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Abstract—Emotion recognition through Brain-Computer Interface (BCI) technology has gained
considerable attention due to its potential applications in human-computer interaction,
healthcare, and entertainment. Electroencephalography (EEG) plays a pivotal role in capturing
real-time brain activity associated with emotional states, providing insights into both cognitive
and affective responses. This review paper presents a comprehensive analysis of EEG-based
emotion recognition research from 2014 to 2024, emphasizing the role of both micro and macro
ex- pressions in decoding emotional nuances. Micro-expressions, which are brief and
involuntary, offer a window into subtle emotional changes, while macro-expressions reveal
more overt emotional reactions. By integrating EEG signals with advanced facial analysis
methods, particularly in scenarios with occluded or ambiguous facial cues, this paper explores
the methodologies, datasets, and feature extraction techniques used to classify emotions in real
time. Key challenges and advancements are dis- cussed, including issues related to data
variability, classification accuracy, and the integration of BCI systems with emotion recognition
frame- works. This review aims to identify emerging trends and propose future research
directions to enhance the precision and applicability of emotion recognition technologies in BCI
contexts.

Keywords— EEG-based emotion recognition, micro-expressions, macro-expressions, Brain-
Computer Interface (BCI), real-time emotion detection.

|. INTRODUCTION

In the field of brain-computer interfaces (BCl), the use of EEG signals in combi- nation with micro expressions
represents a novel, multidisciplinary approach to emotional recognition. Additionally, by combining facial
expressions with EEG data, traditional visual cues can be supplemented with this information to decode more
subtle and spontaneous changes in emotional state.

For instance, improvements in hierarchical transformer networks (HTNet) for the coordinated subtle movements
of facial muscles have greatly improve the recognition performance of micro expressions, addressing challenges
related to facial action unit interactions [15].

EEG-based micro expression recognition holds particular promise in real-world applications such as security
screening, psychological diagnostics, and improving human-computer interaction [1]. However, combining EEG
and micro expression data presents distinct challenges, including the need for sophisticated signal processing
techniques and large, multimodal datasets [2]. Additionally, utilizing transfer learning strategies from macro-
expressions to micro-expressions can improve model accuracy, though the significant differences in facial
patterns require further research [16].
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Micro expressions are small but powerful involuntary facial expressions that help a person communicate their
true emotions but will be suppressed by the person in question to hide an emotion. Such fleeting expressions can
have a big impact across numerous domains including behavioural analysis psychology, security, and healthcare.
Micro expressions might allow for crucial insights on emotional states, however their recognition is a difficult
task due to a large number of challenges, namely their short time duration and sublimity. Traditionally, methods
for micro expression recognition have predominantly relied on computer vision technologies, such as video-
based approaches and facial landmark tracking [2]. While these methods have demonstrated progress, they still
encounter limitations in accurately identifying and interpreting mi- cro expressions in dynamic and ambiguous
scenarios [7]. For instance, facial expressions in extended reality (XR) are often occluded by head-mounted
displays (HMDs), hindering emotion recognition [14].

A promising direction for overcoming these obstacles is integrating electroencephalography (EEG) signals into
micro expression detection. Electroencephalography (EEG), which measures the electrical activity of the brain
through non-invasive electrodes placed on the scalp, providing direct insight into neurological processes and
emotional responses. Instead of relying on visual-based methods, EEG is unique in that it captures electrical
activity in the brain that seems to correlate with cognitive and emotional states, providing a complementary data
input that is orthogonal to facial recognition. Recognizing micro expressions through EEG signals allows
researchers to tap into deeper, subconscious emotional reactions, providing an additional layer of analysis for
more accurate emotion detection [5][2]. Furthermore, integrating physio- logical signals with occluded facial
expressions has shown promising improvements in emotion recognition accuracy in partial occlusion scenarios
[14].

The Integration of EEG and micro expression recognition to enhance emotion recognition systems. It addresses
challenges in data fusion, classification, and performance evaluation while highlighting potential applications in
psychology, affective computing, and real-time emotion analysis [17][18].
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Fig 1: EEG-Based Emotion Recognition Pipeline.

The Fig 1 presented outlines the complete process of recognizing emotions through EEG, highlighting key stages
of data analysis. It starts with the signals from brain regions captured as raw EEG data, which are then filtered to
eliminate artifacts and noise. Following this, feature extraction is carried out to pinpoint relevant pat- terns from
the cleaned signals. The features extracted are subsequently input into a classifier that predicts emotional states
such as valence, arousal, dominance, and liking. The results have diverse applications across medical fields,
criminal investigations, education, neuromarketing, and advertising. This structured approach emphasizes the
significance of effective signal processing and classification methods in EEG-based emotion recognition
systems.

This section underlines the growing relevance of EEG-based approaches in micro expression recognition, paving
the way for real-time applications in fields like clinical psychology and human-computer interaction.

Il. LITERATURE SURVEY

The literature review in Table 1 highlights EEG’s potential in detecting micro-ex- pression by analysis neural
activity. Combining EEG signals with facial micro expressions enhances emotion recognition, as micro
expressions can be faked in videos but not in EEG signals.
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TABLE I: OVERVIEW OF LITERATURE ON EMOTION RECOGNITION USING EEG AND MICRO-EXPRESSIONS

Ref No Year Class Methodology Database + No. of Channels Result
[1] 2022 Happiness,  Sadness, | Fusion of EEG, facial, and | Custom dataset; 16 channels Arousal - 66.4%
Anger, Neutral physiological signals using | Participants: M - 12, F — 11, | Valence - 70.2%
decision- level integration OpenBCI EEG
soft headset
[2] 2022 Positive and negative | This study used SEES to | Custom dataset; 128 channels | Micro- expressions
emotions collect facial expression | Participants: M-20, F- 20; | have higher power
and EEG data, analyzing | EEG data with 128 Biosemi | in positive emotions
neural patterns for micro- | electrodes
and macro- expressions
[3] 2022 Based On region: 13 | Artifact removal | EEG with micro-ex- pression | 54%accuracy
ROIs techniques and EEG signal | data; 16 channels
enhancement Participants: M - 20, F- 20,
EEG data with 128 Biosemi
electrodes.
[4] 2016 Joy, Anger, Surprise, | Sensor-based feature | Sensor-specific dataset, 32 | Accuracy 94%
Fear, Neutral, Con | selection and classification | channels, Participants: M- 22,
tempt, Disgust, sad- F-18
ness, Positive, Nega-
tive
[5] 2022 Micro-Expressions Graph-based functional Functional EEG net- work | 87% accuracy
network analysis dataset,32 channels,
Participants: M - 23, F — 42,
128 Bio-
semi electrodes Functional
network dataset; 32 channels
[6] 2024 Micro-Expressions, Functional network ef- | Participants: M-23, F — 42, | 89.3% accuracy
Facial Expressions ficiency  metrics  and | 128 Biosemi elec- trodes
classifiers
[7] 2022 Emotional states (mi | SWUME dataset cre- ated | SWUME, Participants: M-30, | 90% ac- curacy for
cro- and macro-ex- using emotion in- hibition; | F-48, EEG data micro-expression
pressions). EEG and video data from | with 128 Biosemi electrodes
68 participants analyzed
with machine learning
classifiers.
[8] 2021 6 emotions: happy, | 16 participants; EEG and | Video clips from Korean | EEG accuracy
sad, angry, surprised, | fEMG  data  collected | movies; Participants: M-13, F- | 96.2%.
disgusted, fearful during emotional video | 3, 10 EEG channels using the
clips; SVM for | 10-20 system
classification
[9] 2024 happiness, sadness, | Proposed PAFN frame- | DEAP: 32 EEG channels. | Over 96% accuracy
anger, surprise, dis- | work with 3 modules | PEG: Facial data for micro-
gust, fear 3DCM, PCP, PSAM expressions.
[10] 2022 Focus on positive | EEG data with Tensor | Participants M-20, F-20 no | N/A
emotions, especially, | Component Analysis | named public data base,
laughter (TCA) and Physarum | participants: M - 23, F-42
Network (PN); data from | using 128- channel Biosemi
70 subjects using a micro- | system
expression elicitation
paradigm

I11. DATA ANALYSIS

Micro expression recognition using EEG data demands synchronized datasets and innovative experimental
designs. Across the reviewed literature, various approaches were explored to elicit and record micro expressions
and the corresponding neural signals. In [7] introduced the SWUME dataset, combining EEG and micro
expression video data from 68 participants, collected using emotionally charged stimuli. In [10] applied an ME
elicitation paradigm with 70 participants, using emotional images to induce concealed emotions while employing
tensor component analysis (TCA) and the Phys arum network algorithm. In [3] involved datasets capturing brain
activity during emotion elicitation in controlled settings, recording neural responses alongside facial expressions.

Table 2 summarizes key characteristics of experimental setups in these studies, demonstrating the diverse
approaches and data modalities involved.
The datasets examined in the Table 2 differ in terms of stimuli, participant characteristics, and methods of data

collection. Below is a summary table that compares the key features of each dataset utilized in the studies.
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TABLE Il: OVERVIEW OF EXPERIMENTAL SETUPS IN REVIEWED STUDIES

Dataset and ref
number

Participants

Stimuli

EEG Channels

Synchronization
Modality

Not explicitly
mentioned but refers
to  the dataset
constructed for the
micro-expressions
and EEG study.[3]

68 right- handed
individuals (23

males, 45 females, aged
17-22), excluding 10 in-

eligible participants

Seven posi- tive-emotion
video clips (~2 minutes
each).

Recorded using a
Biosemi  Active Two
system with 128
electrodes.

EEG signals and facial
im- ages with shared
triggers for timestamps

SWUME [7] 68 undergraduate | Seven 2-minute video | Exact details of channels | High-speed camera and
students (48 females, clips from movies and | are un- specified, but | EEG acquisition system

30 males), TV shows evoking tar- | signals were collected in | were synchronized for

aged 17-22 get emotions, arranged to | synchronization with | simultaneous collection

ensure natural responses | video data of micro-expression

videos and EEG signals.

Video clips from | 16 participants (13 20 two-minute video | Recorded with 10 | Aligned using a “beep”
Korean movies, | males, 3 females, avg. | clips in four emotional | electrodes (Fpl, Fp2, F7, | tone before each video

categorized into four
emotion types via a
survey by the Korea
Institute of Science
and Technology.[8]

age 23.25 + 3.40 years),
with 2 excluded for
missing facial expression
data.

categories: High/Low
Valence and High/Low
Avrousal (5 clips per cate-
gory).

F8,T7,
T8, P7, P8, 01, 02)
using the 10-20 system.

playback.

Dataset collected for | 65 right- handed | Three <3-minute Chinese | 128 active elec- trodes | LabView system
this study, referred individuals (23 comedy clips eliciting | for compre- hensive | synchro- nized EEG with
to as the EEG men, 42 women, aged | laughter, vali- dated by | scalp cov- erage. a high- speed camera.
micro-ex- pression 17-26); 5 excluded for | 20 subjects.

dataset.[10] no micro-expressions.

Study-specific 70 partici- pants, with | Three video clips | 128 active electrodes | LabView system
dataset on EEG- | positive emo-tions as the | (selected from mapped to functional | synchronized EEG and
based micro-ex- | study focus. 15) eliciting intense de- | brain regions (frontal, | video data with shared
pression light (average rating >6 | parietal, temporal, | time stamps.
recognition.[6] on a 7-point scale). occipital).

A. Feature Extraction

Feature extraction is essential for interpreting EEG signals. Across studies shown in Table 3, preprocessing
involved filtering to eliminate noise, removing ocular and muscle artifacts, and normalizing data for consistency.
In [3][7]and [10] applied similar preprocessing steps to enhance signal quality, including band-pass filtering to
isolate frequency bands associated with cognitive and emotional processing.
Temporal and spectral characteristics formed the cornerstone of feature extraction methods. In [7] utilized
statistical and spectral analyses to extract 21 features per channel. In [9] applied advanced modules like Three-
Dimensional Construction (3DCM) to derive rich temporal features. IN [8] emphasized time-frequency analysis
using a sup- port vector machine (SVM) framework, achieving an F1 score of 0.971. In [4] incorporated Fast
Fourier Transform (FFT) to analyze frequency-domain EEG signals.

TABLE Ill. OVERVIEW OF FEATURE EXTRACTION TECHNIQUES USED IN EEG-BASED EMOTION RECOGNITION

Ref Feature Types Methodology Key Outcomes

[3] Facial: MDMO 68 participants, positive videos, facial | Artifacts: Reduced from 11.5% to
from 13 ROls. suppression. 3.7%.

EEG: 512 PSD Data: 100 fps camera, 128-channel EEG. Causality: Micro-expressions in-

features (theta, alpha, beta, gamma | Analysis: Optical flow (facial), Granger | fluence EEG.

bands). causality (EEG). Novelty: First study linking facial
artifacts to EEG.

[7] EEG: Alpha, beta, gamma band | Dataset: SWUME developed using EEIPS, | SWUME Dataset: 806 micro and
power; statistical features (means, | synchronizing EEG and high-speed video. | 393  macro-expression  samples.
differences); wavelet entropy Total | Data Collection: 68 participants watched | Accuracy: 90% with XGBoost for
Features: 21 per channel. emotional videos while suppressing | micro Vs. macro-expression.

expressions. Analysis: Classifiers (KNN, | Insights: EEG reliably distinguishes
SVM, XGB, BP Neural Network) with 10- | micro-expressions, useful in
fold cross-validation. security and crime in- vestigations.

[8] fEMG: Facial muscle signals, | Participants: 16. Stimuli: 20 emotion clips, | Detection: High accuracy. Emotion
amplitude, frequency. EEG: Power | synced audio. Data Collection: fEMG & | Recognition: F1 = 0.971. EEG vs
in Delta, Theta, Alpha, Beta, | EEG simultaneously. Classification: SVM, | fEMG: EEG better (F1: 0.962 vs
Gamma bands. F1 score. 0.797).
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[9]

Facial Expressions: 64x64 im- ages
of facial movements. EEG Signals:
9x9 matrix of brain activity,
covering key frequency bands

PAFN Modules: 3D Construction (EEG),

Convolutional ~ Preprocessing  (facial
features), Self-Attention (LSTM &
encoding).

Accuracy: 96% on DEAP and PEG.

Comparison: Multimodal
outperforms unimodal. Training:
Faster convergence with better

accuracy

[4]

Time-domain: Min, Max, Mean,
Sum; Frequency- domain: FFT for
Delta, Theta, Alpha, Beta, Gamma

Recording: EEG (Emotiv) & fa- cial
expressions  (FACET) during IAPS
stimuli. Extraction: Java program for time-
frequency features. Classification:
Machine learning predicts emotions

Accuracy: High prediction ac-
curacy  with EEG.  Sensor
Identification: Key electrodes for
emotion detection. VR Application:
Works in VR where webcams fail.

B. Fusion Strategies and Classification

Combining EEG signals with other modalities is a dominant theme in achieving higher accuracy in micro
expression recognition.

In [7] achieved 90% accuracy by utilizing XGBoost to classify micro expressions based on EEG-video fusion. In
[9] Periphery Attention Fusion Network (PAFN) leveraged multimodal data, reaching an accuracy of 96%. In [5]
explored multimodal fusion by integrating facial features with EEG signals, highlighting that multimodal
systems significantly outperform unimodal systems in emotion recognition tasks.

Fusion Approaches

» Feature-Level Fusion: In [3] proposed combining EEG features with facial data to construct a holistic
feature set.

» Decision-Level Fusion: In [5] employed ensemble methods where decisions from individual modalities were
combined for robust classification.

C. Evaluation and Performance Metrics

Performance evaluation is vital to gauge the robustness of these systems. In [7],[ 9], and [8] employed metrics
such as accuracy, precision, recall, and F1 scores.

Notably, [8] achieved an F1 score of 0.971 using SVM, while [9] reported a classification accuracy of 96% for
its PAFN approach.

Evaluation metrics used:

» Accuracy: Measures the proportion of correct classifications [7][9] and

» F1 Score: Balances precision and recall, crucial for micro expression tasks [8]

» Precision and Recall: Critical in ensuring reliable classification in imbalanced datasets [6].

TABLE IV: FUSION STRATEGIES IN REVIEWED STUDIES

Ref Fusion Approach Data Modalities Classification Method
[3] Feature-level EEG, facial expressions Random Forest

[5] Decision-level EEG, facial expressions Ensemble learning
[7] Feature-level EEG, micro expression video XGBoost

[9] Feature-level EEG, facial data, periph- eral cues PAFN

[6] N/A EEG and physiological data Neural Networks

Table 4 demonstrate that multimodal fusion consistently outperforms single-modality approaches, particularly
when combining EEG with facial expressions and physio- logical data.

In [3], for instance, achieved a notable improvement in classification accuracy through the decision-level fusion
of EEG, facial micro-expressions, and physiological signals.

Similarly, in [1] and [8] showed that combining facial expressions with EEG and PPG/GSR significantly
improved accuracy in detecting emotional states across both valence and arousal dimensions.

D. Summary and Key Observations

The review highlights significant progress in micro expression recognition via EEG data analysis:

» Multimodal datasets like SWUME facilitate synchronized emotion recognition experiments [7].

» Advanced preprocessing and feature extraction techniques, such as dynamic convolution [9] and FFT [4],
improve signal interpretation. Dynamic convolution adapts filter weights dynamically based on input
variations, enabling more precise feature extraction by tailoring the convolutional process to the temporal
and spatial complexities of EEG signals.

Similarly, FFT efficiently transforms signals into the frequency domain, providing valuable insights into
neural oscillations and emotional state patterns. Fusion strategies and machine learning methods consistently
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enhance recognition performance, with multimodal approaches achieving >95% ac cu- racy in specific
studies [7][9].

» Fusion strategies and machine learning methods consistently enhance recognition performance, with
multimodal approaches achieving >95% ac- curacy in specific studies [7][9].

V. DISCUSSION AND FUTURE DIRECTIONS

Integrating EEG signals with micro-expression recognition provides an innovative approach to understanding
hidden emotions and subtle cognitive responses. However, several challenges must be addressed before
achieving efficient, real- world applications. Noise in EEG signals, caused by environmental factors, muscle
movements, or other artifacts, can severely impact data quality. Studies like [2] and [8] underscore the
importance of advanced techniques, such as independent component analysis (ICA) and wavelet transforms, to
reduce noise and improve signal clarity. Another hurdle lies in the limited availability of diverse datasets.
Existing datasets, as noted in [5] and [7], often focus on narrow demographic groups, restricting model
generalization to larger, diverse populations. Furthermore, aligning the fleeting nature of micro-expressions,
which last mere milliseconds, with EEG data is no small feat. Research from [3] highlights this difficulty,
pointing to methods like dynamic time warping (DTW) as promising solutions.

Progress in feature extraction and data fusion has shown potential, with models like Periphery Attention Fusion
Networks (PAFN) [9] demonstrating success in combining EEG with facial video data. PAFN leverages
attention mechanisms to focus on the most relevant peripheral features from both modalities, improving the
model's ability to capture subtle correlations between brain activity and facial expressions. Yet, computational
demands and scalability remain issues, particularly in real-time applications, as noted in [1]. Additionally,
variations in EEG signals across individuals pose challenges for generalizing models, with [4] and [6]
recommending strategies like transfer learning and domain adaptation.

Looking ahead, interdisciplinary approaches integrating EEG with other physio- logical signals, alongside
advancements in hardware, preprocessing, and experimental design, hold promise for breaking these barriers.
The continued refinement of multimodal frameworks and temporal synchronization strategies will be pivotal for
advancing emotion recognition systems in real-world contexts [19]-[23].

Extracting meaningful features from EEG signals is fundamental to advancing systems for emotion recognition,
BCls, and medical diagnostics. Feature extraction methods like Fourier Transform, Power Spectral Density
(PSD), and Band Power are widely used to manage the complexity and non-stationary nature of EEG data, each
offering unique advantages and facing specific challenges.

The Fourier Trans- form, for instance, is computationally efficient and well-suited for real-time applications like
sleep monitoring but struggles with short EEG signals, limiting its precision [12]. PSD is similarly efficient and
versatile for applications like BCI cur- sor control, but its inability to handle non-stationary signals limits its
dynamic ap- plications [11][13]. Meanwhile, Band Power demonstrates high accuracy in tasks like wheelchair
control but requires intensive computational resources for real-time operation [12]. These techniques, when
appropriately selected, play a crucial role in advancing EEG analytics, particularly for micro-expression
detection, where high temporal precision is critical for capturing subtle, rapid changes in facial signals. Selecting
the right combination of methods and architecture is vital to deploying these systems effectively in real-world
applications. Future research must tackle several challenges to realize the full potential of EEG-based systems.
Real-time capabilities, scalable designs, culturally adaptable models, and ethical considerations will be critical
for integrating these technologies into healthcare, education, and beyond. Addressing these issues will pave the
way for transformative applications, leveraging multimodal fusion to improve precision and uncover new
possibilities in emotion recognition and micro-expression analysis.

V. CONCLUSION

Combining micro-expression recognition with EEG signals opens up exciting possibilities across various fields.
From providing deeper insights through psycho- logical testing to enhancing the way we interact with machines,
this technology has the potential to make a meaningful impact in our daily lives and beyond. While significant
progress has been made, substantial challenges remain to be overcome in order for this technology to realize its
full potential. In the future, cross-disciplinary collaboration, innovative solutions in signal processing, more
comprehensive and diverse datasets, and ethical considerations will be necessary to bring micro-expression
recognition using EEG to practice. As advances continue in the methods and applications of this technology, the
possibilities for enriching emotional communication, enhancing therapeutic processes, and improving human
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understanding will continue to expand. By building upon the current body of research and addressing these key
challenges, the field stands poised for significant breakthroughs that will impact a wide range of industries, from
mental health care to Al-driven applications
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