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Abstract- The rapid growth of the elderly population has
increased the demand for intelligent healthcare systems
that can support safe independent living. Senior citizens
often require continuous monitoring because of age-
related health conditions, reduced mobility, and difficulty
in performing daily activities. This work presents an
adaptive and multimodal Al-based elderly monitoring
framework designed for predictive and personalized
assistive  healthcare applications. The developed
framework combines physiological, behavioral, and
environmental parameters including heart rate, blood
pressure, motion level, room temperature, light intensity,
step count, speech commands, behavioral condition, and
interaction status. A Random Forest classification model
is employed to recognize and predict activities such as
Sitting, Standing, and Walking using multimodal
healthcare data. To improve classification performance
and prediction reliability, a realistic and balanced
healthcare dataset was generated and merged with the
original dataset. Experimental evaluation demonstrated
improved prediction accuracy and stable cross-validation
performance  after  dataset  enhancement  and
preprocessing. A multilingual graphical user interface
was also integrated to improve accessibility for elderly
users who may not be comfortable interacting in English.
Regional language support increases usability and makes
the framework more inclusive for elderly individuals from
different language backgrounds. The proposed system
can further be extended using wearable sensors, IoT-
based monitoring, and Explainable Al techniques for
future smart healthcare environments.

Keywords— Elderly Monitoring, Explainable AI, Human

Activity Recognition, Random Forest, Smart Healthcare,
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I. INTRODUCTION

The increasing elderly population has created a
strong demand for intelligent healthcare technologies
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capable of supporting safe and independent living
environments [2]. Elderly individuals commonly
experience mobility limitations, memory-related
disorders, reduced physical strength, and difficulty
performing routine activities without assistance.
Continuous monitoring is therefore important for
ensuring safety and providing timely healthcare
support during emergencies.

Traditional elderly care methods mainly rely on
caregivers, family supervision, or periodic medical
visits. Although these approaches provide basic
assistance, they may not ensure continuous
observation or immediate response  during
unexpected situations. Recent advancements in
Artificial Intelligence (AI) and Machine Learning
(ML) have enabled the development of smart
healthcare applications capable of recognizing human
activities and monitoring  health  conditions
automatically in real time [4].

Human Activity Recognition (HAR) systems are
widely used in healthcare applications for identifying
activities such as sitting, standing, walking, and
sleeping using sensor-generated data [3]. These
systems improve healthcare monitoring by analyzing
activity patterns and identifying abnormal conditions.
Several Machine Learning algorithms have been used
for healthcare prediction tasks, among which
Random Forest classifiers have demonstrated reliable
classification performance because of their
robustness and ability to handle heterogeneous
healthcare data efficiently [1].

This research introduces an adaptive and multimodal
Al-based assistive framework for elderly independent
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living. The developed framework combines
physiological, behavioral, and environmental
parameters including heart rate, blood pressure,
motion level, room temperature, light intensity, step
count, speech commands, behavioral state, and
interaction status for activity prediction.

To improve model reliability and -classification
consistency, a realistic and balanced dataset was
generated and merged with the original dataset. In
addition, a multilingual graphical user interface
(GUI) was implemented to improve accessibility for
elderly users who may prefer regional languages
instead of English. The developed framework aims to
provide an intelligent, accessible, and cost-effective
healthcare monitoring solution for senior citizens.

II. OBJECTIVES

The major objectives of the developed healthcare

monitoring framework are listed below:

1. To design an Al-based assistive healthcare system
for monitoring elderly activities in real time.

2. To combine physiological, behavioral, and
environmental parameters within a multimodal
activity recognition framework.

3. To improve prediction accuracy using a realistic
and balanced healthcare dataset.

4. To integrate multilingual accessibility features for
elderly users from  different language
backgrounds.

5. To provide personalized elderly activity
monitoring using behavioral and interaction
analysis.

6. To create a scalable framework that can support
future wearable and IoT-based healthcare
integration.

III. LITERATURE REVIEW

Recent advancements in Artificial Intelligence and
smart healthcare technologies have significantly
improved elderly monitoring systems and assisted
living applications [2]. Human Activity Recognition
systems are widely used for identifying activities
such as walking, sitting, and standing using sensor-
generated healthcare data [3].
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Several Machine Learning algorithms including
Decision Trees, K-Nearest Neighbors (KNN),
Support Vector Machines (SVM), and Random
Forest classifiers have been applied for healthcare
activity prediction tasks [5]. Among these methods,
Random  Forest has  demonstrated  strong
classification performance because of its capability to
reduce overfitting and process mixed healthcare data
effectively [1].

Researchers have also explored wearable healthcare
technologies integrated with smart sensors for
continuous monitoring of physiological parameters
such as heart rate, body motion, and step count [3].
These systems provide real-time healthcare assistance
and help detect abnormal situations. However,
wearable healthcare systems often depend on
expensive hardware devices and complex sensor
configurations, which may reduce usability for
elderly individuals.

Recent studies also emphasize the importance of
combining  physiological and  environmental
parameters for improved contextual understanding of
human activities [7]. Environmental factors such as
room temperature, light intensity, and user interaction
behavior contribute to more reliable activity
classification and prediction accuracy.

Explainable Artificial Intelligence (XAI) has also
emerged as an important area in healthcare
applications because it improves transparency and
interpretability in Al-driven decision-making systems
[8]. Explainable systems can help caregivers and
healthcare professionals better understand prediction
results generated by Machine Learning models.

Despite these advancements, many healthcare
monitoring systems still face limitations including
limited multilingual accessibility, insufficient dataset
balancing, and lack of wuser-friendly interfaces
designed specifically for elderly users. Most existing
healthcare applications are developed primarily in
English, which creates communication barriers for
elderly individuals who are more comfortable using
regional languages.

To address these research gaps, the present work
introduces a multilingual and multimodal Al-based

ICONIC RESEARCH AND ENGINEERING JOURNALS 2457



© MAY 2026 | IRE Journals | Volume 9 Issue 11 | ISSN: 2456-8880
DOI: https://doi.org/10.64388/IREV9I11-1717907

healthcare  framework capable of integrating
physiological, environmental, and behavioral data for
intelligent elderly activity prediction.

IV. PROBLEM STATEMENT

The growing elderly population has increased the
need for intelligent healthcare monitoring systems
capable of supporting safe and independent living
[2]. Senior citizens often experience age-related
challenges including reduced mobility, memory-
related issues, and physical weakness, making
continuous monitoring important for healthcare
assistance.

Existing healthcare monitoring applications mainly
focus on basic health tracking and do not provide
intelligent activity prediction capabilities [3]. Some
systems rely heavily on expensive wearable devices
or complex sensor configurations, making them
difficult for elderly users to operate comfortably.

Another major limitation identified in current
healthcare systems is the lack of multilingual
accessibility. Most applications are designed
primarily in English, which reduces usability for
elderly users from regional language backgrounds.

Many previous studies also use limited or imbalanced
datasets, which negatively affects prediction
reliability and overall classification performance. In
addition, several systems fail to combine
physiological, behavioral, and environmental data
together for improved contextual understanding of
elderly activities.

To overcome these limitations, the developed
framework introduces a multimodal Al-based elderly
healthcare monitoring system integrated with
multilingual accessibility support and realistic dataset
enhancement techniques for improved prediction
accuracy and usability

V.PROPOSED METHODOLOGY
The developed healthcare monitoring framework is
designed to recognize and predict elderly activities

using  Artificial Intelligence techniques and
multimodal  healthcare data. The framework
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combines  physiological, environmental, and
behavioral parameters to improve prediction accuracy
and provide intelligent assistance for elderly
individuals. The overall workflow of the system
consists of multiple stages including data collection,
preprocessing, feature engineering, model training,
activity prediction, multilingual interface integration,
and performance evaluation.

Step 1: Data Collection
The first stage involves collecting healthcare and
environmental information related to elderly
individuals. Multiple parameters are considered to
achieve accurate activity recognition and contextual
understanding of wuser behavior. The collected
parameters include:

* Heart Rate

* Blood Pressure

*  Motion Level

* Room Temperature

» Light Intensity

« Step Count

* Speech Commands

» Behavioral State

» Interaction Status

These parameters provide information regarding the
physical condition, environmental surroundings, and
interaction patterns of elderly users. Combining
multiple input sources improves system reliability
and prediction consistency [3].

Step 2: Data Preprocessing

The collected dataset is preprocessed before training
the Machine Learning model. Data preprocessing
improves dataset quality and ensures Dbetter
classification performance. The preprocessing stage
includes:

. Removal of missing or inconsistent values

. Encoding of categorical features

. Dataset balancing

. Feature normalization and transformation
Initially, the dataset contained limited and
imbalanced samples, which resulted in lower
classification accuracy. To overcome this limitation,
realistic synthetic healthcare data was generated and
merged with the original dataset. Dataset balancing
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significantly improved prediction consistency and
reduced biased classification [6].

Step 3: Feature Engineering

Feature engineering was performed to identify
parameters that strongly influence elderly activity
recognition. Physiological parameters such as heart
rate and motion level were combined with
environmental parameters including room
temperature and light intensity to provide contextual
awareness.

The integration of multimodal data helped the system
recognize meaningful relationships between user
conditions and activity patterns, thereby improving
activity prediction performance [7].

Step 4: Model Training

The Random Forest classification algorithm was
selected for activity prediction because of its
robustness, high classification accuracy, and ability
to process heterogeneous healthcare data efficiently
[1].

The processed dataset was divided into training and
testing sets using train-test split techniques. The
Random Forest model learned activity patterns from
the training dataset and generated predictions based
on user input parameters.

Step 5: Activity Prediction

After training, the developed framework predicts
elderly activities using the input parameters provided
by the user. The system classifies activities into the
following categories:

. Sitting
. Standing
. Walking

The prediction results are displayed through the
graphical user interface, enabling caregivers or
elderly users to monitor activity status easily.

Step 6: Multilingual GUI Integration

A multilingual graphical user interface (GUI) was
integrated into the framework to improve
accessibility and usability for elderly individuals
from different language backgrounds. Most
healthcare applications are developed primarily in
English, which creates communication difficulties for
elderly users.
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The developed GUI allows users to:

* Enter healthcare and environmental parameters

* Select preferred language options

* View prediction results in regional languages
This feature improves inclusiveness and addresses an
important accessibility gap identified in existing
elderly healthcare monitoring systems.

Step 7: Performance Evaluation
The final stage evaluates the performance of the
developed framework wusing standard Machine
Learning evaluation metrics, including:

. Accuracy Score

. Cross-validation Accuracy

. Classification Report

. Confusion Matrix
Experimental results demonstrated that the enhanced
dataset and multimodal healthcare framework
significantly improved activity prediction accuracy
and overall system reliability.

VI. DATASET AND IMPLEMENTATION

A. System Architecture
The developed elderly healthcare monitoring
framework follows a multilayer architecture
consisting of data collection, preprocessing, Machine
Learning processing, multilingual interaction, and
output generation layers.

1) Data Collection Layer

This layer collects physiological, behavioral, and
environmental information related to elderly users.
Parameters including heart rate, blood pressure,
motion level, room temperature, light intensity,
speech commands, and interaction status are gathered
for activity recognition.

2) Preprocessing Layer
The preprocessing layer performs:
. Data cleaning
. Missing value handling
. Categorical encoding
. Dataset balancing
. Feature transformation
Preprocessing improves data consistency and
increases prediction performance.
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3) Machine Learning Layer

This layer uses the Random Forest classification
algorithm for activity prediction. The trained model
identifies activity patterns and classifies activities
into categories such as Sitting, Standing, and
Walking.

4) GUI Layer
A multilingual graphical wuser interface was
developed using Python Tkinter. The GUI allows
users to:

. Enter healthcare parameters

. Select preferred language options

. View activity prediction results
Regional language support improves accessibility for
elderly users.

5) Output Layer

The output layer displays the final predicted activity
generated by the Al model through the graphical
interface.

B. Methodology

The implementation process of the developed
framework follows these stages:

1. Collection of physiological and environmental
healthcare data

Dataset preprocessing and categorical encoding
Realistic dataset generation and balancing
Splitting dataset into training and testing sets
Training the Random Forest classification model
Evaluating model performance using Machine
Learning metrics

AN ol

7. Integrating the trained model into a multilingual
GUI
8. Performing real-time elderly activity prediction

C. Dataset Description

The dataset used in this research contains healthcare
and environmental parameters associated with elderly
activity monitoring. Both original and realistic
synthetic healthcare data were included to improve
prediction reliability.
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Tablel-Dataset Features Used in the Proposed

System
Feature Description
Heart Rate Heart rate value of the
user
BP Blood pressure value
Motion Movement intensity
level
Room_Temp Room temperature
value
Light Light intensity level
Steps Number of steps taken
Speech_Command Voice command status
Behavior Behavioral condition
Interaction Interaction status
Activity Predicted activity label
Activity Labels
The developed framework classifies activities into:
. Sitting
. Standing
. Walking

Dataset Enhancement

Initially, the dataset contained limited and

imbalanced healthcare samples, which negatively

affected prediction performance. To improve

classification accuracy:

» Realistic synthetic healthcare data was generated

* Generated data was merged with the original
dataset

+ Dataset balancing techniques were applied

These  improvements  significantly  enhanced

classification consistency and prediction reliability.

D. Implementation

The proposed framework was implemented using
Python programming language along with Machine
Learning and GUI development libraries.

Tools and Technologies Used
The following technologies were used during
implementation:

. Python

. Pandas

. NumPy

. Scikit-learn
. Tkinter
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. Matplotlib

Implementation Process

The implementation process includes:

1. Loading and preprocessing the dataset using
Pandas

2. Encoding categorical features using preprocessing
techniques

3. Splitting the dataset into training and testing sets

4. Training the Random Forest classification model

5. Evaluating performance using confusion matrix
and accuracy score

6. Developing a multilingual graphical interface
using Tkinter

7. Allowing users to input values and obtain activity
predictions in real time

The final implementation achieved improved

prediction accuracy and enhanced usability after

realistic dataset enhancement and multilingual

interface integration.

VILEXPERIMENTAL RESULTS AND
DISCUSSION

The developed elderly healthcare monitoring
framework was evaluated using the merged realistic
dataset containing physiological, environmental, and
behavioral parameters. The Random Forest model
was trained and tested using cross-validation and
train-test split techniques to measure system
performance.

A. Model Performance

After preprocessing, balancing, and dataset
enhancement, the framework achieved significantly
improved prediction accuracy compared to the initial
implementation.

Table2-Performance Evaluation Results

Performance Metric Obtained Value
Cross-validation Approximately
Accuracy 92%

Test Accuracy Approximately
94%

The obtained results indicate that the developed
framework can accurately recognize elderly activities
using multimodal healthcare parameters.
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B. Classification Performance
The trained model successfully classified activities
into:

. Sitting
. Standing
. Walking

The classification report demonstrated improved
precision, recall, and Fl-score values across most
activity categories, indicating balanced classification
performance.

C. Confusion Matrix Analysis

A confusion matrix was used to compare actual
activity labels with predicted labels generated by the
Random Forest model.

Comlusden Matrts « Rundon Parest Maode!

Prbrwl ¢ e

P 1. Combubon Yarrie of R Torod Model

The confusion matrix revealed the following

observations:

*  Walking activities achieved high classification
accuracy because of distinct motion and step
count patterns

* Minor overlap occurred between Sitting and
Standing because of similar low-motion
characteristics

* Dataset balancing improved classification
consistency and reduced biased predictions

The confusion matrix confirmed that the Random
Forest algorithm effectively identified elderly activity
patterns using multimodal healthcare data.

D. Discussion

During the initial implementation stages, the
framework produced lower prediction accuracy
because the dataset contained limited and imbalanced
samples. These issues reduced the learning capability
of the Machine Learning model and resulted in
inconsistent activity predictions.
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To overcome these limitations, realistic healthcare
data was generated and merged with the original
dataset. Dataset balancing techniques were also
applied to improve class distribution and reduce
prediction bias.

The integration of environmental parameters such as
room temperature and light intensity contributed to
better contextual understanding of elderly activities
[7]. In addition, the multilingual graphical user
interface improved accessibility for elderly users who
may not be comfortable using English-based
healthcare applications.

VIII. ADVANTAGES OF PROPOSED SYSTEM

The developed elderly healthcare monitoring
framework provides several advantages for smart
healthcare and assistive living applications. By
combining Artificial Intelligence techniques with
multimodal healthcare data and multilingual
accessibility features, the framework delivers an
efficient and user-friendly solution for elderly
activity monitoring.

1) Real-Time Activity Monitoring

The framework continuously analyzes user input
parameters and predicts elderly activities in real time.
This enables caregivers and family members to
monitor elderly individuals more effectively and
provide timely assistance when required [2].

2) Intelligent Activity Prediction

The developed system wuses a Random Forest
classification algorithm for recognizing activities
such as Sitting, Standing, and Walking with
improved prediction accuracy and reliability [1].

3) Multimodal Data Integration

Unlike traditional monitoring systems that depend on
a single input source, the developed framework
combines physiological, behavioral, and
environmental parameters together. This multimodal
approach improves contextual understanding and
enhances activity classification performance [7].

4) Multilingual Accessibility

A multilingual graphical user interface was integrated
into the framework to support elderly users who may
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not be comfortable using English-based applications.
Regional language support improves usability and
accessibility for senior citizens from different
language backgrounds.

5) User-Friendly Interface

The graphical interface was designed to be simple
and easy to operate. Elderly users and caregivers can
interact with the framework without requiring
advanced technical knowledge.

6) Reduced Manual Monitoring

The developed framework reduces dependency on
continuous manual supervision by automatically
monitoring and predicting elderly activities using
Artificial Intelligence techniques [4].

7) Improved Prediction Accuracy

Dataset balancing and realistic healthcare data
enhancement significantly improved prediction
accuracy and classification consistency compared to
the initial implementation [6].

8) Scalable Architecture

The architecture is scalable and can be extended in
the future using wearable healthcare devices, loT-
based sensors, and cloud-integrated healthcare
systems [7].

9) Enhanced Elderly Safety

The framework contributes to elderly safety and
independent living by continuously analyzing
healthcare conditions and recognizing user activities.
10) Cost-Effective Healthcare Solution

Compared to healthcare systems requiring expensive
wearable hardware, the developed framework
provides a simpler and more affordable approach for
elderly activity monitoring.

IX. LIMITATIONS

Although the developed healthcare monitoring
framework achieved improved prediction accuracy
and accessibility, certain limitations still exist in the
current implementation.

1) Partial Use of Synthetic Data
To improve dataset balance and classification
performance, realistic synthetic healthcare data was
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generated and merged with the original dataset.
Although this improved model accuracy, the dataset
does not completely represent large-scale real-world
healthcare conditions.

2) Manual Data Input

The current implementation requires users to
manually enter healthcare and environmental
parameters through the graphical interface. Real-time
automatic sensor integration has not yet been
implemented.

3) Limited Activity Classification

The developed framework currently predicts only a
limited number of activities, including:

. Sitting
. Standing
. Walking

More complex activities such as sleeping, falling,
running, or abnormal behavior detection are not
included in the present version.

4) Absence of Emergency Alert Mechanism

The current implementation mainly focuses on
activity monitoring and prediction. Automatic
emergency alert systems for caregivers or hospitals
have not yet been integrated.

5) Desktop-Based Implementation
The framework was implemented as a desktop
application using Python and Tkinter. Mobile
application support and cloud-based deployment are
not included in the current version.

6) Environmental Dependency

Certain environmental parameters such as room
temperature and light intensity may slightly influence
prediction consistency under unusual environmental
conditions.

7)Limited Real-World Validation

The framework has primarily been tested using
generated and merged healthcare datasets in a
controlled environment. Large-scale testing involving
real elderly users has not yet been conducted.

8) Dependency on User Inputs

Prediction performance depends on the correctness of
the values entered into the system. Incorrect or

IRE 1717907

unrealistic inputs may affect activity prediction
accuracy.

Despite these limitations, the developed framework
provides a strong foundation for future intelligent
healthcare and elderly assistive systems.

X. FUTURE ENHANCEMENTS

The developed healthcare monitoring framework can
be further improved by integrating advanced
healthcare technologies and intelligent assistive
features. Future enhancements can improve
automation, accessibility, prediction performance,
and real-world usability for elderly independent
living applications.

1) Wearable Device Integration

The framework can be integrated with wearable
healthcare devices such as smart bands, fitness
trackers, and smartwatches to automatically collect
physiological parameters including heart rate,
motion, and step count in real time [3].

2) loT-Based Real-Time Monitoring

Future versions can integrate IoT-based healthcare
sensors for continuous and automatic data collection
without requiring manual input from users. This
would improve monitoring efficiency and provide
real-time healthcare assistance [7].

3) Fall Detection and Emergency Alerts

An emergency healthcare module can be integrated to
detect falls or abnormal healthcare conditions and
automatically send alerts to caregivers, hospitals, or
family members.

4) Voice Assistant Support

Voice-based interaction can be implemented to help
elderly wusers operate the framework more
comfortably using speech commands and audio
responses.

5) Mobile Application Development

The current desktop implementation can be extended
into a mobile healthcare application for remote
monitoring and improved accessibility.
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6)Cloud-Based Healthcare Analytics

Cloud integration can be implemented to maintain
healthcare records, analyze long-term activity
patterns, and improve accessibility for caregivers and
medical professionals.

7) Additional Activity Recognition
Future versions can classify additional activities

including:
. Sleeping
. Running
. Falling

. Abnormal behavior detection

. Emergency movement patterns
This would improve the practical usefulness of the
framework.

8) GPS-Based Elderly Safety Monitoring

GPS integration can improve elderly safety by
monitoring user location and movement in outdoor
environments.

9) Deep Learning Integration

Advanced Deep Learning models such as Artificial
Neural Networks (ANN) and Long Short-Term
Memory (LSTM) networks can be implemented to
further improve activity recognition performance and
prediction accuracy [4].

10) Explainable Al Integration

Explainable Artificial Intelligence techniques can be
integrated  to improve  transparency  and
interpretability in healthcare prediction systems.
Explainable models help caregivers and healthcare
professionals better understand prediction decisions
generated by Al systems [8].

The developed framework provides a strong
foundation for future intelligent healthcare
technologies focused on elderly safety, accessibility,
and personalized assistive living.

XI. CONCLUSION

This research presented an adaptive and multimodal
Al-based assistive framework for elderly independent
living  using  healthcare,  behavioral, and
environmental parameters. The developed framework
combines multimodal healthcare data to monitor and
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predict activities such as Sitting, Standing, and
Walking.

A Random Forest classification model was
implemented for intelligent activity prediction
because of its robustness and reliable classification
performance [1]. During the initial stages of
implementation, the framework produced lower
prediction accuracy because of limited and
imbalanced healthcare data. To overcome this
limitation, a realistic and balanced healthcare dataset
was generated and merged with the original dataset,
significantly improving -classification performance
and prediction reliability.

The developed framework also introduced a
multilingual graphical user interface to improve
accessibility for elderly individuals who may not
understand a common language. Regional language
support improved wusability and addressed an
important research gap identified in existing elderly
healthcare monitoring systems.

Experimental evaluation demonstrated that the
developed framework achieved improved prediction
accuracy and reliable activity classification after
dataset enhancement and preprocessing. The
integration of physiological, environmental, and
behavioral parameters further improved contextual
understanding of elderly activities [3].

Overall, the developed healthcare framework
provides a simple, intelligent, and user-friendly
solution for elderly activity monitoring and assistive
healthcare applications. The architecture also offers
strong future scalability for wearable healthcare
devices, loT-based monitoring, Explainable Al
integration, and real-time smart healthcare systems

[71, 8].
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