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Abstract

This study explores the integration of multimodal approaches to enhance emotion recognition in gaming
and virtual reality (VR) contexts. By leveraging a combination of electroencephalography (EEG), facial
expression analysis, and in-game data, the research aims to develop more accurate and responsive
emotion detection systems. The methodology focuses on advanced neural network architectures, such as
Convolutional Neural Networks (CNNs) and Transformers, to process and classify emotional states
dynamically. Additionally, mechanisms like dynamic difficulty adjustment (DDA) and real-time
physiological monitoring are employed to adapt gaming experiences to players’ emotional states. The
results demonstrate significant advancements in player engagement, social-emotional skill development,
and adaptive gameplay design. The implications of this research extend beyond gaming to include
applications in healthcare and education, particularly in personalized therapeutic and learning
environments. This work underscores the transformative potential of emotion-driven systems in creating
immersive and user-centric digital experiences. Our contribution provides a summary of recent
advancements in emotion recognition systems, highlighting the integration of multimodal approaches,
including EEG, facial expression analysis, and in-game metrics, to improve real-time emotion detection
and adaptive gaming experiences.

|. Introduction

The integration of emotion recognition systems in gaming and virtual reality (VR) applications has the
potential to revolutionize user engagement by tailoring experiences to individual emotional states [1]. These
systems leverage advanced technologies to detect and interpret emotions in real-time, enabling more
personalized and immersive interactions [2]. Previous studies have demonstrated promising results using
modalities such as EEG signals and facial expression analysis to predict emotions, but challenges related to
data variability, context sensitivity, and real-time adaptability remain significant hurdles [3].

Previous studies have shown promising results using EEG and facial expression analysis to predict
emotions, yet challenges such as data variability and real-time adaptability persist, as shown in Tables I, II, V,
VI, 111, and IV.

We explored innovative approaches that combine multimodal data, including physiological signals and
behavioral analysis, to create more immersive and adaptive gaming environments. In Table I, we outline
advancements in emotion recognition and adaptive gaming technologies. Table Il highlights key
contributions and methodologies in EEG-based emotion recognition, while Table 1l showcases innovations
in emotion recognition across gaming, VR, and educational systems. Finally, Table IV discusses recent
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advancements in emotion recognition systems, summarizing their impact on gameplay, healthcare, and
education. These insights collectively emphasize the growing importance of integrating multimodal systems
for real-time emotion detection and adaptive gaming experiences.
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Fig. 1. A participant playing VR games while wearing wearable devices, providing subjective assessments [4].

This research explores innovative approaches that combine multimodal data, including physiological
signals and behavioral patterns, to enhance the adaptability and responsiveness of these systems [5]. By
addressing these challenges, this work aims to advance the development of emotion-driven applications with
transformative potential in fields such as gaming, healthcare, and education, ultimately creating more
engaging and meaningful user experiences [6].

A. Problem

Video games and virtual reality environments provide dynamic platforms for analyzing and adapting to
player emotions. However, understanding and modeling these emotional responses remains a challenge due
to the complex interplay of physiological signals, user behaviors, and environmental stimuli. Current
emotion recognition systems often face limitations in accuracy, adaptability, and the integration of
multimodal data.

Il. Literature Review

Recent studies have explored how video games and virtual reality (VR) can decode and adapt to player
emotions, demonstrating significant advancements in emotion recognition. Research has shown that
emotions such as boredom and humor can be detected with up to 98.21% accuracy through EEG analysis and
the GAMEEMO dataset using Random Forest models [7]. Additionally, VR horror games have been used to
detect fear through physiological signals like heart rate and movement, achieving 90.47% accuracy [8]. VR
exercise games have also benefited from improved emotional detection by analyzing cleaned data, leading to
better adaptive designs for these games [9]. These studies underscore the potential of emotion-adaptive
gaming applications, paving the way for more responsive and immersive player experiences.

Game design research has increasingly focused on integrating emotion regulation and dynamic responses
to enhance player engagement. Studies have found that longer gameplay can intensify emotions, both
positive and negative, highlighting the importance of emotional regulation during play [10]. Dynamic
difficulty adjustment (DDA), which tailors the game’s challenge level based on player emotions, has shown
promise in improving engagement, particularly in first-person shooter games, although its effectiveness
varies across different player types [11]. Further, serious games like ” Emotion Detectives” have proven
effective in improving emotion recognition in children with autism and ADHD [12]. These advancements in
emotional responsiveness in game design also extend to addressing toxic behaviors in multiplayer games
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[13] and exploring culturally adaptive frameworks that integrate psychology and game design to enhance
emotional engagement [14].

Table 1. Advancements in emotion recognition and adaptive gaming technologies

Key Contribution

Methodology/Tools

Accuracy/Impact

Emotion detection
using EEG in gaming

[7]

Random Forest,
GAMEEMO dataset

98.21% accuracy for
emotions like
boredom and humor

Fear detection in VR
horror games [8]

Physiological signals
(heart rate,
movement) with
LSTM models

90.47% accuracy for
fear state
classification

Improved emotional
detection in VR
exercise games [9]

Cleaned
physiological data
analysis

Enhanced adaptive
VR exergame designs

Longer gameplay
intensifies emotional
states [10]

Behavioral analysis
during extended
gaming sessions

Highlights emotional
regulation in gaming

Emotion-based
dynamic difficulty
adjustment (DDA)
[11]

Real-time
performance and
emotion tracking

Potential for
improved
engagement in FPS
games

Social-emotional skill
training for children
[12]

Serious games like
"Emotion Detectives”

Lasting
improvements in
emotion recognition
for autism/ADHD

Impact of Ul designs
on player immersion
[15]

Fortnite HUD
designs with
physiological sensors

Enhanced player
immersion through
responsive Uls

Fear detection in VR
environments [4]

Deep learning
(CNNs,
Transformers) with
wearable sensors

Applications for
anxiety and phobia
treatments

Emotion
differentiation using
CPM in VR [16]

Component Process
Model (CPM) with
VR data

Revealed five distinct
emotional patterns

Toxic behavior
analysis in MOBA
games [13]

Behavioral studies
linking
authoritarianism and
aggression

Insights for reducing
toxic actions in
multiplayer games

Emotion-adaptive
gaming frameworks
[14]

Psychology, game
design, and HCI
integration

Frameworks for
empathetic and
engaging gaming
experiences

Recent studies have highlighted the growing role of electroencephalography (EEG) in understanding and
enhancing emotional experiences in gaming. Lim and Teo (2024) demonstrated how EEG data mining and
machine learning can predict player emotions during gameplay, offering valuable insights for game design
[17]. Similarly, Du et al. (2023) used convolutional and fuzzy neural networks to classify for personalized
gaming experiences [18]. The GAMEEMO dataset, provided by Alakus et al. (2020), serves as a robust
resource for emotion recognition research by offering EEG signals captured during various gaming scenarios
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[19]. These studies underscore EEG technology’s potential to integrate emotional feedback into game design,
transforming gameplay interactions.

70.0%
60.0%
50.0%
40.0%
30.0%
20.0%
10.0%

0.0%

Arousal

Valenge

m Linear

m Polynomial

sigraid

W Gausslan

Fig. 2. Accuracy rates for Level Features Fusion for Different SVM’s Kernels in Arousal and Valence Model [22].

Table I1. Key contributions and methodologies in EEG-based emotion recognition

Study

Key Contribution

Methodology/A ccuracy

Lim and Teo (2024)
[17]

Predicting player
emotions during
gameplay using EEG
data mining  and
machine learning.

Machine learning for
emotional  response
prediction in game
design.

Du ct al. (2023) [18]

Classifying emotional
responses in gaming
using advanced neural
networks.

Convolutional
and  fuzzy
networks.

neural

Alakus et al. (2020)

GAMEEMO  dataset

Robust database for

[19] for EEG signals in | emotion recognition
gaming. research.

Yang et al. (2018) [1] | Enhancing emotion | Multimodal emotion
detection with ECG | recognition using
and EMG in gaming. | physiological signals.

Andreu-Perez et al. | Decoding gamer ex- | 91.44% accuracy

(2021) [20] pertise with fNIRS | using multimodal
and facial analysis. frameworks.

Abramov et al. (2022)
[21]

Exploring  emotional
dynamics in esports
and their impact on
team performance.

Speech analysis and
hidden Markov mod-
els.

Belkacem et al.
(2015) [7]

EEG-controlled gam-
ing with eye move-
ment detection.

Real-time action con-
trol with EEG; 80.2%
accuracy.

Kalansooriya et al.
(2019) [23]

Improving EEG-
based emotion
recognition with deep
learning.

AlexNet and VGG-16
models for affective
computing.

Raheel et al. (2023) | Neurocognitive evalu- | Frequency — domain
[24] ation of mobile gam- | EEG  anmalysis  for
ing experiences. engagement and

challenge.
Granato et al. (2018) | Real-time  emotion | Physiological signal
[25] recognition for | analysis with skin

gaming immersion.

responses and EMG.

Mitsis et al. (2023)
[?]

Emotion recognition
in serious games for
health interventions.

Posture and engage-
ment metrics for tai-
lored interventions.

Zhang et al. (2018)
[26]

Identifying emotional
responses in gaming

using EEG.

CNN model achiev-
ing 93.86% accuracy.

The integration of multimodal approaches has further advanced emotion recognition systems by combining
EEG with other physiological and behavioral data. Yang et al. (2018) used electrocardiography (ECG) and
electromyography (EMG) to detect emotional responses during gameplay, paving the way for more immersive
gaming experiences [1]. Additionally, Andreu-Perez et al. (2021) employed functional near infrared spectroscopy
(FNIRS) and facial emotion analysis, achieving a classification accuracy of 91.44% in decoding gamer expertise
[20]. Research by Abramov et al. (2022) explored emotional dynamics in esports tournaments using speech

4



A SUMMARY OF EMOTION RECOGNITION IN VIDEO GAMES

analysis and hidden Markov models, advancing the psychology of competitive gaming [21]. These advancements
demonstrate the potential of emotion recognition in enhancing gaming immersion and contributing to broader
applications in healthcare, education, and human-computer interaction.

Table I11. Innovations in emotion recognition across gaming, VR, and educational systems

Domain Key Innovations Impact/A couracy
Gaming for Emo Galaxy Significant
Development improved social skills | improvement in

in students with

emotional racognition

intellectual and social skills.
disabilities using

quasi-experimental

design [27].

Mobile Applications | Chezer detected Achieved 90%
childrzn’s emotions accuracy, offering a
with multimodal cost-effective solution
gaming strategies [6]. | for low-income

families.

Auntism Screening EmoAnim used Movel remoie

animations o assess
emation recognition

screening method for
autism with high

in children, engagement
particularly those
with autism [28].
Cooperafive VR Iwynamic social Enhanced iam
Gaming presence visualization | awareness through
improved team visual feedback
performance in mechanisms.

cooperative activities
[29].

Video Emotion

MART introduced

Captured complex

Anmnalysis masked affective emotional dynamics;
modeling with improved temporal
cross-modal atiention | modeling.

[30].

EEG for Feal-time emofion 4% accuracy in

Humanities recognition using emotion recognition
EEG improved VAD | for immersive
estimation for learning.
engagement in
education [31].

Body Gesture ACCM and SISTCM | Enhanced recognition

Recognition models captured of spatio-lzmporal
subtle emotional cues | melationships.
from body
movements [32].

Eye Tracking in VR | Comelation of Improved real-time
saccades and msponsiveness in VR
fixations with systems.

emotional staies
enabled adaptive

systems [33].
Multimodal Spanish MEACorpus | Achieved Macro
Recognition 2023 dataset Fl-score of B7.745%
Transformer models in real-world
for emation SCEMArios.
recognition [34].
Rehabilitation FER -based Enhanced remote
Systems ele-rehabilitation rehabilitation with
optimized cognitive emotion-driven
therapy on ingrventions.
low-resource devices
[351.
Adapfive Gameplay Emotion-driven Improved
adaptive storytelling engagement through
and dynamic design mal-time emotional
fostered player analysis.
immersion [36].
MNaturalistic BP4D-Spontanzous Supporied affective
Datasets enabled advanced computing with
resgarch on robust naturalistic
spontaneous data

expressions [37].
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Recent developments in emotion recognition have increasingly leveraged gaming and virtual environments as
dynamic platforms for analyzing and adapting to users’ emotional states. For instance, studies like Emo Galaxy
demonstrated how computer games can improve emotional recognition and social skills in students with
intellectual disabilities. Through a quasi-experimental design, the study showed significant improvements in the
experimental group’ s social skills, underscoring the potential of emotion-focused games in developmental
interventions [27]. Similarly, mobile applications like Chezer, utilizing multimodal games, achieved 90%
accuracy in detecting children’ s emotions, offering an accessible and cost-effective tool for families in low-
income settings [6]. EmoAnim further explored emotion recognition by assessing children’s ability to identify
emotions through animations, particularly distinguishing between typically developing children and those with
autism, thus providing a novel method for remote autism screening [28].

Fig. 3. 2D and 3D examples of eight emotional expressions from task 1 to task 8 (from left to right), respectively [30].

The integration of emotion recognition into immersive virtual reality (VR) environments has enhanced user
behavior analysis and adaptive systems. For example, a dynamic social presence visualization system improved
team performance in cooperative gaming by providing visual feedback of social presence [29]. The MART
method also advanced emotion recognition by introducing masked affective modeling and cross-modal attention
mechanisms to capture complex emotional dynamics across temporal dimensions in video emotion analysis [30].
Real-time emotion recognition using EEG technology has further transformed humanities education by improving
engagement through accurate Valence, Arousal, and Dominance (VAD) estimation, achieving a 94% accuracy
rate [31]. These advancements emphasize the growing potential of multimodal emotion recognition in gaming and
other interactive domains, where combining diverse data sources, such as eye-tracking, spatio-temporal models,
and multimodal input, provides more accurate and responsive systems for detecting and responding to emotions
[32], [33], [34].
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Fig. 4. Overview of the procedure for one exercise bout at a given exercise intensity. Red cells denote a warm-up
phases and blue cells denote cool down phases, both in the Neutral VE. Grey squares denote an exposure phase of 60-
seconds in an Emotion VE [45].

Speech Emotion Recognition (SER) has seen significant advancements with the development of algorithms
like FE-motion, which optimize feature selection for specific emotions. By utilizing features such as Mel for
anger and MFCC for happiness, F-Emotion achieved accuracies of 82.3% and 88.8% on the RAVDESS and
EMO-DB datasets, respectively [38]. OpenCV-based facial recognition systems have also improved real-time
detection, contributing to applications in loT security, biometric verification, and processes like online proctoring
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and ATM access [39]. These advancements underscore the growing integration of SER and facial recognition in
diverse fields such as healthcare, elder care, and security, demonstrating their broad applicability in both
interactive and practical domains.

Table IV. Recent advancements in emotion recognition systems

Innovation

Key Highlights

F-Emotion Algorithm [38]

Optimized feature selection for
SER; achieved 88.8% accuracy on
EMO-DB.

OpenCV-based Facial Recognition
[39]

Enhanced real-time detection for
IoT and biometric verification.

Tree-structured Emotion Model
[40]

Improved accuracy across datasets
like CK+ and AFEW using
emotion-wheel bias.

Dynamic Game Adaptation [41]

Real-time facial expression analy-
sis enhances player engagement.

CNN for VR Emotion Recognition
[42]

Recognized emotions like fear and
happiness in VR environments de-
spite HMD challenges.

FlowV QTalker [43]

Generated lifelike 3D talking faces
using flow-based modeling and
vector quantization.

SDETalk [44]

Overcame static emotion con-
straints with audio-derived emo-
tional animations.
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Fig. 5. Experiment scene on one half-time match. The presented elements from top to bottom are: screen recording,
player video, physiological signals (HR, Respiration, EDA, pre-processed EMG and pre-processed ACC), and
annotations [13].

In facial expression recognition, psychological models have been leveraged to enhance accuracy and
generalization. A tree-structured approach based on the emotion-wheel model improved recognition across
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datasets like CK+ and AFEW, achieving state-of-the-art results [40]. Additionally, dynamic game adaptation
algorithms that incorporate real-time facial expression analysis have positively impacted player engagement and
immersion, with ongoing work aimed at integrating in-game performance metrics to refine responsiveness [41]. In
Virtual Reality (VR) environments, emotion recognition faces unique challenges due to head-mounted displays
(HMDs) that obscure facial features, but CNN-based models trained on datasets like FER2013 have successfully
recognized emotions such as fear and happiness in VR games like Astro Bot Rescue Mission and Paranormal
Activity [42]. These findings emphasize the importance of feature prioritization, particularly in vulnerable
populations like children and the elderly, to design inclusive and effective emotion recognition systems.
Furthermore, advancements in 3D facial animation, like FlowVQTalker and SDETalk, have revolutionized
lifelike emotional expression in virtual environments, paving the way for more immersive human-computer
interactions in entertainment, communication, and VR settings [43], [44].

Table V. Key contributions and methodologies in emotion recognition systems

Key Contribution

Methodology/Accuracy

Predicting emotions during gaming
with EEG data mining and ma-
chine learning [17].

Machine learning for emotional re-
sponse prediction.

Classifying gaming emotions using
neural networks [18].

Convolutional and fuzzy neural
networks.

Introducing  the GAMEEMO
dataset for gaming EEG signals

[19].

Robust database for emotion recog-
nition research.

Emotion detection using ECG and
EMG in gaming [1].

Multimodal recognition combining
physiological signals.

Gamer expertise classification with Multimodal framework; 91.44%
fNIRS and facial analysis [20]. accuracy.
Exploring esports emotions and | Speech analysis and hidden

team dynamics [21].

Markov models.

EEG-controlled gaming
eye movements [?].

through

Real-time action control with EEG;
80.2% accuracy.

Enhancing emotion detection with
deep learning models [23].

AlexNet and VGG-16 for affective
computing.

Evaluating mobile gaming experi-
ences neurocognitively [24].

EEG analysis for engagement and
challenge.

Real-time emotion recognition for
gaming immersion [25].

Physiological signals with skin re-
sponses and EMG.

Emotion detection in serious

games for health [?].

Posture and engagement metrics
for interventions.

Using EEG to identify emotional
responses in games [26].

CNN model with 93.86% accuracy.

Recent studies have highlighted the potential of multimodal emotion recognition systems to enhance
applications in gaming, healthcare, and education. For example, [46] developed a three-step emotion recognition
approach that combines facial expression analysis with the Viola-Jones algorithm for face detection, feature
extraction, and Support Vector Machines (SVM) for classification. This approach showed promising results when
tested on the Ryerson Multimedia Laboratory dataset. Similarly, [47] proposed the HERO algorithm, an ensemble
deep learning model that combines multiple subnetworks to analyze facial features such as the eyes and mouth,
significantly improving accuracy on datasets like FER2013 and JAFFE. Additionally, [48] introduced a non-
intrusive emotion detection method for gaming, utilizing Bi-LSTM for heart rate signals and CNN for facial
expressions, which demonstrated reliable emotional readings during gameplay. These innovations underscore the
growing sophistication of emotion recognition systems, making them increasingly applicable across a variety of
real-world domains.

Emotion recognition has also proven beneficial for assisting children with autism spectrum disorder (ASD) in
developing social skills. For instance, the “Guess What?” game developed by [49] employed Discrete Trial
Training (DTT) to improve emotion recognition and expression, achieving an impressive 83% frame accuracy
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compared to previous systems that only reached 51.6%. Similarly, [50] created a game-based platform with eye-
tracking features to assess gaze-following and social interaction skills in children with ASD. These systems
leverage multimodal technologies, such as gaze analysis and facial emotion recognition, to provide personalized
interventions that enhance social training outcomes for children with ASD. In gaming contexts, EEG-based
systems are also being utilized to analyze emotional responses during gameplay. For example, [51] used the
FEEL dataset to improve EEG signal feature extraction through 1-D Local Binary Patterns (LBP) and Conflict
Learning approaches, achieving over 92% accuracy in emotion classification. These advancements in multimodal
emotion recognition are paving the way for more immersive and responsive gaming and therapeutic experiences,
offering significant promise for applications in various sectors.

Table VI. Advancements in facial emotion recognition [52]

Contribution Methodology Accuracy/Impact
Facial expression Active Appearance Enhanced realism in
mimicking using Model (AAM), interactive systems

AAM for interactive
systems [53]

capturing skin texture
and wrinkles

Real-time emotion
recognition using
SVM [54]

SVM with Shi
Tomasi method

Over 90% accuracy

Daily facial
expression modeling
[55]

Gaussian mixture
modeling with Gabor
wavelets

Improved
representation of
daily expressions

High-accuracy
CNN-based emotion
recognition [56]

CNN, F-measure
analysis

F-measure: 1.0

Multimodal
recognition with
ICANet [57]

Audio, video, optical
flow with ICANet

80.77% accuracy on
IEMOCAP dataset

Emotion recognition
in HMD users [58]

DenseNet, focus on
lower facial regions

High accuracy
overcoming HMD
limitations

Efficient data
labeling with
"Facegame” [59]

Game-based data
generation

Improved emotional
perception skills

Gamer expertise
classification with
fNIRS and facial
analysis [60]

fNIRS. machine
learning, facial
analysis

91.44% accuracy

Emotion
classification using
MobileNet and
LeNet [61]

MobileNet, LeNet

96% (MobileNet)

Classroom emotion
detection with
SNSER [5]

CNN, Siamese
Neural Network
(SNSER)

80% (CAFE dataset)

Facial emotion recognition has significantly advanced through the integration of machine learning and deep
learning techniques. The Active Appearance Model (AAM) has been effectively used to mimic facial expressions
by capturing detailed features such as skin texture and wrinkles, facilitating applications like interactive systems
involving famous faces [53]. Additionally, a study using Support Vector Machines (SVM) with the Shi Tomasi
method achieved over 90% accuracy in real-time emotion classification, advancing human-computer interaction
by creating more responsive systems [54]. These advancements are further complemented by the innovative use
of Gaussian mixture modeling and Gabor wavelets to better represent daily facial expressions, improving the
accuracy and reliability of emotion recognition systems [55].

Deep learning approaches have further revolutionized the field of facial emotion recognition. Convolutional
neural networks (CNNs) have been employed to focus on specific facial areas, achieving near-perfect accuracy in
emotion predictions, with an F-measure of 1.0 [56]. The introduction of ICANet, which combines multiple data
sources such as audio, video, and optical flow, improved emotion recognition in short videos, achieving 80.77%
accuracy on the IEMOCAP dataset [57]. Additionally, DenseNet demonstrated strong performance in recognizing
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emotions in individuals wearing head-mounted displays (HMDs) by focusing on the lower facial regions,
overcoming challenges posed by obscured facial features [58]. Hybrid systems have also made strides, with
multimodal frameworks combining EEG, facial expression analysis, and game-generated data improving
emotional perception and data labeling in participants [59]. The integration of fNIRS brain imaging with facial
analysis further advanced this field, achieving 91.44% accuracy in identifying gamer expertise levels [60]. These
hybrid methods highlight the potential of combining diverse data sources to create more comprehensive emotion
recognition systems.
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Fig. 7. The correlation matrix presents the average intensity of three facial EMG expressions [62].

I11. Methodology

This paper synthesizes recent advancements in emotion recognition systems, focusing on the integration of
multimodal approaches to enhance adaptive gaming experiences [52]. The methodology began with a
comprehensive review of research studies to classify advancements in emotion recognition based on their
application domains, including gaming, virtual reality (VR), healthcare, and education [63]. Key methodologies
such as machine learning algorithms, neural networks, and multimodal frameworks were identified and analyzed
for their contributions to emotion detection and system adaptability [64].

To ensure a robust analysis, data from existing studies were aggregated, emphasizing accuracy metrics,
innovative methodologies, and commonly used datasets such as GAMEEMO [65]. A thematic analysis was then
conducted to uncover recurring patterns and challenges in emotion recognition systems, such as the need for real-
time processing, improved adaptability, and the integration of diverse data sources like EEG, facial expression
analysis, and gameplay metrics [66].

IV. Potential Impact on Society

In gaming, emotion-adaptive frameworks can create highly immersive and personalized experiences, reducing
player frustration and enhancing satisfaction [67]. For example, emotion driven dynamic difficulty adjustment has
been shown to maintain player engagement in FPS games [11]. In healthcare, emotion recognition can be utilized
for mental health interventions, such as managing anxiety and phobia through immersive VR experiences,
leveraging findings where physiological signals like heart rate were used to detect fear states with 90.47%
accuracy [8]. In education, serious games like Emotion Detectives have demonstrated improvements in social-
emotional skills for children with autism and ADHD, proving the viability of emotion-based tools for cognitive
training [12].
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V. Key Findings

The integration of multimodal approaches, including EEG, facial expressions, and in-game metrics, has
significantly advanced emotion recognition in video games [68]. Table | highlights the role of EEG in detecting
emotions such as boredom and humor with an accuracy of 98.21%, while fear detection in VR horror games
reached 90.47%. These results demonstrate the effectiveness of physiological signals for enhancing gaming
experiences [59].

Table 1l elaborates on EEG-based methodologies, such as the GAMEEMO dataset and machine learning
models, which have enabled accurate emotion recognition in gaming [46]. Additionally, innovations outlined in
Table Ill—such as adaptive gameplay and emotion-based storytelling—underscore the potential of emotion
recognition to improve engagement and immersion in both entertainment and educational settings. Lastly, Table
IV discusses recent technological advancements, including algorithms like F-Emotion and MART, which
optimize emotion recognition pipelines for real-time applications [69]. These findings emphasize the
transformative potential of multimodal emotion recognition across diverse domains [70].

V1. Future Works

Given additional time and funding, future research will focus on improving cross-cultural emotion detection by
expanding datasets to represent diverse demographics [2]. Multimodal systems will be enhanced with voice
analysis and haptic feedback to capture a broader range of emotional cues. For example, studies integrating ECG
and EMG with EEG have already shown success in enhancing emotion detection accuracy in VR settings [1].
Further, optimizing real-time emotion detection pipelines to work seamlessly in low-latency environments will be
prioritized, ensuring smoother gameplay [71]. Collaboration with behavioral psychologists and game developers
will also allow for the integration of emotion based adaptive storytelling, deepening player immersion and
narrative engagement [63].

VII. Conclusion

This paper presents a comprehensive framework for emotion recognition in video games, leveraging multimodal
data and advanced neural networks to deliver real-time adaptive gameplay experiences [51]. By integrating EEG
signals, facial expression analysis, and gameplay metrics, the proposed approach addresses the challenges of data
variability and real-time responsiveness [72]. The incorporation of dynamic difficulty adjustment (DDA) and
personalized storytelling enhances player immersion, engagement, and satisfaction [73].

Beyond gaming, the methodologies outlined hold transformative potential in fields like healthcare, education,
and human-computer interaction [8]. Applications such as emotion-based mental health interventions, adaptive
learning environments, and therapeutic VR experiences demonstrate the broader societal impact of this research
[74]. By fostering emotionally intelligent systems, this project aims to bridge the gap between technology and
human emotion, creating innovative and inclusive solutions that enrich user experiences across diverse domains
[23].

We were able to show a summary of recent advancements in emotion recognition systems, highlighting the
integration of multimodal approaches, including EEG, facial expression analysis, and in-game metrics, to improve
real-time emotion detection and adaptive gaming experiences.
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