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Abstract- With the growing elderly population, ensuring their safety, especially for those living alone, has
become a critical concern. This paper presents a real-time elderly monitoring system that leverages
computer vision and deep learning to detect falls and hazardous objects such as knives and guns. The
system integrates YOLOv8 for fall detection and object recognition, OpenCV for real-time video frame
processing, and Pushbullet API for instant caregiver notifications. A Flask-based user interface allows
caregivers to monitor live annotated video feeds remotely, offering a non-intrusive alternative to wearable
sensors that require user compliance. The proposed system achieves 95% accuracy in fall detection and 98%
accuracy in hazardous object recognition, with an average alert delay of under 3 seconds. This approach
ensures rapid emergency response, enhances elderly safety, and minimizes caregiver burden. Despite
challenges such as privacy concerns and reliance on internet connectivity, the system provides an effective,
scalable, and adaptable solution for use in homes, care facilities, and hospitals. Future enhancements
include multi-camera integration, Al-based anomaly detection, and wearable device support for health

monitoring to further improve elderly care and safety.
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I. INTRODUCTION

As the global elderly population continues to rise, ensuring their safety and well-being has become a
growing concern, particularly for those living alone or in assisted care facilities. Aging individuals are
at higher risk of falls and exposure to hazardous situations, which can lead to severe injuries,
hospitalization, or even fatal consequences. According to the World Health Organization (WHO), falls
are the second leading cause of unintentional injury-related deaths worldwide, with adults over 65
years old being most vulnerable. Early detection and timely intervention can significantly reduce the
risk of severe injury and improve response times during emergencies.

Traditional elderly monitoring solutions rely on wearable sensors such as accelerometers, gyroscopes,

and smartwatches for fall detection. While these devices have demonstrated effectiveness in detecting

falls, they suffer from several limitations. User compliance is a major challenge, as elderly individuals
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may forget to wear these devices, remove them for comfort, or fail to charge them regularly.
Additionally, sensor-based methods may generate false positives due to misinterpretation of
movements such as sitting down quickly or bending over.

To address these challenges, vision-based monitoring systems have emerged as an effective, non-
intrusive alternative. Leveraging computer vision and deep learning, these systems continuously
monitor an individual’s environment and detect critical events without requiring any physical device
on the user. Unlike wearable-based approaches, vision-based monitoring does not require active
participation from the elderly, making it a practical and passive safety solution.

This study proposes a real-time elderly monitoring system that utilizes YOLOv8 (You Only Look Once)
for fall detection and hazardous object recognition. The system is designed to analyze live CCTV or
webcam feeds in real time, identify potential threats such as falls or the presence of dangerous objects
(knives, guns, obstacles), and send immediate notifications to caregivers via Pushbullet API. The
proposed approach combines OpenCV for efficient video frame processing, deep learning for high-
accuracy detection, and a Flask-based web interface to allow caregivers to remotely monitor live video
feeds.

By integrating state-of-the-art object detection models, the system aims to provide a highly accurate,
real-time, and scalable solution for elderly monitoring. It minimizes emergency response time,
enhances independent living, and reduces caregiver burden. Despite challenges such as privacy
concerns, camera coverage limitations, and dependency on internet connectivity, this approach
represents a significant step toward automated elderly care solutions. Future improvements will focus
on multi-camera integration, Al-driven anomaly detection, and wearable device support to enhance
system efficiency and effectiveness.

Il. RELATED WORK

Over the years, researchers have explored various techniques for elderly monitoring, fall detection,
and real-time alert systems. The three primary approaches include wearable sensor-based detection,
vision-based monitoring systems, and real-time notification mechanisms. While each approach has
contributed to improving elderly safety, they also come with certain limitations. This section reviews
key contributions in these areas and highlights how our proposed system improves upon existing
methods.

1. Wearable Sensors for Fall Detection

One of the most common approaches for fall detection relies on wearable sensors, such as
accelerometers, gyroscopes, and smartwatches, which monitor movement patterns and detect sudden
changes indicative of a fall. Studies have shown that wearable devices can achieve high accuracy in
detecting falls by analyzing acceleration, velocity, and impact forces. However, these systems come
with significant drawbacks:

User Compliance Issues: Elderly individuals may forget to wear the device, remove it due to
discomfort, or fail to recharge it, leading to gaps in monitoring.
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Limited Detection Scope: Wearable sensors only detect falls but cannot identify hazardous objects in
the environment that may contribute to accidents.

False Positives & Negatives: Movements such as quick sitting, bending, or rolling in bed may be
incorrectly classified as falls, affecting system reliability.

While wearable sensors remain a popular choice, their dependency on user participation limits their
practical application in real-world scenarios.

2. Vision-Based Fall and Hazard Detection

To overcome the limitations of wearable sensors, vision-based monitoring systems have been
developed. These systems utilize cameras and computer vision techniques to monitor elderly
individuals in real-time, without requiring any physical device on the user. Among vision-based
models, YOLO (You Only Look Once) has been widely adopted for real-time object detection and
human activity recognition.

Key Advantages of YOLO-based Vision Systems:

¢ Non-Intrusive: No need for elderly individuals to wear or carry any device.

e Comprehensive Monitoring: Can detect both falls and hazardous objects in the environment.

e Real-Time Processing: Can analyze video feeds instantly and identify critical situations as they
occur.

e Despite these advantages, vision-based systems also face challenges:

e Privacy Concerns: Continuous video surveillance may intrude on personal privacy, making some
elderly individuals uncomfortable.

e Camera Coverage Limitations: The effectiveness of the system depends on the camera's field of
view, leading to potential blind spots where detection is not possible.

e Variability in Lighting & Environment: Poor lighting conditions or background clutter may
affect detection accuracy.

e Studies have demonstrated that custom-trained YOLO models can effectively detect falls with
high accuracy, making them a promising alternative to wearable-based approaches.

3. Real-Time Notification Systems for Elderly Care

A critical component of elderly monitoring is instant alert generation to ensure timely caregiver
intervention. Traditional systems often rely on manual supervision or delayed reporting, which
increases response time and reduces system effectiveness.

Recent research has focused on integrating real-time notification APIs such as Pushbullet, Twilio, and
Firebase Cloud Messaging (FCM) to provide immediate alerts to caregivers. Among these, Pushbullet
API has proven to be a lightweight, fast, and efficient solution for delivering emergency notifications
to mobile devices, desktop computers, and web browsers.

Benefits of Using Pushbullet for Elderly Monitoring

e Instant Alerts: Sends real-time notifications the moment a fall or hazard is detected.
e Multi-Device Support: Caregivers can receive alerts on smartphones, tablets, or PCs.
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e Simple Integration: Pushbullet provides a straightforward API for seamless implementation into
existing monitoring systems.

4. Summary & Our Contribution

While previous works have focused on individual aspects of elderly monitoring (wearable devices,
vision-based systems, or alert mechanisms), our system combines these technologies into a unified
solution. The proposed real-time elderly monitoring system integrates:

YOLOVS for fall detection and hazardous object identification, improving monitoring efficiency.
OpenCV for real-time video processing and environment analysis.

Pushbullet API to deliver instant notifications to caregivers upon detecting a critical event.

This hybrid approach ensures a high level of accuracy, reduces response time, and minimizes caregiver
burden, making it a comprehensive and scalable solution for elderly care. Future enhancements will
focus on multi-camera integration, anomaly detection, and Al-driven health monitoring to further
improve the system'’s robustness.

I1l. SYSTEM ARCHITECTURE

The proposed real-time elderly monitoring system is designed to detect falls and hazardous objects
while providing instant notifications to caregivers. The system follows a modular architecture to
ensure efficiency, scalability, and real-time processing. The five core modules include input capture,
processing, threat analysis, alert generation, and live output visualization. The details of each module
are as follows:

1. Input Module: Capturing Live Video Feeds

The input module is responsible for continuous video feed acquisition from a CCTV camera or

webcam installed in the monitoring area. This live video stream serves as the primary data source for

detecting critical events.

e Camera Selection: The system supports various cameras, including USB webcams, IP cameras,
and CCTV feeds.

e Frame Resolution: The system processes video feeds at an optimized frame rate to balance
detection accuracy and real-time performance.

e Streaming: The captured video frames are buffered and sent to the Processing Module for real-
time analysis.

2. Processing Module: Real-Time Object and Fall Detection
The Processing Module is responsible for detecting falls and hazardous objects in real-time using
computer vision and deep learning.

YOLOVvS8 for Fall and Hazardous Object Detection

The system employs YOLOv8 (You Only Look Once), a state-of-the-art real-time object detection
model, for detecting falls and hazardous objects (knives, guns, obstacles, etc.).
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e Fall Detection: The model analyzes the posture and body position of an elderly person to identify
potential falls.

e Hazard Detection: YOLOVS is trained to recognize objects such as knives, firearms, or other
environmental risks that may pose a threat.

e Bounding Box Annotation: Each detected object or event is highlighted with a bounding box,
enabling clear identification.

OpenCV for Real-Time Video Processing

e Frame Preprocessing: Incoming video frames are resized, normalized, and optimized using
OpenCV to improve detection efficiency.

e Motion Analysis: OpenCV detects sudden changes in motion, helping to improve fall detection
accuracy.

e Noise Reduction: Filters are applied to remove unnecessary artifacts, ensuring accurate detection
in various lighting conditions.

3. Threat Analysis Module: Classification of Detected Events
Once an event (fall or hazardous object detection) is identified, the Threat Analysis Module evaluates
the severity and classifies it as normal or critical.

Classification Criteria
e Normal Activity: Regular movements such as sitting, walking, or stretching.
e Critical Events: Falls, detected weapons, or unsafe environmental conditions.

Decision Making

e The system assigns a confidence score to each detected event.

e If the score is above a predefined threshold, the event is flagged as critical and an alert is
triggered.

e False Positive Reduction: The system filters out false detections using a combination of motion
tracking and posture analysis.

4. Notification Module: Sending Real-Time Alerts to Caregivers
If a critical event is detected, the Notification Module immediately triggers an alert using Pushbullet
API, ensuring instant caregiver response.

Pushbullet API Integration
e Sends alerts to smartphones, tablets, and computers.
e Supports multi-device notifications, allowing multiple caregivers to receive alerts simultaneously.

Alert Details: Each notification includes:

e Type of detected threat (e.g., "Fall Detected", "Knife Detected").

e Timestamp of the event.

e Snapshot of the detected event for caregivers to verify.

e Instant Response: Caregivers receive alerts within 3 seconds of detection, enabling them to take
immediate action.
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5. Output Module: Live Video Display with Annotations

The Output Module provides real-time visualization of the monitoring area, displaying detected
events and alerts.

Annotated Live Feed: The system overlays bounding boxes and labels on the video feed to
highlight detected threats.

Web-Based Ul (Flask Application):

Caregivers can access the live video stream remotely through a Flask-based dashboard.

Includes event logs to review past detections.

Real-Time Updates: The interface is updated in real-time, ensuring caregivers have continuous
monitoring capabilities.

Video Capturing (Webcam / CCTV)

Frame Processiong (OpenCV)

Fall & Object Detection (YOLOVS)

Thread Analysis

N\

Notification System Annotated Live feed Display
(Pushbullet App)

Caregiver Alert & Monitoring

Fig 1: Syatem Architecture

6. Summary of System Architecture

Module Function

Input Module Captures live video from CCTV/Webcam.
Processing Module Detects falls and hazardous objects using YOLOv8 & OpenCV.
Threat Analysis Classifies events as normal or critical based on confidence scores.

Notification Module Sends instant alerts via Pushbullet API to caregivers.
Output Module Displays annotated live video feeds with detected threats.

Implementation Details
This section outlines the technologies, frameworks, and methodologies used to implement the real-
time elderly monitoring system. The system is designed for high accuracy, real-time processing, and
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minimal response time, ensuring elderly safety through instant threat detection and caregiver
notifications.

Module Function
Input Module Captures live video from CCTV/Webcam.
Processing Module | Detects falls and hazardous objects using YOLOV8 &
OpenCV.
Threat Analysis Classifies events as normal or critical based on

confidence scores.

Notification Module | Sends instant alerts via Pushbullet API to caregivers.
Output Module Displays annotated live video feeds with detected

threats.
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Fig 2: categorical Cross-Entropy Loss

Technologies Used

e To achieve efficient real-time monitoring, the system leverages a combination of deep learning,
computer vision, and API integration. The core technologies used in the implementation are:

e Programming Language: Python (Primary language for system development).

e Deep Learning Framework: YOLOv8 (You Only Look Once) — Used for fall detection and hazardous
object recognition.

e Computer Vision Library: OpenCV — Handles video frame processing, object tracking, and motion
analysis.

e Backend Framework: Flask — Provides a real-time monitoring Ul for caregivers.

e APl Integration: Pushbullet — Delivers instant notifications to caregivers when a fall or hazardous
object is detected.

Hardware Requirements

e  Webcam/CCTV Camera — Captures live video feeds for monitoring.

e GPU-Enabled System — Required for real-time deep learning inference and object detection.

e Each of these technologies plays a crucial role in ensuring that the system is fast, scalable, and
reliable.
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Fig 3 : Precision vs. Epochs for Different Models

System Workflow
The system operates in a sequential workflow to ensure accurate detection and fast response times.
The workflow consists of five primary stages:

Video Capture

e The system continuously captures live video feeds from an attached CCTV camera or webcam.
e The video stream is buffered and processed frame by frame in real time.

e Frame resolution is adjusted dynamically to balance detection accuracy and performance.

Object & Fall Detection

e YOLOVS is applied to each frame to detect:

e Falls: Identifies human posture changes and detects when an individual has fallen.

e Weapons & Hazardous Objects: Recognizes knives, guns, and environmental risks that could
threaten elderly safety.

e The model generates bounding boxes around detected objects with confidence scores, ensuring
only high-confidence detections are processed further.

e Threat Classification

e The system classifies detected events into two categories:

e Normal Activity: Includes everyday movements like walking, sitting, or adjusting posture.

e Critical Events: Includes falls, detected weapons, or unsafe environmental conditions.

e Events flagged as critical trigger an instant notification alert to caregivers.

e Alert Generation

e When a critical event is detected, the Pushbullet APl sends an emergency notification.

The notification details include:
e Type of detected threat (e.g., "Fall Detected", "Knife Detected").
e Timestamp of the event.
e Captured image of the detected event for caregiver verification.
e Alerts are sent within 3 seconds of event detection, ensuring rapid emergency response.
e Live Monitoring
e The Flask-based web application provides caregivers with:
e A real-time video feed with annotated detections.
e Threat notifications displayed in real time.
e Historical event logs for review.
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The Ul allows caregivers to remotely monitor elderly individuals from any internet-connected device.

Summary of Implementation Details:

Component

Technology Used

Functionality

Video Processing

OpenCV + YOLOV8

Captures & processes live video frames.

Object Detection

YOLOvV8 Deep Learning
Model

Detects falls & hazardous objects in real
time.

Threat Analysis

Al Classification Algorithm

Differentiates normal vs. critical events.

Alert System

Pushbullet API

Sends emergency notifications to
caregivers.

User Interface

Flask Web Application

Displays real-time monitoring and logs.

V. RESULTS & PERFORMANCE ANALYSIS

The proposed real-time elderly monitoring system was rigorously tested in real-world environments to
evaluate its accuracy, efficiency, and responsiveness. The system'’s performance was assessed based on
key metrics, including fall detection accuracy, hazardous object detection accuracy, and notification
delay.
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Fig 4: Recall vs. Epochs for Different Models

Experimental Setup

The system was deployed in multiple environments, including:

e Home settings with different room layouts.

e Nursing homes and elderly care facilities with real-time caregiver intervention.

e Simulated test scenarios where controlled falls and hazardous objects were introduced.

e For evaluation, we tested the system with varied lighting conditions, camera angles, and different
individual postures to analyze the robustness of detection.
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Fall Detection Accuracy (95%)

e The system correctly identified 95 out of 100 simulated falls in various environments.

e The YOLOv8 model's posture analysis effectively recognized abnormal human movements
associated with falling.

e False negatives were observed in low-light conditions, which were improved by model retraining
with enhanced datasets.

Hazardous Object Detection Accuracy (98%)

e The system demonstrated high accuracy in detecting dangerous objects such as knives, guns, and
obstacles.

e Custom-trained YOLOvV8 models improved recognition, reducing false detections in cluttered
backgrounds.

e The bounding box annotation system ensured accurate localization of hazardous objects.

Notification Response Time (Less than 3 seconds)

e The Pushbullet APl ensured alerts were instantly delivered to caregivers.

e In 90% of test cases, notifications were received within 2.5 seconds of event detection.

e Multi-device support (smartphones, desktops, tablets) ensured quick emergency response.

Error Analysis & Model Improvement

e During testing, the system encountered some challenges:

e False Positives in Cluttered Environments: Misidentification of household objects (e.g., utensils) as
weapons.

e Lighting Variability: Reduced accuracy in low-light or high-glare conditions.

e Occlusion Issues: Detection was impacted when elderly individuals were partially blocked by
furniture.

Improvements Implemented

Dataset Expansion: Additional low-light training data improved fall detection in dim environments.
Noise Reduction Filters: Improved object recognition in cluttered areas.

Pose Estimation Enhancements: Refinements in human posture detection reduced false positives in fall
detection.

Summary of Findings

e High accuracy in fall and hazardous object detection.

e Minimal notification delay ensures rapid caregiver intervention.

e Model retraining reduced false detections and improved reliability.

e The system is scalable for use in homes, hospitals, and nursing care facilities.

e Future optimizations include multi-camera support, real-time Al anomaly detection, and
integration with wearable health monitoring devices for enhanced elderly safety.

Discussion

The proposed real-time elderly monitoring system presents a practical and efficient solution for
ensuring the safety and well-being of elderly individuals. By integrating deep learning, computer
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vision, and real-time notifications, the system offers automated, non-intrusive monitoring with instant
caregiver alerts. This section discusses the advantages, challenges, and limitations of the system.
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Fig 5 : mAP50 vs. Epochs for Different Models

Advantages
The system provides several key benefits over traditional wearable-based fall detection and manual
supervision methods:

Real-time Monitoring

e Continuously analyzes live video feeds to detect falls and hazardous objects instantly.

e Eliminates manual supervision dependency, ensuring automated 24/7 monitoring.

e Non-Intrusive (No Wearables Needed):

e Unlike traditional sensor-based fall detection systems, this vision-based approach does not
require elderly individuals to wear any device.

e Eliminates issues with user compliance, such as forgetting to wear, discomfort, or battery
limitations.

e Automated Alerts for Rapid Intervention:

e Pushbullet API ensures that caregivers receive real-time notifications within 3 seconds of a
detected event.

e Reduces emergency response time and enhances caregiver efficiency.

e Scalability for Homes & Care Facilities:

e Can be deployed in individual homes, nursing homes, and assisted living facilities.

e Supports multi-camera integration for large-scale monitoring in future implementations.

Challenges & Limitations
Despite its effectiveness, the system has certain challenges and constraints that require future

improvements:

Internet Dependency for Notifications
e The Pushbullet API requires a stable internet connection to send notifications.
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e In cases of network failure, alerts may be delayed or not delivered, impacting emergency
response.

e Future improvements may include offline fallback mechanisms such as local alarm triggers or
SMS-based alerts.

Privacy Concerns in Continuous Video Surveillance
Some elderly individuals may feel uncomfortable with continuous camera-based monitoring in their
private spaces.

Future enhancements could include

e Edge Al Processing: Performing on-device detection and only transmitting alerts instead of full
video feeds.

e Configurable Privacy Modes: Allowing users to enable/disable monitoring at certain times of the
day.

e Limited Camera Coverage (Blind Spots Exist):

e The system'’s effectiveness depends on the camera’s field of view.

e Areas outside the camera's range may not be monitored, leading to blind spots where falls or
hazards could go undetected.

e Possible future solutions include:

e Multi-camera network integration to provide 360-degree coverage.

e Al-powered anomaly detection that predicts risk-prone areas based on activity patterns.

Real-Time Video Monitoring

\ 4
Frame Extractior

v
Data Storage

‘ Deep Learning Algorithms ‘ ‘ Historical Data Analysic

A 4 h 4

Alert Generatior Easy-to-Read Reports

y

‘ Customizable Alert Setting: ‘

Fig 6 : Working Flow

Future Improvements & Enhancements

To further enhance the system'’s accuracy, reliability, and usability, the following improvements are

planned:

e Multi-Camera Support: Expanding detection coverage to eliminate blind spots.

e Al-Based Activity Recognition: ldentifying potential fall risks before they occur based on
movement patterns.
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e Integration with Wearables: Combining vision-based monitoring with health metrics (heart rate,
blood pressure, etc.) for comprehensive elderly safety.

e Voice-Based Alerts: Implementing audio notifications for elderly individuals to acknowledge alerts
verbally.

e By addressing these limitations, the system can be further optimized for large-scale
implementation in homes, hospitals, and elderly care centers, ensuring improved elderly safety
and caregiver support.

Future Scope

The proposed real-time elderly monitoring system has demonstrated significant effectiveness in fall
detection, hazardous object recognition, and real-time caregiver alerts. However, several
enhancements can be implemented to improve accuracy, coverage, and usability. Future
developments will focus on expanding functionality, reducing false positives, and enhancing
monitoring capabilities.

Integration with Smartwatches for Health Monitoring

e Future iterations of the system will incorporate wearable devices such as smartwatches and loT-
based health monitors.

e These devices can track additional health metrics, including:

e Heart Rate Monitoring — Detects abnormal heart rates, signaling potential distress.

e Oxygen Saturation (SpO.) Levels — Identifies early signs of health deterioration.

e Blood Pressure Analysis — Helps in monitoring long-term health conditions.

e A combined vision-based + wearable sensor approach will enhance detection accuracy and
provide a comprehensive health assessment.

Voice-Based Alerts for Elderly Communication

e The current system notifies caregivers, but future enhancements will include voice-based
interactions to communicate directly with the elderly.

e Features include:

e Automated Voice Alerts — If a fall or hazard is detected, the system will speak to the elderly
individual and ask if they need help.

e Elderly Response Integration — Users can confirm they are safe through voice recognition or a
simple button press.

e Emergency Call Activation — If no response is received within a certain time, the system will
automatically call caregivers or emergency services.

e This feature will reduce false alerts and provide direct assistance to elderly individuals.

Multi-Camera Setup for Enhanced Surveillance

e The current system is limited to single-camera monitoring, which may result in blind spots.

e  Future upgrades will integrate multiple cameras to cover larger areas such as:

e Multiple rooms in a home.

e Entire sections of a nursing home or hospital.

e Hallways and outdoor spaces for fall risk monitoring.

e Multi-camera coordination will allow the system to track elderly individuals across multiple
viewpoints, ensuring comprehensive coverage.
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e Edge Al processing can be used to distribute computation across cameras and reduce server load.

Al Model Optimization to Reduce False Positives

e Although the system has achieved high detection accuracy, false positives still occur in complex
environments.

e Future model enhancements will focus on:

e Dataset Expansion — Training the YOLOv8 model with a larger, more diverse dataset to improve
accuracy.

e Human Pose Estimation Integration — Refining fall detection by analyzing full-body posture
movements.

e Anomaly Detection with Deep Learning — Identifying unusual behavior patterns that indicate early
warning signs of falls.

e Adaptive Learning — The model will continuously learn from past events to improve accuracy over
time.

Other Potential Enhancements

e Edge Al Deployment — Processing data locally on smart cameras instead of cloud servers to
enhance privacy and reduce latency.

e Hybrid Cloud & Local Storage — Allowing users to choose between local and cloud-based video
storage to enhance security.

e Automated Emergency Calls — Direct emergency service integration (ambulance, hospitals) for
faster medical response.

VI. CONCLUSION

The real-time elderly monitoring system presented in this paper demonstrates a highly efficient and
automated approach to ensuring the safety and well-being of elderly individuals. By leveraging
computer vision, deep learning, and real-time alert mechanisms, the system effectively detects falls
and hazardous objects, providing instant notifications to caregivers for rapid intervention. The use of
YOLOV8 for object detection and OpenCV for real-time video processing ensures a high level of
accuracy and efficiency in monitoring elderly individuals without requiring wearables.

The integration of Pushbullet APl has proven to be a reliable method for immediate caregiver
notifications, reducing response time to under three seconds, which is crucial in emergency situations.
The non-intrusive nature of this vision-based approach eliminates the need for elderly individuals to
wear monitoring devices, ensuring greater user comfort and compliance.

Despite its advantages, the system has some limitations, including privacy concerns, internet

dependency, and limited camera coverage. Future enhancements will focus on:

e Integration with wearable devices to monitor additional health parameters.

e Multi-camera deployment to eliminate blind spots and improve tracking capabilities.

e Al model optimization to reduce false positives and improve detection accuracy in diverse
environments.

e Edge Al processing for privacy-focused, real-time local detection.
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By addressing these future improvements, the system can evolve into a more scalable, accurate, and
comprehensive monitoring solution for elderly care. The proposed enhancements will further
strengthen its applicability in homes, nursing care facilities, and hospitals, making it a valuable tool for
independent elderly living and assisted caregiving.
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