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Abstract

Neuromorphic sensors are bio-inspired sensing devices that emulate the functioning of the human
nervous system through event-driven processing, adaptive learning, and ultra-low-power computation.
These sensors are increasingly integrated into smart wearable systems for healthcare, fitness, yoga, and
meditation applications. Smart wearable devices equipped with neuromorphic sensing capabilities can
continuously monitor physiological and behavioral signals such as electroencephalography (EEG),
electromyography (EMG), heart rate variability (HRV), respiration rate, skin temperature, and body
posture in real time. Unlike conventional wearable systems, neuromorphic wearables provide energy-
efficient edge intelligence, reduced latency, adaptive learning, and personalized feedback mechanisms.
This paper presents a comprehensive study on neuromorphic sensors for yoga and meditation
wearables, including system architecture, sensing mechanisms, machine learning integration,
applications, advantages, limitations, and future research directions. The proposed framework
demonstrates how neuromorphic wearable systems can improve mental wellness, posture correction,
stress reduction, mindfulness tracking, and adaptive meditation guidance. The research also highlights
the role of low-power edge Al and brain-inspired computing in next-generation intelligent healthcare
systems.

Keywords— Neuromorphic Sensors, Smart Wearables, Yoga Monitoring, Meditation Assistance,
Edge Al, EEG Sensors, Human Activity Recognition, Brain-Inspired Computing, loT Healthcare.

INTRODUCTION

The rapid advancement of wearable electronics and artificial intelligence has revolutionized healthcare
and wellness monitoring systems. Smart wearable devices such as smartwatches, biosensing bands,
smart clothing, and EEG headbands are increasingly utilized for monitoring physical and mental health
conditions. Yoga and meditation practices require continuous monitoring of posture alignment,
breathing patterns, stress levels, concentration, and emotional states. Conventional wearable systems
face challenges such as high power consumption, continuous data transmission, cloud dependency, and
delayed response times.
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Neuromorphic sensing technology addresses these challenges by mimicking the structure and operation
of biological neural systems. Neuromorphic systems use spiking neural networks (SNNs), event-driven
processing, and adaptive learning techniques to process sensory information efficiently. These systems
enable ultra-low-power wearable platforms capable of real-time physiological signal analysis. Recent
research demonstrates that neuromorphic edge computing significantly improves wearable sensor
performance while reducing energy consumption and latency.

Yoga and meditation applications benefit from neuromorphic wearables through:

. Real-time posture correction

. Breath monitoring

. Stress detection

. Emotion recognition

. Meditation state classification
. Adaptive biofeedback systems

The integration of neuromorphic sensors with 10T and edge Al technologies opens new opportunities
for personalized healthcare and mental wellness systems.

Neuromorphic Sensors: Overview

Neuromorphic sensors are advanced intelligent sensing systems inspired by the structure and
functioning of the biological nervous system. Unlike traditional sensors that continuously sample and
process data, neuromorphic sensors operate using asynchronous event-driven architectures. These
systems generate and process information only when significant changes or events occur in the
environment, thereby reducing unnecessary data transmission and energy consumption.

Neuromorphic sensing technology combines bio-inspired hardware with artificial intelligence
algorithms such as Spiking Neural Networks (SNNs). This enables real-time processing, adaptive
learning, and low-power computation, making these sensors highly suitable for wearable healthcare
devices used in yoga and meditation applications. These sensors can continuously monitor
physiological and behavioral signals while maintaining high efficiency and minimal latency.
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Figure 1. Schematic illustration that visually categorizes the types of wearable computing
technologies
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Objectives of the Study

1. To Explore the Integration of Al and Yogic Sciences

2. To Validate the Benefits of Yoga through Al-Driven Analytics

3. To Enhance Personalization and Accessibility in Yogic Practices
4. To Improve Real-Time Monitoring and Feedback Mechanisms

5. To Bridge the Gap between Ancient Wisdom and Modern Science
6. To Address Ethical Considerations in Al-Driven Yoga

7. To Investigate AI’s Role in Preventive and Personalized Medicine
8. To Envision the Future of Al and Yogic Sciences

These objectives, this study aims to create a balanced and ethical approach to integrating Al with
yogic sciences, ensuring that technology enhances rather than diminishes the essence of yoga.

The Intersection of Al and Yogic Sciences Yogic sciences have long emphasized the intricate
connection between the mind, body, and spirit. Rooted in ancient Indian traditions, yoga is not just a
physical practice but a holistic discipline that integrates breath control (pranayama), meditation
(dhyana), and postures (asanas) to enhance well-being. Over centuries, practitioners have experienced
profound benefits, including increased flexibility, reduced stress, improved mental clarity, and
enhanced emotional stability. However, the impact of yoga has largely been studied through subjective
experiences and philosophical teachings rather than empirical data. Artificial Intelligence (Al), in
contrast, operates in a domain of logic, computation, and data analysis. Al systems excel at recognizing
patterns, processing vast amounts of information, and making predictive and adaptive
recommendations. By leveraging Al, we can bring a more datadriven approach to understanding yoga’s
physiological and psychological benefits. Al-powered technologies such as machine learning,
computer vision, and biometrics can analyze key aspects of yogic practices. For instance:

1. Wearable Technology & Biometric Analysis: Smart devices equipped with Al can track heart rate
variability, oxygen levels, stress markers, and brain wave activity during meditation. This enables
practitioners to monitor their progress and receive personalized insights into how yoga impacts their
nervous system.

2. Posture Correction & Alignment: Al-driven apps and motion sensors can assess body posture and
alignment, providing real-time feedback to help practitioners refine their asanas and prevent injuries.

3. Personalized Yoga & Meditation Programs: Al algorithms can study an individual’s lifestyle, stress
levels, and physical health metrics to generate customized yoga sequences and guided meditations
tailored to specific needs.

4. Scientific Research & Data-Driven Insights: By analyzing large datasets from yogic studies, Al can
identify trends and correlations that provide deeper insights into the physiological, neurological, and
psychological transformations brought about by consistent yoga practice.

The convergence of Al and yogic sciences opens new frontiers in understanding the mind-body
connection. By combining the wisdom of ancient traditions with modern computational intelligence,
we can enhance the accessibility, effectiveness, and scientific validation of yoga, making it a more
personalized and data-backed approach to holistic health.
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Characteristics of Neuromorphic Sensors

Ultra-Low Power Consumption

Neuromorphic sensors consume significantly less power compared to conventional sensing systems
because they process only relevant events instead of continuously sampling data. This feature is
essential for battery-powered wearable devices.

Event-Driven Signal Processing

These sensors operate using asynchronous event-based communication. Data is transmitted only when
changes occur in physiological signals, reducing redundant information and improving processing
efficiency.

Adaptive Learning Capability

Neuromorphic systems can learn and adapt to user behavior over time using brain-inspired learning
mechanisms. This allows personalized monitoring and intelligent feedback during yoga and meditation
practices.

Real-Time Response

The event-driven architecture enables immediate detection and processing of physiological changes,
allowing real-time posture correction, breathing analysis, and stress monitoring.

High Sensitivity

Neuromorphic sensors are capable of detecting subtle variations in biological signals such as muscle
movements, brainwave activity, and respiration patterns with high accuracy.

Efficient Edge Computation

Most processing occurs locally on wearable devices using edge Al techniques, minimizing dependency
on cloud computing and reducing latency.

Brain-Inspired Processing

Neuromorphic systems mimic neural communication through spike-based information processing,
similar to biological neurons and synapses.

Working Principle

Neuromorphic sensors function by converting physiological or environmental stimuli into spike-based
electrical signals. These spikes resemble the action potentials generated in biological neurons. The
generated spike trains are processed using Spiking Neural Networks (SNNs), which emulate synaptic
communication and neural adaptation mechanisms found in the human brain.

The overall working process involves the following stages:

1. Signal Acquisition

Physiological signals such as EEG, EMG, heart rate, respiration, and motion data are captured using
wearable biosensors.
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2. Event Generation

The sensor identifies significant changes in the input signal and converts them into asynchronous spike
events.

3. Spike-Based Processing

Spiking neural networks analyze the temporal patterns of spikes to identify user activities, emotional
states, breathing rhythms, or meditation levels.

4. Decision Making

The processed data is classified using neuromorphic Al algorithms for posture recognition, stress
analysis, or meditation state detection.

5. Feedback Mechanism

The wearable system provides adaptive feedback through mobile applications, audio guidance, or
vibration alerts.

The spike-based processing architecture improves computational efficiency and reduces energy
consumption while maintaining accurate real-time monitoring.

Types of Neuromorphic Sensors
A. EEG Neuromorphic Sensors

Electroencephalography (EEG) neuromorphic sensors monitor brainwave activity during meditation
and mindfulness exercises. These sensors analyze neural patterns associated with relaxation,
concentration, stress, and cognitive states. EEG-based wearables help users improve focus and achieve
deeper meditation states.

Wearable Sensors On-chip Neuromorphic System/Application
Edge Computing
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Figure 3. EEG-Based Smart Headband for Neuromorphic Brainwave Monitoring in Meditation and Cognitive
Wellness Applications
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Figure 4. Design and Hardware Architecture of an EEG-Based Brain—Computer Interface
(BCIl) Wearable Device for Neuromorphic Healthcare Monitoring

B. EMG Neuromorphic Sensors

Electromyography (EMG) sensors detect muscle activity and movement during yoga postures and
physical exercises. These sensors assist in posture correction, muscle engagement. analysis, and
movement optimization.

Figure 5. Wearable Posture Monitoring Sensor for Smart Yoga and Spinal Alignment Applications

IJCRT2605746 | International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org | g573


http://www.ijcrt.org/

www.ijcrt.org © 2026 IJCRT | Volume 14, Issue 5 May 2026 | ISSN: 2320-2882

C. Pressure and Motion Sensors

Pressure sensors and inertial motion sensors are used to detect body posture, balance, flexibility, and
movement accuracy during yoga sessions. These sensors help identify incorrect postures and provide
corrective feedback.

D. Bioelectrical Sensors

Bioelectrical sensors monitor physiological parameters such as heart rate, skin conductivity, pulse rate
variability, and stress responses. These measurements are essential for emotional and mental wellness
assessment.

E. Respiration Sensors

Respiration sensors track breathing frequency, inhalation-exhalation cycles, and pranayama patterns
during meditation and yoga breathing exercises. These sensors help optimize breathing techniques for
relaxation and mindfulness.

Smart Wearable Architecture for Yoga and Meditation

Smart wearable systems for yoga and meditation integrate neuromorphic sensing technology, edge
artificial intelligence, wireless communication, and adaptive feedback mechanisms to provide real-time
health and wellness monitoring. The architecture is designed to continuously analyze physiological and
behavioral parameters while maintaining low power consumption and efficient data processing.

The proposed architecture enables intelligent monitoring of yoga postures, breathing patterns, stress
levels, and meditation states using bio-inspired sensing and edge Al computation. The overall system
combines wearable biosensors, local processing units, communication modules, and cloud-based
analytics to create a personalized wellness platform.

System Components

The proposed smart wearable system consists of the following major components:

A. Neuromorphic Biosensors

Neuromorphic biosensors are responsible for collecting physiological and motion-related signals from
the user’s body. These sensors emulate biological neural systems and generate event-driven outputs for

efficient processing.

The biosensors used in the wearable system include:

. EEG sensors for brainwave monitoring

. EMG sensors for muscle activity detection

. Heart rate sensors for cardiovascular monitoring

. Respiration sensors for breathing analysis

. Motion and posture sensors for body alignment tracking
. Skin conductivity sensors for stress analysis

These sensors continuously monitor the user during yoga and meditation sessions while minimizing
energy consumption.
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B. Edge Al Processing Unit

The edge Al processing unit performs local data analysis directly on the wearable device. It utilizes
neuromorphic processors and Spiking Neural Networks (SNNs) to analyze incoming sensor signals in
real time.

Major functions include:

. Signal preprocessing

. Noise filtering

. Feature extraction

. Real-time activity recognition
. Stress and meditation analysis
. Adaptive learning

Edge Al reduces cloud dependency, minimizes latency, and improves privacy protection.

C. Wireless Communication Module

The communication module enables seamless data transmission between the wearable device, mobile
applications, and cloud servers.

Common communication technologies include:

. Bluetooth Low Energy (BLE)

[ ] WI'FI

. Near Field Communication (NFC)
. loT connectivity protocols

Wireless communication allows remote monitoring and synchronization of wellness data.
Functional Workflow

The smart wearable system operates through a multi-stage workflow that enables real-time monitoring
and intelligent wellness assistance.

Step 1: Data Acquisition

The wearable sensors continuously collect physiological and behavioral data from the user during yoga
and meditation activities.

The collected signals include:

. EEG signals for brain activity monitoring

. Heart rate for cardiovascular assessment

. Respiration patterns for breathing analysis

. Muscle activity for movement tracking

. Posture orientation for yoga alignment detection
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The sensors generate event-driven outputs whenever significant physiological changes occur.

a) Wearable ECG device b) T-shirt ECG device
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Figure 6 : Monitoring system using wearable devices

Step 2: Neuromorphic Processing

The collected sensor signals are processed using neuromorphic computing architectures and Spiking
Neural Networks (SNNS).

The processing stage performs:

. Signal filtering

. Event detection

. Temporal spike analysis
. Pattern recognition

. Adaptive learning

Neuromorphic processors analyze data in real time while consuming minimal computational power.
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Step 3: Activity Recognition

Machine learning and neuromorphic Al algorithms classify user activities and wellness conditions.
The system identifies:

Yoga Posture

Detection and classification of yoga poses such as:

. Tadasana

. Vrikshasana

. Padmasana

. Surya Namaskar

Meditation State

Analysis of concentration and relaxation levels using EEG patterns.

Stress Level

Detection of stress and emotional states using heart rate variability and skin conductivity data.
Breathing Quality

Evaluation of breathing rhythm and pranayama performance.

Step 4: Adaptive Feedback

Based on the analyzed data, the system provides personalized real-time feedback to the user.
The feedback mechanisms include:

Audio Guidance

Voice instructions for breathing control, posture correction, and meditation enhancement.
Vibration Alerts

Haptic feedback for incorrect posture or irregular breathing detection.

Real-Time Corrections

Immediate recommendations to improve yoga alignment and meditation performance.

Applications in Physical Health Monitoring

These health monitoring devices, often integrated into smartwatches, fitness bands, smart textiles, and
skin patches, are equipped with sensors capable of measuring heart rate, respiration, body temperature,
blood oxygen saturation, and movement [24,87]. Applications range from chronic disease
management—such as glucose monitoring for diabetes [2] and arrhythmia detection for cardiovascular
patients—to rehabilitation [4] and post-operative care. Wearables also enable early detection of
anomalies and support preventive medicine by analyzing trends in vital signs and behavior patterns.
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Advances in sensor miniaturization, battery efficiency, and wireless communication have facilitated
seamless integration into daily life, making these devices increasingly user-friendly and unobtrusive.
Moreover, coupling wearables with cloud-based analytics and Al algorithms enhances diagnostic
accuracy and supports personalized healthcare interventions. As a result, wearable computing is
reshaping how physical health is monitored, shifting from episodic clinical visits to proactive, data-
driven wellness management.

Cardiovascular Health Monitoring

Wearable computing technologies have emerged as a transformative force in cardiovascular health
monitoring, offering continuous, unobtrusive, and real-time data acquisition that surpasses the
limitations of traditional point-in-time clinical assessments. These systems typically integrate advanced
biosensors, such as PPG electrocardiography (ECG) and ballistocardiography (BCG, to monitor key
cardiovascular parameters including (HR), respiratory rate, (SpO2), and peripheral circulation
dynamics. PPG-based devices, commonly used in smartwatches and fitness trackers, estimate pulse
wave characteristics by analyzing light absorption changes in the skin, while ECG-enabled wearables
like chest straps or adhesive patches capture electrical activity for arrhythmia detection and waveform
analysis. These data streams are processed locally using embedded microcontrollers or offloaded to
mobile phones and cloud platforms, where machine-learning algorithms perform real-time anomaly
detection, such as early identification of atrial fibrillation (AF), premature ventricular contractions, or
bradycardia . In large-scale clinical studies, such as the mSToPS trial, wearable ECG patches
demonstrated statistically significant improvements in detecting previously undiagnosed AF when
compared to standard care, validating their utility in population-level screening and preventative
cardiology

ECG-enabled PPG-based devices
wearables
9 =\
I
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or adhesive patch Y /
e
s
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Algorithms or fitness tracker

for Real-Time
Anomaly Detection

Figure 7. Cardiovascular health monitoring using wearable devices.

Diabetes and Glucose Monitoring

Wearable computing technologies have significantly advanced the field of diabetes management by
enabling continuous glucose monitoring (CGM) and personalized feedback systems. Traditional
glucose monitoring methods rely on intermittent finger-prick blood tests, which are invasive and
provide only momentary data snapshots. In contrast, wearable CGM devices], often based on
electrochemical biosensors, continuously measure glucose concentrations in interstitial fluid, offering
real-time data trends that enable timely interventions]. These systems improve glycemic regulation by
leveraging activity pattern data collected from wearable devices to predict fluctuations in blood glucose
levels among adults with prediabetes], reduce hypoglycemic episodes, and improve the quality of life
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for individuals with diabetes. Integration of CGM with insulin pumps and mobile health (mHealth)
applications has paved the way for closed-loop insulin delivery, known as artificial pancreas systems,
which automatically modulate insulin doses based on dynamic glucose readings]. Recent advancements
have also led to improved sensor accuracy and longevity, with several commercial devices achieving
Mean Absolute Relative Difference (MARD) values below 10%, a benchmark for clinical reliability].
Additionally, non-invasive CGM technologies employing nanomaterial-based sensors] are under
development, aiming to further reduce user discomfort while maintaining high sensitivity and
specificity]. These innovations signal a paradigm shift in diabetes care, moving from episodic to
continuous and personalized disease management.
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Conclusion

Neuromorphic sensors represent a transformative technology for next-generation smart wearable
systems in yoga and meditation applications. By integrating bio-inspired sensing, edge Al, and adaptive
learning mechanisms, these systems provide real-time physiological monitoring, personalized wellness
feedback, and ultra-low-power operation. Neuromorphic wearables improve posture correction,
meditation analysis, stress detection, and breathing optimization while enabling efficient healthcare
monitoring. Although challenges related to hardware complexity, standardization, and security remain,
future advancements in neuromorphic computing and wearable electronics will significantly enhance
intelligent wellness systems. The convergence of neuroscience, Al, and wearable technology has the
potential to redefine personalized healthcare and mental wellness monitoring. The integration of Al
and yogic sciences represents a powerful synergy between ancient wisdom and modern technology. By
leveraging Al’s data-driven capabilities, we can deepen our understanding of yoga’s physiological and
psychological benefits, enhance accessibility, and offer personalized wellness experiences. From real-
time biometric tracking to Al-driven meditation guidance, technology is transforming the way
individuals engage with yoga and mindfulness practices. However, as we embrace these innovations,
it is essential to address ethical considerations, ensuring data privacy, accuracy, and cultural
authenticity. Al should serve as a complementary tool rather than a replacement for the self-exploratory
nature of yoga. By maintaining a balanced approach—one that respects the spiritual roots of yoga while
utilizing AI’s analytical strengths— we can create a future where technology enriches well-being
without compromising the integrity of this ancient discipline.
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