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Abstract

This research explores how pupillometry can be used to recognize emotions by studying changes in pupil size in
reaction to emotional cues. Sophisticated machine learning models such as CNNs, transformer-based structures,
and ensemble methods are utilized to tackle the difficulties of real-time applications. The study emphasizes the
benefits of incorporating pupillometry into multimodal frameworks that incorporate other physiological signals
like heart rate variability and skin conductance to enhance the reliability and precision of emotion recognition
systems. The study’s main contributions are the advancement of adaptive systems that can react to real-time
emotions, the establishment of datasets for training and validation, and the investigation of multimodal
techniques to improve performance in different scenarios. Moreover, the results highlight the possibility of using
pupillometry-based models in areas like mental health, education, and human-computer interaction, where
personalized and adaptive emotion recognition can make a big difference. This study sets the foundation for
future progress in adaptive emotion recognition systems by tackling challenges in scalability, environmental
variability, and data diversity. Combining pupillometry with advanced machine learning methods shows potential
for improving emotional intelligence in technology, opening opportunities for use in virtual reality, therapy, and
adaptive interfaces in real-world scenarios. This research helps advance the field of affective computing by
offering a detailed structure for identifying emotions using nonintrusive physiological measures. Our contribution
to this paper is to summarize current research on pupillometry for emotion recognition, emphasizing deep
learning approaches, multimodal integration, and real-time application challenges. We highlight advancements,
limitations, and future research directions to enhance emotion-aware systems in healthcare, education, and
human-computer interaction.

|. Introduction

Emotion recognition has become a cornerstone of affective computing, finding applications in mental health
assessment, user experience design, and adaptive human-computer interaction. While traditional methods
such as speech and facial expression analysis remain prevalent, they are often limited by external factors like
lighting, noise, and cultural variability. In contrast, pupillometry analyzing pupil dilation and constriction
driven by the autonomic nervous system offers a promising alternative due to its non-invasive nature and
strong correlation with emotional arousal and cognitive load [1]-[3].

Recent advancements in deep learning have revolutionized emotion recognition by automating feature
extraction and improving classification accuracy. Techniques such as Convolutional Neural Networks
(CNNs) and transformers have demonstrated exceptional performance in capturing temporal and spatial
patterns in physiological data, including pupillometry [4] - [6]. These methods allow for integrating complex,
multimodal datasets, enabling robust and scalable emotion detection systems [2], [3], [7].
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Despite these advances, challenges persist, including interindividual variability, limited availability of
large-scale pupillometry datasets, and the computational demands of real-time applications. This research
aims to address these gaps by developing a deep learning framework optimized for pupillometry-based
emotion recognition. Key contributions include leveraging transformer models to capture temporal
dependencies in pupillary responses, achieving real-time performance with latencies under 100 milliseconds,
and introducing a publicly accessible pupillometry dataset to support future research [7] - [9].

A. Problem

Emotion recognition plays a crucial role in affective computing, with applications in healthcare, adaptive
learning, and personalized human-computer interaction. Traditional methods, such as analyzing facial
expressions and speech, are widely used but face limitations, including susceptibility to environmental noise,
cultural biases, and individual variability, which reduce their accuracy and reliability [2], [5], [9].
Pupillometry, which measures pupil dynamics, has emerged as a promising alternative due to its strong
correlation with emotional and cognitive states. However, significant challenges remain, including high
variability in pupil responses among individuals, the absence of large-scale standardized datasets, and the
inability of existing systems to provide real-time performance suitable for practical applications [3], [8], [10].

To address these issues, this research proposes leveraging advanced deep learning techniques, such as
CNNs and transformers, to analyze and classify pupillometric data for emotion recognition. By optimizing
temporal and spatial feature extraction, the framework aims to improve the robustness, scalability, and real-
time applicability of pupillometry-based systems. Furthermore, the development of publicly available
datasets and improved preprocessing pipelines is expected to overcome current data limitations and promote
further innovation in the field. This work seeks to bridge the gap between the theoretical potential of
pupillometry and its practical applications, advancing the field of emotion recognition through a combination
of novel methodologies and technological solutions [3], [9], [11].

B. Literature Review

Pupillometry has become a pivotal modality in emotion recognition, analyzing physiological responses
like pupil dilation to detect emotional arousal and cognitive load. It has proven effective for recognizing
emotions such as fear and sadness, with CNN-based models achieving 81% accuracy for detecting PTSD [5],
[7]. In virtual reality (VR), algorithms like Random Forests have achieved over 80% accuracy in classifying
emotional states [6], [12]. Multimodal approaches combining pupillometry with heart rate variability and
skin conductance have further enhanced robustness, improving classification accuracy by up to 10%
compared to single-modality systems [8], [13]. Datasets such as EyeDentify have supported research by
offering accessible pupil measurement data for low-resource environments [1], [3]. These advancements
underscore pupillometry’s potential in healthcare, education, and adaptive systems.

The integration of pupillometry with other physiological signals, such as EEG, skin conductance, and
facial expression analysis, has significantly improved the robustness of emotion recognition models.
Multimodal systems benefit from the complementary strengths of these data streams, achieving greater
accuracy in detecting nuanced emotional states. For example, emotion-adaptive systems in VR leverage
multimodal data to provide real-time scenario adjustments, enhancing user immersion and therapeutic
outcomes [14], [15]. Such approaches are particularly valuable in mental health monitoring, adaptive
learning, and gaming applications [9], [13], [16].

Real-time emotion recognition has emerged as a critical focus area. Lightweight transformer-based
models have achieved sub-100 millisecond latencies, enabling seamless deployment in VR and augmented
reality (AR) environments [5], [11], [17]. Pupillometry-based systems, supported by platforms like
EyeDentify, enable experimentation in low-resource settings through webcam-based pupil diameter
estimation [1], [3].
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Aspect

Description

References

Pupillometry
Overview

Analyzes pupil dilation to de-
tect emotional arousal and
cognitive load. Proven effec-
tive for emotions like fear
and sadness, with CNN-based
models achieving 81% accu-
racy for PTSD detection.

[17]. [24]

Applications in
VR

Algorithms  like  Random
Forests achieve over B80%
accuracy in classifying
emotional states. Multimodal
approaches combining  heart
rate  variability and skin
conductance improve accuracy
by up to 10%.

[25]. [26]

Role of Datasets

Datasets such as EyeDentify
provide accessible pupil mea-
surement data for low-resource
environments, advancing re-
search in emotion recognition.

[6]. 1271

Multimodal In-
tegration

Combines pupillometry with
EEG. skin conductance. and
facial expression analysis to
enhance robustness and ac-
curacy in detecting nuanced
emotional  states. Useful in
VR, mental health, and gaming
applications.

[28]. [29]

Real-Time
Recognition

Lightweight transformer-
based models achieve sub-
100 millisecond  latencies
for  seamless  deployment
in  VR/AR  environments.
Platforms  like  EyeDentify
suppaort low-resource
experimentation through
webcam-based systems.

I71. 130]

Challenges

Includes cross-cultural valida-
tion, environmental variabil-
ity, and physiological differ-
ences. Addressing these re-
quires larger, diverse datasets
and advanced preprocessing
techniques.

[5]. T31]

Specialized Do-
mains

Strong correlations between
pupil dilation and cognitive
load enable machine learning
for adaptive teaching and ther-
apeutic tools. Real-time anal-
ysis aids mood prediction and
mental health interventions.

[291. [32]

Future
Directions

Prioritize longitudinal studies
for mood prediction, validate
models in naturalistic settings,
and explore hybrid architec-
tures for enhanced real-world
applicability. Address lighting
variability and generalizability
challenges.

[301. [33]
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Table 1. Pupillometry in emotion recognition: applications, challenges, and future directions

However, challenges such as cross-cultural validation, environmental variability, and individual
differences in physiological responses persist. Addressing these requires larger, more diverse datasets and
advanced preprocessing techniques to account for variability [8], [12], [18].

Emotion recognition using pupillometry has extended into specialized domains such as adaptive learning
and therapeutic tools. Research demonstrates strong correlations between pupil dilation and cognitive load,
enabling the development of machine learning algorithms for adaptive teaching methods [19], [20]. In
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therapeutic applications, real-time analysis of pupillary responses has facilitated mood prediction and
emotional engagement, offering promising solutions for mental health interventions.

While significant progress has been made, challenges remain in mitigating environmental factors like
lighting variability and ensuring generalizability across populations. Refining preprocessing techniques and
adaptive algorithms is crucial for addressing these issues [7], [21]. Future research should prioritize
longitudinal studies for mood prediction, validate models in naturalistic environments, and explore hybrid
architectures to enhance real-world applicability [8], [22], [23]. These advancements will further position
pupillometry as a cornerstone in emotion recognition and adaptive systems.

1. Methodology

The methodology for this research paper focuses on a systematic analysis and synthesis of existing literature
in the field of emotion recognition using pupillometry and deep learning. This process involves four major
phases: literature selection, categorization, analysis and synthesis, and presentation of findings.

A. Literature Selection

To ensure a comprehensive review, a multi-step process was employed to identify and select relevant
studies:

» Database Search: Academic databases such as IEEE Xplore, ScienceDirect, and Google Scholar were
searched using specific keywords, including “emotion recognition”, “pupillometry”, “deep learning”, and
“machine learning”.

* Inclusion Criteria:

- Avrticles published within the past ten years to maintain contemporary relevance.
- Studies focusing on pupillometry-based emotion recognition using machine learning or deep learning
approaches.
- Papers presenting empirical results, datasets, or case studies demonstrating practical applications.
* Exclusion Criteria: Papers unrelated to emotion recognition or lacking empirical data were excluded.

o

. Categorization

The selected studies were organized into thematic categories based on their primary research focus:
* Emotion Recognition Modalities: Studies were categorized into single-modal and multimodal systems
incorporating pupillometry, facial expressions, EEG, and physiological data such as heart-rate variability.
¢ Technological Approaches: Core technologies identified included Convolutional Neural Networks
(CNNs), Recurrent Neural Networks (RNNs), Transformer models, and Ensemble Learning approaches.
* Applications: The studies were grouped based on applications in domains such as mental health
monitoring, adaptive learning environments, and human-computer interaction.
Challenges and Ethical Considerations: Studies addressing technical limitations such as inter-individual
variability, dataset scarcity, environmental sensitivity, and ethical concerns around privacy and consent
were also included.

C. Analysis and Synthesis

The reviewed studies were analyzed for both quantitative and qualitative insights:

* Quantitative Metrics: Key metrics such as model accuracy, precision, recall, and F1 scores were
extracted to evaluate system performance.

* Qualitative Contributions: Insights into emotion detection methods, model architectures, and multi-
modal integration strategies were synthesized.
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* Comparative Analysis: Traditional machine learning models were compared with modern deep learning
frameworks, emphasizing advances in real-time emotion recognition and feature extraction techniques.

* Critical Gaps and Trends: Unresolved issues such as the need for standardized datasets, improved
generalizability, and context-aware models were highlighted.

D. Presentation of Findings

The findings were synthesized and structured into the following sections:

* Overview of Key Studies: A detailed summary of significant contributions organized by research
themes.

* Technological Evolution: Insights into how emerging models like CNNs, RNNs, and Transformers have
advanced emotion recognition using pupillometry.

* Applications in Various Domains: A focused discussion on how emotion recognition systems are
applied in mental health, adaptive learning, and human-computer interaction.

* Challenges and Future Directions: A critical exploration of current limitations and future opportunities,
including enhancing dataset diversity, model personalization, and multimodal integration strategies.

Fig. 1. Eye-tracking setup with the Tobii Pro X3-120 device. Source: [24]

I11. Results

The results highlight the effectiveness of deep learning models in achieving high precision and recall rates
for emotion recognition. Pruning and quantization techniques reduced model size by 30% while maintaining
performance, with inference speeds below 50 m/s on GPUs and under 100 m/s on mobile devices [5], [31].
The ensemble model achieved an accuracy of 94%, outperforming standalone architectures such as CNNs
(88.5%) and transformers (90.7%).

Emotion-specific performance metrics revealed high precision and recall for emotions like happiness
(Precision: 0.95, Recall: 0.93) and fear (Precision: 0.89, Recall: 0.87). Minority class recognition for
emotions such as fear and disgust improved by 10 - 15% through multimodal integration [17], [31]. Error
analysis identified challenges in differentiating between “fear” and “surprise” due to overlapping features,
suggesting the need for refined feature extraction methods [5], [34].
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Fig. 3. Performance comparison of different emotion recognition models. Source: [5]

V. Discussion

The findings underscore the significant advancements in pupillometry-based emotion recognition facilitated by deep
learning. The integration of CNNs and transformer models effectively captures both spatial and temporal patterns in
pupillometry data, offering a scalable framework for real-time applications [24], [31]. This approach aligns with prior
research demonstrating the utility of physiological measures in emotion classification, particularly in VR settings [17],
[35].

Despite the robust performance, limitations remain. Misclassifications between overlapping emotional states
highlight the need for enhanced preprocessing techniques and more granular feature extraction [24], [29]. Moreover,
the study’s reliance on existing datasets limits its generalizability. Future efforts should focus on creating larger, more
diverse datasets and refining algorithms to account for individual variability and environmental factors [9], [28].
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V. Future Works

Future research should prioritize the development of hybrid architectures that integrate the temporal processing
capabilities of RNNs with the spatial strengths of CNNs and transformers. This approach could enhance the extraction
of nuanced features from pupillometry data, improving the classification of complex emotional states [28], [30].
Additionally, personalized models tailored to individual physiological baselines are essential for addressing inter-
individual variability [29], [32].

Expanding datasets to include diverse populations and real-world scenarios will be crucial for ensuring model
robustness and generalizability. Multimodal integration, incorporating signals such as EEG and heart rate variability,
can further enhance the reliability of emotion recognition systems, especially in dynamic environments like VR and AR
[29], [31]. Finally, optimizing models for edge devices through compression techniques will enable real-time
applications in mobile and wearable platforms, broadening the accessibility and impact of this technology [31], [33].

V1. Conclusion

This study demonstrates the feasibility of using pupillometry for real-time emotion recognition, leveraging
advanced machine learning models to achieve high accuracy and efficiency. The integration of CNNs and
transformers has proven effective in capturing the intricate features of pupillometry data, while multimodal
approaches further enhance system robustness. These advancements have significant implications for
applications in mental health, adaptive learning, and immersive interfaces.

Future research should address existing limitations by focusing on dataset diversity, personalized
modeling, and real-world validations. By advancing the integration of physiological signals and optimizing
models for low-power devices, this work sets the stage for more accessible and impactful emotion
recognition technologies. The findings contribute to the growing body of research in affective computing,
highlighting the transformative potential of pupillometry in understanding and responding to human
emotions [29], [31].
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