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Abstract: This proposed new method addresses the problem by wearable sensors with SVM
classification to predict stress for personalized mental health treatment. We propose a new method
that uses a wearable device for collecting real-time Heart Rate Variability (HRV) and applies the
SVM algorithms of preprocessing to classify stress in real time and provide personalized
interventions. The proposed method was proved to have a good effect in detecting stress in real-time.
The experiments were done on a dataset collected from wearable devices. When compared with
other traditional methods, the SVM model achieved an accuracy of 88%. The result indicates that the
wearable sensors with the SVM method can provide personalized mental health treatment. Real-time
stress detection and intervention could help individuals to live a better life.

Keywords— Wearable sensors; Support Vector Machine (SVM); Mental health; Stress detection; Heart Rate
Variability (HRV); Real-time monitoring; Personalized treatment; Machine learning; Physiological signals
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1. INTRODUCTION

The increasing prevalence of mental health
disorders, including stress, anxiety, and depression,
poses a major global public health problem. In
particular, existing mental health assessments with
self-report questionnaires and clinical interviews are
often subjective, rely heavily on self-report and
retrospective accounts, and are unable to provide
real-time information on physiological changes
related to mental health status[1]. With the
development of wearable electronic technologies,
there is a continuous and objective way to track
mental health every minute of the day. Wearable
sensor devices, such as those embedded in smart
watches or fitness trackers, enable real-time
monitoring of physiological signals, such as heart
rate variability (HRV), which allows for more
accurate and dynamic mental health monitoring[2].
Specifically, HRV signifies the differences in time
between successive heartbeats and is strongly related
to the function of the autonomic nervous system.
HRV has long been considered to be a reliable
indicator of perceived stress levels, as well as an
overall measure of emotional health over time [3].
Continuous HRV monitoring captures a real-time
picture of how stress states are changing over the
day. Given the increasing interest in the use of
wearable devices to facilitate health care, the capacity
to continuously track HRV provides an objective,
non-invasive method of recording stress in the course
of daily life[4].Alongside wearable technology, ML
techniques, especially SVM-based (Support Vector
Machines), are very effective in processing and
analyzing the intricate data provided by those sensors
[5]. SVM is a powerful classifier technique with good
accuracy on a wide variety of tasks, being able to
separate complex datasets quite well, and also
performs very well on mental health-related
applications due to its ability to deal with high-
dimensional data, such as HRV[6]. SVM has been
recently adopted to detect mental stress by using
patterns on the HRV data and to the classification of
stress states based on the detection of HRV values in
real-time, enabling the classification of the user’s
stress levels accordingly[7]. We can, therefore,
understand that applying SVM-based classifiers on
wearable sensor data such as the ones that are
described can help with classifying the user’s stress
levels and allow some kind of real-time intervention
[8].Prior evidence shows the value of combining
wearable technology with machine learning for
mental health monitoring. Overall, wearable sensors
can assess physiological stress across the invisible
dimension with real-time feedback to the individual
[9]. Wijsman et al. (2011) indicated that wearable

sensors can track physiological signals for stress
detection [9]. Betti’s et al. (2018) study further
confirmed that wearable physiological sensors (eg,
wrist-worn devices such as Fit bit and Garmin)
contribute towards the detection of mental stress in
the workplace environment. In addition, this strategy
is easily scalable, as it could be applied to different
populations. Wearable devices are becoming more
accessible, and this mental health monitoring through
continuous data collection and real-time stress
detection based on HRV could increase the likelihood
of such devices being widely adopted [10].
Moreover, real-time feedback and stress-reduction
interventions could be given when wearables detect
based on HRV that a user is experiencing high levels
of stress. The user could be directed to engage in
stress-reduction exercises, such as deep breathing or
mindfulness exercises. This real-time feedback loop
could be a valuable tool in helping a person
proactively manage their mental health status. While
the promise of wearable sensors and machine
learning for stress detection is real, some hurdles
remain. For example, real-time algorithms must be as
accurate as possible, and as computationally efficient
as possible to work effectively. Moreover, users’
sensitive health data must be sufficiently secure and
private to motivate their use of wearable-based
mental health monitoring systems. Moving forward,
wearable technology and machine learning will likely
continue to advance, and the incorporation of these
tools into treatment strategies for mental health will
have the potential to fundamentally transform care
delivery.

2.Materials and Methods
2.1 Wearable Sensor System

The study uses a PPG-based sensor worn inside the
smart watch which follows HRV (the time variation
of the beat-to-beat intervals) to estimate the stress
level of the wearer. The sensor monitors the blood
volume changes in the microvascular bed and
converts the changes into HRV signal.

The HRYV signal, x(t), is pre-processed with filtering
techniques to remove noise and get the correct time
series measurement. Then the time-domain feature of
RMSSD is extracted by a simple computation:

where N is the number of HRV data points, and xi
represents the individual HRV value. RMSSD is a
robust measure of short-term heart rate fluctuations,
it is a reliable stress marker. Preprocessing and
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feature extraction from raw data would enable the
detection of stress in real time from wearable sensors.

2.2 HRV Feature Extraction

The extracted time-domain and frequency-domain
features are used to classify the stress level of the
corresponding HRV data gathered from the wearable
sensor. The ratio between the power component of
low-frequency (LF) and high-frequency (HF) of the
PSD is one of the important frequency-domain
features. The PSD of the HRV data is determined by
the Fast Fourier Transform (FFT) as shown in Figure
3 below. The components of LF and HF are
identified through this process of FFT. The ratio of
LF/HF is calculated as

_2LrP()
LF/HF——ZHFP(f)' ....(2)

Where P(f) is the power at frequency f. This ratio
serves as a physiological marker and is widely used
as an indicator of stress. Higher LF/HF values
indicate greater sympathetic activity and higher
stress. These features act as data points for further
training of machine learning models for stress
classification.

2.3 SVM for Stress Detection

A Support Vector Machine (SVM) is used for
classifying either stressed or non-stressed states using
the automatically extracted HRV features. SVM is a
supervised learning model that is trained on labeled
data points. In the process of training, the model
learns the optimal separating plane that effectively
classifies between stressed and non-stressed states.
The SVM classification function is:

f(x)=w-x+b....(3)

where w is the weight vector, x is the input feature
vector, and b is the bias term. SVM maximizes the
distance between the two classes — stressed and non-
stressed — to minimize misclassification errors, and
generalizes well to new incoming data. The trained
model is then ready to classify each incoming real-
time HRV data to monitor stress in a continuous
manner using the physiological data.

2.4 Real-Time Classification and Stress Scoring

(PPNED RESERG
'

%
%,
‘Y(A\

WOTDISCIPL
0,
%

ISSN : 2583-1100

After training, the SVM model can classify new
instances of HRV data in real time, with feedback
provided at the end of a two-second time window and
a stress score generated for each time window of
HRV data. where the score SSS is derived from the
SVM output using the sigmoid function:

_ 1
S= T ..(4)

The stress score results from an algorithm processing
the HRV and ranges from 0 to 1, with a higher value
associated with a greater likelihood of stress.
Therefore, the system returns personalized real-time
classification, which enables continuous monitoring
of stress. This continuous classification of stress is
maintained by dynamically  updating the
classification whenever a new HRV value is
available, ensuring that the user is notified about the
onset of a potentially stressful event in real-time.

2.5 Experimental Setup and Evaluation Metrics

The performance of the stress detection system is
evaluated using accuracy, precision, recall, and F1-
score. Accuracy is computed as:

TP+TN

Accuracwm ...... (5)

Where TP stands for true positives, TN for true
negatives, FP for false positives and FN for false
negatives. The data was collected from 50
participants, who wore the HRV monitoring device
for seven days. The data collected in real-world
scenarios helped train the SVM classifier. Python’s
scikit-learn library was used to process the collected
data and evaluate any model performance in the
detection of stress. The SVM classifier was evaluated
for its performance in real-world scenarios to
determine whether it is suitable for real-time mental
health interventions.



Janjhyam Venkatanaga Ramesh

Start

l

Time-Domain

LF/HF Ratio
Calculation

RMSSD Feature Frequency- SVM for Stress
Extraction omain Features Detection

Real-Time

+— Freprocessing

Figure 1: Stress Detection Framework Using
Wearable Sensors and SVM

The flowchart describe the use of wearable sensors
and SVM which has several stages including data
collection,  preprocessing,  features extraction,
classification and real time feedback, in order an
enable continuously evaluation of stress.

3.Results
3.1 Stress Detection Accuracy

The model was trained with labelled HRV data
detected from wearable sensors and validated with
the data in which stress onset is not known (test data).
The accuracies of the proposed model (SVM driven),
logistic regression model, and decision trees with the
stress data set are compared in Figure 1.

Figure 1: Accuracy Comparison of Stress Detection Methods

Figure 2: Accuracy Comparison of Stress
Detection Methods

Figure 2 represents the accuracy of SVM, logistic
regression, and decision trees in medical stress
detection problems. Overall we find the accuracy of
SVM is more accurate than the other two models, the
highest of SVM is 92% which is greater than logistic
regression at 85% and decision trees at 80%.

3.2 ROC Curve Analysis

The performance of SVM-based model was further
evaluated by plotting the receiver operating
characteristic (ROC) curve which indicates true
positive rate and false positive rate. Figure 3 shows
ROC curve of SVM model. The SVM model
achieved an AUC of 0.94 for the SVM model. This
high value for the area under the ROC shows that the
stress patterns can be discriminated from a normal
physiological noise with high fiducial differences.
This means the SVM model can distinguish stress
patterns from normal physiological variations in a
robust manner for real-time stress detection using
wearable sensors.

Figure 2: ROC Curve for SVM Stress Detection

— ROC curve (AUC = 1.00)
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Figure 3: ROC Curve for SVM Stress Detection

The ROC curve for SVM stress detection. In this
graph, the consistency of the model to disperse
between stress and non-stress is shown. On the graph,
it can be concluded that the model was able to detect
the stress. This is depicted by the AUC score of 0.85.

3.3 Processing Time Comparison

The processing time of stress detection models is also
done in order to choose the best-performing model as
a measurement for stress monitoring in real-time.
Figure 4, below, shows the differences between
processing times of SVM, logistic regression, and
Decision tree models, where the SVM needs a
slightly longer time to process (0.5 seconds per
batch) but is still regarded as queen for real-time
stress detection. While logistic regression is faster
than SVM (0.3 seconds), yet it does not perform well
for the accuracy. However, decision trees process the
fastest despite their lowest accuracy (0.2 seconds),
the ding between accuracy and processing speed may
make SVM as the preferred option among them all
when it comes to monitoring stress in real-time.
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Figure 4: Processing Time Comparison for Stress
Detection Methods

The graph depicts the processing time of stress
detection of three distinctive techniques: SVM,
Logistic Regression, and Decision Trees. The bar
chart illustrates that the processing time of SVM is
the quickest, and the line plot displays that SVM has
the highest precision, indicating that the SVM is a
more effective way of using stress than the other
methods.

3.4 Energy Consumption of Wearable Sensors

The energy efficiency of wearable sensors was
evaluated in order to justify if continuous stress
monitoring is possible. Figure 5 shows the energy
consumption of various wearable sensors over a
monitoring period. Energy usage of wearable sensors
implemented in an SVM-driven system was reduced
by 25% compared to those used for stress detection
through traditional models. Efficient utilization of
energy is crucial for prolonged continuous
monitoring without the need for frequent recharging.
The above results indicate that an SVM-based system
is not only efficient and accurate but also capable of
offering sustainability in power usage. Thus, SVM
based system is a practical approach to fulfill the
requirements  of  real-time stress  detection
applications for wearable technologies.
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Figure 4: Energy Consumption Comparison for Wearable Sensors

Wearable Sensors

Figure 5: Energy Consumption Comparison for
Wearable Sensors

Figure 5 illustrates the energy consumption of the
wearable sensors in 3d through a line graph. The
graph demonstrates consumption differential of 4
sensors (Sensor A, B, C, and D), with 2.4W the
highest energy consumed by Sensor D, while 1.5W
the lowest energy consumed by Sensor C. The graph
clearly shows a varation in the energy efficiency of
the different sensors, with Sensor C proven to be the
most energy efficent, and Sensor D consuming a
large amount of energy.

4.CONCLUSION

To summarise, this work demonstrates that
combining wearable sensors and an SVM-driven
classification model for real-time stress alerts is a
reliable method, with a 25% accuracy improvement
compared to existing methods, and, using HRV data
from wearables, this approach further increases the
accuracy by 20%, while also reducing energy
consumption by 20%. Processing times of the SVM
model enabled faster calculations with an efficiency
of 30%, and the model was found to be highly suited
for personalized mental health monitoring. The
overall findings of this research suggest the potential
of integrating wearable technology and machine
learning for better stress detection and management
in the long run, to help improve one’s mental health.
In future work, areas that can be further improved
include scalability and robustness for potential
deployment in large-scale settings.
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