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ABSTRACT

Stress has emerged as a critical problem in the healthcare domain owing to factors such as
work overload, unhealthy lifestyles, academic stress, and psychological stress. Stress that
continues for a prolonged period may impact both physical and psychological well-being and
lead to various issues such as anxiety, heart problems, tiredness, and insomnia. The
emergence of new technologies such as artificial intelligence (AI), machine learning (ML),
the Internet of Things (IoT), and biomedical sensors has driven the evolution of intelligent
stress and healthcare monitoring systems. The survey covers different methods of stress
monitoring, which include the use of facial emotion recognition, ECG, heart rate monitoring,
SpO2, sleep pattern analysis, wearable technology, implantable biosensors, and Internet-of-
Things (IoT)-based healthcare monitoring systems. The review includes machine learning
and deep learning techniques such as SVM, CNN, and ANN for detecting stress.
Additionally, the survey discusses sensor-based healthcare monitoring and several recently

introduced Al-based techniques for mental health and remote patient monitoring.
KEYWORDS: Stress Detection, Smart Healthcare Monitoring, Emotion Recognition.

INTRODUCTION
The rapid development of intelligent technologies in healthcare has revolutionized modern
healthcare by enabling the monitoring of human physiological and psychological parameters

of humans. In healthcare, stress is among the factors that play a crucial role in influencing
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people's health of people. Overstress can result in serious diseases like heart disease, anxiety,
depression, insomnia, fatigue, and emotional instability [1]. Hence, monitoring of stress,
along with mental well-being assessment, has become an active research area in biomedical
engineering and healthcare informatics. sThe conventional stress assessment techniques rely
heavily on subjective clinician observation, surveys, and psychological testing tools, which
do not provide continuous, real-time health tracking. Thanks to recent breakthroughs in Al,
ML, DL, IoT, and biomedical sensors, it is now possible to develop intelligent healthcare
monitoring solutions that automatically analyze physiological and emotional states [2]. The
analysis of physiological signals such as ECG, heart rate variability, SpO2, sleep state, and
facial expressions can provide insight into the state of our stress levels and overall mental
well-being [3].

Several scholars have proposed intelligent stress-monitoring systems based on facial emotion
recognition, biosensors, wireless sensors, and biomedical signal analysis. Some machine
learning methods commonly employed to classify stress states and predict future health status
include SVMs, ANNs, Decision Trees, and CNNs [4]. The use of wearable healthcare devices
and IoT-based monitoring technologies enables remote patient monitoring, telemedicine, and
the real-time collection of physiological data [5]. Intelligent healthcare systems enhance
preventive care by facilitating early identification of anomalies and automated health status
analysis. Despite considerable progress that has been made, current healthcare monitoring
systems still have certain limitations like signal noise, problems with sensors, small datasets
for training, complexity in computation, privacy issues, and real-time healthcare monitoring
issues [6]. Moreover, currently used healthcare monitoring systems usually deal with a single
physiological parameter rather than integrating all possible physiological parameters. Thus,
an increasing demand for such a health care system becomes obvious, which can integrate
such aspects as emotion analysis, physiological monitoring, biomedical signals, and decision
making in the healthcare domain.

In this survey paper, an extensive study on emotion-aware stress detection and smart
healthcare-monitoring systems based on the use of Al-driven approaches, biomedical sensors,
and physiological signal processing techniques has been performed. In this regard, machine
learning, sensor monitoring systems, wearable healthcare devices, electrocardiogram and
oxygen saturation monitoring techniques, emotion recognition from faces, and Internet of
Things (IoT)-driven healthcare platforms for stress analysis and mental health monitoring

have been explored. Comparative analysis regarding previously conducted studies has also
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been provided in relation to methodology, merits, demerits, and applications. Besides, major

challenges and future research directions have been proposed.

PROBLEM: EXISTING STRESS DETECTION AND HEALTH MONITORING SYSTEMS
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RESEARCH BACKGROUND: There has been an increase in the focus on stress detection
and intelligent healthcare in the last few years because of the ever-increasing effects of
mental stress on the physical and psychological well-being of human beings. Persistent stress
causes problems like cardiovascular diseases, anxiety, depression, tiredness, insomnia, and
decreased productivity. In the conventional approach of healthcare systems, only observation
and diagnosis can be carried out by experts manually; however, it is not enough to provide
continuous stress analysis. Consequently, intelligent healthcare methods have been developed
in the form of WBAN, facial recognition, wearable biosensor technology, etc.

WBANSs have proved to be quite useful in implementing continuous health monitoring and
communication of healthcare data. Himanshu et al. [7] reviewed the design of health
surveillance systems based on the technology of WBANs. They emphasized the role of
wireless biomedical sensors in providing smart healthcare solutions. In a similar vein,
Jovanov et al. [10] suggested an approach based on a distributed wireless intelligent sensor
network that could be employed in stress monitoring and assessment. Their study showed

how the physiological signals from wireless distributed sensors can help in conducting
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automated stress analysis. The study of facial expression is another significant topic that has
been studied extensively in terms of detecting emotions and stress. Kumar et al. [8] analyzed
face expression observation systems and highlighted the significance of facial expression
recognition to analyze human behavior and their health status. Facial expressions are a key
source of information about emotional state and psychological stress.

There have been various studies carried out in regard to the use of AI models in intelligent
stress monitoring systems. Liao et al.[9] have developed an online stress-monitoring system
for humans utilizing the concept of a Dynamic Bayesian Network (DBN). They proved the
efficiency of probability-based AI models in analyzing physiological and behavioral signs of
stress. Another study was carried out by Lee et al. [11], whereby the authors suggested an
intelligent stress monitoring system utilizing PDA devices for the purposes of mobile health
care. There are specialized health-monitoring systems designed specifically for people with
medical problems. The system of stress monitoring for people with autism spectrum disorders
(ASD) was suggested by Tomczak et al. [12]. This work demonstrated that physiological
monitoring and intelligence of health-care monitoring systems were important issues
regarding support of patients suffering from various psychological problems. The
groundwork for the development of stress-monitoring systems was laid earlier by Swolfs &

Walsh [13] in their theoretical work.

AI-BASED TECHNIQUES FOR STRESS DETECTION AND SMART
HEALTHCARE MONITORING

1. Machine Learning-Based Stress Detection:

The Machine Learning technique of artificial intelligence is one of the most popular
approaches to detecting and monitoring stress. The machine learning approach studies the
physiological and emotional data and identifies the patterns for recognizing stress and
diagnosing mental diseases. Some of the common physiological parameters for measuring
stress using machine learning techniques include heart rate, ECG, SpO2, respiratory patterns,
and sleep patterns. Nath et al. [1] discussed different machine learning applications for stress
detection in real time. Machine learning techniques such as SVM, decision trees, and random
forests are among the most popular approaches for stress recognition. In addition, Liao et al.
[2] developed a real-time system for stress monitoring in humans with the use of Dynamic
Bayesian Networks (DBN). The research by Liao et al. [2] demonstrates the ability of
probabilistic models in Al to accurately identify stress symptoms. Machine learning is an

extremely valuable tool for analyzing healthcare data as it helps to identify hidden patterns.



http://www.ijarp.com/

International Journal Advanced Research Publication

Collect physiological and

1. DATA ACQUISITION
behavioral signals

“He
—JV\— | ECG
‘ '3 Wy
VB
( Q" | Heart Rate
N =
‘/ @\\ Skin
"\ \&/ ) Conductance
i //_\\
} \\dﬁ | Respiration
)
7 a X
{ Q/J SpO;
\
\/ § g\“ Body
\ @/ Temperature

7\
) Activity
%)

Sources
« Wearable Sensors
* Mobile Devices
+ Smart Bands
« loT Health Devices

Machine Learning-Based Stress Detection

From Physiological Signals to Stress Prediction

2. PREPROCESSING
Remove noise and artifacts,
normalize the signals
ECG Signal
PRIV IR ISP R O
L 4
BT o L T
GSR Signal
T [P VTRV TN
L
NANINAN NN A,

Respiration Signal
NGNS RATN,,

$
A Qaa A aa

PPG Signal

SLANNNANA
A
PRENGIERIEIDITEN,

v Noise Removal
v Filtering

v Normalization
v Segmentation

+ Entropy

+ Poincaré Plot

+ Fractal Dimension
+ Sample Entropy

3. FEATURE EXTRACTION

Extract meaningful features
from signals

Time Domain Features

Mean, Median

« Standard Deviation
+ RMSSD, SDNN
« Peak to Peak Interval

Frequency Domain Features

ik

Nonlinear Features

* LF Power |
+ HF Power

+ LF/HF Ratio

+ Spectral Entropy

Statistical Features

+ Skewness \

+ Kurtosis /

+ vy p N
+ Correlation

Feature Vector

4. MACHINE LEARNING MODELS
Train ML algorithms to
classify stress levels

Support Vector Machine

Training Process
« Train Model
« Cross Validation
* Hyperparameter Tuning

5. STRESS DETECTION
Predict stress level
in real-time

Random Forest
I STRESS LEVEL
o o
i Sl S A TR G ( ) Relaxed
- » ‘ (Low Stress)
k-Nearest Neighbors
" o ‘s «\ Moderate Stress
/. °® = (Medium)
soi(@)]°%
Sianie d ‘ High Stress
(Severe)

Real-time Monitoring
& Alert System

[v] =4
“ Healthcare & ’ Mental Health Industrial Safety adimone
Stress Monitoring Telemedicine ‘@&=® Support Monitoring

o]
APPLICATIONS m Workplace
Wellness

Figure 2: ML-Based Stress Detection Method.

2. Deep Learning (DL)-Based Emotion Recognition: The deep learning algorithms have
been proven to be very efficient when it comes to facial emotion recognition as well as
intelligent healthcare. The deep learning algorithms automatically recognize features of the
face and physiological parameters without any need for manually extracting features. The
convolutional neural networks (CNNs) have been extensively used for the recognition of
emotions using facial expression due to their high level of accuracy in classifying images. An
Al-powered multimodal approach to monitoring the mental well-being of individuals was
developed by Kanimozhi et al. [3], which used deep learning algorithms to detect stress in
students. The researchers were able to show that deep learning algorithms greatly enhanced
accuracy in emotion recognition and stress analysis. Deep learning algorithms have proven
particularly beneficial in healthcare applications as they can better deal with big data, images,
illumination, and emotions.

3. Artificial Neural Network (ANN)-Based Healthcare Monitoring: Artificial Neural
Network (ANN) models are Al models that are created based on the architecture and
functioning of the human brain. The ANN models comprise interconnected neurons to
process healthcare data and produce predictions. Applications using ANNs include the
analysis of physiological signals, predicting diseases, classifying electrocardiograms, and

monitoring stress conditions.
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Figure 3: ANN-Based Health Monitoring.

4. Al-Based Wearable and IoT Healthcare Systems: The combination of Artificial
Intelligence, along with the Internet of Things and wearable biosensors, has made great
improvements in monitoring real-time healthcare and analyzing patients remotely. The
physiological signals gathered by wearables are analyzed through intelligent algorithms in an
Al-based IoT to detect stress and predict future healthcare outcomes. Wearable health care
solutions allow one to monitor their heartbeat, oxygen level, ECGs, sleep quality, and
physical activities constantly. Nagayo et al. [5] have designed a stress monitoring system
based on the concepts of Al and IoT, which can be used to raise awareness of the mental state
in learning organizations. This research clearly highlighted how smart healthcare can analyze
physiological conditions and give healthcare recommendations automatically.

5. Al-Based Biomedical Signal Analysis: Analysis of biomedical signals is one more
interesting application of Al technologies utilized in healthcare monitoring and stress
analysis. Physiological signals, including electrocardiography, electroencephalography,
electromyography, and respiratory signals, possess useful data related to the psychological
and physiological conditions of patients. This approach helps detect problems in heart
functioning, abnormal physiological state, fatigue, and emotional stress. Altabey and Noori
[6] considered artificial intelligence applications to structural and healthcare monitoring

systems that are based on the analysis of biomedical signals and smart predictive models.
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This method allows for the detection of hidden physiological disorders and facilitates

healthcare decision-making through automated diagnosis systems.
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Figure 4: AI-Based wearable and IoT Healthcare System.

Table 1: Comparative Analysis of AI-Based Stress Detection and Healthcare Monitoring

Techniques.

Technique | Working Input Data | Advantages Limitations Applications
Principle

ML-Based | Uses ML | ECG, heart | Simple Requires Stress

Stress algorithms such | rate,  sleep | implementation, | manual feature | monitoring,

Detection as SVM, | pattern, good extraction, mental-
Decision Tree, | SpO2, classification performance health
Random Forest, | physiological | accuracy, lower | depends on | analysis,
and KNN to | signals computational | dataset quality | healthcare
classify stress complexity prediction
levels based on
extracted
features.

DL-Based | Uses deep | Facial High accuracy, | Requires large | Facial

Emotion neural networks | images, automatic datasets and | emotion

Recognition | such as CNN | video feature high recognition,
and LSTM for | streams, extraction, computational depression
automatic ECQG, speech | handles resources analysis,
feature signals complex stress
extraction and patterns detection
emotion
classification
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from facial

images and

physiological

signals.
ANN-Based | ANN models | ECG, heart | Adaptive Training Healthcare
Healthcare | learn nonlinear | rate, learning complexity, monitoring,
Monitoring | relationships respiration capability, good | overfitting disease

between rate, SpO2, | prediction possibility, prediction,

physiological biomedical accuracy, higher training | stress

parameters and | signals efficient time classification

healthcare nonlinear

conditions analysis

using

interconnected

neurons.
Al-Based Combines Wearable Real-time Security/privacy | Smart
Wearable wearable sensor data, | monitoring, concerns, healthcare,
and IoT | sensors, IoT | ECG, SpO2, | remote network remote
Healthcare | communication, | activity healthcare dependency, patient
Systems and Al | monitoring, | support, sensor monitoring,

algorithms for | sleep data continuous data | reliability issues | telemedicine

real-time acquisition

physiological

monitoring and

cloud-based

healthcare

analysis.
Al-Based Uses Al and | ECG, EEG, | Accurate Sensitive to | Cardiac
Biomedical | signal- EMQG, abnormality signal noise and | monitoring,
Signal processing respiration detection, artifacts, arrhythmia
Analysis techniques  to | signals, supports complex detection,

analyze biomedical automated preprocessing biomedical

biomedical waveforms diagnosis, required diagnosis

signals and efficient signal

detect interpretation

abnormalities in

physiological

behavior.

The analysis showed that some of the strengths of artificial intelligence healthcare include

automated stress detection, continuous physiologic monitoring, intelligent healthcare,

identification of abnormalities earlier on, and preventive healthcare. Nevertheless, Al-based

healthcare systems also suffer from certain weaknesses in the form of signal noise, small

dataset size, privacy issues, excessive computational needs, inaccurate sensors, and lack of

healthcare models with multi-parameter analysis. Hence, future healthcare systems will need

to be designed in a way that enables them to be intelligent, secure, inexpensive, and fast,
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integrating emotions, physiology, biomedical signals, and artificial intelligence into one smart

healthcare system.

CONCLUSION

Stress detection and intelligent healthcare systems have become very important research
topics because of the effect of psychological stress on the physical and mental well-being of
individuals. The recent developments in technologies such as Al, ML, DL, IoT, wearable
biosensors, and biomedical signal processing have greatly aided in developing advanced
smart healthcare monitoring systems that can detect physiological and psychological
information in real time. This survey paper provides an extensive review of the development
of emotion-aware stress detection and smart healthcare monitoring systems through Al-based
techniques, physiological sensing, and intelligent healthcare systems. The study examined
several ways of analyzing stress conditions, which include facial emotion recognition, ECG
analysis, heart rate analysis, SpO2 analysis, wearable healthcare technologies, wireless sensor
network technologies, implantable biosensors, and Internet of Things (IoT)-based healthcare.
Several Al approaches, such as the SVM, the ANN, the CNN, the DBN, and biomedical
signal analysis, have been examined. Analysis comparing previous research work pointed out
the advantages and drawbacks of current approaches to stress detection and healthcare
analysis. Future work includes stress analysis through deep learning techniques, cloud
computing for healthcare systems, wearables, real-time loT applications for healthcare
monitoring, multimodal analysis of physiological signals, and personalized recommendations
for healthcare. The combination of Al, biomedical sensing technologies, and intelligent
healthcare systems has the potential to greatly benefit mental health monitoring, stress

management, remote monitoring, telemedicine services, and preventive healthcare systems.
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