
1

Design and Development of IoT based Wearable Device

& Algorithm for Emotion Detection

EXECUTIVE SUMMARY OF THESIS

For

DOCTOR OF PHILOSOPHY
in

COMPUTER SCIENCE & ENGINEERING

By
VILASBEN SHANKARBHAI MACHHI

Under the Guidance of
PROF. (DR.) APURVA SHAH

DEPARTMENT OF COMPUTER SCIENCE & ENGINEERING
FACULTY OF TECHNOLOGY & ENGINEERING

THE MAHARAJA SAYAJIRAO UNIVERSITY OF BARODA
VADODARA-390002 (INDIA)

MARCH 2026



2

TABLE OF CONTENTS OFTHEEXECUTIVE

SUMMARY

Topic Page No.

TABLE OF CONTENT OF THE EXECUTIVE SUMMARY i

TABLE OF CONTENT OF THESIS ii

ABSTRACT vii

INTRODUCTION 1

Problem Statement & Research Gaps 1

Research Objectives 2

Research Contributions 2

RESEARCH METHODOLOGY FORWORK DONE 3

PERFORMANCE SUMMARY 4

APPLICATIONS 7

CONCLUSIONS AND A ROAD-MAP 7

PUBLICATIONS, PATENT & COPYRIGHT 9

REFERENCES 11



3

TABLE OF CONTENTS OFTHESIS

Sr. No. Topic Page No.

i Certificate I

ii Approval II

iii Candidate’s Declaration III

iv Acknowledgments IV

v Abstract VI

vi Table of Contents VIII

vii List of Tables XI

viii List of Figures XII

xi List of Acronyms XIV

1 INTRODUCTION 1

1.1 Brief History and Models of Emotion 1

1.2 Emotion Recognition Methodologies 3

1.3 The Physiological Basis of Emotion 8

1.4 Motivation for this Work 9

1.5 Problem Statement 9

1.6 Research Objectives 10

1.7 Research Contributions 10

1.8 Applications 11

1.9 Thesis Organization 11

2 LITERATURE REVIEW 13

2.1 Overview of Affective Computing 13

2.2 Evolution of Wearable Sensing Hardware 13

2.2.1 Commercial and Research-Grade Device 13

2.2.2 The Resolution and Sampling Rate Bottleneck 18



4

2.3 Analysis of Physiological Emotion Datasets 18

2.3.1 From Modality-Rich to Periphery-Focused 20

2.3.2 The Personality Gap in Data 20

2.4 Computational Models and Classification Strategies 20

2.4.1 Machine Learning vs Deep Learning 21

2.5 Toward Explainable AI: The Theoretical Gap 22

2.6 Summary of Literature Gaps 22

2.6.1 Dataset and Elicitation Gaps 22

2.6.2 Hardware and Technological Gaps 22

2.6.3 Algorithmic and Validation Gaps 23

3 A BRIEF INTRODUCTION TO THE WORK AND THE

PROPOSED WEARABLE DEVICE

24

3.1 Development of Wearable Device 25

3.1.1 Hardware Components 25

3.1.2 System Architecture 28

3.1.3 Software Implementation and User Interface 29

3.1.4 Firmware and Data Acquisition Architecture 29

3.1.5 Signal Processing and Data Flow 31

3.1.6 Data Visualization and Multi-Parameter Plotting 32

3.1.7 Prototype Design Challenges and Decisions 33

4 EMOTION ELICITATION AND PROPOSED

PHYSIOEMOTION MULTIMODAL DATASET

34

4.1 Emotion Elicitation 34

4.1.1 Participant Recruitment 34

4.1.2 Video Stimulus Selection Process 34

4.1.3 Experimental Procedure 35

4.1.4 Emotion-wise Stimulus Categorization & Session

Creation

35

4.2. PhysioEmotion Multimodal Dataset Creation 36

4.2.1 Participants 37

4.2.2 Experimental Design 37



5

4.2.3 Personality Assessment 38

4.2.3.1 Personality Questionnaire: Mapping, Reverse

Scoring, and Feature Integration

38

4.2.4 Physiological Signal Acquisition 40

4.2.5 Emotion Self-Assessment 40

5 MACHINE LEARNING PIPELINE 41

5.1 Signal Preprocessing 41

5.1.1 Data Normalization and Baseline Strategy 43

5.2 Feature Engineering & Distribution 43

5.3 Ensemble Classification & Validation Strategy 45

5.3.1 Model Optimization and Hyperparameter Search Space 46

5.3.2 PCA Variance Analysis 48

6 COGNITIVE-COMPUTING SYNTHESIS FRAMWORK 49

6.1 The Philosophical Gap: Beyond “Black Box” AI 49

6.2 The Four Pillars of CCSF 49

6.3 Step-wise Implementation and XAI Mapping 51

6.3.1 Empirical Mapping: Linking Feature Importance to CCSF

Pillars

52

6.4 Limitations and Boundary Condition of the CCSF 53

7 TESTING & RESULT ANALYSIS 55

7.1 Hardware Validation and Pilot Testing 55

7.1.1 Heart Rate (HR) Validation 56

7.1.1.1 Comparison with Apple Watch 56

7.1.1.2 HR Responsiveness to Emotional Stimuli 58

7.1.2 Galvanic Skin Response (GSR) Validation 59

7.1.2.1 Comparison of Baseline and Stimulus 59

7.1.3 Skin Temperature Validation 61

7.1.3.1 Responsiveness and Statistical Analysis 61

7.2 PhysioEmotion Dataset 63

7.3 Performance Testing of Machine Learning model 64

7.3.1 SMOTE on entire Daataset 64



6

7.3.1.1 Interpretative Analysis of Feature Importance 68

7.3.2 SMOTE on training set only & Cost-Sensitive Ensemble

with class-weight

69

7.3.3 Subject Independent LOSO Evaluation (3 class) 69

8 CONCLUSIONS AND A ROAD-MAP 72

9 PUBLICATIONS, PATENT & COPYRIGHT 75

10 REFERENCES 77



7

ABSTRACT

Reliable emotion recognition is a cornerstone of next-generation Human-Computer Interaction

(HCI) and personalized healthcare, yet current systems are often hindered by the high cost of

medical-grade hardware, the "black-box" nature of proprietary algorithms, and a lack of subject-

independent generalizability. This research addresses these gaps through a multi-layered

approach encompassing custom hardware engineering, bio-adaptive signal acquisition, and

psychometric-enhanced machine learning.

The technical foundation of this work is a custom-developed IoT-based multi-sensor wearable

platform built around the ESP32-S3R8 microcontroller. To ensure research-grade data fidelity at

a low cost, the device integrates an 18-bit Analog-to-Digital Converter (ADC) for the high-

resolution acquisition of Photoplethysmography (PPG), Galvanic Skin Response (GSR), and

Skin Temperature (ST) signals. Empirical validation against the Apple Watch Series 7

demonstrated high reliability, with a Pearson correlation coefficient of r>0.95 for heart rate

measurements.

A major methodological contribution of this research is the implementation of a Bio-Adaptive

Dynamic Sampling Strategy. Unlike traditional static sampling, this firmware-level algorithm

modulates the sampling frequency (ranging from 50Hz to 3200Hz) in real-time based on the

user's instantaneous heart rate. This approach ensures high-fidelity capture of physiological

transients during peak emotional arousal while significantly optimizing power and memory

during neutral states.

To validate the system, the PhysioEmotion Dataset was curated, featuring multimodal signals

from 60 participants across nine elicitation sessions using unconstrained YouTube video stimuli.

This dataset uniquely integrates the "Big Five" personality traits, enabling the development of

personalized emotional profiles that account for individual differences in physiological reactivity.

The computational pipeline utilizes tree-based ensemble classifiers, specifically Extra Trees

and XGBoost, achieving a benchmark accuracy of 66% for 7-class discrete emotion

recognition on unbalanced dataset. To ensure robust real-world performance, models were

validated using Leave-One-Subject-Out (LOSO) cross-validation. The results yielded a mean
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accuracy of 0.77±0.13 and a mean macro F1-score of 0.76±0.14, demonstrating effective

subject-independent generalizability. Finally, this work establishes the Cognitive-

Computational Synthesis Framework (CCSF), providing a theoretical foundation for

Explainable AI (XAI) by mapping physiological markers to underlying cognitive processes

such as attentional allocation and arousal regulation.

Ultimately, this research provides a complete vertical stack—from high-resolution hardware to

theoretically grounded AI—moving affective computing out of the laboratory and into practical

applications for safe driving, mental health monitoring, and assistive technologies for

neurodiverse populations.

1. INTRODUCTION
Human interaction has conventionally been observed through the perspectives of language and

gestures. Yet, in situations where spoken communication is lacking or deliberately

concealed, emotion act as a key and potent means of conveying messages. Emotion refers to a

multifaceted psychological condition that encompasses behavioral reactions, personal feelings,

and physiological changes, commonly classified by degrees of pleasure and intensity. Emotions

are closely connected to mood, temperament, and character. The influence of emotions on human

existence is significant; whereas positive emotion promote health and cognitive

performance, while long-term negative emotional conditions often lead to serious health issues

like depression, heart disease, and asthma[1]. Regardless, worldwide mental health continues to

be a challenge owing to insufficient timely diagnoses and restricted resources. This has resulted

in an increase in cross-disciplinary studies centered on automated emotion recognition.

1.1 THE PROBLEM STATEMENT & RESEARCH GAPS

Detecting emotions in time using physiological signals is difficult due to the complexity of the

signals and the differences between people. Existing devices often have to choose between

battery life and signal quality and algorithms do not take into account personality differences.
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There is a need for a system that combines high-quality sensing, adaptive data acquisition and

personalized machine learning to provide emotion recognition.

RESEARCH GAP

This analysis draws attention to the shortcomings in algorithmic validation, hardware

accessibility, and dataset composition in the field of affective computing.

1. Dataset and Elicitation Gaps

The following gaps exist in the current datasets:

● Static sampling inefficiency refers to fixed sample rates that waste electricity during neutral

states or fail to collect high-fidelity signals at peak arousal.

● Lack of Psychometric Integration: Few datasets systematically combine personality traits

that can influence physiological signals, despite the fact that emotional experience is highly

individualised.

● Ecological Validity and Stimuli Weaknesses: The dynamic context of real-world

emotional experiences is absent from traditional elicitation techniques, which frequently use

static visuals or music. This may result in genuine but feeble or erratic emotional responses

that are difficult to apply in practical situations.

2. Hardware and Technological Gaps

Additionally, there are gaps in technology and hardware, such as:

● Proprietary "Black-Box" Restrictions: Top commercial research equipment use closed-

source firmware and proprietary algorithms that limit customisation and research-focused

uses.

● Cost-Deployment Trade-offs: Large-scale field research and extensive deployment in IoT-

based telehealth and mental health monitoring infrastructures are restricted by the high cost

of medical-grade wearable sensors.
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3 Algorithmic and Validation Gaps

Lastly, there are validation gaps, such as:

● The necessity for more rigorous subject-independent validation procedures like Leave-

One-Subject-Out (LOSO) is highlighted by the fact that many models attain great accuracy

on certain subjects but fail to retain performance when applied to new, unfamiliar users.

● Adversarial and Robustness Concerns: The field lacks comprehensive analysis regarding

the adversarial robustness of emotion recognition systems, particularly as they move into

mission-critical applications like safe driving or clinical diagnostics.

1.2 THE OBJECTIVES

To solve these problems this research has the following objectives:

1. To Develop a wearable device that can detect physiological signals like heart rate, skin

conductance and skin temperature.

2. To create a sampling strategy that adjusts the frequency of data collection based on the users

heart rate.

3. To collect a dataset of physiological signals and personality traits from 60 participants.

4. To develop a machine learning pipeline that can recognize emotions using the collected data.

5. To create a framework that explains how emotions are recognized using signals.

1.3 THE RESEARCH CONTRIBUTIONS

This work makes the following major and minor contributions to the field:

Major Contributions:

● High-Resolution IoT Platform: Development of custom wearable with optimized

Peripheral Beat Amplitude (PBA) algorithm, providing research-grade data at low cost.
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● Adaptive Sampling Methodology: Introduced a first-of-its-kind firmware-level strategy

that adjusts sampling frequency (50Hz–3200Hz) dynamically with respect to heart rate of

person.

● The PhysioEmotion Dataset: Creation of novel datasets featuring 60 subjects that

systematically integrates psychometric "Big Five personality" profiles to enable personalized

emotion modeling.

● Generalizable ML Pipeline: A machine learning pipeline with subject-independent

classification using LOSO validation, proving the system's effectiveness for new, unseen

users.

● Cognitive-Computational Synthesis Framework (CCSF): Proposed a theoretical

framework that bridges the gap between raw physiological signals and cognitive science.

Minor Contributions:

● Validated Stimuli Resource: Validated a library of 9-session video stimuli through a self

assessment reports.

● Empirical Validation: Statistically proved the device's reliability through benchmarking

against the Apple Watch Series 7 (r>0.95).

2. RESEARCHMETHODOLOGY FORWORK DONE

In order to achieve our goal, we divided our work into five phases, named, Design and

development of Wearable Device, Emotion Elicitation, Dataset's creation, Machine learning

pipeline and Cognitive-Computing Synthesis Framework. Following Figure 1 & 2 shows

respectively the system architecture and system deployment flow: from sensing to emotion

detection of our work.
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Figure 1: Block diagram of the wearable emotion detection system architecture.

Figure 2: System deployment flow: from sensing to emotion prediction.

3. PERFORMANCE SUMMARY

In order to maintain the initial class distribution in each subset, we used stratified sampling to

divide our dataset into 70% training (1,357 trials), 15% validation (292 trials), and 15% testing

(292 trials). Then on 70% training set we have apply SMOTE. In other approach, we have used
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soft voting ensemble combining Extra Trees and XGBoost. This setup achieved an overall

accuracy of 0.66. While the model excelled at identifying Neutral and Happy states, the macro

F1 score of 0.53 reflects the persistent challenge of distinguishing minority emotions such as

Fear or Disgust (Table 1).

Table 1 Comparative performance of baseline classifiers on the 15% test set

Model Accuracy
Macro

F1

Weighted

F1
Notes

Extra Trees + PCA + SMOTE 0.61 0.45 0.60
SMOTE on train

only, PCA=2

XGBoost + PCA + SMOTE 0.60 0.46 0.59
SMOTE on train

only, PCA=4

Soft voting (ET + XGB) +

SMOTE
0.59 0.45 0.59

SMOTE on train

only, PCA=30

Ensemble (ET + XGB), class

weighted, no SMOTE
0.66 0.53 0.65

Final cost-sensitive

baseline

Subject Independent LOSO Evaluation (3 Class)

To assess cross subject generalization under a coarser affect representation, we conducted a

leave-one-subject-out (LOSO) evaluation using a 3-class mapping of the original labels:

Negative (Angry, Disgust, Fear, Sad), Positive (Happy, Surprise), and Neutral. For each fold,

trials from one participant were held out for testing, while all remaining participants formed the

training set; all preprocessing steps (imputation, one-hot encoding, scaling, and class-weight

estimation) were fitted exclusively on the training subjects and applied to the held-out subject.
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Across 60 LOSO folds, the cost-sensitive Extra Trees classifier achieved a mean accuracy of

0.77 ± 0.13 and a mean macro F1-score of 0.76 ± 0.14. The aggregated normalized confusion

matrix (Figure 1) shows high recalls for Negative (~0.88) and Neutral (~0.81), while Positive

(~0.74) is primarily confused with Neutral, reflecting partial physiological overlap in medium-

arousal states. Negative emotions like fear and anger trigger more pronounced sympathetic

"fight-or-flight" responses, making them easier for sensors to detect across different people

compared to subtle positive states.

Figure 1. Aggregated LOSO confusion matrix for the 3- class mapping (Negative, Positive, Neutral).

Values are per-class recalls normalized over the true labels.
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Cross-subject discriminability is further characterised by per-class LOSO F1-scores in addition

to aggregate metrics. Negative trials had the highest mean F1 (0.89 ± 0.10), followed by Positive

(0.73 ± 0.16) and Neutral (0.71 ± 0.24). This suggests that while Positive and Neutral states

show more variability among participants, strongly negative experiences with prominent

sympathetic activation are most reliably recognised.

4. APPLICATIONS

The developed system and framework have diverse real-world applications, including:

1. Safe Driving Systems[16]: That can detect driver emotions and prevent accidents

2. Personalized Healthcare[17]: Real-time stress and anxiety monitoring via IoT-based

telehealth platforms.

3. Mental Health Research[18]: Providing a low-cost, high-fidelity tool for researchers to

conduct longitudinal affective studies in naturalistic environments.

4. Assistive Technology: Supporting individuals with Autism Spectrum Disorder (ASD) in

recognizing and communicating their emotional states to caregivers [19].

5. Adaptive HCI: Creating "emotion-aware" software and games that adjust difficulty or

content based on the user's current valence and arousal.

5.CONCLUSIONS & FUTUREWORK

This research provide a end-to-end system for emotion detection using multimodal physiological

signals, bridging the critical gap between low-cost IoT hardware devices and advanced

cognitive-computational theory. It does this by building a custom device and a framework called

the Cognitive-Computational Synthesis Framework (CCSF). This work provides a solution

for objective mental health monitoring and affective computing.

The custom wearable device, which is based on the ESP32-S3R8 was tested against the Apple

Watch Series 7. Its achieved a Pearson correlation coefficient of r>0.95 and a mean bias of

only -0.90 BPM. It was also tested to see how well it responded to changes in the body and the
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results showed that independent samples t-tests was p<0.001 for GSR and p<0.0001 for skin

temperature. This means that the device can collect high-quality data at a lower cost than other

devices on the market.

The study collected a multimodal data from 60 participants, including information about their

personality and physiological responses. When this data was analyzed it showed that certain

personality traits, such as Extraversion and Openness were very important in predicting

emotions.

Utilizing a cost-sensitive Soft-Voting Ensemble (Extra Trees + XGBoost), the system

achieved a peak accuracy of 0.66 under unbalanced conditions. More significantly, the model

maintained a mean accuracy of 0.77 ± 0.13 and a high recall for negative emotional states (~0.88)

under strict Leave-One-Subject-Out (LOSO) cross-validation, which represents real-world,

subject-independent scenarios, demonstrating the framework's robustness across diverse

individuals.

The "Black Box" of AI was successfully unlocked by the suggested CCSF. The model

prioritized Valence, Arousal, and Dominance, which is exactly in line with the Russell

Circumplex Model and established Appraisal Theory, according to empirical mapping of the

feature priority hierarchy.

By integrating the Bio-Adaptive Dynamic Sampling Strategy, the power-resolution trade-off is

essentially resolved, increasing wearable battery life without sacrificing the 18-bit signal

resolution necessary for emotional peak identification.

ROADMAP: FUTURE DIRECTIONS

Phase 1: Hardware Miniaturization

The ESP32-S3R8 is used in the current device. It can be made more compact and effective in the

future.
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● Hardware Miniaturization: To create compact devices like smart rings or thin wristbands,

we can employ multi-layer PCBs (Printed Circuit Boards) in place of development boards.

● Power Optimization: We can extend battery life by incorporating "Deep Sleep" modes

utilizing the Bio-Adaptive Sampling technique.

Stage 2: Advanced Deep Learning and Multimodal Integration

The study uses a basic method for classification of data but in future more advance methods can

be used.

● Transformer Architecture Approaches: Utilizing Vision Transformers (ViT) or Temporal

Convolutional Networks (TCN) to grasp long-range dependencies in PPG and GSR data.

● Cross-Dataset Validation: Evaluating the models trained on the PhysioEmotion dataset

using public datasets such as WESAD or DEAP to guarantee total subject-independence.

● Self-Supervised Learning (SSL): Leveraging the extensive amount of unlabeled

physiological data obtained during "neutral" states to pre-train models, which are

subsequently refined for particular emotional categories.

Step 3: Digital Twins and Customized Emotional Profiles

The combination of the "Big Five" personality traits creates a distinctive opportunity for hyper-

personalization.

● Emotional Digital Twins: Developing virtual emotion profiles for individuals that forecast

their responses to particular stimuli according to their Conscientiousness or Neuroticism

ratings.

● Expansion of Explainable AI (XAI): Employing the CCSF Framework to create a

dashboard that informs a clinician on the reasons behind the AI identifying "High Stress"

(e.g., "Identified a 15% rise in SCR peaks coinciding with reduced HRV, characteristic of

attentional overload in high-neuroticism individuals").

Phase 4: Clinical and Ecological Implementation in Real-World Settings

The goal is to see if the system works in real-life situation.
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● Long-term Mental Health Research: Using the device to study people with anxiety or

PTSD for 30 days to see what triggers their emotions.

● Therapeutic VR/AR Integration: Using the device to adjust the level of exposure in virtual

reality therapy based on the persons physical responses.

● Emotional Safety in Industrial IoT: Using system to track worker fatigue and emotional

exhaustion in jobs such as air traffic control or surgery.

6. PUBLICATIONS

The research work that has been carried out has become a tree which has given some fruits in the

form of publications. Following is the list of these publications.

1) Vilas S. Machhi and Apurva M. Shah, "A Review of Wearable Devices for Affective Computing,"

2024 International Conference on Advancements in Smart, Secure and Intelligent Computing

(ASSIC), Bhubaneswar, India, 2024, pp. 1-6, doi: 10.1109/ASSIC60049.2024.10508031. (Scopus

Indexed)

2) Vilas S. Machhi and Apurva M. Shah, "An empirical study of emotion recognition using

physiological signals," Parul University International Conference on Engineering and Technology

2025 (PiCET 2025), Hybrid Conference, Vadodara, India, 2025, pp. 137-144, doi:

10.1049/icp.2025.1287. (Scopus Indexed)

3) Vilas S. Machhi and Apurva M. Shah,“Emotion Detection Unveiled: A Cognitive-Computational

Synthesis of Physiological Models, Machine Learning, and Datasets", Cognitive, Affective, and

Behavioral Neuroscience.(Accepted, SCIE, Scopus Indexed, IF=2.7)

4) Vilas S. Machhi and Apurva M. Shah,“Validation of Video Stimuli for Basic Emotion Elicitation: A

Multimodal Approach using Self-Reports and Physiological Signals”, Journal of Information and

Optimization Sciences (Accepted, ESCI, Scopus Indexed, IF=0.7)



19

5) Vilas S. Machhi and Apurva M. Shah, “Design and Development of a Multi-Sensor Wearable

platform for Physiological Monitoring with potential for emotion-recognition research” (Under

Review)

6) Vilas S. Machhi and Apurva M. Shah, “PhysioEmotion: A Multimodal Physiological Signals Dataset

for Emotion Recognition with Variable Sampling and Personalized Traits” (Under Review)

7) Vilas S. Machhi and Apurva M. Shah, “Benchmarking Electrodermal Activity Decomposition

Methods for Real-Time Emotional Arousal Monitoring in HCI” (Under Review)

PATENT & COPYRIGHT

Multimodal fingertip-sensor framework with adaptive sampling and self-reported personality for emotion

classification (Application No: 202521084403)

PhysioEmotion: A Physiological Signals Dataset for Emotion Recognition (Diary No: SW-43904/2025-

CO)

7.REFERENCES

1. Feng, H., Golshan, H.M. & Mahoor, M.H. “A wavelet-based approach to emotion classification

using eda signals”. Expert System with Applications, 2018, 112,77-86.

2. Picard, R. W. (1997). Affective Computing. MIT press.

3. Ekman, P. “An argument for basic emotions”. Cogn. Emot. 1992, 6, 169–200. [CrossRef]

4. Russell, J. A. (1980). A circumplex model of affect. Journal of Personality and Social Psychology,

39(6), 1161–1178.

5. Mehrabian, A. “Comparison of the PAD and PANAS as models for describing emotions and for

differentiating anxiety from depression”. J. Psychopathol. Behav. Assess. 1997, 19, 331–357.

[CrossRef]

6. Tao, J., Tan, T. (2005). “Affective Computing: A Review”. In: Tao, J., Tan, T., Picard, R.W. (eds)

Affective Computing and Intelligent Interaction. ACII. Lecture Notes in Computer Science, vol

3784. Springer, Berlin, Heidelberg, 2005.



20

7. Calvo, R. A., & D'Mello, S. K. (2010). Affective computing and education: Learning about

emotions. IEEE Transactions on Affective Computing, 1(1), 18-30.

8. Kort, B., Reilly, R., & Picard, R. W. (2001). An affective model of interplay between emotions

and learning: Reengineering educational pedagogy-building a learning companion. Proceedings

of the IEEE International Conference on Advanced Learning Technologies (ICALT), 6-9.

9. Hone, K., & Patrick, J. (2012). Affective computing for mental health. International Journal of

Human-Computer Studies, 70(6), 337-340.

10.Gratch, J., & Marsella, S. (2004). A social appraisal framework for emotion. Autonomous Agents

and Multi-Agent Systems, 8(3), 173-197.

11.Zhang, Y.D.; Yang, Z.J.; Lu, H.M.; Zhou, X.X.; Phillips, P.; Liu, Q.M.; Wang, S.H. “Facial

Emotion Recognition based on Biorthogonal Wavelet Entropy, Fuzzy Support Vector Machine,

and Stratifified Cross Validation”. IEEE Access 2016, 4, 8375–8385. [CrossRef]

12.Mao, Q.; Dong, M.; Huang, Z.; Zhan, Y. “Learning Salient Features for Speech Emotion

Recognition Using Convolutional Neural Networks”. IEEE Trans. Multimed. 2014, 16, 2203–

2213. [CrossRef]

13.Bailenson, J.N.; Pontikakis, E.D.; Mauss, I.B.; Gross, J.J.; Jabon, M.E.; Hutcherson, C.A.; Nass,

C.; John, O. “Real‐time classification of evoked emotions using facial feature tracking and

physiological responses”. Int. J. Hum. Comput. Stud. 2008, 66, 303–317.

14.Empatica. Empatica|Medical Devices, AI and Algorithms for Remote Patient Monitoring. 2021.

Available online: https://www.empatica.com/en-int/embrace2/ (accessed on 27 November 2021).

15.Raheel, A., Majid, M., Alnowaimi, M., & Anwar, S. M. (2020). “Physiological sensors based

emotion recognition while experiencing tactile enhanced multimedia”. Sensors, 20(14), 1-19.

[4037]. https://doi.org/10.3390/s20144037

16.De Nadai, S., D’Incà, M., Parodi, F., Benza, M., Trotta, A., Zero, E., Zero, L., Sacile, R.

“Enhancing safety of transport by road by on-line monitoring of driver emotions”. In Proceedings

of the 2016 11th System of Systems Engineering Conference (SoSE), Kongsberg, Norway, 12–16

June 2016; pp. 1–4.

17.Verschuere, B.; Crombez, G.; Koster, E.; Uzieblo, K. “Psychopathy and Physiological Detection
of Concealed Information: A review”. Psychol. Belg. 2006, 46, 99–116. [CrossRef]

18.Guo, R.; Li, S.; He, L.; Gao, W.; Qi, H.; Owens, G. “Pervasive and unobtrusive emotion sensing

for human mental health”. In Proceedings of the 7th International Conference on Pervasive

Computing Technologies for Healthcare, Venice, Italy, 5–8 May 2013; pp. 436–439.



21

19.Taj-Eldin, M., et al. (2018). A Review of Wearable Solutions for Physiological and Emotional

Monitoring for Use by People with Autism Spectrum Disorder. Sensors.

20.Dunn, J.; Runge, R.; Snyder, M. “Wearables and the medical revolution”. Pers. Med. 2018, 15,

429–448. [CrossRef]

21.Seshadri, D.R.; Davies, E.V.; Harlow, E.R.; Hsu, J.J.; Knighton, S.C.; Walker, T.A.; Voos, J.E.;

Drummond, C.K. “Wearable Sensors for COVID-19: A Call to Action to Harness Our Digital

Infrastructure for Remote Patient Monitoring and Virtual Assessments”. Front. Digit. Health 2020,

2, 8. [CrossRef]

22.Akintola, A.A.; Van De Pol, V.; Bimmel, D.; Maan, A.C.; Van Heemst, D. Comparative Analysis

of the Equivital EQ02 Lifemonitor with Holter Ambulatory ECG Device for Continuous

Measurement of ECG, Heart Rate, and Heart Rate Variability: A Validation Study for Precision

and Accuracy. Front. Physiol. 2016, 7, 391. [CrossRef] [PubMed]

23.Muse. MuseTM—Meditation Made Easy with the Muse Headband. 2021. Available online:

https://choosemuse.com/ (accessed on 27 November 2021).

24.Motiv. Motiv Ring|24/7 Smart Ring|Fitness + Sleep Tracking|Online Security Motiv Ring. 2021.

Available online: https://www.mymotiv.com/ (accessed on 27 November 2021).

25.Oura. Oura Ring: Accurate Health Information Accessible to Everyone. 2021. Available online:
https://ouraring.com/ (accessed on 27 November 2021).

26.Apple. Apple. 2021. Available online: https://www.apple.com/ (accessed on 28 May 2021).

27.Fitbit. Sitio Ofificial de Fitbit Para Smartwatches, Pulseras de Actividad, Monitores Deportivos y

Mucho Más. 2021. Available online:https://www.fitbit.com/global/es/home (accessed on 27

November 2021).

28.Samsung. Samsung Gear Sport:Características, El Mejor Precio y Opiniones|Samsung España.

2021. Available online: https://www.samsung.com/es/gear-sport/highlights/ (accessed on 28 May

2021).

29.Xiaomi. Xiaomi Smartwatch Mi Band 5 Versión Global—Xiaomi Store México. 2021. Available

online: https://www.xiaomi-store.mx/products/mi-band-5 (accessed on 27 November 2021).

30.Sensoria. Sensoria Fitness: Motion and Activity Tracking Smart Clothing for Sports and Fitness.

2021. Available online: https://store.sensoriafifitness.com/ (accessed on 27 November 2021).

31.Imani, S.; Bandodkar, A.J.; Mohan, A.M.V.; Kumar, R.; Yu, S.; Wang, J.; Mercier, P.P. A

wearable chemical–electrophysiological hybrid biosensing system for real-time health and fitness

monitoring. Nat. Commun. 2016, 7, 11650. [CrossRef] [PubMed]

https://www.fifitbit.com/global/es/home


22

32.Yoon, S.; Sim, J.K.; Cho, Y.-H. A Flexible and Wearable Human Stress Monitoring Patch. Sci.

Rep. 2016, 6, 23468. [CrossRef]

33.Williams, M.A.; Roseway, A.; O’Dowd, C.; Czerwinski, M.; Morris, M.R. SWARM: An

actuated wearable for mediating affect. In Proceedings of the 9th International Conference on

Tangible, Embedded, and Embodied Interaction, Stanford, CA, USA, 15–19 January 2015; pp.

293–300. [CrossRef]

34.Hui, T.K.; Sherratt, R.S. Coverage of Emotion Recognition for Common Wearable Biosensors.

Biosensors 2018, 8, 30. [CrossRef]

35.Trmcic, B.R.; Stanojevic, G.; Sapic, R.; Labus, A.; Bogdanovic, Z. Wearable solution for

assessing physiological arousal towards students’ interest and engagement in the classroom, In

Proceedings of the The 11th International Conference on Virtual Learning, Craiova, Romania, 29

October 2016.

36.Kosmyna, N.; Morris, C.; Sarawgi, U.; Nguyen, T.; Maes, P. AttentivU: A Wearable Pair of EEG

and EOG Glasses for Real-Time Physiological Processing. In Proceedings of the 2019 IEEE 16th

International Conference on Wearable and Implantable Body Sensor Networks (BSN), Chicago,

IL, USA, 19–22 May 2019. [CrossRef]

37.Norooz, L.; Mauriello, M.L.; Jorgensen, A.; McNally, B.; Froehlich, J.E. Body Vis: A new

approach to body learning through wearable sensing and visualization. In Proceedings of the 33rd

Annual ACM Conference on Human Factors in Computing Systems, Seoul, Korea, 18–23 April

2015; pp. 1025–1034. [CrossRef]

38.Theodoros, N.A.; James, F.K.; Chris, B.; Antony, S. Wearable Technologies in Education: The

Lab of Tomorrow Project. Teach. Prof.Dev. 2005, 163, 163–169.

39.Gao, N.; Shao, W.; Rahaman, M.S.; Salim, F.D. n-Gage: Predicting in-class Emotional,

Behavioural and Cognitive Engagement in the Wild. Proc. ACM Interact. Mob. Wearable

Ubiquitous Technol. 2020, 4, 1–26. [CrossRef]

40.Nomura, K.; Iwata, M.; Augereau, O.; Kise, K. Estimation of Student’s Engagement Using a

Smart Chair. In Proceedings of the 2018 ACM International Joint Conference and 2018

International Symposium on Pervasive and Ubiquitous Computing and Wearable Computers,

Singapore, 8–12 October 2018; pp. 186–189. [CrossRef]

41.André, R.D.P.; Raposo, A.B.; Fuks, H. A Platform for Assessing Physical Education Activity

Engagement. In Advances in Intelligent Systems and Computing; Springer: Cham, Switzerland,

2019; Volume 903, pp. 271–276. [CrossRef]



23

42.Koelstra, S., Mühl, C., Soleymani, M., Lee, J. S., Yazdani, A., Ebrahimi, T., Pantic, M., & Patras,

I. (2012). DEAP: A Database for Emotion Analysis Using Physiological Signals. IEEE

Transactions on Affective Computing, 3(1), 18–31.

43.Soleymani, M., Lichtenauer, J., Pun, T., & Pantic, M. (2012). A Multimodal Database for Affect

Recognition and Implicit Tagging. IEEE Transactions on Affective Computing, 3(4), 438–451.

44.Schmidt, P., Reif, A., Scherer, S., & Wiegand, K. (2018). WESAD: A Multimodal Dataset for

Wearable Stress and Affect Detection. Proceedings of the 20th ACM International Conference on

Multimodal Interaction, 47–56.

45.Koldijk, S. F., Passenier, J. W., & Neerincx, M. A. (2014). SWELL: A Dataset for Studying

Stress and Well-being in the Workplace using Sensors and Machine Learning. Proceedings of the

16th ACM International Conference on Multimodal Interaction, 291–298.

46.Juan Abdon Miranda-Correa, Mojtaba Khomami Abadi, Nicu Sebe, and Ioannis Patras. 2021.

AMIGOS: A Dataset for Affect, Personality and Mood Research on Individuals and Groups.

IEEE Trans. Affect. Comput. 12, 2 (April-June 2021), 479–493.

https://doi.org/10.1109/TAFFC.2018.2884461

47.Katsigiannis, S., & Ramzan, N. (2018). DREAMER: A Database for Emotion Recognition

Through EEG and ECG Signals from Wireless Low-Cost Off-the-Shelf Devices. IEEE Journal of

Biomedical and Health Informatics, 22(1), 126–136.

48.Zheng, W. L., & Lu, B. L. (2015). Investigating Critical Frequency Bands and Channels for EEG-

Based Emotion Recognition with Deep Neural Networks. IEEE Transactions on Affective

Computing, 7(3), 237–245.

49.Sharma, K., Castellini, C., Stulp, F. and van den Broek, E. L. (2017) Continuous, real-time

emotion annotation: A novel joystick-based analysis framework. IEEE Transactions on

Affective Computing, PP (99), 1-1, DOI: 10.1109/TAFFC.2017.2772882 ISSN 1949-3045.

50.J. Kim and E. André, "Emotion recognition based on physiological changes in music listening,"

IEEE Trans. Pattern Anal. Mach. Intell., vol. 30, no. 11, pp. 2067–2083, Nov. 2008.

51.W. Wen, G. Liu, N. Cheng, J. Wei, P. Shangguan, and W. Huang, "Emotion recognition based on

multi‐variant correlation of physiological signals," IEEE Trans. Affect. Comput., vol. 5, no. 2, pp.

126–140, Jun. 2014.

52.P. Gong, H. T. Ma, and Y. Wang, "Emotion recognition based on the multiple physiological

signals," in Proc. IEEE Int. Conf. Real-time Comput. Robotics (RCAR), 2016, pp. 140–143.

https://doi.org/10.1109/TAFFC.2018.2884461


24

53.D. Shin, D. Shin, and D. Shin, "Development of emotion recognition interface using complex

EEG/ECG bio-signal for interactive contents," Multimed. Tools Appl., vol. 76, no. 9, pp. 11449–

11470, May 2017.

54.Z. Wang, Z. Yu, B. Zhao, B. Guo, C. Chen, and Z. Yu, "EmotionSense: An adaptive emotion

recognition system based on wearable smart devices," ACM Trans. Comput. Healthc., vol. 1, no.

4, 2020, Art. no. 20.

55.Song Y, Zheng Q, Liu B, Gao X. EEG Conformer: Convolutional Transformer for EEG

Decoding and Visualization. IEEE Trans Neural Syst Rehabil Eng. 2023;31:710-719. doi:

10.1109/TNSRE.2022.3230250. Epub 2023 Feb 2. PMID: 37015413.

56.Li, X., Song, J., Zhao, Z., Wang, C., Song, D., & Hu, B. (2024). A SUPERVISED

INFORMATION ENHANCED MULTI-GRANULARITY CONTRASTIVE LEARNING

FRAMEWORK FOR EEG BASED EMOTION RECOGNITION. In 2024 IEEE International

Conference on Acoustics, Speech, and Signal Processing, ICASSP 2024 - Proceedings (pp. 2325-

2329). (ICASSP, IEEE International Conference on Acoustics, Speech and Signal Processing -

Proceedings). Institute of Electrical and Electronics Engineers Inc..

https://doi.org/10.1109/ICASSP48485.2024.10447740

57.Wang, Z., & Wang, Y. (2025). Emotion recognition based on multimodal physiological electrical

signals. Frontiers in Neuroscience, 19:1512799.

58.Zhu, J., Wang, S., Wang, R., & Zhu, X. (2024). Multi-modal emotion recognition using tensor

decomposition fusion and self-supervised multi-tasking. Information Fusion (pre-print/early

access).

59.Zhu, X., Wang, Y., Cambria, E., et al. (2025). RMER-DT: Robust multimodal emotion

recognition in conversational contexts based on diffusion and transformers. Information Fusion,

123, 103268.

60.McCrae, R. R., & Costa, P. T. (1999). A Five-Factor Theory of Personality. In L. A. Pervin & O.

P. John (Eds.), Handbook of Personality: Theory and Research (2nd ed., pp. 139–153). Guilford

Press.

61.SparkFun MAX30105 hookup/usage guide (documentation of the sensor and example code):

https://learn.sparkfun.com/tutorials/max30105-particle-and-pulse-ox-sensor-hookup-guide

62.SparkFun MAX30105 / MAX3010x GitHub repository (source of the PBA heart- rate example

and library): https://github.com/sparkfun/MAX30105_Particle_Sensor_Breakout

63.Makowski D, Pham T, Lau ZJ, Brammer JC, Lespinasse F, Pham H, Schölzel C, Chen SHA.

NeuroKit2: A Python toolbox for neurophysiological signal processing. Behav Res Methods.

https://doi.org/10.1109/ICASSP48485.2024.10447740
https://github.com/sparkfun/MAX30105_Particle_Sensor_Breakout


25

2021 Aug;53(4):1689-1696. doi: 10.3758/s13428-020-01516-y. Epub 2021 Feb 2. PMID:

33528817.

64.Lazarus, R.S.: Emotion and Adaptation. Oxford University Press, New York, NY (1991).

https://doi.org/10.1093/oso/9780195069945.001.0001 . Online edition published 2023.

https://doi.org/10.1093/oso/9780195069945.001.0001

65.Scherer, K.R.: What are emotions? and how can they be measured? Social Science Information

44(4), 695–729 (2005) https://doi.org/10.1177/0539018405058216

66.Porges, S.W.: The Polyvagal Theory: Neurophysiological Foundations of Emotions, Attachment,

Communication, and Self-Regulation. W. W. Norton & Company, New York, NY (2011)


	1. Dataset and Elicitation Gaps
	2. Hardware and Technological Gaps
	3 Algorithmic and Validation Gaps
	 Subject Independent LOSO Evaluation (3 Class)
	ROADMAP: FUTURE DIRECTIONS
	Phase 1: Hardware Miniaturization 

	4)Vilas S. Machhi and Apurva M. Shah,“Validation of 

