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ABSTRACT 

Real-time stress detection is useful for 

maximising work performance and lowering 

stress during training for dangerous tasks. In 

order to categorise the stress levels of 

unseen data, stress detection systems use 

physiological signals to train a machine-

learning model. Unfortunately, post-hoc 

stress detection and real-time monitoring are 

hampered by individual variability and the 

time-series structure of physiological data, 

which restricts the efficacy of generalised 

models. A customised stress detection 

method that chooses a customised subset of 

characteristics for model training was 

assessed in this research. For deployment in 

real time, the system was assessed after the 

fact. Additionally, a benchmark, optimum 

probability classifier (Approximate Bayes; 

ABayes) was utilised to evaluate the 

inaccuracy caused by indirect 

approximations in standard classifiers. 

Either a straightforward laboratory-based 

activity (N-back, n = 14) or a sophisticated 

virtual reality task (responding to spacecraft 

emergency fires, n = 27) with three stressor 

levels (low, medium, and high) were 

performed by healthy individuals. 

Assessments were made of breathing, heart 

rate, blood pressure, and electrodermal 

activity. Window sizes and customised 

features were contrasted. The classification 

performance of random forests, decision 

trees, support vector machines, and ABayes 

was compared. The findings show that three 

stress levels may be more accurately 

classified by a customised model with time 

series intervals than by a generalised model. 

However, holdout performance and cross-

validation differed between ABayes and 

classical classifiers, indicating inaccuracy 

from indirect approximations. Although the 

chosen characteristics varied depending on 

the activities and window size, blood 

pressure was determined to be the most 

noticeable. Personalised models have the 

benefit of being able to take individual 

differences into account, and this feature is 

probably going to become more prevalent in 

detection systems of the future.  

1. INTRODUCTION  

Even with intensive emergency response 

training, the stress of a real disaster may 

have a detrimental impact on a person's 

reaction.  A series of physiological 

alterations may be brought on by stress.  

Cognitive resources, decision-making, 

situational awareness, and behavioural 

habits [1]. Task performance may be 

negatively impacted by an inability to 

manage the stress of a high-stress situation, 

which increases the chance of mission 

failure, injury, or death [2].  Better results 

may thus result from strengthening one's 

ability to withstand this situational stress via 

enhanced training.  Therefore, tailoring the 
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level of stress in training situations based on 

real-time monitoring of an individual's stress 

reactions may result in more suitable 

management of real-world hazardous 

operations [3], [4].  

 

            Machine learning-based stress 

detection has proven difficult for a number 

of reasons.  First, people vary from one 

another in how they perceive stressful events 

and how their bodies react to them.  By 

extrapolating their models to a large 

population, or the "average" response, a 

number of stress detection techniques have 

sought to simplify their technical aspects 

[3].  Personalised stress detection methods, 

however, could be more resilient to 

individual variances since the stress reaction 

to a particular circumstance is mostly 

subjective [5, 6]. 

 

              The second difficulty is that 

physiological signals' time series nature 

might present issues.  There are features and 

temporal connections in the physiological 

stress response.  Biassed findings might 

arise from these connections as they go 

against the machine learning presumption 

that the data are independently and 

identically distributed [7].  

 

                  Interpreting how well model 

estimates correspond to the actual 

conditional probabilities of a subject's stress 

levels is another difficulty.  In order to 

determine the likelihood that a person is 

under stress based on their physiological 

reactions, stress detection models use 

conventional machine learning techniques 

that provide data-driven approximations.  

These estimates, however, are often 

imprecise and lack a standard by which to 

measure them.  The Bayes theorem is the 

ideal answer in theory, according to 

traditional statistics research, and a classifier 

with the same parameters as the Bayes 

theorem will have the lowest likelihood of 

mistake [8].  The conditional probability of 

each class may be determined using the 

Bayes theorem, which employs an empirical 

density distribution as a true prior 

probability.  Known as maximal a posteriori, 

the classifier chooses the class with the 

highest posterior probability of occurrence.  

The density distributions are approximated 

using machine-learning methods.  A 

classifier that approximates Bayes becomes 

an Optimal Bayes classifier if the classifier's 

density estimates converge to the real 

densities, meaning that the predicted 

probability mirrors the true probability of 

occurrence.  However, since the method 

makes assumptions such predictor 

independence, these approximations may 

vary in accuracy [9].  As a result, the logic 

of the model may be hard to understand.  

Because they are often triggered by the same 

neuro-endocrine axis, physiological systems 

are known to have a high degree of reliance 

with respect to a stress response [10].  Using 

multivariate kernel density estimators, 

several researchers have shown that 

classifiers may take dependencies into 

consideration [11].  A benchmark optimum 

classifier that approximates Bayes using a 

density distribution obtained using 

multivariate kernel density estimation for 

stress detection may thus be useful to 
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compare supervised machine learning 

classifiers against. 

 

                 New methods for analysing time 

series for physiologically based stress 

detection are required in order to provide 

continuous and real-time monitoring of 

stress levels [12].  In order to better measure 

individual stress during staged or actual 

operations, or to adjust training settings to 

better match trainee reactions, real-time 

stress detection may facilitate closed-loop 

automation [13].  Multivariate kernel density 

estimators may aid in improving detection 

accuracy in datasets that include repeated 

measurements at numerous times and 

provide uncertainty due to incompleteness 

or unpredictability, such as multiple 

measures of physiological data [11]. 

 

                The purpose of this study is to 

evaluate the validity, objectivity, and 

dependability of a customised model 

technique in order to solve these issues.  In 

order to account for individual changes in 

physiology, the first study question asks if 

stressor levels may display different levels 

in personalised attributes utilised for the 

classification model.  This will provide 

assurance that the training data represents 

different ground truth levels and that the 

model is built for the right context.  By 

comparing the performance of the time-

series interval approach using a post-hoc 

model between a complex job-specific task 

and a standard laboratory cognitive task, 

window sizes, classifier validation 

techniques, and features chosen for each 

individual, the second research question 

focusses on the system's reliability.  In 

contrast to a Bayes classifier, called 

Approximate Bayes (A Bayes), which 

employs direct approximations of optimal 

stress classes through multivariate kernel 

density estimation, the third research 

question centres on the validity of the 

system by attempting to ascertain whether 

indirect approximations have an impact on 

conventional supervised machine learning 

classifiers.  

 

                 This study is a component of a 

broader development endeavour to create 

VR training scenarios that use real-time 

stress monitoring to dynamically adjust a 

virtual environment [14], [15], and [16].  

The experiment will evaluate a time-series 

interval approach to stress detection for a 

post-hoc model of physiological response 

data, its accuracy in detecting participant 

stress using a collected during stressful 

tasks, and provide the architecture for a real-

time stress detection system that uses this 

classification methodology in order to 

address these research questions within the 

larger system's constraints.  Post-hoc 

validation of a machine learning pipeline 

enables translation to real-time stress 

monitoring and detection applications. 

2. LITERATURE SURVEY 

An Event-Based Method for Stress 

Exposure Training (Performance Under 

Stress) 

T. N. Wollert, J. H. Johnston, E. Salas, and 

J. E. Driskell,  

This chapter's focus is on stress training, or 

training intended to mitigate the negative 

consequences of stress. We believe that 
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research on stress training has been quite 

promising, despite the propensity for writers 

to point out the lack of advancement in any 

one sector. Indeed, compared to ten years 

ago, we now know a lot more about stress 

training. A significant improvement over 

earlier conceptualisations of stress training 

has been made by a number of important 

books (Cannon-Driskell and Salas, 1996; 

Bowers and Salas, 1998), book chapters 

(Johnston and CannonBowers, 1996; Keinan 

and Friedland, 1996), technical reports 

(Staal, 2004; Helmus and Glenn, 2005; 

Kavanagh, 2005), and research articles 

(Saunders et al., 1996; Morris, Hancock and 

Shirkey, 2004). 

"Evidence report on the risk of performance 

errors due to inadequate training," 

According to I. Barshi and D. L. Dempsey, 

human performance failures may arise from 

issues related to operating in a space 

environment and instances when crews have 

failed to collaborate and cooperate 

efficiently with one another or with flight 

controllers. Act performance and mission 

accomplishment will be impacted by 

interpersonal conflict, miscommunication, 

and misunderstanding. In terms of team 

cohesiveness, training, and performance, the 

history of S-Paceflight crews has not been 

statistically documented. To lower the risk 

of this ri sk and enhance crew performance, 

training, support, and training methods 

should be made available. — Human 

Research Program Requirements Document, 

HRP-47052, Rev. C, dated January 2009. 

Movie evenings and musical performances 

are two examples of shared entertainment 

aboard the International Space Station that 

foster teamwork while offering rest and 

relaxation. 

"Using context to monitor stress with a wrist 

device," 

M. Luštrek, M. Gams, H. Gjoreski, and M. 

Gjoreski  

Dealing with stress' detrimental effects on 

one's health and finances may be 

significantly aided by being able to identify 

it when it happens. However, it is difficult to 

use an inconspicuous wrist gadget to detect 

stress in real life. The goal of this research is 

to create a stress detection technique that 

can reliably, consistently, and covertly track 

psychological stress in everyday situations. 

We first investigate the issue of stress 

detection in lab settings using machine 

learning and signal processing approaches, 

and then we apply the information gleaned 

from the lab to actual data. We provide a 

brand-new context-based technique for 

stress identification. The method is 

composed of three machine-learning 

components: a context-based stress detector 

that uses the outputs of the activity 

recogniser, laboratory stress detector, and 

other contexts to provide the final decision 

at 20-minute intervals; an activity recogniser 

that continuously recognises the user's 

activity and thus provides context 

information; and a laboratory stress detector 

that is trained on laboratory data and detects 

short-term stress every two minutes. Tests 

using 55 days of real-world data revealed 

that the approach had a 95% accuracy rate in 

detecting (recalling) 70% of stress 

occurrences. 
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"Adaptive virtual reality-based training: A 

comprehensive framework and literature 

review," 

A. M. A. Razak and M. Zahabi,  

By immersing people in a virtual world, 

virtual reality (VR) offers the opportunity to 

teach them how to handle complicated 

circumstances. VR-based training has been 

used in a variety of fields; however, for it to 

be successful, it must be tailored to the 

requirements, performance, and capabilities 

of the user. Performance metrics, adaptive 

logic, and adaptive variables were all 

included in the framework for adaptive VR-

based training that this research offered. 

Using the Compendex, Web of Science, and 

Google Scholar databases, a comprehensive 

literature study was carried out to determine 

the adaptive VR-based training 

methodologies used in various fields. The 

findings showed that real-time 

kinematic/kinetic data and physiological 

measurements from the user, offline 

measurements like the trainee's profile 

information, adaptations on controlled 

simulation elements, modifying the type, 

timing, and content of feedback, and the use 

of reinforcement learning algorithms can all 

enhance adaptive VR-based training. 

Longitudinal research contrasting adaptive 

and non-adaptive training methods are 

required to further substantiate the 

suggestions made in this study. 

"A survey on stress detection in everyday 

life scenarios using wearable sensors and 

smartphones," 

B. Arnrich, C. Ersoy, and Y. S. Can  

In today's world, stress has emerged as a 

major contributor to several illnesses. 

Smartphones, smartwatches, and smart 

wristbands have all become commonplace 

devices and an essential part of our lives in 

recent years. This prompted the issue of 

whether wearable sensors and cellphones 

can identify and stop stress. This study will 

look at current studies that use wearable 

technology and cellphones to detect stress in 

everyday life. There are many research on 

stress detection in controlled laboratory 

settings, but there aren't many that look at 

stress detection in everyday life. We shall 

categorise and examine the works based on 

the physiological modality that was 

employed and the context that they were 

intended for, including the workplace, 

campus, automobile, and unconstrained 

everyday situations. Additionally, we will 

talk about research hurdles, alleviation 

strategies, and potential ways. 

3. SYSTEM ARCHITECTURE  

 
 

4. EXISTING SYSTEM 

 

In order to preserve physiological integrity 

in the face of shifting environmental 

demands, the neurological and endocrine 

systems cooperate during the physiological 

stress response. Neither physiologically 

independent nor statistically orthogonal, the 

time course of the physiological reactions to 

stress differs depending on the system and 
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the length and severity of the stressor. 

Following a psychological evaluation of a 

stressor, brain ganglia circuits are triggered 

almost immediately, eliciting rapid reactions 

via local neurotransmitters. For instance, a 

sympathetically-mediated rise in heart rate 

takes place within a few seconds (5–10 s), 

but vagal withdrawal disinhibits heart rate in 

milliseconds [10]. About 1–5 seconds 

following stimulation, the eccrine sweat 

glands of the hands and feet open as a 

consequence of sympathetic and sudomotor 

activity [17]. However, it takes longer for 

the physiological reactions brought on by 

circulating substances to show themselves. 

The adrenal medulla secretes epinephrine, 

which has circulatory effects that last 

anywhere from milliseconds to minutes. On 

the other hand, the adrenal cortex starts 

producing cortisol 5–10 minutes after the 

stressor starts, and it peaks 20–30 minutes 

later [18]. These mechanisms may work 

alone or in concert to enhance (e.g., 

memory, muscular activation) or decrease 

(e.g., digestion, reproduction) the function 

of the target organs. 

 

The potential benefit of continually 

monitoring stress levels in real-time is 

driving the ongoing evolution of stress 

detection, which uses machine learning to 

categorise these physiological reactions into 

stress levels [12], [21]. Systems for 

detecting stress have been created for semi-

urban drivers [22], [23], patients receiving 

virtual reality treatment [24], persons in 

offices [25], and those who need assistance 

in coping with everyday stress [21], [26], 

[27], [28], [29], [30]. Numerous human-

machine interfaces (HMIs) that can both 

monitor stress and infer the user's cognitive 

state to modify system operation may also 

utilise stress detection [31]. Wearable 

technology, speech recognition software, 

eye tracking software, facial expression 

analysis, and brain/body computer interfaces 

are a few examples of HMIs that may make 

use of stress detection [12], [32]. 

Nevertheless, the accuracy of stress 

detection may differ based on the particular 

technology and method used, and these 

HMIs may not be able to identify stress in 

every person [33]. 

  

In order to categorise the stress level, these 

detection systems gather data on stress 

reactions from either objective physiological 

sensors or subjective psychological 

measures. These data are then converted into 

independent variables known as features. 

Skin temperature (ST), electrocardiogram 

(ECG), respiration (RSP), 

electroencephalogram (EEG), electrodermal 

activity (EDA), and blood volume pulse 

(BVP) are examples of frequently used 

sensors [33]. Changes in the time intervals 

between heartbeats, which quantify Heart 

Rate Variability (HRV) via time-domain, 

frequency-domain, or nonlinear analysis, 

have been the major source of stress indices 

for an ECG signal. The activation of the 

sympathetic and parasympathetic nervous 

systems has been linked to HRV 

measurements. However, the time series 

aspect of physiological data is overlooked 

when trying to determine stress levels only 

from signal amplitude. Long-term 

measurements of physiological systems may 

http://www.ijerst.com/
https://doi.org/10.62643/ijerst.2025.v21.i2.pp632-641


  Vol. 21, Issue 2, 2025 

ISSN 2319-5991 www.ijerst.com 

 Int. J. Eng. Res. & Sci. & Tech. 2025 
 

 

 

https://doi.org/10.62643/ijerst.2025.v21.i2.pp632-641  
 

638 

reveal correlations, involve both 

deterministic and stochastic components, 

and be simultaneous and linked (e.g., 

breathing may affect heart rate) [34]. 

Features that measure the distribution of 

data points, variation, correlation 

characteristics, stationarity, entropy, and 

nonlinear properties are the best ways to 

describe stress sensor signals because they 

are continuous ordered qualities [35]. 

 

Disadvantages 

• Data complexity: In order to detect stress, 

the majority of machine learning models 

now in use need to be able to correctly 

comprehend large and intricate datasets. 

• Data availability: In order to provide 

precise predictions, the majority of machine 

learning models need a lot of data. The 

accuracy of the model may degrade if data is 

not accessible in large enough amounts. 

• Inaccurate labelling: The accuracy of the 

machine learning models that are now in use 

depends on how well the input dataset was 

used for training. Inaccurate labelling of the 

data prevents the model from producing 

reliable predictions. 

 

5. PROPOSED SYSTEM 

 

The creation of a customised physiological-

based stress detection system that uses 

feature selection on time-series data 

intervals to categorise acute stress is 

described in this research. The physiological 

signals of participants were recorded for 

three stressor levels during either a 

spaceflight emergency fire process on a VR 

International Space Station (VR-ISS) [46], 

[47], or a well-validated and simpler N-back 

mental workload job [48] in order to train 

the machine learning model.  

 

Machine learning techniques have been used 

in a number of earlier research to identify 

stress brought on by N-back tasks, both by 

themselves [48], [50], and in conjunction 

with another task particular to a certain 

employment [51]. Thus, the system's 

dependability may be evaluated for various 

stress detection tasks by comparing a job-

specific VR-ISS task to the N-back using the 

same customised method. Features were 

chosen for each participant at various 

interval window widths, and the classifier 

model was trained using those customised 

features before the prediction accuracy of 

the classifier was evaluated. The 

investigation will examine which 

characteristics are most often chosen for 

each person based on window size and how 

this affects classification performance since 

the stress reaction is intricate and frequently 

unique. In order to mimic how the model 

may function on unseen data as an analogue 

for real-time deployment, classifier 

performance was evaluated using both 

holdout and cross-validation validation 

approaches.  

 

Advantages 

 

In order to determine whether traditional 

classifiers are limited in their ability to 

approximate the optimal Bayes solution, the 

novelty and contribution of this research are 

to demonstrate that stress detection may 

benefit from the use of personalised time 
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series approaches to quantify temporal 

patterns in physiological signals, that certain 

features may be better at different windows 

sizes, and that this approach has a suitable 

performance for detecting stress for a VR 

spaceflight emergency training procedure. 

6. IMPLEMENTATION  

Modules Description 

Service Provider 

The Service Provider must use a working 

user name and password to log in to this 

module. He can do a number of tasks after 

successfully logging in, including browsing 

and training and testing data sets. See the 

Bar Chart for Trained and Tested Accuracy. 

View Accuracy Tested and Trained Results, 

View the Stress for Hazardous Operations 

Detection Status Ratio, View the Stress 

Prediction of Hazardous Operations 

Detection Status, Get Predicted Data Sets 

here. View the results of the Stress for 

Hazardous Operations Detection Status 

Ratio. See Every Remote User. 

 

View and Authorize Users 

The administrator may see a list of all 

registered users in this module. Here, the 

administrator may see the user's 

information, like name, email, and address, 

and they can also grant the user permissions. 

 

Remote User 

A total of n users are present in this module. 

Before beginning any actions, the user needs 

register. Following registration, the user's 

information will be entered into the 

database.  Following a successful 

registration, he must use his password and 

authorised user name to log in. Following a 

successful login, the user will do tasks like 

registering and logging in, as well as 

anticipating stress for potentially dangerous 

procedures. Detection Type, Profile View. 

7. SCREEN SHOTS 
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8. CONCLUSION 

 

This study assessed the objectivity, validity, 

and reliability of a real-time stress detection 

system utilising a personalised time-series 

interval method in order to solve the 

difficulties posed by the wide variations in 

individual stress responses and the time-

series structure of physiological data. The 

ability of the easy and complicated activities 

to produce different stress levels allowed 

them to be used as ground truth for machine 

learning. Understanding which sensors and 

characteristics were helpful for different 

time periods was made possible by an 

analysis of the window widths. It was 

discovered that the customised model 

performed better than the generalised model. 

Additionally, it assessed the impact of 

supervised machine learning classifiers' 

indirect approximations in comparison to the 

benchmark optimum classifier, A Bayes. 

Indirect approximations were shown to have 

a slight to moderate impact on classifier 

accuracy (ranging from -11% to +14% of A 

Bayes). Comparing the present results with 

previous studies on multi-class stress 

detection, it seems that a personalised 

system performs promisingly. When 

choosing HMIs, sensors, and features for 

models, researchers should exercise caution 

since they may not take intra- and inter-

individual variations in stress physiology 

into consideration. Future research will 

examine these customised stress detection 

systems in further detail with the goal of 

putting strategies into practice that take into 

consideration variations in the individual's 

stress response and physiological signals 

over time. 
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