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Abstract—Stress management is a critical issue globally. This paper presents a real-time stress 
detection system using biometric markers such as body temperature, heart rate, and galvanic 
skin response (GSR). The system employs a Support Vector Machine (SVM) classifier to 
categorize stress levels into high, neutral, and low.  
 
Index Terms— Real-time Stress Detection, IoT, Machine Learning, Physiological Sensors, Node 
MCU, Support Vector Machine, Body Temperature, Heart Rate, Galvanic Skin Response 
(GSR), Stress Categorization. 

I. INTRODUCTION 

Stress is a widespread problem that affects people in many different areas of their lives and is made worse by the 
complexity of contemporary society. Growing interest has been shown in creating efficient tools and systems for 
real-time stress management and detection in response to this problem. Taking use of technological 
developments, especially in the IoT and machine learning domains, presents viable approaches to tackling this 
important health issue. Using the Node MCU development board with physiological sensors like body 
temperature, heart rate, and galvanic skin response (GSR), we want to design a real-time stress detection system 
that can classify people into various stress levels. Support Vector Machine (SVM), a type of machine learning 
technique, will be used in this system to provide individualized support mechanisms and interventions based on 
stress profiles. A system like this might have a lot of advantages, from bettering individual well-being to 
improving organizational performance and public health results. By advancing real-time stress detection 
technologies, this project hopes to set the groundwork for a more proactive, data-driven approach to stress 
management in modern culture. 

II. BACKGROUND 

Stress has become a common health condition impacting people of all ages and demographics in today's fast-
paced and connected society. Unmanaged stress can have a substantial negative influence on a person's general 
well-being, regardless of the cause—health problems, work-related demands, or the deluge of information from 
media sources. It is now essential to discuss stress detection and management in the context of this high-tech 
world due to technological breakthroughs and the growing integration of digital gadgets into daily life.  
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Fig 1: Stress Graph past records 

III. MOTIVATION 

The urgent need to treat the rising incidence of stress-related problems in contemporary society is the driving 
force behind this effort. The American Institute of Stress found that a startling 80% of workers say they deal 
with stress at work on a daily basis, demonstrating how pervasive this issue is. Furthermore, stress in the 
workplace, in personal relationships, and in other facets of life raises people's anxiety and depressive symptoms. 
Additionally, the Node MCU development board's connection with physiological sensors like body temperature, 
heart rate, and GSR offers the chance to gather data in real-time and accurately assess stress signs. Our goal is to 
classify people into various stress levels using machine learning techniques, especially Support Vector Machine 
(SVM). This will allow for individualized treatments and support systems. 
A real-time stress detection system that is successful has several potential advantages. People will become more 
conscious of their stress levels and stressors, which will enable them to put specific stress-reduction and 
resilience-building techniques into practice. This technology may be used by employers, healthcare providers, 
and educational institutions to support patient care, staff well-being, and student achievement. The main 
objective of this initiative is to enhance public health and enhance the quality of life for those who are dealing 
with stress-related problems. 

 
Fig 2: Stress Factors 

IV. LITERATURE REVIEW 

Stress detection and management have garnered significant attention in both academic research and practical 
applications due to their profound implications for human health, well-being, and productivity. The literature 
review provides a comprehensive overview of existing research in the field of real-time stress detection, focusing 
on physiological data analysis, machine learning algorithms, and their integration for stress monitoring and 
management. 
Physiological Data Analysis: Numerous studies have investigated the relationship between physiological signals 
and stress levels, aiming to identify biomarkers and patterns indicative of stress responses. For example, 
Zainudin et al. (2021) explored the use of machine learning and deep learning techniques for stress detection 
using physiological data, including electrocardiography (ECG), electrodermal activity (EDA), and 
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electromyography (EMG). Their findings highlighted the potential of advanced signal processing methods in 
accurately detecting stress-related patterns from physiological signals. 
Ghaderi et al. (2015) conducted research on machine learning-based signal processing for stress detection using 
physiological data, such as heart rate variability (HRV), skin conductance, and respiration rate. Their study 
demonstrated the effectiveness of machine learning algorithms, particularly support vector machines (SVMs) 
and neural networks, in classifying stress levels based on physiological features extracted from bio signals. 
Thomas et al. (2016) explored the use of Arduino technology for heart rate and body temperature sensing, 
providing insights into low-cost, portable solutions for physiological data acquisition. Their work contributed to 
the development of wearable devices capable of continuously monitoring vital signs, offering opportunities for 
real-time stress detection in various contexts. 
Machine Learning Algorithms: Machine learning algorithms play a crucial role in processing and analyzing 
physiological data for stress detection. Gupta et al. (2020) investigated support vector machine optimization for 
stress level detection using electroencephalography (EEG) signals. Their study demonstrated the utility of SVMs 
in accurately classifying stress levels based on EEG features, highlighting the importance of algorithm selection 
and optimization in stress detection systems. 
Gontarek et al. (2014) explored remote monitoring of heart rate variability to assess cognitive load, leveraging 
machine learning techniques to analyze physiological responses in real-time. Their research demonstrated the 
feasibility of using wearable sensors and machine learning algorithms for continuous stress monitoring in 
everyday settings, paving the way for personalized stress management interventions. 
Nguyen et al. (2017) proposed a novel method for emotion prediction based on heart rate signals, employing 
machine learning algorithms to classify emotional states from physiological data. Their study underscored the 
importance of multimodal data fusion and feature selection techniques in improving the accuracy and robustness 
of stress detection models. 
Integration of Physiological Data and Machine Learning: Several studies have investigated the integration of 
physiological data analysis and machine learning algorithms for real-time stress detection. Vani and Bobade 
(2020) utilized multimodal physiological data, deep learning, and machine learning techniques to detect stress, 
demonstrating the effectiveness of combining multiple sensor modalities for comprehensive stress assessment. 
Vuppalapati et al. (2018) developed a mobile development and machine learning method to identify mental 
stress, highlighting the potential of smartphone-based solutions for ubiquitous stress monitoring. Their research 
emphasized the importance of user-friendly interfaces and feedback mechanisms in enhancing user engagement 
and adherence to stress management interventions. 
Zubair et al. (2015) proposed an intelligent wristband for identifying stress, integrating physiological sensors 
with machine learning algorithms for real-time stress detection. Their study demonstrated the feasibility of 
wearable devices for continuous stress monitoring, offering opportunities for personalized stress management 
solutions. 
Summary: The literature review highlights the diverse approaches and methodologies employed in previous 
studies on real-time stress detection. From physiological data analysis to machine learning algorithms, 
researchers have explored various techniques to accurately classify stress levels and provide timely 
interventions. However, gaps exist in terms of algorithm optimization, sensor integration, and real-world 
applicability, necessitating further research to advance the field of stress detection and management. 

V. METHODOLOGY 

1. Project Design: A hybrid methodology combining machine learning, data collection, and hardware 
development aims to classify stress levels using physiological data, integrating machine learning with 
IoT concepts for real-time analysis. 

2. System Architecture: Comprising sensor, processing, and application layers, the system interfaces 
physiological sensors (e.g., temperature, heart rate, GSR) with the Node MCU board, utilizing SVM for 
stress level classification. 

3. Hardware and Software Requirements: Components include the Node MCU board, physiological 
sensors, and Bluetooth module. Programming environments like Arduino IDE and Python, along with 
libraries, support system development. 

4. Data Collection and Preprocessing: Physiological data collection involves preprocessing for noise 
elimination, feature normalization, and quality assurance. 
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5. Algorithms and Techniques: SVM is chosen for its efficiency in high-dimensional feature spaces, 
flexibility in kernel selection, and resilience against overfitting compared to other techniques like neural 
networks and decision trees. 

6. Functioning of Our Model: The system acquires, preprocesses, and extracts features from physiological 
data, trains the SVM classifier, and performs real-time stress level predictions, providing personalized 
feedback and interventions for stress management. 

 
Fig. 3 System Architecture 

TABLE I: COMPARISON OF MACHINE LEARNING METHODS FOR STRESS DETECTION 

Method Description Advantages Disadvantages 
SVM, or 
support vector 
machine 

a supervised learning method with a 
reputation for handling high-dimensional 
data and nonlinear decision limits well in 
classification problems. 

Capacity to manage feature spaces 
with high dimensions Sturdiness 
against overfitting Adaptability while 
choosing a kernel 

Sensitivity to choose of 
hyperparameters Computational 
complexity for large datasets 

k-Nearest 
Neighbors 
(KNN) 

a non-parametric technique for classifying 
objects according to their k-nearest 
neighbors' majority vote. 

Simple and intuitive No training 
phase Effective for small datasets 

costly to compute for huge 
datasets Sensitivity to 
unimportant details and noise 

Decision Trees Tree-based models that recursively split the 
data based on feature attributes to classify 
instances. 

Simple to understand and depict 
manages data that is both category 
and numerical. 

prone to overfitting unless 
appropriately pruned 
Unpredictability with little 
changes in the data 

Random 
Forests 

a technique for ensemble learning that 
increases classification accuracy by 
building many decision trees and 
combining their predictions. 

Reduced risk of over-fitting Handles 
large datasets efficiently Resistant to 
noise and outliers 

Lack of interpretability 
Computationally intensive during 
training 

Neural 
Networks 

Artificial neurons arranged in linked layers 
form deep learning models, which are able 
to recognize intricate patterns and 
representations in data. 

Ability to learn intricate patterns in 
data High flexibility in model 
architecture 

Requires large amounts of data 
and computational resources 
Prone to overfitting 

TABLE II: SUPPORT VECTOR MACHINE (SVM) PARAMETERS 

Parameter Description 
Kernel Function Nonlinear classification is made possible by using the function to map input 

data into a higher-dimensional space. Typically, radial basis function (RBF), 
polynomial, and linear kernels are employed for this purpose. 

C The regularization parameter manages how much of the training data's 
margin is maximized and how much is lost due to classification mistake. 

Gamma The RBF kernel coefficient, which indicates how each training sample 
affects the decision boundary. 

Degree The degree of the polynomial kernel function, if one is employed, establishes 
the decision boundary's complexity. 
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Table II lists the key parameters for Support Vector Machine (SVM) implementation in classification tasks. The 
Kernel Function allows nonlinear classification using radial basis function (RBF), polynomial, and linear 
kernels. C, the regularization parameter, strikes a compromise between margin maximization and classification 
error minimization. In RBF kernels, Gamma regulates the effect of each training sample on the decision 
boundary, whereas in polynomial kernels, Degree controls the decision boundary complexity. These parameters 
are critical for fine-tuning SVM models and achieving optimal classification performance. 

TABLE III: STEPS IN REAL TIME STRESS DETECTION SYSTEM 

Step Description 

Data Acquisition Gather physiological data (such as body temperature, heart rate, and GSR) 
from sensors that are interfaced with the Node MCU on a continuous basis. 

Preprocessing To deal with missing values, eliminate noise, and guarantee consistency in 
feature representations, clean and normalize the gathered data. 

Feature Extraction From preprocessed data, extract pertinent characteristics to capture 
physiological signals that represent stress levels. 

Model Training Train the SVM classifier using the extracted features and corresponding 
stress level labels. 

Real-time Classification Apply the trained SVM classifier to predict stress levels based on newly 
acquired physiological data in real-time. 

Feedback and 
Intervention 

Communicate stress level predictions to the user through a user interface, 
providing personalized feedback and suggesting stress management 
strategies or interventions. 

VI. RESULTS 

The physiological data, including body temperature, heart rate, and galvanic skin response (GSR), collected from 
Node MCU sensors, was analyzed for stress correlations. Feature extraction methods like recursive feature 
elimination (RFE) and principal component analysis (PCA) were employed to identify useful stress classification 
features. A Support Vector Machine (SVM) classifier was built using these features, showing strong recall, 
accuracy, precision, and F1-score in real-time stress detection. Comparisons with baseline techniques 
demonstrated SVM's superiority. Despite promising results, further algorithmic validation and improvement are 
needed. The system holds significant implications for wearable tech and stress management therapies in 
healthcare and workplace wellness. 

A. Data Analysis 

1. Physiological Trends: Fluctuations in body temperature, heart rate, and GSR correlated with stress 
levels, revealing distinct patterns during stressful situations. 

2. Feature Extraction: Relevant features for stress classification were selected using RFE and PCA from 
the physiological data. 

3. SVM Performance: The SVM classifier demonstrated high performance in stress classification, 
evaluated through metrics like F1-score, recall, accuracy, and precision. 

B. Project Evaluation 

1. Accuracy Metrics: Total accuracy was assessed by comparing manual or self-reported stress labels with 
expected levels, showcasing the system's ability to categorize stress levels accurately. 

2. Confusion Matrix: Analysis of true positive, true negative, false positive, and false negative predictions 
aided in identifying misclassifications and understanding prediction errors. 

3. ROC Curve: ROC curves evaluated SVM model sensitivity and specificity at different stress detection 
levels, with AUC indicating overall classifier effectiveness. 

Figures 6 and 7 show the performance of the classification model using confusion matrices. Figure 6 depicts the 
raw confusion matrix without normalization, which includes the absolute numbers of true positives, true 
negatives, false positives, and false negatives. Figure 7 depicts the normalized confusion matrix, with values 
given as percentages to facilitate comparison of classification performance across classes. These visuals aid in 
analyzing the model's accuracy and potential regions for misclassification. 
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                                            Fig 4: Classification Report                                                                       Fig 5: Accuracy Graph 

  
                    Fig 6: Confusion Matrix without Normalization                                             Fig7: Normalized Confusion Matrix 

VII. DISCUSSION 

A. Performance Comparison with Baseline Methods: 

We evaluated our SVM-based stress detection system's performance against baseline techniques such decision 
trees, neural networks, and k-Nearest Neighbors (KNN). The outcomes demonstrated the SVM model's higher 
resilience and accuracy in real-time stress classification tasks. 

B. Limitations and Challenges 

Despite achieving promising results, our study encountered certain limitations and challenges. These include the 
need for further validation with larger and more diverse datasets, as well as addressing potential biases in stress 
assessment based on individual differences and contextual factors. 

C. Practical Implications and Future Directions 

The real-time stress detection system holds significant implications for various domains, including healthcare, 
workplace wellness, and personal well-being. Future research directions may involve refining the algorithm's 
performance, integrating additional physiological signals, and exploring applications in stress management 
interventions and wearable technology. 
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VIII. OUTPUT  

1. High Stress                                                                                  2. Neutral Stress 

  

                               Fig 8. High Stress                                                                          Fig 9. Neutral Stress 

3. Low Stress 

 

Fig 10. Low Stress 

IX. FUTURE SCOPE 

Enhanced Sensor Array:  
Adding more physiological parameters like respiratory rate, blood pressure, and EEG signals can provide a more 
comprehensive understanding of stress levels, enabling tailored interventions. 

Refined Machine Learning Models:  
Advanced algorithms like Random Forest, Gradient Boosting, and deep learning architectures such as CNNs and 
RNNs can improve classification accuracy and adaptability to diverse populations and environmental contexts. 

Expansion to Different Settings and Populations:  
Research can focus on applying the system in diverse environments and demographics, including low-income 
regions, to address disparities in stress management resources and outcomes. 

Investigation of Advanced Machine Learning Techniques:  
Techniques like federated learning, continual learning, and multimodal fusion strategies offer promising avenues 
for enhancing real-time stress detection capabilities and personalizing intervention strategies. 

Incorporation of IoT Physical Devices:  
Integrating physical IoT devices enables real-world data collection and context-aware stress detection, opening 
up new possibilities for personalized health monitoring and intervention strategies. Considerations include 
interoperability, reliability, security, and user-friendly interfaces.  

X. CONCLUSIONS 

The integration of IoT devices promises a new era of personalized stress management solutions by enabling 
continuous monitoring of stress levels in real-time. By embedding sensors in various environments, the system 
provides early detection and actionable insights for proactive well-being management. Challenges include 
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optimizing sensor accuracy, addressing ethical implications, and ensuring equitable access to healthcare 
resources. Embracing human-centered approaches and fostering digital health literacy are crucial for successful 
adoption and implementation. Overall, IoT-enabled stress management has the potential to revolutionize 
preventive healthcare, empowering individuals to thrive in an interconnected world. 
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