 is a diagonal matrix and 𝑃 is a non-singular matrix. 

 

                     𝑆𝑖 = 𝑙𝑜𝑔𝐶𝑀(𝐶𝑀𝑖) = 𝐶𝑀
1

2(𝑙𝑜𝑔𝑚(𝐶𝑀−
1

2𝐶𝑀𝑖𝐶𝑀−
1

2))𝐶𝑀
1

2             (3-3) 
                                             

 

𝑙𝑜𝑔(𝐷) can be obtained by taking the logarithm of the elements of the diagonal matrix 𝐷. 

The Riemannian space point 𝐶𝑀𝑖 to the tangent space can be described as in equation (3-

4) 

                     𝑆𝑖 = 𝑙𝑜𝑔𝐶𝑀(𝐶𝑀𝑖) = 𝐶𝑀
1

2(𝑙𝑜𝑔𝑚(𝐶𝑀−
1

2𝐶𝑀𝑖𝐶𝑀−
1

2))𝐶𝑀
1

2             (3-4) 

 
 

The operation 𝑒𝑥𝑝𝑚 is denoted as 𝑒𝑥𝑝𝑜𝑛𝑒𝑛𝑡𝑖𝑎𝑙 of a matrix in equation (3-5) 

 

                                                 𝑒𝑥𝑝𝑚(𝐶𝑀) = 𝑒𝐶𝑀 = ∑
1

𝑛!
𝐶𝑀𝑛∞

𝑛=0                                         (3-5) 

 

Inversely, the projected tangent space points can be transferred into the Riemannian space 

using 𝑒𝑥𝑝𝑚, which can be described as in equation (3-6) 

 

                    𝐶𝑀𝑖 = 𝑙𝑜𝑔𝐶𝑀(𝑆𝑖) = 𝐶𝑀
1

2(𝑒𝑥𝑝𝑚(𝐶𝑀−
1

2𝑆𝑖𝐶𝑀−
1

2))𝐶𝑀
1

2                 (3-6) 

 
The distance between 𝐶𝑀 and 𝐶𝑀𝑖 are denoted as 𝛿𝑅(𝐶𝑀, 𝐶𝑀𝑖) in Figure 3.4.  

 



Chapter 3    74 

 
 

 
 

Figure 3.4. Riemannian manifold and tangent space. 

 

 

 
Features extracted from the Riemannian tangent space have better discriminative 

properties and are easier to handle than the original Riemannian space features. This is primarily 

due to their linear properties and enhanced discriminability. The Euclidean distance and linear 

classifiers can be directly applied in the tangent space because the space is linear, and linear 

operations have simpler expressions. Additionally, the projection operations in the tangent space 

highlight the differences between the sample classes, improving feature discriminability. In 

contrast, the original Riemannian space may have smaller differences between sample classes, 

with lower feature discriminability. The features of this study are the tangent space CMs. 

Therefore, from Equations (3-3) and (3-4), the original Riemannian space CMs——𝐶𝑀𝑖
ℝ𝕄 =

𝐶𝑀𝑖 can be transformed into tangent space CMs—𝐶𝑀𝕋𝕊—using Equation (3-7), known as the 

Log-Euclidean mean covariance [14].  
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                      𝐶𝑀𝕋𝕊 = 𝑒𝑥𝑝𝑚[
1

𝑡
∑ 𝑙𝑜𝑔𝑚(𝐶𝑀𝑖

ℝ𝕄)𝑡
𝑖 ]                             (3-7) 

 
The set of Riemannian tangent features in each frequency band could be obtained using 

𝐶𝑀𝑖
𝕋𝕊 ∈ ℝ𝐾×𝐾, 𝑤ℎ𝑒𝑟𝑒 𝑖 = 1, … , 𝑡 . There are further domain adaptation and classification 

requirements; therefore, it flattened each trail feature from the two-dimensional Riemannian 

tangent features—𝐶𝑀𝑖
𝕋𝕊  ∈ ℝ𝐾×𝐾 as 𝐶𝑀𝑖

𝕋𝕊 𝑓𝑙𝑎𝑡𝑡𝑒𝑛
∈ ℝ𝐹×1, 𝐹 = 𝐾 ∗ 𝐾. Therefore, the workflow 

for feature extraction using the filter bank and Riemannian methods is illustrated in Figure 3.5.  

 

 

 

 
 

Figure 3.5. Workflow for Filter bank Riemannian feature extraction. 
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3.2.4 Adversarial domain adaptation  

 
This study mainly focused on Riemannian tangent space features for feature interpolation 

and analysis, which can be obtained as described in Section 3.2. Features from one of the three 

sensory modalities can be recognized as the target domain to fulfill the cross-sensory emotion 

recognition requirements. Thus, the features of the remaining two sensory modalities were 

recognized as the source domains. For instance, when the features from audio sensory modalities 

constituted the target domain. Conversely, those from the visual and audio-visual sensory 

modalities constituted the source domain. Reducing the discrepancy between the source and 

target domains and making the source domain features proximal to those of the target domain are 

crucial to domain adaptation. Therefore, it employed an adversarial domain adaptation approach 

to achieve domain adaptation from the source to the target domain. 

Adversarial domain adaptation evolved from generative adversarial networks (GANs) 

[155] and addressed domain adaptation challenges. GANs consist of generator and discriminator 

networks trained in an adversarial manner to generate realistic data samples. Adversarial domain 

adaptation leverages the adversarial training concept of GANs to address domain adaptation, 

which involves transferring knowledge from a source domain with labeled data to a target 

domain. Adversarial domain adaptation has two key components: a feature extractor and a 

domain discriminator. The feature extractor learns the shared representation of the input data, 

whereas the domain discriminator differentiates the source from the target domains based on the 

learned features. Adversarial domain adaptation involves minimizing the distribution discrepancy 

between the source and target domains through a feature extractor, making the features more 

similar across domains. Simultaneously, the domain discriminator maximizes the distribution 

discrepancies to distinguish the domains. Adversarial training helps feature extractors generate 
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domain-invariant representations, enabling knowledge transfer and performance improvement in 

the target domain. Hence, adversarial domain adaptation builds upon the adversarial training 

concept of GANs and extends it to address domain adaptation challenges. Minimizing feature 

distribution discrepancy and maximizing domain discrimination facilitate knowledge transfer 

from a labeled source domain to an unlabeled target domain, enabling adaptation and improved 

performance in the target domain. 

The original GAN algorithm was first introduced in 2014 [155]. The main idea was a 

minimax process with two elements: generator—G and discriminator—D. The generator can 

create real-like fake data by inputting random noise into the generator. The discriminator 

distinguishes between the generated real-like fake data and the real data. This minimax process 

aims to train the generator to produce real-like fake data to trick the discriminator into 

recognizing the generated data as real. In the domain adaptation field, the feature adaptor 

replaces the original generator by inputting the source domain features into the adaptor to 

generate source domain features that are target domain-like from the domain adaptor. The 

proposed adversarial domain adaptation framework comprises a feature adaptor and a 

discriminator.  

With the loss function L, the entire minimax process based on the original GAN for 

adversarial domain adaptation can be described as follows: 

 

 𝐿min𝐴𝐷 max𝐷𝑆 =  𝔼𝑥𝑎~𝑋𝑎
[log(𝐷𝑆(𝑥𝑎))] + 𝔼𝑟~𝑧𝑟(𝑟)[log(1-𝐷𝑆(𝐴𝐷(𝑟))]              (3-8) 

 
In equation (3-8), 𝑋𝑎  represents the target domain features and 𝐷𝑆(𝑥𝑎) represents the 

discriminator for calculating the 𝑥 probability of the target domain distribution. The input source 

domain features are 𝑧𝑟 , 𝐴𝐷(𝑟)  is an adaptor used with the input 𝑟  source domain features, 

outputting the targeted domain-like features. 
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The features from the target and source domains were extracted using the Riemannian 

tangent space methods. Previous research has indicated that the original GAN loss is vulnerable 

to collapse during training sessions. Meanwhile, the emotion-corresponding labels in this study 

were pleasure and displeasure, regardless of sensory modality. Feature adaptation can fit each 

emotion label corresponding to the target domain rather than the emerged target domain. Inspired 

by Wasserstein generative adversarial networks [156][157] and adding label information as 

conditions, the proposed adversarial domain adaptation framework is indicated in Figure 3.6. 

 

 
 

Figure 3.6. Illustration for proposed adversarial domain adaptation framework. 

 
 

 

The detailed structures and parameters of the proposed domain adaptor and discriminator 

are presented in Tables 3.2 and 3.3, respectively. 

 

 𝐿𝑤min𝐴𝐷 max𝐷𝑆 = −𝔼𝑥𝑎~𝑋𝑎
[𝐷𝑆(𝑥𝑎|𝑦𝑎)] + 𝔼𝑟~𝑧𝑟(𝑟)[𝐷𝑆(𝐴𝐷(𝑟|𝑦𝑟))] +

                                 𝜆𝔼𝑥̂~𝑋̂[(‖𝛻𝑥̂𝐷𝑆(𝑥̂]𝑦𝑟)‖2 − 1)2                                              (3-9)      
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The last term in Equation (3-9) is a penalty element. The data point was sampled from a 

straight line between the target domain 𝑋𝑎 and the adapted source domain 𝑋𝐴𝐷 is 𝑋̂, where 𝑥𝑎 

denotes the data from 𝑋𝑎. The hyperparameter 𝜆 controls the trade-off between the target domain 

and the gradient penalty.  

The detailed parameters and functional components of the adaptor are listed in Table 3.2, 

with one dense layer, one reshaped layer, and two convolutional layers. The leaky ReLU function 

had a good performance in GANs [158][159]. Therefore, this study chose a leaky ReLU 

activation layer, followed by a dense layer and the first convolutional layers. It chose a tanh 

activation layer attached to the last deconvolutional layer for the final adaptor output. In each 

convolutional layer, batch normalization was introduced to increase the solution speed of the 

gradient descent and avoid overfitting. 

The loss function of proposed framework could be described in (3-9). The detailed 

parameters and functional parts, specifically explaining each layer, are described in Table 3.3. A 

leaky ReLU activation layer followed each convolutional layer, and batch normalization was 

performed after each convolutional layer. The final output of the discriminator uses the sigmoid 

function. The kernel size for each convolutional layer in the adaptor was three, and the 

convolutional layer in each adaptor was two, based on previous GAN-related studies [160-162] 

After implementing the proposed adversarial domain adaptation networks, the adapted source 

domain features could be obtained, and the target and source domain features were cross-sensory 

features used together to train the classifiers.  
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Table 3.2. Adaptor structure. 
Detailed parameters in the adaptor 

Layer Kernel size Output shape 
Activation 

function 
Batch normalization 

Input - 961 - - 

Reshape - 961*1 - - 

Conv1D 3 961*32 Leaky ReLU YES 

Conv1D 3 961*8 Leaky ReLU YES 

Flatten - 7688 - - 

Dense - 961 Tanh - 

 

 

 

Table 3.3. Discriminator structure. 
Detailed parameters in the discriminator 

Layer Kernel size Output shape 
Activation 

function 
Batch normalization 

Input - 961 - - 

Dense - 32 Leaky ReLU - 

Reshape 2 32*1 - - 

Conv1D 2 32*32 Leaky ReLU YES 

Conv1D 2 32*64 Leaky ReLU YES 

Flatten - 2048 - - 

Fully 

connected 

- 256 Leaky ReLU - 

Fully 

connected 

- 64 Leaky ReLU - 

Dense - 1 Sigmoid - 
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3.2.5 Classification strategy  
 

After executing domain adaptation, the adapted source and target domain features were 

used with the corresponding bands. The adapted source and target domain features are 

recognized as Riemannian domain target features; the SVM with polynomial kernels had a 

considerable discriminative performance for these specific features [163].  

 

 
Figure 3.7. Description for ensemble SVMs classification strategy. 
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Therefore, this study explored polynomial kernel SVMs for each band feature to obtain 

trained SVM classifiers for emotion recognition. Moreover, six trained SVMs corresponded with 

the six bands to ensemble the six SVMs’ results into final emotion recognition outputs. The 

proposed classification strategies are illustrated in Figure 3.7.  

The target and adapted source features for each band constituted the training data 

corresponding to each SVM classifier. After the training session, six SVMs were trained for each 

of the six bands.  

Each predicted output with the trained SVMs is identical to each label. Therefore, the 

transformational relationship between the six SVM outputs and the final classification result 

cannot be adjusted using the training set directly. Inspired by the blending of stacked methods for 

ensemble learning [164], it introduced a validation set for blending the transformative 

relationship between the six SVM outputs into the final classification result.  

A set of validation data was explored to ensemble the six SVMs. A set of predicted 

validation data labels was obtained by inputting the validation target features from each band 

into each corresponding SVM. The predicted validation data labels are denoted as 𝐿𝑖
𝑏𝑎𝑛𝑑𝑗

, 𝑗 =

1, … , 6, 𝑖 = 1 … 𝑛𝑣 , 𝑛𝑣  is the number of trials for the validation set. The 𝐿𝑖
𝑏𝑎𝑛𝑑𝑗

 is the input 

feature for the meta-learner and the real validation labels serve as the input label information for 

the meta-classifier.  

Two classifiers were used for the blending methods. The basic classifiers obtained the predicted 

multiple outputs from the original input features, and a meta-classifier for receiving multiple 

outputs from basic classifiers and providing the final classification results. In this study, the basic 

classifiers were SVMs. A logistic regression (LR) model was selected as the meta-classifier for 

the final susceptibility prediction because of the effectiveness of simple linear models [165]. 
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Therefore, LR was trained to ensemble the outputs from the six SVMs. In the test session, 

emotion recognition results for the test data were obtained by inputting the filter bank 

Riemannian feature from the target and adapted source features for the proposed trained SVM-

meta learner framework. Based on sections 3.1, 3.2, and 3.3, the training process of proposed 

FBADR could be described as Algorithm 1. 

 

 

Algorithm 1: Training process of proposed FBADR 

1. Filter bank 

 Determine sub-bands EEG signals banks 𝑋𝑖|𝑏𝑎𝑛𝑑𝑗 ∈ 𝑅𝐾∗𝑁, j =1…6 from filter bank 

method. 

2. Riemannian method 

 Compute the covariance matrix for each sample 𝐶𝑀𝑖|𝑠𝑢𝑏 from equation 2. 

 Compute the 𝐶𝑀𝑇𝑆 as Riemannian tangent space features from equation 5. 

3. Adversarial domain adaptation   

 Determine adapted source domain feature 𝑋𝐴𝐷 from equation 7. 

4. Ensembled SVMs classifiers training   

 Train SVMs with target and adapted source feature and labels from band 1 to band 6. 

 Determine 𝐿𝑖
𝑏𝑎𝑛𝑑𝑗

 by inputting the validation target features into trained SVM 

correspondingly. 

 Train meta learner with 𝐿𝑖
𝑏𝑎𝑛𝑑𝑗

 and real validation labels. 
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3.3 Results  

3.3.1 Experimental description 

 
The experiment can be described in three sessions: feature extraction, adversarial domain 

adaptation, and classifier training and validation, as illustrated in Figure 3.8. For example, the 

target domain EEG was considered audio sensory, and the source domain EEG as visual and 

audio-visual sensory. All experiments were executed on Windows 10 and Python 3.6, with an 

Intel i7-10875H CPU and an NVIDIA RTX, the 2080s GPU. 

Feature extraction was performed using the MNE, SciPy, and NumPy libraries. In the 

feature extraction session, the target domain EEG first underwent six bndpass filters to obtain a 

target domain EEG with six bands. Then, based on the well-known transfer learning metric for 

cross-subject on EEG decoding—Leave-One-Subject-Out [166]—we chose “Leave-One-

Sensory-Out.” Specifically, we used one sensory modality as the target domain and the other two 

as source domains for each subject. The target domain data were split into a training, validation, 

and test set of 60%, 20%, and 20%, respectively, coordinated with each band’s EEG data. The 

training, validation, and testing sets were used for Riemannian feature extraction. The source 

domain EEG served only as training data and was passed through filter banks and Riemannian 

feature extraction.  

Adversarial domain adaptation frameworks were built and executed based on 

TensorFlow1.13.1, the Adam optimizer [167] with 𝐿𝑒𝑎𝑟𝑛𝑖𝑛𝑔 𝑟𝑎𝑡𝑒 = 0.001  was used for 

network optimization. In the adversarial domain adaptation session, the source domain features 

were adapted using the proposed adversarial domain adaptation methods coordinated with the 

extracted features from the target domain training set. The target and adapted source features 

from each band were obtained from an adversarial domain adaptation session. For each target 
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sensory modality subject, 100 training epochs with a batch size of 32 were used to train the 

framework. After completing the training session, a trained adaptor was used to generate the 

adapted source domain features.  

 

 

 
 

Figure 3.8. Workflow for entire cross-sensory EEG emotion recognition based on 

proposed FBADR 
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In the classification session, the frameworks were realized using Scikit-learn to build the 

SVM and meta-classifier LR. Using GridSearchCV in subjects 01, 02, and 03, SVM parameters 

were adjusted as C = 0.001, kernel = ′poly′, gamma = 10, and the LR-based meta classifier 

was used under the default parameters. In training and validating the classification session, the 

target and adapted source features from each band served as training features for each SVM. 

Emotion labels (pleasure or displeasure) constituted the training label information. Subsequently, 

six SVMs were trained through stacked ensemble methods using LR classifiers trained by 

inputting the classification results of the six SVMs from the validation set of target domain 

features as input features. The real label information of the validation set of target domain 

features was used as training label information. An ensemble of six final classification outputs 

was built. Finally, the testing set features were used with six trained SVMs to obtain the 

classification outputs, which underwent the trained LR, and the classification results from the 

testing set were obtained. It used 5-fold cross-validation methods to obtain the final classification 

results for each subject in each target sensory modality. Specifically, for 5-fold cross-validation, 

each subject's target domain features were randomly shuffled while maintaining the proportion of 

the label information. The shuffled data were divided into five equal subsets. For each subset, 

three of the remaining four constituted the training set, and one was the validation set. This 

subset was used as the test set. The allocated training, validation, and test sets were used for 

domain adaptation and classification, and classification results were obtained. This process was 

repeated five times until each subset was used as the test set. Therefore, all the subjects' target 

domain features were included in the model evaluation. 
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3.3.2 Adversarial Riemannian methods validation 
 

The proposed adversarial domain adaptation method aimed to align the source-domain 

features to the target domain. The training process loss of the adaptor and discriminator for 20 

subjects × 3 sensory modalities × 6 filter banks = 360 training sessions; the loss during the 

training session is indicated in Figure 3,9 to illustrate the validation of the proposed adversarial 

domain adaptation. 

It fitted and highlighted the average loss curve for all 360 training sessions. Figure 3.9 

indicates that the adaptor and training losses converged to zero under 100 training epochs in the 

most sessions. Hence, the purpose of minimum-maximum training for domain adaptation was 

confirmed. 

 

 

 
 

Figure 3.9. Loss curve under training sessions of the adaptor and discriminator. 
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Moreover, we compared the target and original/adapted source domain features to 

investigate the domain alignment from the proposed adversarial domain adaptation methods by 

visualizing two-dimensional t-stochastic Neighbor Embedding [168], as illustrated in Figure 3.10. 

Red points indicate the target domain features; green points represent the source domain 

features. For (a), (b), (c), (d), (e), and (f), the left subfigures are the target and the original source 

domain features, and the right subfigures are the target and adapted source domain features. 

From the target domain features (a): sub 01; audio; 1–4 Hz, (b): sub 04; audio-visual; 4–8 Hz, (c): 

sub 17; visual; 8–13 Hz, (d): sub 11; visual; 13–20 Hz, (e): sub 05; audio; 20–30 Hz, and (f): sub 

10; audio-visual; 30–50 Hz, the source domain features were the corresponding subject, filter 

banks, and the rest of two sensory conditions. Figure 10 reveals the success of domain adaptation 

by comparing the target and original/adapted source domain features. Via the proposed methods, 

the source domain Riemannian features have been adapted with the target domain Riemannian 

features. 
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(a)       (b) 

 
(c)       (d) 

 
(e)       (f) 

Figure 3.10. Visualization of target domain features and original/adapted source 

domain features. 
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3.3.3 FBADR emotion recognition and comparative results  

 
The cross-sensory emotion recognition results were obtained using the proposed FBADR 

methods (Figure 3.11). Meanwhile, for a comparative study, Riemannian methods (RIE), which 

use Riemannian feature extraction without filter banks and domain adaptation, adversarial 

domain Riemannian methods (ADR), filter bank Riemannian methods (FBR), and Riemannian 

feature extraction with the proposed adversarial domain adaptation, their classification results 

were used. RIE and ADR did not have multibank features; therefore, it used only SVM for 

classification, and the FBR classification strategy was the same as that of the proposed FBADR. 

The emotion labels with the proportion of 𝑝𝑙𝑒𝑎𝑠𝑢𝑟𝑒: 𝑢𝑛𝑝𝑙𝑒𝑎𝑠𝑢𝑟𝑒 =  1: 1 for binary emotion 

recognition; thus, the accuracy could be utilized for model evaluations. The accuracy can be 

determined using Equation (3-10): 

      

  𝐴𝐶𝐶 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝐹𝑁+𝑇𝑁+𝐹𝑃
                                      (3-10) 

 

Results classified pleasure as true positive (TP) and classified unpleasure as true negative 

(TN), false positive (FP), or false negative (FN).  

The proposed FBADR methods had the best classification results in cross-sensory 

emotion recognition, with an average accuracy of 89.01% ± 5.06% (Figure 3.11). RIE, ADR, 

and FBR had average accuracies of 71.11% ± 11.31%, 79.47% ± 6.80%and 84.79% ± 7.83%, 

respectively. Additionally, the average computational cost in training and test sessions for RIE, 

ADR, FBR, and FBADR was 0.03s, 1.22s, 0.21s, and 7.87s for each subject. Figure 3.11(a), (b) 

and (c) show that FBADR performs best in audio, visual and audio-visual sensory modalities. 

One-way ANOVA was used to determine significant differences between each method, with p 
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values < 0.001 for the RIE-FBR, RIE-ADR, RIE-FBADR, ADR-FBADR and FBR-FBADR 

pairs in Figure 3.11 (d ) is represented by ***. Filter combination learning and adversarial 

domain adaptation methods can also improve the accuracy of cross-sensory emotion recognition. 

 

 

 

 

 
(a) 
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(b) 

 
(c) 
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(d) 

Figure 3.11. Cross-sensory emotion recognition results from RIE, ADR, FBR, and 

FBADR. The classification results for each subject with the target domain as audio, 

visual, and audio-visual are (a), (b), and (c), respectively; (d) is the average 

accuracy of 20 subjects and three sensory modalities, the text in (d) indicate the 

average ± std of the accuracies. 

 

 
Meanwhile, in order to assess the impact of various SVM kernels on the performance of 

the proposed FBADR method, it incorporated different types of kernels including polynomial, 

linear, and radial basis function (RBF) kernels into the SVM framework. Specifically, for the 

implementation of FBADR, it utilized SVMs with polynomial, linear, and RBF kernels, setting 

the parameters as C=0.001 and gamma=10. The outcomes obtained from employing these three 

distinct kernels are outlined in Table 3.4. 
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Table 3.4. Average classification results from different SVM kernels of proposed 

FBADR 
Kernel Mean Accuracy 

Linear 72.49 % ± 9.85% 

RBF 81.91 % ± 8.25% 

Polynomial 89.01% ± 5.06% 
 

 

 

The results from Table 3.4 indicated that the polynomial kernel-based SVM 

classifier performed best in the Riemannian feature-based classification task [163].  
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3.3.4 Baseline methods comparison  

 
Cross-sensory EEG emotion recognition is an emerging challenge in the EEG aBCI field; 

therefore, no related studies exist. To obtain a comprehensive performance evaluation, it chose 

six recently published EEG decoding frameworks for comparative study: 

KNN [169], an EEG emotion recognition method that utilizes entropy and energy, was 

calculated as features after being divided into four frequency bands using discrete wavelet 

transform and of K-nearest neighbor (KNN) classifier. Frequency band features from the Gamma 

band were used as a baseline.  

EEGNET [170], and end-to-end EEG decoding framework based on neural networks, has 

been widely adopted in emotion recognition, motor imagery, and other BCI fields. 

ICRM-LSTM [14], a model for EEG-based emotion recognition by combining the 

independent component analysis (ICA), the Riemannian manifold (RM), and the long short-term 

memory network (LSTM). 

PCC-CNN [121], an EEG Emotion recognition framework with Pearson's Correlation 

Coefficient (PCC), featured images of channel correlation of EEG sub-bands and the CNN 

model to recognize emotion. 

DANN [171], a transfer learning-based EEG emotion recognition framework with 

adversarial domain adaptation neural networks for cross-subject EEG emotion recognition 

framework. 

WG-DANN [172], a transfer learning-based EEG emotion recognition framework, 

consists of GANs-like components and a two-step training procedure with pre-training and 

adversarial training with Wasserstein GAN gradient penalty loss for cross-subject EEG emotion 

recognition framework 
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(a) 

 

 
(b) 
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(c) 

 

 
(d) 
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Figure 3.12. Cross-sensory emotion recognition results from proposed FBADR, 

KNN, EEGNET, ICRM-LSTM, PCC-CNN, DANN, and WG-DANN. (a)(b)(c) 

were the classification results for each subject with the target domain as audio, 

visual, and audiovisual, respectively. (d) was the averaged accuracy of 20 subjects 

and 3 sensory modalities, the text in (d) are  average ± std of accuracy. 

 

 

All the baseline results were the target domain as one sensory modality and the source 

domain as the other two for each subject, with the same 5-fold cross-validation training strategy 

as in the proposed FBADR. The input data for the baseline methods were proposed using the 

workflow described in Section 3.2.2. The original algorithms from the baseline methods did not 

contain a domain adaptation process (KNN, EEGNET, ICRM-LSTM, PCC-CNN), and the 

training data were used directly as original features from the source and target domains. The 

baseline methods only required the training and testing sets; therefore, the training data used 

comprised 80% of the target and all of the source domain data. The testing data included 20% of 

the target domain data, implemented with 5-fold cross-validation, similar to the proposed 

FBADR classification strategy. As EEG emotion recognition mainly focuses on improving the 

classification accuracy of EEG-based emotion recognition BCI systems, it compared the 

classification accuracy of the cross-sensory EEG data for the proposed FBADR and baseline 

methods. The classification accuracy of the baseline comparison is presented in Figure 3.12. The 

EEGNET was reimplemented from https://github.com/vlawhern/arl-eegmodels, and the rest of 

the baseline methods were reimplemented based on original papers.  

Proposed FBADR frameworks has the best performance among all baseline methods, 

proposed Riemannian feature-based framework showed SOTA performance in cross-sensory 

emotion recognition from Figure 3.13,  which reveals that the proposed FBADR method had the 

best classification results in the context of cross-sensory emotion recognition compared to the 
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baseline methods, with an improvement of approximately 5% in average accuracy of the best 

performance of the baseline methods and a lower standard deviation. One-way ANOVA was used 

to determine the statistical difference between each method, and a p − value 𝑜𝑓 < 0.001 for the 

pairs of FBADR to the six baseline methods is denoted as *** in Figure 3.12(d). The Average 

accuracy and statistical difference between the proposed FBADR and baseline methods in the 

experiments indicated the viability of the proposed FBADR method for cross-sensory emotion 

recognition. 
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3.3.5 Robustness verification  
 

Gaussian noise was introduced into the experimental data to further validate the 

robustness of cross-sensory emotion recognition based on the proposed FBADR. Specifically, 

with the average power of the original data as 𝑃𝑠𝑖𝑔𝑛𝑎𝑙, the average power of noise as 𝑃𝑛𝑜𝑖𝑠𝑒 , the 

signal-to-noise ratio (SNR) can be obtained using Equation (3-11) 

  

                                                      𝑆𝑁𝑅 = 10𝑙𝑜𝑔10(
𝑃𝑠𝑖𝑔𝑛𝑎𝑙

𝑃𝑛𝑜𝑖𝑠𝑒
)                               (3-11) 

 
Normally distributed Gaussian noise and the probability density function can be 

represented by Equation (3-12): 

 

           𝑓(𝑥) =
1

√2𝜋
𝑒(

𝑥2

2
)
                                         (3-12) 

 
Coordinated with 𝑃𝑠𝑖𝑔𝑛𝑎𝑙 , the 𝑃𝑛𝑜𝑖𝑠𝑒  varied with 𝑆𝑁𝑅 =

30 𝑑𝐵, 20 𝑑𝐵, 10 𝑑𝐵, 1 𝑑𝐵, −0.1 𝑑𝐵, with the lower signal-to-noise ratio representing a higher 

power ratio in the noised signals. The temporal presentation of the noised signals is indicated in 

Figure 3.13. 

It used the proposed FBADR on the five-group noisy cross-sensory data, and the average 

classification accuracies for the original data and the five-group noisy cross-sensory data are 

shown in Figure 3.14. 

Figure 3.14 indicates that with the noised data of 𝑆𝑁𝑅 =

30 𝑑𝐵, 20 𝑑𝐵, 10 𝑑𝐵, 1 𝑑𝐵, 𝑎𝑛𝑑 − 0.1 𝑑𝐵 , the average accuracy reached 88.77%,

88.66%, 88.53%, 87.30%, 𝑎𝑛𝑑 81.83%, respectively. For further statistical analysis One-way 

ANOVA was used to determine the statistical difference between the accuracy of the original 

data and the five-group noised data, 𝑝 − 𝑣𝑎𝑙𝑢𝑒𝑠 were determined from the five pairs as follows: 
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original - 𝑆𝑁𝑅: 30 𝑑𝐵 = 0.83 , original - 𝑆𝑁𝑅: 20 𝑑𝐵 = 0.75 , original - 𝑆𝑁𝑅: 10 𝑑𝐵 = 0.70 , 

original - 𝑆𝑁𝑅: 1 𝑑𝐵 = 0.12, original - 𝑆𝑁𝑅: −0.1 𝑑𝐵 = 2.9 × 10−10.  Moreover, with the test 

session in each of 5s, the average 𝑡𝑖𝑚𝑒 𝑐𝑜𝑠𝑡 = 3𝑚𝑠 , indicated the viability for real time 

application.   

 

 

 

 

 

 

 

 

 

 

   
         (a)         (b)                  (c) 

   
      (d)                 (e)          (f) 

 

Figure 3.13. Temporal presentation of the noised signals, data are from the first 5 s 

of sub 01 audio-happy condition with 1–50 Hz filtered. (a) Original data without 

noise. (b) Noised data with 𝑆𝑁𝑅 = 30 𝑑𝐵. (c) Noised data with 𝑆𝑁𝑅 = 20 𝑑𝐵. (d) 

Noised data with 𝑆𝑁𝑅 = 10 𝑑𝐵. (e) Noised data with 𝑆𝑁𝑅 = 1 𝑑𝐵 . (f) Noised 

data with 𝑆𝑁𝑅 = −0.1 𝑑𝐵. 
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Figure 3.14. Average classification for the original data and five-group noised data 

with proposed FBADR, the text average ± std of accuracy. 
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3.4 Discussion 
 

Generally, we introduced a novel framework to address the challenge of cross-sensory 

EEG emotion recognition in multimodal emotion stimulation as three sensory modalities: audio 

/visual /audio-visual with two emotion states: pleasure or unpleasure. To accomplish this, we 

conducted self-designed experiments involving multimodal emotion simulations to acquire 

cross-sensory emotion EEG data. The proposed approach—filter bank adversarial domain 

adaptation Riemann method—leverages Riemannian tangent space methods and filter bank 

techniques to effectively extract features from cross-sensory emotion data. A key innovation of 

this study is applying adversarial domain adaptation to mitigate domain differences in cross-

sensory situations, enhancing emotion recognition performance. Specifically, we employed 

adapted features from the source and target domains to train the ensemble SVM classifiers. This 

integration of adversarial learning and ensemble learning methodologies successfully addressed 

the challenges associated with cross-sensory EEG emotion recognition, enabling the accurate 

binary classification of pleasurable and unpleasurable emotions. This study analyzed 

comparative classification results and demonstrated that the proposed FBADR framework 

achieved state-of-the-art performance in cross-sensory emotion recognition, attaining an average 

accuracy of  89.01% ± 5.06%.  Notably, this level of accuracy was the highest among 

comparable approaches, accompanied by a low standard deviation. Furthermore, this study 

assessed the robustness of the framework by introducing Gaussian noise, which indicated that the 

framework was highly resilient to noise interference. Therefore, it would like to further discuss 

the results in this chapter, in the name of baseline methods comparison, comparative 

classification and robustness verification. 
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3.4.1 Baseline methods comparison discussion  
 

Baseline methods comparison results from Figure 3.12 showed that proposed FBADR 

methods have the best classification average among all baseline methods, and ICRM-LSTM has 

the best results with the Riemannian feature in non-domain adaptation methods.  By employing 

the filter bank ensemble approach, it is possible to decompose the original signal into different 

frequency sub-bands, aiding in capturing information from various frequency ranges [173]. 

Under emotion stimulation, the brain's responses to different frequencies have the possibility to 

vary, potentially relating to emotion regulation and sensory processing [106]. Implementing filter 

bank ensemble techniques better captures these frequency-specific variations, hence enhancing 

sensitivity to emotion-related changes. Furthermore, integrating decoding results from each filter 

bank through ensemble learning could improve the final classification results. With the 

comparative spatial characteristic of emotion and sensory-related changes,  the covariance 

matrix-based Riemannian tangent methods, and channel covariance matrix-based  Riemannian 

feature extraction methods could capture the more varied spatial feature from emotion-related 

changes [174]. By combining with adversarial domain adaptation, it is possible to execute 

adversarial transfer of features between different sensory inputs, enabling the model to better 

adapt to diverse data distributions. The domain adaptation has the strength to reduce the impact 

of different feature distributions [172][173], which are audio, visual, and audio-visual sensory 

differences in this study. It could benefit the model's generalization ability in cross-sensory EEG 

emotion recognition.  

The novelty of this study is based on the novel utilization and integrated framework of 

Filter Bank Riemannian features with adversarial domain adaptation. The proposed method 

introduces a perspective methodology to cross-sensory EEG emotion recognition. Proposed 
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model with filter bank feature extraction, Riemannian methods, and adversarial domain 

adaptation effectively captures and differentiates emotion-related and decodes it which leads to 

state-of-art decoding results in cross-sensory EEG emotion recognition. Moreover, ensemble 

learning with the adapted filter bank Riemannian features could eliminate the influence of 

individual-specific frequency band variations potentially caused by individual differences, 

resulting in reduced standard deviation. From the baseline methods comparison, this study 

proposed and achieved  EEG-based emotion recognition by introducing a comprehensive 

framework for cross-sensory EEG emotion recognition that overcomes the limitations of 

previous sensory-dependent approaches. 
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3.4.2 Comparative classification discussion 
 

Comparative classification results from Figure 3.11 show that only adversarial domain 

adaptation, filter bank ensemble learning, or both affect the framework performance. Previous 

research has shown that filter combination learning [164][173] and adversarial domain 

adaptation in feature methods [172], these feature methods play an important role in the 

background of cross-sensory EEG emotion recognition. Filter bank ensemble learning combined 

with adversarial domain adaptation enhances Riemannian feature-based classification. From the 

evaluation of computational cost, compared with RIE, FBADR mainly increases the 

computational cost because the neural network-based domain adaptation training is associated 

with approximately six times the sub-bands of repeated operations, thus achieving better EEG 

decoding results.  

Filter bank ensemble learning is an effective feature extraction method that can extract 

emotion-related feature information from cross-sensory emotion EEG data under multimodal 

stimulation. By exploring six filter banks within the frequency range of 1-50Hz, and utilizing 

meta classification method in ensemble learning, the channel covariance matrix-based 

Riemannian features can be made more distinguishable, thereby improving the accuracy of 

emotion recognition. Adversarial domain adaptation is an advanced domain adaptation method 

that can improve the model's generalization ability on the target domain by establishing a 

mapping relationship between the source domain and the target domain, it explored the 

adversarial domain adaptation with leave-one-sensory-out approach. In emotion recognition 

tasks, the source domain and the target domain often have different distribution characteristics, 

which requires adversarial domain adaptation methods to solve the distribution differences 

between domains, thereby improving the performance of the model in cross-sensory situations.  
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The comparison between FBADR and FBR indicates the success of implementation. Hence, 

filter bank ensemble learning, and adversarial domain adaptation, the usage of these two feature 

methods that can be combined with each other to realize and improve cross-sensory EEG 

emotion recognition. Moreover,  for ensemble learning structure, both basic classifier and meta 

classifier could be adjusted to test the viability of further improvement. The number of basic 

classifiers is equal to number of filter banks. In future works, the different arrangements of filter 

banks would be associated with different number of basic classifiers. Meanwhile, the meta 

classifiers would be potential applicable for arranged into multi-layer structure, which are also 

worthful for future investigations.  
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3.4.3 Robustness verification discussion 
 

The robustness verification result in Figure 3.14 shows that the proposed framework can 

maintain an average ACC of approximately 88% when the SNR ≥1dB. Previous research has 

shown that in EEG-BCI applications, noise resistance is crucial to ensure system performance 

and reliability [175]. Noise can come from various sources, including electromagnetic 

interference, physiological interference, and environmental interference [176]. These 

interferences will affect the quality and reliability of EEG signals, and in turn, affect the 

performance and stability of the brain-computer interface system. Therefore, as for further 

applying the cross-sensory EEG emotion recognition system in EEG-aBCI, the impact of noise 

must be fully considered. The system's noise resistance, in the proposed FBADR methods, the 

robustness of feature methods of filter bank ensemble learning [173], and covariance matrix-

based Riemannian feature extraction [174] mainly ensure that the proposed methods, which 

could be operated stably and reliably in practical applications.  

The  SNR ≥  1dB is considered a resealable viability for EEG noise robustness 

verification [177]. Since in EEG-BCI application, the ratio between signal and noise often 

changes dynamically [178], choosing SNR ≥ 1dB can ensure that the signal has sufficient 

strength relative to the noise so that the system can recognize emotional information more stably. 

In addition, verification within this SNR range can also better simulate the noise situation in 

actual application scenarios, making the verification results more reliable and practical. The 

emotion recognition framework based on filter bank ensemble learning and adversarial domain 

adaptation proposed in this article has good noise resistance and can maintain a high level of 

recognition accuracy under the condition of SNR ≥  1dB.  Noise resistance is one of the 

important indicators for evaluating the performance and stability of BCI systems.  By performing 
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noise resistance verification on the proposed cross-sensory EEG emotion recognition method, the 

performance of the method in the face of different noise interferences can be verified, thus 

providing strong support for its reliability in practical applications. This provides strong support 

for its feasibility in EEG BCI applications. 

Overall, this study contributes to the field of EEG emotion recognition by offering a 

comprehensive framework that effectively addresses the challenges in cross-sensory scenarios. 

Incorporating adversarial domain adaptation and ensemble learning techniques with filter-banked 

Riemannian features enables accurate emotion classification, while its robustness strengthens its 

potential application in EEG-based a-BCI.  
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3.5 Summary  
 

This chapter introduced a novel framework to address the challenge of cross-sensory EEG 

emotion recognition in multimodal emotion stimulation as three sensory modalities: 

audio/visual/audio-visual with two emotion states: pleasure or unpleasure. To accomplish this, 

we conducted self-designed experiments involving multimodal emotion simulations to acquire 

cross-sensory emotion EEG data. Our proposed approach—filter bank adversarial domain 

adaptation Riemann method—leverages Riemannian tangent space methods and filter bank 

techniques to effectively extract features from cross-sensory emotion data. The feature methods 

were developed based on the feature analytic results in Chapter 2. A key innovation of our study 

is applying adversarial domain adaptation to mitigate domain differences in cross-sensory 

situations, enhancing emotion recognition performance. Specifically, we employed adapted 

features from the source and target domains to train the ensemble SVM classifiers. This 

integration of adversarial learning and ensemble learning methodologies successfully addressed 

the challenges associated with cross-sensory EEG emotion recognition, enabling the accurate 

binary classification of pleasurable and unpleasurable emotions. 

We analyzed comparative classification results and demonstrated that our proposed FBADR 

framework achieved a state-of-the-art performance in cross-sensory emotion recognition, 

attaining an average accuracy of 89.01%±5.06%.89.01%±5.06%. Notably, this level of accuracy 

was the highest among comparable approaches, accompanied by a low standard deviation. 

Furthermore, we assessed the robustness of our framework by introducing Gaussian noise, which 

indicated that the framework was highly resilient to noise interference. 

Overall, our study contributes to the field of EEG emotion recognition by offering a 

comprehensive framework that effectively addresses the challenges in cross-sensory scenarios. 
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Incorporating adversarial domain adaptation and ensemble learning techniques with filter-banked 

Riemannian features enables accurate emotion classification, while its robustness strengthens its 

potential for real-world applications. 
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4. General Discussion  

4.1 Comprehensive result discussion. 
 

In Chapter 2 and Chapter 3, this research aimed to solve the general problem of cross-

sensory EEG emotion recognition under multimodal stimulation. In Chapter 2, this study focused 

on the emotion and sensory pattern with respect to emotion-related changes and sensory-related 

changes of EEG under multimodal stimulation.  To explore the neurological cue of multimodal 

stimulation from EEG, it analyzed and obtained the feature analytic results from emotion EEG 

data under multimodal stimulation in Chapter 2 as Experiment 1. The key analytic results from 

Chapter 2 as feature characters' finding for emotion and sensory patterns are mainly three points 

with respect to spatial, spectral, and quantitative aspects respectively: 

 

I. Emotion-related changes exhibit greater diversity rather than sensory-related changes in 

regional changes. 

II.  Emotion-related changes exhibit greater diversity rather than sensory-related changes in 

the sub-band. 

III. Sensory-related changes exhibit greater spectral impact quantitatively rather than 

emotion-related changes. 

 

The above-mentioned feature analytic results not only brought a comparative study for 

revealing emotion and sensory patterns of EEG under multimodal stimulation, which could 

neurologically explain the cross-sensory emotion perception.  More importantly, the results could 

serve as feature analytic basements for the realization of cross-sensory EEG emotion recognition 

by the emotion and sensory-related changes features processing, to extract and decode emotion 



Chapter 4    113 

 
 

from cross-sensory emotion EEG data in the next step. In Chapter 3.  by designing and executing 

Experiment 2, as the cross-sensory EEG emotion recognition method contains filter bank 

ensemble learning with spatial characteristics,  adversarial domain adaptation with spectral 

characteristics, and covariance matrix-based Riemannian feature extraction with spectral 

quantitative characteristics, this study proposed FBADR method. By using cross-sensory 

Emotion EEG data mentioned and acquired in Chapter 2 from Experiment 1, it realized the 

cross-sensory EEG emotion recognition. Baseline comparison, comparative classification, and 

robustness verification were taken for testing and validation of the proposed FBADR methods, 

which indicated the state-of-the-art results in comparison to related research and similar 

approaches. In contrast to previous studies in EEG a-BCI research [110][114][115], this research 

represents a comprehensive end-to-end investigation, starting from the fundamental experimental 

design, data collection, feature analysis, and culminating in the development of an emotion 

recognition framework. This approach sets this research apart in the field of affective EEG-BCI 

studies. Generally, this research represents a comprehensive investigation within the field of 

EEG-BCI studies. It contains experimental design, data acquisition, feature analysis, and the 

development of an end-to-end cross-sensory EEG emotion recognition framework, setting it 

apart from previous research efforts. Moreover, previous study indicated the cross-domain 

problems (cross-dataset, cross-day, cross subject) in physiological signals (ECG, fMRI, EMG… ) 

analyzing and decoding [179-181] Chapter 2 and 3 proposed a feature analytical-based workflow 

for solving cross-sensory EEG emotion recognition, which is also potential viable for cross-

domain problems in physiological signals.  
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4.2 Feature analysis of EEG under multimodal emotion 

stimulation 
 

In the area of human perception and emotional response, the impact of multimodal 

stimuli is an important aspect. The inspection and understanding of specific types of stimulation 

is important in the field of neurological study of EEG. Though the psychological phenomenon of 

multimodal emotion stimulation has been recognized as cross-sensory emotion perception [45], 

how the brain processes and experiences phenomenon still lacks relative investigation.  In this 

study from Chapter 2, the EEG features analytic results under multimodal emotion stimulation 

are supportive evidence for explaining cross-sensory emotion perception. The spatial, spectral, 

and quantitative feature characteristics of emotion and sensory patterns brought a comparative 

understanding of the role of emotion and sensory components from multimodal emotion 

stimulation. The results filled the previous blank in emotion and sensory-related research in the 

field of EEG feature investigation.  

With the sensory-related changes, it showed more prevalent spectral variation in the sense 

of quantitative changes. Compared with emotion, the sensory is more primary and front in the 

process of experiencing the external world [182]. This natural sensory makes humans receive 

and process a huge amount of information surrounding us and also enables humans to maintain 

high sensitivity to adapt and feedback on the response from the sensory system [183]. On the 

other side, the emotion patterns in response to multimodal stimulation are different from sensory 

patterns. Compared with sensory-related changes, which showed more immediate and obvious 

reactions, emotion-related changes exhibit wider spectral variations in different frequency ranges. 

Emotion comes from more diverse aspects of influence, not only from mere sensory inputs. 

Emotion is subjected to multiple factors, including internal thoughts, memories, and previous 
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experiences [184]. The generation of emotion not only comes from sensory inputs but is also 

mixed with the internal cognitive process. Henceforth, the process of emotion is leading the 

variations of spectral changes to be wider and more diversified. Moreover, the diversification of 

emotion-related changes is more obvious rather than sensory-related changes. Emotion is rooted 

deeply in the mind and brain, which is associated with different functional areas within the brain 

[185]. Different emotions can activate distinct brain regions and neural pathways, resulting in 

distinct regional alterations [186]. This diversity in regional changes reflects the unique signature 

of each emotion, providing a characterized feature for each emotion processing. In contrast, 

sensory-related changes may exhibit more standardized neural responses, as they are primarily 

concerned with the initial processing of external sensory information [187] before it reach 

higher-level cognitive and emotional centers. Investigating for cross-domain task for 

physiological signals is crucial problem, ex: cross-day hand gesture for EMG [179], cross-

session cardiovascular reactivity for fMRI [180],  cross-subject mental stress for ECG [181]. 

Chapter 2 brought ideas for revealing cross-domain task physiological signals, with pattern 

analysis for deserved feature and cross-domain feature. 

 

 

 

 

 

 

 

 

 

 

 

 

 



Chapter 4    116 

 
 

4.3 The model effectiveness for cross-sensory EEG emotion 

recognition and application 
 

This part from Chapter 3 is the realization of cross-sensory emotion recognition under 

multimodal stimulation, which introduces a novel method focusing on multimodal emotion 

stimulation with audio, visual, and audio-visual of multimodal stimulation, and two emotion 

states as pleasure and unpleasure. The effectiveness of this framework for cross-sensory EEG 

emotion recognition is mainly based on the inspiration from the feature analysis of Chapter 2 and 

its potential applications could be concluded that: The proposed method achieved cross-sensory  

EEG emotion recognition to overcome the previous sensory-dependent methods. This innovation 

is essential because emotions are sophisticated, and different sensory inputs contribute to human 

emotional experiences.  Under multimodal stimulation, input sensory changes (ex: mute, black 

screen) are normal [188], by integrating audio, visual, and audio-visual modalities this research 

enabled continuous emotion recognition like a human by one framework. 

The use of filter bank techniques and Riemannian tangent space feature methods for 

feature extraction is a strong point of the method. These techniques can effectively capture the 

relevant information from EEG data, considering the spectral and spatial information in EEG 

signals [14]. This enhances the framework's ability to identify emotions accurately. The 

integration of adversarial domain adaptation is a significant advancement. It helps to reduce 

domain differences in cross-sensory situations, making the framework more adaptable and 

transferable. This is crucial because EEG data can vary significantly between individuals and 

scenarios [189]. The application of adversarial learning to adapt features from different domains 

demonstrates a strong understanding of the generalization of domain adaptation techniques [172]. 

The use of ensemble SVM classifiers further improves the framework's performance. Ensemble 
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learning methods with filter banks are known for their ability to improve classification accuracy 

by combining multiple models. In this case, it helps in achieving accurate emotion classification, 

which is a critical goal in emotion recognition tasks [173]. The reported average accuracy of 

89.01% with a low standard deviation is crucial for conclusion with comparison for other relative 

models. It indicates that the framework can consistently and accurately classify emotions across 

different sensory modalities. The robustness demonstrated against Gaussian noise interference 

suggests that it has the potential for real-world applications, where noisy EEG data is common. 

The framework's effectiveness and robustness make it potential for various real-world 

applications. Together with the experimental and feature analytic parts in Chapter 2, it offered the 

realization of cross-sensory EEG emotion recognition under multimodal stimulation. The 

decoding for cross-domain conditions is key point for further applications of physiological 

signals [190]. Chapter 3 brought ideas for decoding cross-domain tasks for physiological signals 

with feature extraction of deserved pattern and reduce cross-domain differences by domain 

adaptation.  
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4.4 limitations and future works  
 

This study achieved an average accuracy of around 89% in EEG-based emotion 

recognition, indicating room for further improvement. Some individual results fell below 80%, 

regardless of baseline methods and comparative classification. Additionally, the exploration of 

different types of emotions and sensory inputs is still in its fundamental stage. The relationship 

between remaining problems and future works could be considered as Figure 4.1.  

 

 

Figure 4.1. Relationship between remaining problems and future works. 
 

Therefore, future work should consider several aspects to enhance this study's findings 

and applicability. Specifically, the basic step will be the increase of stimulations, for both the 

number of stimulation and types of stimulation. Then, corresponding with technological 

improvements for feature methods, we would further consider optimization of experimental 

design and data acquisition  Finally, the long-term consideration will be the real-time application. 

Model generalization and improvements: To enhance model generalization, future studies 

should include a broader range of video stimulations and recruit more participants. The 

multimodal nature of human sensory experience necessitates the inclusion of wide range of 
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emotion and sensory types in future work. Importantly, the cross-sensory emotion perception is 

not restricted to specific types of emotion and sensory [45]. For instance, incorporating olfactory 

(smell) and somatosensory (touch) stimuli, along with a wider range of emotional states such as 

anger and relaxation, could provide a more comprehensive analytic basement. Advanced 

algorithms for feature extraction and decoding, such as optimized channel selection and 

diffusion-based methods, should also be explored to further improve the robustness and accuracy 

of the proposed method. 

EEG acquisition and experimental design: To further ensure stimulation-induced emotion 

EEG, improvements in experimental design and participant performance are essential. 

Optimizing the experimental setup can help reveal potential confounding factors and ensure 

more reliable data acquisition. This includes refining the EEG acquisition diagram and ensuring 

that the stimuli used further effectively induce the target emotional responses and reduce 

individual differences. 

Real-time applications: For future applications, the benefits of cross-sensory EEG 

recognition could be further revealed with development real-time systems. These systems could 

be applied in various multimodal stimulation scenarios such as virtual VR, a-BCI-driven 

applications, and real-time gaming monitoring. The ability to accurately recognize emotions 

regardless of changes in sensory input would enhance user experience and system performance 

in these applications. For instance, in VR, real-time emotion recognition could adapt the 

environment to better suit the user's emotional state, while in gaming, it could provide real-time 

feedback to enhance gameplay and user engagement. The main challenge for real-time 

application is to design and build an effective BCI system for utilizing humans’ EEG with 

emotion to regulate external devices. The  system implementation diagram is critical to real-time 



Chapter 4    120 

 
 

applications. The online system application would be taken into priority, the main time cost will 

be two aspects: information transfer cost and data processing cost. Since the amount of 

information in the a-BCI is not a lot, normal WIFI or 5G situation could guarantee low time-

delay communication. For data processing, which had been mentioned in section 3.3, the 

proposed method have relatively low computational cost. Furthermore, the data transfer will be 

more frequent, like twice in each second,  for rapid and reliable a-BCI feedback. 

Generally, future work on EEG-based emotion recognition would like to focus on 

enhancing model generalization through diverse stimuli and participant inclusion, refining 

experimental design. Additionally, real-time applications cooperated with cross-sensory 

recognition capabilities should be explored to create more adaptive and responsive systems. By 

integrated the mentioned aspect, this study could be further improved  in field of EEG emotion 

recognition and a-BCI applications.  
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5. Conclusion  
 

Cross-sensory EEG emotion recognition under multimodal stimulation, as an important 

issue in the research of EEG-based a-BCI, this study reveals characteristics of sensory and 

emotion patterns through conducting experimental design and feature analysis and proposed 

cross-sensory EEG emotion recognition framework (FBADR) applied and achieved SOTA 

performance. For this article, it has the following summary. 

In Chapter 1, this study have an in-depth investigation on the research background related 

to cross-sensory EEG emotion recognition under multimodal stimulation, the research issues 

involved in emotion recognition and previous study, discussion of the EEG-based a-BCI system, 

as well as the purpose and research methods and strategies of this study. 

In Chapter 2, it studied the basic EEG fundamentals of emotion EEG analysis under 

multimodal emotion stimulation. A multimodal emotion stimulation experiment based on audio-

visual (video) was designed and implemented with six experimental conditions in total through 

two emotional changes (pleasure/unpleasure) and three groups of stimulation modalities 

(audio/visual/audio-visual). In Chapter 2, for the first time, a comparative study of emotion and 

sensory, two factors that affect cross-sensory emotion recognition, was conducted in emotion 

EEG analysis under multimodal stimulation. By using PSD-based spectral analysis, combined 

with brain functional area analysis and sub-band analysis, it comprehensively and systematically 

explored the relative emotion-related changes and sensory patterns of emotion pattern and 

sensory pattern under six experimental conditions. And in this chapter, this study reveals for the 

first time the comparative feature analysis of spectral, spatial and quantitative characteristics of 

emotion and sensory related patterns in emotion EEG analysis under multimodal emotion 

stimulation, that is, sensory and emotion analytic results brought EEG understanding for cross-
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sensory emotion perception. At the same time, the feature analysis in Chapter 2 also provides 

strong support for subsequent implementation of cross-sensory EEG emotion recognition. 

In Chapter 3, this study focuses on the framework design and implementation of cross-

sensory EEG emotion recognition from the experiment of Chapter 2. Through the feature 

analysis of emotion pattern and sensory pattern based on Chapter 2, combined with the specific 

feature methods of EEG-related features from past related research, it can achieve the extraction 

and recognition of emotional components of cross-sensory EEG under multimodal stimulation. 

That is, for emotion changes showed frequency-varied, filter bank (band decomposition) with 

ensemble learning (sub-band results ensemble) effectively capture varied emotional components; 

emotion changes showed regional diversified, Riemannian feature extraction from covariance 

matrix (channel covariance calculation) can capture these diversities; also sensory-related 

changes showed greater spectral impact quantitatively, adversarial domain adaptation reduces the 

influence from sensory-related changes. Therefore, this study propose a framework with Filter 

Bank Riemannian Feature and Adversarial Domain Adaptation for cross-sensory emotion 

recognition. In this chapter, it is  described the specific process of how to implement FBADR 

and the processing and application details of the cross-sensory EEG data. In the experiment of 

Chapter 3, mainly through comparative classification, baseline methods comparison and 

robustness verification, the SOTA results as 89.01%±5.06% accuracy of the proposed FBADR 

method for cross-sensory emotion recognition and its applicability in the a-BCI field were 

obtained. 

In Chapter 4, it comprehensively discussed the separate and comprehensive roles played 

in solving the cross-sensory EEG emotion recognition problem in Chapter 2 and Chapter 3. That 

is, compared with past studies, this study has achieved end-to-end cross-sensory EEG emotion 
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recognition for the first time, and in this chapter, it discuss the feature analysis of cross-sensory 

EEG emotion recognition under multimodal stimulation and the effectiveness of proposed 

modal. . 

In summary, this study investigated a crucial problem for cross-sensory EEG emotion 

recognition under multimodal stimulation. Conducting experimental design and feature analysis 

reveals characteristics of sensory and emotion patterns. Proposed cross-sensory EEG emotion 

recognition framework (FBADR) applied and achieved SOTA performance. Hence, this research 

indicated a comprehensive flow for inspecting and realizing the cross-sensory EEG emotion 

recognition under multimodal stimulation, widening the potential application for a-BCI. 
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Appendix 

Table A1. The corresponding relationship between experimental videos and sources from the 

film database (Unpleasure (sad: bs), pleasure: yy). 

 

Unpleas
ure(sad) 

videos 

1 2 3 4 5 6 7 8 9 10 

Source 
from 
film 

database 

bs1 

0:00
~0:3

0 

bs2 

0:00
~0:3
0 

bs6 

0:00
~0:3
0 

bs11 

0:00
~0:3
0 

bs12 

0:00
~0:3
0 

bs13 

0:00
~0:3
0 

bs15 

0:00
~0:3
0 

bs16 

0:00
~0:3
0 

bs1 

0:40
~1:1
0 

bs2 

0:50
~1:2
0 

Pleasure 

videos 
1 2 3 4 5 6 7 8 9 10 

Source 
from 
film 

database 

yy1 

0:00
~0:3

0 

yy2 

0:00
~0:3

0 

yy5 

0:00
~0:3

0 

yy11 

0:00
~0:3

0 

yy13 

0:00
~0:3

0 

yy14 

0:00
~0:3

0 

yy15 

0:00
~0:3

0 

yy16 

0:00
~0:3

0 

yy1 

0:40
~1:1

0 

yy2 

0:50
~1:2

0 
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A2. Pseudo-random protocol for the experiment 

 
Audio-unpleasure stimuli are named 1-10, visual-unpleasure stimuli are named 11-20, 

and audio–visual are named 21-30 (corresponding to the order of the Supplementary Table). 

Audio-pleasure stimuli are named 31-40, visual-pleasure stimuli are named 41-50, and audio-

pleasure are named 51-60 (with the order of supplementary table). Additionally, by using the 

following Python code, the order of 60 stimuli would be determined for each subject with respect 

to a pseudorandom order. 

 

import random 

# Generate 60 pseudorandom integers between 1 and 60 

for i in range(60): 

rand_num = random.randint(1, 60) 

print(rand_num) 
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A3. Questionnaire before emotion EEG experiment 

 
Questionnaire time:        year         month         day      hour         minute 

Are you left-handed? (Y/N) 

 

Did you sleep well last night? (Y/N) 

 

Did you have mental illnesses recently, history of mental illness or been treated by a 

psychotherapist? (Y/N, if YES, please talk to the experimenter immediately) 

 

Did you have physical injuries recently? (Y/N, if YES, please talk to the experimenter 

immediately) 

 

Has there been anything that has made you feel seriously emotionally affected recently? (Y/N, if 

YES, please talk to the experimenter immediately) 

 

 Do you have hearing or visual impairment (Y/N, if YES, please talk to the experimenter 

immediately) 


