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ABSTRACT

The integration of wearable technology and artificial intelligence (Al) in yoga practice has
opened new avenues for real-time health monitoring and cognitive state assessment. This paper
presents a smartwatch-based yoga monitoring system that enables practitioners to track vital
health parameters such as heart rate, motion, and stress levels during yoga sessions. The system
utilizes Al algorithms to classify the practitioner's cognitive state as either Neocortex-
dominant (calm and mindful) or Amygdala-dominant (stressed and reactive) based on
physiological signals. The smartwatch continuously collects biometric data, which is
processed by a mobile application and further analyzed on a cloud server. By identifying
behavioral patterns, the system provides real-time feedback to enhance the practitioner's focus,
relaxation, and overall well-being. If the system detects Amygdala dominance (high stress and
erratic motion), it recommends calming techniques such as breathing exercises and posture
corrections. Conversely, if Neocortex activation (low stress and steady motion) is detected, the
user receives positive reinforcement to maintain mindfulness. This Al-driven approach
enhances the effectiveness of yoga practice by offering personalized guidance, historical trend
analysis, and predictive insights for improved mental and physical health. Experimental trials
demonstrate the system’s accuracy in detecting stress variations and its ability to help users
achieve a balanced cognitive state during yoga. Future research will focus on integrating
brainwave sensors (EEG) and deep learning models to further refine cognitive state detection
and feedback mechanisms.
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I. INTRODUCTION

Yoga, an ancient discipline rooted in mental, physical, and spiritual practices, has witnessed a
significant resurgence in recent years, particularly as a means to enhance physical fitness,
mental clarity, emotional balance, and overall well-being. With the integration of modern
technology, especially artificial intelligence (Al) and wearable devices, yoga is transitioning
into a data-driven discipline, enabling practitioners to gain deeper insight into their
physiological and psychological states. This intersection of tradition and technology is not only
revolutionizing personal wellness practices but also redefining how health monitoring and
cognitive training are approached in holistic therapies. Among the most promising
advancements is the use of smartwatches and Al to monitor real-time health parameters of yoga
practitioners. Unlike conventional health tracking solutions that focus primarily on general
activity and fitness metrics, the proposed system aims to analyze specific biometric signals—
such as heart rate, body motion, and stress levels—to deduce the practitioner's cognitive and
emotional states. By interpreting these signals using intelligent algorithms, the system can
differentiate between two key neurological conditions: Neocortex dominance, associated with
calm, mindful states, and Amygdala dominance, indicative of stress and reactive behaviour.

This Al-driven cognitive-state recognition not only supports improved self-awareness during
yoga sessions but also facilitates real-time interventions and personalized feedback, enhancing
the quality and effectiveness of the practice[1]-[2]. For example, if the system detects that a
user is entering a stressed (Amygdala-dominant) state, it can automatically suggest breathing
exercises, meditative postures, or short rest periods. Conversely, if the user's metrics suggest a
stable and mindful state (Neocortex-dominant), the system can provide positive reinforcement
to maintain this equilibrium. These interventions, powered by Al, transform a traditional yoga
session into a dynamic, responsive, and customized therapeutic experience. The structural
framework of the proposed system integrates an off-the-shelf smartwatch, a Flutter-based
mobile application, and a Django-React web application for health analytics and historical
tracking. The smartwatch serves as the primary sensor device, continuously collecting
physiological data using built-in features such as the heart rate monitor, accelerometer, and
stress detection APIs. This data is then transmitted to the mobile application over Bluetooth or
Wi-Fi for initial preprocessing. The mobile app performs basic classification and then forwards
the information to a cloud-based Django server for advanced Al-based pattern analysis and
decision-making.

To ensure real-time performance and interactivity, the system incorporates WebSocket
communication, enabling trainers and users to receive live updates and feedback on their
biometric trends. Moreover, the web application provides a comprehensive dashboard where
users and trainers can visualize trends, anomalies, and progress over time, thus facilitating
informed decision-making and long-term wellness planning. A significant innovation in this
research is the classification of cognitive behaviour based on physiological data. The Al model
assesses incoming data points against trained patterns of stress response and mindfulness
indicators. The algorithm uses supervised learning methods with labelled data to build decision
boundaries between Neocortex and Amygdala responses. The training dataset is generated
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through real-time experiments involving 10 or more yoga practitioners of varying age groups
and skill levels. Each session's biometric data is cross-referenced with qualitative self-
assessments to label data points accurately, ensuring a robust and representative model.

Through several experimental trials, the system has demonstrated a high accuracy rate in
detecting real-time stress patterns and delivering effective interventions. The data shows that
users who received timely Al-based suggestions reported improved focus, reduced anxiety, and
a greater sense of control over their physiological states during and after sessions. These
outcomes suggest that intelligent monitoring systems such as the one proposed can
significantly improve the quality, consistency, and mental health outcomes of yoga practices.
Furthermore, the system’s scalability and adaptability make it suitable for integration into
wellness centers, fitness studios, and remote yoga training programs. As more practitioners
adopt Al-powered guidance systems, it opens opportunities for personalized yoga programs,
group analytics, performance benchmarking, and predictive health assessments.

Looking ahead, future enhancements include the integration of brainwave monitoring (EEG)
for even more precise cognitive state detection, as well as the incorporation of deep learning
models for better prediction of practitioner behaviour. With the inclusion of such advanced
sensors and Al models, the system aims to achieve a more nuanced understanding of mental
states, enabling it to support cognitive therapy, emotional regulation, and stress resilience
training beyond traditional yoga applications. In conclusion, the proposed Al-driven yoga
monitoring system presents a paradigm shift in how mental and physical health are tracked and
optimized during yoga practice. It empowers users with deeper self-awareness, real-time
cognitive feedback, and personalized guidance—bridging the gap between ancient practices
and modern intelligent healthcare solutions.

II. RELATED WORKS

The integration of artificial intelligence (Al), wearable technology, and posture recognition
has gained considerable attention in the domain of health and wellness, especially in yoga
practice. Several recent studies have contributed significantly to this field. Elavarasi, Kumar,
and Jayanthi (2023) developed an Al-based posture monitoring system to assist yoga
practitioners in achieving correct body alignment[3]. Their system uses computer vision and
machine learning to provide real-time feedback, offering a virtual alternative to human
supervision and enhancing the quality of yoga training [Elavarasi et al., 2023].

Chaudhari et al. (2021) proposed “Yog-Guru,” a deep learning-based system that uses
MediaPipe and convolutional neural networks (CNNs) for real-time yoga pose correction. This
system analyzes body postures frame by frame and ensures proper execution of poses, thereby
reducing the risk of injury[4] [Chaudhari et al., 2021]. Kulkarni et al. (2024) introduced a yoga
pose recognition system using CNN-based models trained on a broad dataset[5]. Their work
focuses on classifying different yoga postures with high accuracy, highlighting the scalability
of Al in physical wellness monitoring [Kulkarni et al., 2024].
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Yenishettil, Karajkhede, and Panat (2024) presented a virtual Al yoga teacher capable of
detecting incorrect postures and suggesting real-time corrections[6]. The system uses Al to
interact with users and guide them through yoga sessions, emphasizing intelligent feedback
mechanisms [ Yenishettil et al., 2024]. Beyond posture analysis, other researchers have focused
on physiological monitoring. In a study by S. Shukla et al. (2022), deep residual neural
networks were employed to recognize complex human activities using smartwatch data,
showing the potential of wearables in wellness management.

Chatterjee et al. (2022) developed a system for continuous stress detection in hospital staff
using smartwatch sensor data and ensemble classifiers, achieving over 70% accuracy[7].
Furthermore, In 2023 the researchers designed an integrated ML-based hardware module for
real-time stress detection using wearable ECG sensors, demonstrating the feasibility of
integrating Al and biosensors for proactive health management. The proposed system builds
upon these foundations by combining Al-driven posture correction with real-time
physiological and cognitive state assessment, delivering comprehensive feedback to enhance
both mental and physical aspects of yoga.

I1I. PROPOSED SYSTEM

The proposed system aims to revolutionize traditional yoga practice by incorporating wearable
technology and artificial intelligence (AI) to provide real-time physiological monitoring, stress
detection, and personalized feedback. This Al-driven yoga monitoring solution is structured
around four key components: Data Acquisition, Preprocessing & Feature Extraction, Cognitive
State Classification, and Real-Time Feedback & Visualization, with robust support from cloud
integration and WebSocket-based communication for real-time data exchange.
1. System Architecture Overview
The architecture of the proposed system is designed to ensure seamless communication
between the user’s smartwatch, a mobile application, a cloud-based backend server, and a web
dashboard for trainers or healthcare providers. This flow is represented in two complementary
diagrams:

(a) Component-Based Architecture:

) S - G o
AP T (WAYAY]
oee l::l:: ° 00—

Figure 1: System Architecture of the Smartwatch-Based Yoga Monitoring
System
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Figure 1 represents the high-level architecture of the yoga monitoring system integrating
wearable technology, mobile application, cloud server, and web interface. The process begins
with the user, whose physiological data is captured by a smartwatch. The data is transmitted to
a mobile application for preliminary processing. The mobile app then sends the data to a cloud-
based server where advanced analysis, including Al-driven cognitive classification, takes
place. Finally, the results are displayed on a web application interface for user visualization,
health tracking, and historical data review. This setup enables seamless data flow and real-time
feedback, enhancing the effectiveness of yoga practices.

(b) Flowchart Overview:

Collect Biometric Data from
Smartwatch

i

Process Data via
Mobile Application

i

Transmit Data to
Cloud Server

v
Classify Cognitive State
Using Al
Amygdala-
Dominant?
Recommend Provide Positive
Calming Reinforcement
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|
i
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Figure 2: Flowchart of Smartwatch-Based Yoga Monitoring System

Figure 2 illustrates the workflow of the proposed Al-driven yoga monitoring system. The
process begins with the collection of biometric data—such as heart rate, motion, and stress
indicators—using a smartwatch worn by the practitioner. This data is sent to a mobile
application for initial processing, followed by transmission to a cloud server for advanced Al-
based cognitive state classification. Based on the classification, the system identifies whether
the practitioner is in an Amygdala-dominant (stressed) or Neocortex-dominant (calm) state.
Depending on the result, the system provides either calming technique recommendations or
positive reinforcement to enhance mindfulness. The feedback loop aims to improve the
effectiveness of the yoga practice in real time.

2. Data Acquisition

In this Al-driven Yoga Monitoring System, smartwatches act as the core data collection
devices, continuously capturing users’ physiological and behavioural signals during yoga
sessions. These wearables are equipped with a range of sensors, including
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photoplethysmography (PPG) sensors to measure heart rate in beats per minute (BPM), as well
as accelerometers and gyroscopes to detect motion activity and body posture. An essential
component derived from the heart rate signal is the Heart Rate Variability (HRV), a well-
established physiological marker that serves as a proxy for estimating stress levels. All this
sensor data is seamlessly transmitted to the user's smartphone using Bluetooth Low Energy
(BLE) technology. BLE is specifically chosen for its minimal power consumption and its
capability to provide near real-time communication between the smartwatch and the Flutter-
based mobile application.

3. Preprocessing and Feature Extraction

Once the raw sensor data is received by the mobile application, it undergoes a structured
preprocessing pipeline designed to clean and enhance data reliability. This stage involves the
removal of signal noise, correction of inconsistencies, and elimination of any outlier values
that might distort the analysis. Techniques such as moving average filters help in smoothing
the data, while z-score normalization ensures that features remain within comparable scales.
After refining the raw input, the application proceeds to extract meaningful features that
represent the user's physiological state and physical performance.

Key features include trend statistics on heart rate, such as average and peak values, as well as
HRV-based metrics used to compute a real-time stress score. From the motion data, a Motion
Stability Index is derived, indicating the fluidity or abruptness of movements. These features
are then temporally aligned to different segments of the yoga session—typically divided into
warm-up, peak activity, and cool-down phases—to analyse how physiological responses
evolve over time. The resulting structured feature set is then securely transmitted to the cloud-
based backend for Al-driven analysis.

4. Cognitive State Classification Using AI

At the core of the backend intelligence lies the cognitive state classification engine, developed
using Django and powered by machine learning algorithms. The goal of this engine is to
analyse incoming features and classify the user's cognitive state during the yoga session into
one of two categories: Neocortex-dominant or Amygdala-dominant.

The classification process begins with supervised machine learning models—primarily
Random Forest and Support Vector Machine (SVM)—which are trained on a labelled dataset
comprising historical data from multiple users and yoga sessions. Random Forest is particularly
effective due to its ensemble structure, where multiple decision trees contribute to a final
decision, thus improving generalization and reducing overfitting. On the other hand, the SVM
algorithm is used to map high-dimensional feature vectors into a space where a hyperplane
separates cognitive states based on physiological and motion patterns.

For training purposes, the dataset includes time-stamped features such as heart rate trends,
HRV-based stress scores, motion variability patterns, and user feedback on mental state.
During inference, the trained model evaluates the incoming data in real time and infers the
likely cognitive state. A Neocortex-dominant state is recognized by markers like a stable heart
rate, high motion stability, and low stress scores, indicating mindfulness and calm focus.
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Conversely, an Amygdala-dominant state is flagged when the model detects signs of stress,
erratic motion, and elevated heart rate—correlating with mental distraction, tension, or anxiety.
The model is also designed to evolve through continuous learning. User feedback, session logs,
and trainer inputs are periodically used to update and refine the model. This adaptive
mechanism enables personalization and improves classification accuracy over time, even in the
face of individual variations in physiology and yoga practices.

5. Real-Time Feedback and Visualization

Following the cognitive classification, the system delivers personalized, real-time feedback to
the user via the mobile app and an integrated web dashboard. When the system detects an
Amygdala-dominant state, the app responds by recommending grounding techniques such as
timed breathing exercises (e.g., 4-7-8 breathing), playing calming background music or
spiritual mantras, and suggesting posture adjustments based on detected instability. These
interventions aim to guide the user back into a state of relaxation and focused awareness.

On the other hand, when the user is identified as being in a Neocortex-dominant state, the app
offers encouraging messages to reinforce positive behaviour. Visual feedback such as line
graphs showing consistent heart rate, or bar charts indicating stress reduction across sessions,
helps the user stay motivated. Instructors and therapists can also access a React]S-based web
dashboard that aggregates session-wise insights. This includes time-series plots of heart rate,
HRYV trends, stress levels, and motion stability, all rendered using Matplotlib on the server-side
and Recharts on the frontend. These visual analytics not only provide retrospective analysis
but also support the design of personalized yoga routines.

6. WebSocket Integration for Real-Time Communication

To ensure seamless synchronization between the user’s physiological data and the system’s
feedback mechanisms, the platform leverages WebSocket technology. This persistent,
bidirectional communication protocol enables low-latency exchange of data between the
backend server and both the mobile and web applications. As a result, cognitive state
predictions, biometric fluctuations, and feedback instructions are delivered instantaneously
without the need for polling or periodic HTTP requests.

The real-time capability of WebSocket proves especially useful for live yoga sessions or remote
health monitoring. Trainers and therapists can observe the cognitive and physical states of users
in real time and intervene when necessary. Additionally, users benefit from prompt alerts
whenever their biometric patterns suggest rising stress or mental distraction. This synergy
between data collection, intelligent analysis, and instant feedback fosters a continuous loop of
self-awareness, reflection, and improvement.

IV. RESULTS AND DISCUSSION

The integration of a smartwatch-based Al-powered yoga monitoring system was
evaluated over a four-week period to assess its effectiveness in monitoring physiological
parameters and providing cognitive state feedback. The primary outcomes analyzed include
Heart Rate Variability (HRV), frequency of Amygdala-dominant (stress) events, and duration
of mindfulness (Neocortex-dominant) states during yoga sessions.
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1. Heart Rate Variability (HRV) Improvement

Heart Rate Variability (HRV) is a widely accepted physiological marker for autonomic nervous
system regulation and stress recovery. As shown in Figure 3, the users experienced a
progressive improvement in HRV across the four-week trial. At baseline (Week 1), no
measurable improvement was present. By Week 2, participants demonstrated a 5% increase in
HRYV, which continued to rise to 10% in Week 3 and peaked at 15% by Week 4.This trend
highlights the system’s ability to promote physiological relaxation and coherence through real-
time interventions.

HRV Improvement Over Weeks

o T = I
o N B

HRV Increase (%)
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1.0 1.5 2.0 2.5 3.0 3.5 4.0
Week

Figure 3: HRV Improvement Over Weeks
The system's ability to detect Amygdala-dominant states and provide calming techniques such
as guided breathing exercises and posture corrections directly correlates with these
improvements. Enhanced HRV is directly associated with reduced stress and better emotional
regulation, indicating that the system supports both physical and cognitive relaxation.
2. Reduction in Stress-Triggered (Amygdala-Dominant) Episodes
A core feature of the system is its classification of user cognitive states using Al algorithms
trained on physiological data such as heart rate, accelerometer patterns (for motion), and stress
indexes. The reduction in Amygdala-dominant states is graphically represented in Figure 4.
Participants reported a 10% reduction in stress-related behaviours by the end of Week 2. This
reduction became more significant as real-time feedback loops and self-regulation features
were consistently engaged, culminating in a 25% reduction by Week 3 and an impressive 40%
reduction by Week 4.These results demonstrate the reliability of the Al model in detecting
stress states and the efficacy of the system’s interventions. Users reported increased awareness
of their emotional and physical state, and expressed appreciation for the actionable insights and
calm state reinforcements the system provided during yoga. The real-time feedback mechanism
was crucial in enabling users to return to mindfulness promptly when deviations were detected.
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Figure 4: Reduction in Stress Events
3. Enhancement in Mindfulness Duration

Increase in Mindfulness Duration
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Figure 5: Increase in Mindfulness Duration
Mindfulness duration refers to the percentage of time participants spent in Neocortex-dominant
states, characterized by steady heart rhythms and smooth motion sequences. As illustrated in
Figure 5, there was a consistent upward trend in mindfulness durations across all participants.
Week 2 saw an 8% increase, which rose to 15% in Week 3 and 25% by Week 4.This trend
indicates that not only was the system effective in reducing negative stress responses, but it
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also actively supported the cultivation of a calm, focused, and mindful state. The positive
reinforcement messages and visual feedback graphs provided by the mobile app seemed to be
instrumental in this behavioural transformation. Users described a “coaching-like” experience
through the app, which kept them engaged and motivated to maintain calm and steady
performance during their yoga practices. The adaptive nature of the system—where it
personalized prompts based on historical trends—Ilikely contributed to this success.

4. Feedback Mechanism and User Experience

Participants rated the feedback mechanism highly on usability and intuitiveness. Notifications
such as “Steady breath detected. Maintain flow.” or “Heart rate spiked—try slow breathing.”
were seen as timely and practical. The mobile app interface displaying historical trend graphs
allowed users to track their progress and align their intentions with measurable outcomes.

The seamless interaction between the smartwatch and the cloud-based Al model was also
instrumental. Minimal latency ensured that alerts and suggestions were perceived as
immediate, which is essential for real-time interventions during yoga sessions. Furthermore,
the availability of session summaries helped users evaluate their day-to-day progress and adapt
their routines accordingly.

5. Cognitive and Psychological Insights

By mapping physiological markers to cognitive states, the system provided more than physical
health data—it enabled a psychological layer of insight. Users became more aware of when
their stress responses were triggered and learned how to consciously return to a Neocortex-
dominant state. This self-awareness, a key goal in yoga practice, was significantly enhanced
through Al-supported feedback. The dichotomy between Amygdala and Neocortex dominance
provided a tangible framework for understanding abstract emotional states. Rather than
subjective self-assessments, users could rely on biometric evidence to determine their cognitive
state. This objective approach was appreciated by users, especially beginners who were not yet
adept at internal self-monitoring.

V. CONCLUSION

The proposed Al-driven yoga practitioner monitoring system effectively integrates modern
technologies with traditional wellness practices to enhance both physical and mental well-
being. By utilizing smartwatches equipped with physiological sensors, the system continuously
monitors vital parameters such as heart rate, SpO, and body posture. This real-time data is
analysed using Al algorithms to classify the practitioner’s cognitive state as either Neocortex-
dominant (mindful and calm) or Amygdala-dominant (stressful and reactive). The mobile
application developed using Flutter ensures an interactive and user-friendly interface, while the
Django-based backend and React web dashboard provide robust data management and
visualization capabilities. Real-time feedback and alerts empower practitioners to make
immediate corrections, promoting better posture, stress management, and mental clarity during
yoga sessions. The system’s ability to detect stress and guide practitioners towards a mindful
state demonstrates its effectiveness in improving heart rate variability, reducing anxiety, and
enhancing the overall yoga experience. The Al-based classification offers a unique perspective
by connecting physiological responses with cognitive states, thus supporting emotional
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regulation and self-awareness. Future enhancements will include EEG integration for
brainwave monitoring and advanced deep learning models to increase cognitive state detection
accuracy.
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