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Abstract

The increasing ageing population requires digital health systems that are safe, adaptive, and easy for older adults to
use. However, many current health and fitness platforms emphasize isolated vital-sign monitoring or generic
exercise delivery, with limited awareness of fatigue, emotion, long-term motivation, and ethical safety. This paper
presents FitCare Al, an intelligent health and fitness monitoring system for senior citizens that integrates guided
tutorials with multimodal artificial intelligence. The proposed system combines cognitive fatigue detection, emotion
recognition, time-aware adaptation, psychological trend analysis, and ethical Al-based decision support within a
senior-friendly web architecture. Real-time sensor data, interaction logs, and optional camera or voice inputs are
processed to personalize exercise intensity, tutorial pacing, reminders, and safety recommendations. A prototype
implementation using Python, TensorFlow, OpenCV, and Firebase demonstrates promising performance in
responsiveness, usability, and adaptive support. FitCare Al offers a holistic framework for safe, explainable, and
personalized healthy ageing.
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INTRODUCTION elderly telerehabilitation [6], AloT healthcare [7], and Al
fitness coach acceptance [8] collectively suggest that
current solutions remain fragmented. Most systems either
emphasize sensing, analytics, or user experience, but only
a few attempt to integrate these dimensions into a single
senior-friendly platform.

Population aging has increased the need for digital systems
that support everyday health management among older
adults. Although many mobile and web applications are
available for activity tracking, most are designed for
general users rather than for senior citizens. As a result,

they often assume higher digital literacy, stronger physical To address this gap, this paper presents FitCare Al, an
endurance, and greater cognitive flexibility than many intelligent health and fitness monitoring system developed
elderly users possess. In practice, such systems usually specifically for senior citizens. The proposed platform
offer isolated features such as step counting, heart-rate combines health tracking, guided exercise tutorials,
logging, or generic workout videos, but they rarely adaptive recommendations, and caregiver support within
combine personalized guidance, usability, and safety in a an accessible digital environment. Unlike conventional
way that addresses age-specific needs. systems, FitCare Al adapts exercise guidance using real-
) ) ) time and historical indicators related to fatigue, emotional
Older adults face §evera1 barriers whep using convet}tl.onal state, usage patterns, and time-of-day preferences. It also
fitness technologies. Age-related fatigue, fear of injury, embeds ethical constraints to ensure that recommendations
reduced stamina, and fluctuating motivation often affect remain conservative, safe, and appropriate for older users.
regular exercise participation. Emotional discomfort and
confusion can also arise when interfaces are cluttered or The system is built around five core modules: cognitive
instructions are not sufficiently clear. Recent studies on fatigue detection, emotion detection, time-aware
BLE-based monitoring [1], intelligent healthcare systems adaptation, psychological trend analysis, and ethical Al-
[2], ToT-enabled sensing [3], Al-integrated wearable based decision support. These modules work together to
frameworks [4], home health monitoring adoption [5], adjust tutorial pace, exercise intensity, rest intervals, and
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motivational feedback. In this way, the platform does not
simply monitor user activity; it also interprets user
condition and modifies guidance accordingly.

The main contributions of this work are as follows. First, a
practical system architecture is proposed for integrating
sensor data, behavioral signals, and adaptive tutorial
delivery. Second, the study introduces a senior-centered
guidance model that responds to fatigue and emotional cues
during exercise sessions. Third, ethical decision constraints
are incorporated into the recommendation pipeline to
reduce the risk of overexertion. Finally, the paper reports
prototype-level evaluation results that demonstrate the
feasibility of the proposed approach. The overall
architecture and processing flow are illustrated in Fig. 1
and Fig. 2.

The remainder of the paper is organized as follows. Section
IT reviews relevant literature and identifies the research
gap. Section III describes the methodology and
implementation strategy. Section IV presents the
evaluation results and discussion. Section V concludes the
paper and outlines future work.

LITERATURE SURVEY

Research on intelligent health technologies for older adults
has grown considerably in recent years. Existing work can
be grouped into three broad areas: remote monitoring and
sensing, Al-based adaptation, and studies focused on senior
acceptance and usability.

The first line of work concentrates on physiological sensing
and communication infrastructure. Fourati and Said [1]
described a BLE-based remote health monitoring
architecture for collecting signals such as ECG and SpO2
through smartphones. Chopade et al. [3] and Alzboon [13]
reviewed IoT-enabled monitoring systems and highlighted
the value of real-time tracking, remote supervision, and
reduced dependence on hospital visits. Lin et al [10]
extended this direction through smart clothing that
supported ECG acquisition and fall detection. While these
studies demonstrate the practicality of continuous
monitoring, most of them give greater attention to data
capture and transmission than to adaptive guidance for
elderly users.

A second group of studies emphasizes artificial intelligence
for decision support. Abdellatifer al [2] surveyed
reinforcement learning in healthcare and noted its potential
for dynamic personalization, while also pointing out
concerns related to computation, privacy, and limited
deployment. Xie et al. [4] proposed a conceptual
integration of Al, blockchain, and wearables for chronic
disease management, with a focus on secure and patient-
centered data use. Ashrafer al [6] introduced a
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telerehabilitation  framework for elderly exercise
monitoring based on depth imaging, multimodal features,
and LSTM classification, reporting strong recognition
performance but also sensitivity to environmental
conditions. Baker and Xiang [7] reviewed AloT advances
in healthcare and stressed the need for systems that are
explainable, validated in real time, and practically
deployable.

A third strand of research considers user acceptance and
socio-technical concerns. Czech et al. [5] observed that
home-monitoring systems may unintentionally reduce
autonomy if they are poorly introduced or overly caregiver-
centered. Yau and Shen [8] found that older adults often
appreciate the utility of Al fitness coaches while still
feeling emotionally uncertain about them, particularly
when personalization is limited. Zhao et al. [9] similarly
noted that barriers such as low digital confidence and
usability challenges influence how older adults engage
with online health resources. Napetschnig and Deiters [11]
further emphasized the importance of usability, motivation,
and social support in technologies designed to promote
physical activity among seniors.

Taken together, the literature shows that substantial
progress has been made in sensing, analytics, and
acceptance studies. However, a clear gap remains. Many
existing solutions are either device-oriented, algorithm-
oriented, or adoption-oriented. Few provide an integrated
platform that combines continuous monitoring, adaptive
tutorials, emotional awareness, time-based personalization,
and safety-aware recommendation logic in a form suitable
for elderly users. FitCare Al is intended to address this need
through a deployable and senior-friendly design.

TABLE I LITERATURE COMPARISON

Ref. | Focus Strength Gap
[1] | BLE health | Low power | Limited end-to-
monitoring and low | end intelligence
cost
[2] | RL in healthcare | Adaptive High
decision complexity and
making low real-world
use
[3] | IoT patient | Real-time Interoperability
sensing tracking and security
issues
[5] Elderly home | Highlights | Small, context-
monitoring autonomy specific study
concerns
[6] Telerchabilitation | Good Sensitive to
Al exercise sensing
recognition | conditions
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[8] | AI fitness coach | Reveals Limited long-
acceptance emotional | term evidence
hesitation
[10] | Smart  clothing | ECG and | Limited home-
monitoring fall scale validation
detection
[13] | IoT health | Portable Data integration
monitoring remote care | and security
survey remain open
Table I indicates that prior work provides useful

components but not a unified, senior-centered health and
fitness system. The proposed platform combines these
aspects into a single framework aimed at safe and practical
daily use.

METHODOLOGY

A. System Architecture

FitCare Al follows a layered architecture consisting of
a data acquisition layer, an Al analysis layer, a safety
and decision layer, and an application layer. The data
acquisition layer collects information from wearable
devices, smartphone sensors, optional camera inputs,
manual health entries, and interaction logs. Typical inputs
include heart rate, blood pressure values, session duration,
repetition consistency, pause frequency, and response delay
during tutorials.

The AI analysis layer preprocesses raw inputs through
normalization, smoothing, and event segmentation. These
processed features are then passed to the five principal
modules: cognitive fatigue detection, emotion detection,
time-aware adaptation, psychological trend analysis, and
ethical AI decision support. Each module contributes a
specific perspective on user condition, and their outputs are
combined before the final recommendation is generated.

The safety and decision layer plays a critical role in the
proposed system. Model outputs are not shown directly to
the user. Instead, they are first examined against rule-based
constraints that reflect age-appropriate exercise limits. This
layer prevents unsafe recommendations, moderates
exercise intensity, and introduces rest intervals whenever
abnormal fatigue or disengagement is observed.

The application layer includes the senior-facing dashboard,
guided tutorial interface, reminder mechanism, progress
display, and caregiver monitoring view. The interface is
designed with large icons, simplified navigation, readable
text, and optional voice assistance to reduce cognitive
effort. Fig. 1 presents the overall system architecture.
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Fig. 1. System Architecture Diagram.
B. Operational Workflow

The workflow begins with user registration and profile
setup. At this stage, FitCare Al records basic information
such as age, preferred activity times, health restrictions,
and caregiver details where applicable. Once the profile is
created, the user may start a guided session or respond to a
scheduled reminder.

During each session, the platform captures user activity,
interaction behavior, and time context. These data are
processed in near real time to estimate fatigue, infer
emotional state, and assess short-term engagement. The
system then checks all outputs against safety constraints
before adjusting the tutorial. Depending on the user’s
condition, it may continue the routine, slow the pace, lower
the workload, or recommend a rest interval. Session
outcomes and important events are stored in the cloud for
later review. The sequence is summarized in Fig. 2.



ISSN: 3107-6513

International Journal of Advanced Multidisciplinary Research and Educational Development
Volume 2, Issue 2 | March — April 2026 | www.ijamred.com

[ User Login / Onboarding
[ Baseline Profile + Consent Settings

¥

( Data Acquisition from Sensors / ]

Interaction Logs

¥

Preprocessing and Feature Extraction

¥

Al Analysis:

I Fatigue ” Emotion IITime-AwareIIP5>“"""’gical

Trends

[ Ethical Rule Validation ]— ~a
~
¥ N

Adaptive Decision: \

* Tutorial Pace
e Rest Alert

¢ Intensity Change \

* Reminder Scheduling| \

¥

Guided Exercise Delivery and
Feedback

¥ ]
Cloud Storage, ’
Progress Reporting, #
Caregiver Notification 4
L % -
3 <
Continuous Learning and
Threshold Update

-

J

Fig.2. Workflow Diagram.

C. Functional Modules
1) AI-Driven Cognitive Fatigue Detection

This module estimates physical and mental exhaustion
using exercise duration, rest intervals, repetition
consistency, and exertion-related indicators. A weighted
fatigue score is computed as

Fl, = ad; + v, +y(1 — 1) + 6hy,

where d; denotes normalized session
duration, v, represents repetition variability, 7 reflects rest
adequacy, and h, indicates exertion derived from heart-rate
or pace changes. When the fatigue score exceeds a
predefined threshold, the system reduces session intensity
or introduces a break.

2) Al-Based Emotion Detection:

Emotion-aware  adaptation  relies on
interaction features such as pause frequency,
delayed responses, skipped steps, and
optional facial or vocal cues. Let z; be the
feature vector extracted from the current
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session window. The predicted emotional
state is obtained by

é, = arg max (softmax(Wz, + b)).

The resulting class, such as engaged, confused, stressed, or
demotivated, informs the tone and pace of subsequent
instructions.

3) Time-Aware Intelligent Adaptation:

The system learns the user’s preferred
exercise periods by analyzing historical
participation. For activity a at time slot 7, a
utility score is defined as

U(a,7) = P(a| H, 1) x S(a) x (1 — FL,),

where H,, is the user’s activity history and S(a) is the
safety score of the exercise. The platform recommends the
activity with the highest safe utility, thereby improving
adherence while reducing unnecessary strain.

4) Al-Based Psychological Analysis:

This module does not aim to provide a
clinical diagnosis. Instead, it examines long-
term interaction patterns such as missed
sessions, declining engagement, repeated
frustration, and inconsistent  routine
completion. Sustained negative trends are
treated as indicators of reduced motivation or
possible burnout, prompting more supportive
and less demanding guidance.
5) Ethical AI-Based Decision Support:

The ethical Al layer applies conservative
constraints before any recommendation
reaches the user. It limits excessive workload,
enforces session boundaries, and prioritizes
low-impact exercises. This design ensures
that health protection takes precedence over
performance goals and that automated
guidance remains aligned with safe practice
for elderly users.

D. Implementation Technologies and Security

The prototype was implemented using Python for data
analysis and AI processing, JavaScript for the web
interface, and Java/Android SDK for mobile-side
support. TensorFlow/TensorFlow Lite was used for
lightweight model deployment [14],
while OpenCYV enabled optional posture and movement
analysis [15]. Cloud services were supported
through Firebase = Authentication, Firestore/Realtime



Database, and Firebase Cloud Messaging for reminders
and notifications [16].

Security and privacy were considered throughout the

implementation. User authentication is role-based,
allowing controlled access for seniors, caregivers, and
administrators. Sensitive information is transmitted

through secure channels and stored with restricted
permissions. Camera-based and voice-based features are
optional and are intended to operate only after explicit user
consent.

Your Smart )
Powered by Al

Fig. 3. Application Screenshot (Home Page).
IV. RESULTS & DISCUSSION
A. Evaluation Protocol

The FitCare Al prototype was evaluated in four stages: unit
testing, integration testing, performance testing, and a
controlled pilot usability study. Unit testing verified the
correctness of the individual modules, including fatigue
estimation, emotion classification, scheduling logic, and
safety-rule execution. Integration testing examined
whether these modules exchanged data correctly and
produced coherent system behavior. Performance testing
focused on inference time, notification delay, and system
stability during active sessions. A small pilot with senior
users was then conducted to assess usability, comfort, and
acceptance.

The present work reports prototype-level findings rather
than clinical outcomes. Even so, the results provide useful
evidence regarding feasibility, responsiveness, and
practical suitability for elderly users.

TABLE II SYSTEM PERFORMANCE

Metric Result
Fatigue detection accuracy 88.4%
Emotion recognition accuracy 81.7%
Recommendation acceptance rate | 90.6%
Average response time 1.21s
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Notification latency 0.78 s
Session completion rate 92.3%
Usability score (SUS) 84.6/100
System error rate 3.1%

B. Discussion of Findings

The results in Table II show that the fatigue detection
module performed more reliably than the emotion
detection module. This difference is reasonable because
fatigue estimation is largely based on stable temporal and
activity-related patterns, whereas emotion inference
depends on subtler behavioral signals that may vary across
users and contexts. Nevertheless, the emotion module
provided enough sensitivity to support adaptive responses
such as slowing tutorial pace or offering reassuring
prompts.

The average adaptation response time of 1.21 s indicates
that the system can provide feedback quickly enough for
guided exercise sessions. This is particularly important for
older adults, since delayed or inconsistent feedback can
reduce confidence and disrupt task flow. The high
recommendation acceptance rate and session completion
rate further suggest that users found the guidance
understandable and manageable.

Observational feedback from the pilot also revealed several
practical insights. Participants generally preferred voice-
assisted instructions accompanied by simple visual
demonstrations. Time-aware scheduling appeared to
improve consistency, especially when exercise prompts
were aligned with the user’s usual active periods. In
addition, the ethical safety layer helped build trust by
preventing abrupt increases in activity intensity and by
inserting rest guidance when necessary.

When compared with prior work, FitCare Al extends
beyond monitoring-focused systems such as [1], [10], and
[13] by linking health data to adaptive tutorial behavior. It
also moves from conceptual integration toward
implementation, unlike broader framework studies such as
[4]. Furthermore, unlike systems that risk reducing user
agency [5], the proposed platform is designed to preserve
autonomy through transparent guidance, accessible
interaction, and optional caregiver support.

Several limitations should be acknowledged. First, the
evaluation involved a small pilot sample and was
conducted in a controlled environment. Second, emotion
detection may become less accurate when interaction
signals are sparse or when optional visual sensing is
unavailable. Third, the system is intended for wellness
support rather than medical diagnosis. Finally, broader
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interoperability with commercial wearable devices remains
a direction for future engineering work.

FitCare Al

Fig. 4. Application Screenshot (Results Page).
CONCLUSION

This paper presented FitCare Al an intelligent health and
fitness monitoring system designed for senior citizens. The
proposed platform combines health tracking, guided
tutorials, fatigue estimation, emotion-aware adaptation,
time-based scheduling, psychological trend analysis, and
ethical decision support within a single accessible
framework. The prototype results indicate that the system
can deliver timely and safe guidance while improving
usability and routine adherence for older adults.

The study also highlights the importance of pairing
intelligent automation with clear safety boundaries and
age-appropriate interface design. Future work will focus on
larger longitudinal evaluations, support for additional
wearable devices, multilingual voice interaction, richer
caregiver dashboards, and privacy-preserving learning
strategies. With these enhancements, FitCare Al has the
potential to become a practical digital wellness companion
that supports safe, independent, and sustained healthy
living among senior citizens.
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