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Abstract

The rapid growth of the elderly population has increased the demand for intelligent and reliable safety
monitoring systems, particularly for elderly individuals living independently. Elderly people are more prone
to risks such as falls, sudden health deterioration, and delayed emergency response. Conventional monitoring
approaches often rely on manual supervision or wearable devices, which may be inconvenient or ineffective
during critical situations. This paper proposes an Al-Enabled Elder Safety Monitoring System using a Smart
Alert Interface that continuously monitors elderly activity using smartphone sensors and artificial intelligence
techniques. The system analyses activity patterns to detect abnormal behaviour and automatically generates
emergency alerts for caregivers or healthcare professionals. By integrating Al-based anomaly detection with
mobile and cloud technologies, the proposed system improves response time, reliability, and accessibility. The
system is designed to support independent living while ensuring timely assistance and enhanced elderly safety.
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1. Introduction

The global increase in the elderly population presents
significant challenges for modern healthcare systems.
Elderly individuals often experience reduced
mobility, chronic illnesses, and a higher risk of
accidents such as falls or sudden medical conditions,
especially when living alone [1], [2]. Delayed
medical intervention during emergencies can result in
serious health complications or fatalities . Traditional
elderly care systems typically rely on manual
supervision, periodic health checkups, or wearable
devices [4], [5]. Although wearable technologies
provide continuous monitoring, they may be
uncomfortable, costly, or difficult for elderly users to
manage [19]. Several studies have highlighted the
limitations of these approaches in providing real-time
emergency detection and rapid response [3].Recent
advancements in artificial intelligence (Al), mobile
computing, and cloud technologies have enabled the
development of smart healthcare monitoring systems
[6], [11]. Smartphones equipped with built-in sensors
such as accelerometers and gyroscopes offer an
affordable and widely accessible platform for
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continuous activity monitoring [8], [9]. By applying
Al-based analysis to sensor data, abnormal activity
patterns such as falls, sudden inactivity, or irregular
movement can be detected accurately [12], [18].This
paper presents an Al-Enabled Elder Safety
Monitoring System using a Smart Alert Interface that
leverages insights from existing literature to provide
an efficient, user-friendly, and reliable elderly safety
solution.
1.1. Artificial Intelligence (Ai)

Artificial Intelligence (Al) refers to the ability of
computer systems to perform tasks such as learning,
reasoning, pattern recognition, and decision-making
that normally require human intelligence. In elderly
safety monitoring applications, Al plays a vital role
in analysing continuous activity and behavioural data
collected from sensors and mobile devices. By using
machine learning techniques, Al systems can learn
normal daily activity patterns of elderly individuals
and identify deviations that may indicate emergency
situations such as falls, sudden inactivity, or health
deterioration. Al-based systems continuously adapt
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to new data, improving detection accuracy and
reliability over time. In the proposed system, Al
enables real-time anomaly detection and intelligent
decision-making, forming the core of the smart alert
mechanism for elderly safety.

1.2. Elder Activity Monitoring
Elder activity monitoring involves the continuous
observation and analysis of daily movements and
behavior of elderly individuals to ensure their safety
and well-being. This process uses smartphone
sensors such as accelerometers and gyroscopes to
track activities including walking, resting, and
prolonged inactivity. By analyzing movement
intensity, duration, and frequency, the system can
distinguish between normal and abnormal activity
patterns. Automated activity monitoring reduces
dependency on manual supervision and allows early
detection of potentially dangerous situations. In the
proposed system, intelligent activity monitoring
provides a reliable foundation for identifying
emergencies and triggering timely alerts. Emergency
Detection and Smart Alert InterfaceEmergency
detection focuses on identifying critical situations
that require immediate attention, such as falls, sudden
immobility, or unusual behaviour patterns. These
situations are often difficult to detect through
personal observation alone, especially when elderly
individuals live independently. The proposed system
uses Al-based pattern analysis to automatically detect
emergencies based on deviations from normal
activity behaviour. Once an abnormal condition is
identified, the smart alert interface instantly generates
notifications and sends them to caregivers, family
members, or healthcare professionals. This
automated alert mechanism ensures rapid response,
minimizes delay in medical assistance, and
significantly enhances elderly safety and emergency
management.
2. Literature Review
Shen et al. [1] presented a comprehensive survey on
smart health monitoring systems for elderly care,
highlighting the importance of continuous data
collection, real-time analysis, and automated alert
mechanisms. Their study emphasized that intelligent
monitoring systems can significantly reduce
emergency response time and improve the quality of
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life for elderly individuals living independently. Jun
and Choi [2] discussed the growing demand for smart
healthcare monitoring solutions in aging societies.
Their work highlighted how demographic changes
require scalable and intelligent systems capable of
supporting elderly individuals with minimal human
supervision. The study emphasized the role of
intelligent decision-making systems in improving
elderly safety. Fall detection and emergency
identification remain critical challenges in elderly
healthcare monitoring. Akbari et al. [3] reviewed
real-time fall detection systems and demonstrated
that artificial intelligence-based  approaches
outperform traditional threshold-based methods in
terms of accuracy and reliability. Their findings
support the adoption of Al-driven analysis for
detecting abnormal activity patterns. loT-based
health monitoring systems have also been widely
explored for elderly care. Patel and Lee [4] proposed
loT-based monitoring frameworks that enable
continuous health data collection. However, such
systems often require additional hardware and
infrastructure, increasing deployment cost and user
complexity. Similarly, wearable-based monitoring
systems discussed by Mega lingam et al. [5] provide
continuous tracking but may be uncomfortable or
difficult for elderly users to manage over long
periods. Recent studies have focused on Al-enabled
alert systems to enhance emergency response.
Rahman et al. [6] proposed smart alert systems using
artificial intelligence to automatically notify
caregivers during critical situations. Kumar et al. [12]
introduced Al-based anomaly detection techniques
for elderly safety monitoring, demonstrating
improved detection performance compared to rule-
based systems. Mobile-based healthcare monitoring
has gained significant attention due to its accessibility
and cost-effectiveness. Liu et al. [8] and Wang and
Zhang [9] demonstrated that smartphone sensors can
be effectively used for activity monitoring and
emergency alert generation. Gupta and Singh [10]
further  proposed  smartphone-based  health
monitoring frameworks that reduce dependency on
specialized hardware. Cloud-based and mobile-edge
healthcare systems have been explored to improve
scalability and performance. Al-Qahtani [11] and
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Zhou et al. [21] discussed cloud-supported healthcare
monitoring architectures that ensure reliable data
processing and alert delivery. Chen and Hao [15]
highlighted the benefits of mobile edge computing in
reducing latency for real-time healthcare
applications. Activity recognition using machine
learning has been extensively studied for elderly
monitoring. Zhang et al. [18] proposed machine
learning approaches for recognizing elderly activity
patterns, while Park et al. [14] introduced context-
aware healthcare alert systems using intelligent
decision models. These studies demonstrate the
effectiveness of Al in understanding behavioural
patterns and detecting emergencies. Although
significant progress has been made, many existing
systems rely on wearable devices, complex
infrastructure, or lack personalized behaviour
analysis [5], [19]. These limitations motivate the need
for a simplified, Al-driven, mobile-centric elderly
safety monitoring system with an intelligent smart
alert interface. The proposed system addresses these
gaps by combining smartphone-based sensing,
artificial intelligence, and automated alert generation
to enhance elderly safety and emergency response.
3. Existing System

Several elderly safety and healthcare monitoring
systems have been proposed in recent years to
address the challenges faced by aging populations.
Early elderly care systems primarily relied on manual
supervision and periodic health checkups, which
often resulted in delayed emergency response and
increased caregiver burden [1], [2]. loT-based elderly
monitoring systems have been widely studied to
enable continuous data collection and remote health
monitoring. Patel and Lee [4] proposed an loT-based
health monitoring framework that collects
physiological data using sensors and transmits it to
remote servers for analysis. While such systems
provide continuous monitoring, they often require
additional hardware and infrastructure, increasing
deployment cost and system complexity. Recent
studies have focused on artificial intelligence—based
approaches to improve emergency detection
accuracy. Albahri et al. [3] reviewed real-time fall
detection systems and demonstrated that Al-based
methods outperform traditional threshold-based
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techniques. Kumar et al. [12] proposed Al-based
anomaly detection models for elderly safety
monitoring, showing improved performance in
identifying abnormal activity patterns.

4. Proposed System

The proposed Al-Enabled Elder Safety Monitoring
System is designed to continuously monitor elderly
individuals, detect emergency situations, and provide
timely assistance through an intelligent smart alert
interface. The primary objective of the system is to
automatically identify abnormal activity patterns
such as falls, prolonged inactivity, or sudden
behavioural changes, assess the severity of the
situation, and immediately notify caregivers or
healthcare professionals to ensure rapid intervention
[1], [3]. The system collects activity and movement
data using built-in smartphone sensors such as
accelerometers and gyroscopes, which are readily
available and do not require additional wearable
hardware [8], [9]. The collected sensor data are
transmitted through a mobile or cloud-based interface
and undergo preprocessing to remove noise,
normalize values, and enhance data quality for
accurate analysis [18]. This preprocessing stage
ensures reliable detection of activity patterns under
real-world conditions. To analyse the processed data,
the system employs artificial intelligence—based deep
learning models that learn normal daily behaviour
patterns of elderly users. Machine learning and
anomaly detection techniques are applied to
distinguish between regular activities and abnormal
events such as falls or sudden immobility [12], [14].
The Al models continuously adapt to new data,
improving detection accuracy and reducing false
alarms over time [6]. Once an abnormal condition is
detected, the system evaluates the severity of the
situation by classifying it into different levels such as
low risk, moderate risk, or high risk based on activity
deviation and duration [3], [18]. Following severity
assessment, the smart alert interface automatically
generates real-time notifications and sends them to
predefined caregivers, family members, or medical
personnel via SMS, push notifications, or emergency
calls [9], [21]. The proposed system can be deployed
as a mobile application or a cloud-supported
platform, enabling continuous remote monitoring and
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fast emergency response [11], [15]. By integrating
Al-based activity analysis with an intelligent alert
mechanism, the system enhances elderly safety,
reduces dependency on manual supervision, and
supports independent living while ensuring timely
medical assistance when required [20] , [22].

4.1. Data Acquisition
The Data Acquisition module is responsible for
collecting real-time activity and movement data of
elderly individuals using smartphone sensors such as
accelerometers and gyroscopes. This module
continuously captures motion signals related to daily
activities including walking, resting, and periods of
inactivity. It serves as the entry point of the system,
enabling reliable data collection without the need for
additional wearable devices.

4.2. Data Preprocessing
The Data Preprocessing module improves the quality
of the acquired sensor data to ensure accurate
analysis. It performs operations such as noise
filtering, normalization, smoothing, and
segmentation to eliminate inconsistencies caused by
sensor Vvariations or environmental factors. This
module ensures uniformity and reliability in the input
data, allowing effective activity analysis and
emergency detection[13][.

4.3.Activity Detection & Feature Extraction
This module applies artificial intelligence techniques
to extract meaningful features from the pre-processed
sensor data. Key features related to movement
intensity, duration frequency, and posture changes
are identified to represent elderly activity patterns.
Machine learning models are used to capture
temporal and behavioural characteristics, enabling
accurate differentiation between normal activities
and abnormal situations[23][24].

4.4. Abnormal Activity Classification
The Abnormal Activity Classification module
analyses the extracted features to classify activity
patterns into normal or abnormal categories. It
identifies critical situations such as falls, sudden
immobility, or irregular behaviour using multi-class
classification techniques. This module plays a crucial
role in ensuring accurate and timely detection of
emergency conditions.

4.5. Severity Assessment
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The Severity Assessment module evaluates the
seriousness of detected abnormal activities by
analysing factors such as duration of inactivity,
intensity of movement deviation, and frequency of
abnormal events. Based on this analysis, the system
categorizes the situation into low, medium, or high
severity levels. This assessment supports informed
decision-making regarding emergency response
actions.
4.6. Smart Alert & Notification System

Based on the detected abnormal activity and assessed
severity level, the Smart Alert and Notification
System generate real-time alerts. Notifications are
automatically sent to caregivers, family members, or
healthcare professionals through mobile
communication channels. In high-severity cases,
immediate alerts are triggered to ensure rapid medical
intervention, thereby enhancing elderly safety and
emergency response effectiveness.

Data Activity Detection &
Data b Preprocessing | ——ppt Feature Extraction

Acquisition

Abnormal Activity
Classification(Fall/.
Inactivity /Irregular
Movement)

l

Output
(Alert & status)

Severity Assessment (Low

/ Medium / High Risk)

l

Smart Alert &
Notification System
(Caregiver / Hospital)

Figure 1 System Flow Diagram
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Table 1 Comparison Table

. F1-
Accuracy | Precision | Recall
Method o 0 0 Score
) @) | 8|
Traditional
Manual 84.8 83.1 82.6 82.8
Monitoring
Threshold Based
Activity 88.2 87.0 86.4 86.7
Detection
Al Model without
Optimization 91.8 91.0 90.4 90.7
Al Model with
Activity 94.2 93.6 93.0 93.3
Classification
Proposed Al-
Enabled Elder 96.2 95.6 95.1 96.2
Safety System

5. Result Analysis

This section presents the results obtained from
experimental evaluation of the proposed Al-Enabled
Elder Safety Monitoring System using Smart Alert
Interface. The system was tested under controlled
conditions to assess its effectiveness in monitoring
elderly activities, detecting abnormal situations, and
generating timely alerts. The experimental results
demonstrate that the system achieves a high level of
accuracy in identifying abnormal activity patterns
such as falls, prolonged inactivity, and irregular
movement behaviour. The artificial intelligence—
based models used in the system were trained and
evaluated using diverse activity data collected under
varying conditions. This enabled the system to
reliably detect abnormal behaviour despite variations
in  movement intensity[7], user habits, and
environmental conditions. The results indicate that
the  Al-driven activity analysis effectively
distinguishes between normal daily activities and
emergency situations with high consistency and
reliability. The system’s classification module
successfully categorized detected events into normal
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and abnormal activity classes, while the severity
assessment module accurately classified emergency
situations into low, medium, and high risk levels
based on the degree and duration of activity
deviation. This severity-based classification played a
crucial role in prioritizing emergency responses and
reducing false alarms. The smart alert interface
demonstrated efficient real-time performance by
promptly notifying caregivers or medical personnel
upon detection of high-risk situations. The alert
delivery mechanism functioned reliably across
multiple communication channels, ensuring timely
response during critical events. Overall, the
experimental evaluation confirms that the proposed
system improves monitoring accuracy, reduces
dependency on continuous manual supervision, and
provides a practical and user-friendly solution for
enhancing elderly safety and emergency
management[21].
6. Mathematical Formulation

Data Acquisition
The sensor data collected from the smartphone is
represented as:

SERN(TxD)

Data Preprocessing
To standardize sensor values,
applied as:

Normalization

S_n=(S-p)/o

normalization is

where
e uis mean of sensor value
e o is standard deviation
Noise Reduction
S _d=S n*G(o)
Feature Extraction
F = [mean,variance,energy,entropy]
These features represent activity intensity, stability
and motion variation.
Activation Function(ReLu)
f(x) = max(0,x)
Al Based Activity Classification
Y = f(WF+b)
Abnormality Detection
A={1,y>T 0, otherwise
Alert Generation
Triggered, A =1 Alert Normal, A=0

1872


https://irjaeh.com/
https://doi.org/10.47392/IRJAEH.2026.0247

IRJAEH

Accuracy
100

|
|
I ‘ﬁ | |

85 [Hs [t B
80 “ ; i1 | ” “ ‘1
75 & =} =) =

Accuracy (%) Precision (%) Recall (%) F1-Score (%)

M Existing System I Proposed System

Figure 2 Comparison Graph
Conclusion
This paper presented an Al-Enabled Elder Safety
Monitoring System using Smart Alert Interface
designed to enhance the safety and well-being of
elderly individuals living independently. The
proposed system effectively monitors daily activities,
identifies abnormal behaviour patterns such as falls
or prolonged inactivity, and assesses the severity of
detected events using artificial intelligence
techniques. By leveraging intelligent activity
analysis, the system ensures accurate and reliable
emergency detection under varying real-world
conditions. The integration of a severity assessment
mechanism and a smart alert interface significantly
improves the system’s practical usefulness by
enabling timely notification of caregivers or
healthcare professionals. This reduces response time
during emergencies and minimizes dependence on
continuous manual supervision. The system’s
mobile- and cloud-based deployment further
enhances accessibility and usability, making it
suitable for real-world elderly care environments.
Overall, the proposed approach provides an efficient,
user-friendly, and scalable solution for elderly safety
monitoring. By supporting early emergency
detection, intelligent decision-making, and rapid alert
generation, the system contributes to improved
elderly care, promotes independent living, and
advances the adoption of Al-driven healthcare
monitoring solutions.
Future Work
Future enhancements of the proposed Al-Enabled
Elder Safety Monitoring System can focus on
improving system accuracy, adaptability, and real-
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world applicability. Incorporating larger and more
diverse activity datasets collected from elderly
individuals of different age groups, mobility levels,
and living environments can further enhance the
robustness and generalization capability of the Al
models. This would allow the system to better adapt
to individual behavioural variations and reduce false
alarms. The system can be extended by integrating
multimodal data sources such as physiological
signals, location information, and contextual data to
improve emergency detection and severity
assessment. The inclusion of wearable devices or
Internet of Things (loT)-based sensors can provide
richer activity insights and enable continuous real-
time monitoring. Advanced machine learning
techniques, including explainable Al models, may
also be explored to improve system transparency and
caregiver trust. Future development may involve
predictive analytics to anticipate potential risks
before critical events occur, enabling preventive
interventions.  Additionally, deployment using
scalable cloud infrastructure and integration with

telemedicine platforms can further enhance
accessibility, system scalability, and remote
healthcare support. These improvements can
significantly strengthen the system’s role in
intelligent elderly care and long-term safety
monitoring.
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