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Integrating IoT and advanced sensors has the potential to transform digital health
management. A main problem in digital health management is fragmented device interoperability
and the absence of standardized frameworks that simultaneously account for physiological
adaptations and behavioral adherence. To address these limitations, a multi-parametric
simulation framework was implemented in aerobic exercise to evaluate across 1000
heterogeneous individual profiles over 24 sessions. The results of the framework implementation
showed that the IoT-assisted program achieved a 14.8% higher cumulative energy expenditure
(8.81 million kcal, 7.67 million kcal in the traditional program) and an adjusted exercise intensity
of 4.8-8.4 metabolic equivalents, and sustained a mean adherence rate of 88.4% (76.1% in the
traditional program). A Kolmogorov—Smirnov test showed that the IoT-assisted program
constrained cardiovascular exertion within the optimal 60—80% of the maximum heart rate. The
established closed-loop data-fusion architecture that integrates multimodal sensor data of
electrocardiogram, photoplethysmography, and inertial measurement units with adaptive
load-scaling algorithms enables scalable and safe personalization. Although this study was
conducted on the basis of secondary and simulated data, and long-term physiological markers
were not included, the results provide a reference for advancing sensor accuracy, interoperability,
and Al-driven analytics in digital health and fitness applications.

1. Introduction

Health and wellness have been prioritized, leading to the proliferation of physical exercise
and preventive healthcare management. According to the World Health Organisation, physical
inactivity is a major cause of non-communicable diseases, underscoring a need for immediate
intervention.()

Aerobic exercise, characterized by continuous and rhythmic physical activity engaging large
muscle groups, such as running, cycling, swimming, and dance-based workouts, is widely
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recognized for its substantial benefits to cardiovascular health, metabolic regulation, obesity
prevention, and mental well-being.?) It is widely adopted as a fundamental component of most
fitness programs. However, individuals exhibit considerable variability in physiological
responses, fitness levels, and the rate of adherence to an aerobic exercise program, which is a
challenge for optimal fitness improvement. Traditional aerobic exercise often relies on
generalized recommendations without considering individual variability, which undermines its
effectiveness and contributes to high dropout rates.®) Furthermore, the absence of real-time
feedback hinders the maintenance of optimal exercise intensity, leading to undertraining or
overtraining, both of which lead to unsatisfactory progress and sometimes unexpected injury.

Innovative technologies, particularly IoT, have transformed the fitness industry as they
enable real-time data collection, processing, and personalized feedback. The IoT network
comprises diverse devices that are equipped with sensors, software, and communication
modules for seamless data sharing and informed decision—making.(4) In fitness, IoT devices,
including heart-rate-monitoring wearables, smartwatches, fitness bands, and apparel with
embedded sensors, are widely used to monitor physiological and biomechanical parameters in
real time.®) The integration of IoT in fitness enables users to enhance self-evaluation and
engagement in exercise through gamification and connectivity, and personalize their training on
the basis of feedback from adaptive algorithms based on data collected. Specifically, in aerobic
exercise, loT devices are used to reach the targeted heart rate, correct movement, and monitor
recovery, which contributes to effective and safe training. Predictive analytics offered by
machine learning and cloud computing, based on data collected through the IoT devices, are also
feasible in predicting fatigue, injury risk, and motivation for behavioral change.© IoT devices
with advanced sensors and batteries enable accurate data collection and extended use, which
meet consumer demand for smart fitness devices and have accelerated the adoption of aerobic
exercise as a fitness routine.”) The COVID-19 pandemic catalyzed this trend, leading to a
significant increase in home-based fitness exercises facilitated by IoT devices.®) This
development and integration of IoT technologies signifies personalized, technology-aided fitness
programs to maximize individual health outcomes.

The integration of IoT devices with advanced sensors into aerobic exercise programs has
shown promising potential, yet several limitations remain unresolved. Current systems often
suffer from fragmented device interoperability, inconsistent real-time data processing, and
limited scalability across diverse user populations.®) Previous studies emphasize physiological
outcomes and behavioral adherence, but rarely integrate these dimensions in a single
optimization framework.1? Therefore, conventional programs fail to personalize exercise
intensity and reduce long-term user engagement. In this study, to address such problems, we
developed an integrated framework that combines physiological and behavioral metrics on the
basis of real-time sensor feedback and algorithmic simulation across heterogeneous user profiles.
This framework enables the precise optimization of exercise intensity, quantifiable metabolic
efficiency gains, and scalable validation. The results of this study provide a reference for
advancing fitness technologies toward more efficient and effective aerobic exercise programs.



Sensors and Materials, Vol. 38, No. 7 (2026) 3993

2. Literature Review
2.1 Aerobic exercises

Aerobic exercise is a sustained, moderatetovigorous physical activity characterized by
rhythmic and repetitive movement patterns. Common modalities of aerobic exercise include
walking, jogging, cycling, swimming, and structured routines, all of which increase oxygen
consumption, maintain muscular activity, and enhance cardiovascular function.') The benefits
of aerobic exercise for body composition and metabolic health are well recognized. A dose—
response metaanalysis of 116 randomized clinical trials involving 6880 overweight or obese
participants reported significant reduction in body weight up to 4.19 kg, waist circumference up
to 5.34 cm, and visceral adipose tissue, which are risk factors for cardiovascular disease and
metabolic syndrome.(!?) These results are associated with adequate exercise duration (>150 min/
week), consistent with the recommendations of at least 150 min of moderatetovigorous aerobic
exercise per week for weight management and disease prevention.

Cardiovascular improvements by aerobic exercise include heart rate variability, resting heart
rate, stroke volume, and cardiac output, collectively enhancing oxygen delivery to active
muscles.”?) According to the American College of Sports Medicine, these improvements
strengthen cardiac efficiency and reduce the risk of hypertension, coronary artery disease, and
stroke.(’) Beyond physical health, aerobic exercise contributes to psychological well-being.

Regular participation reduces symptoms of depression and anxiety and alleviates
psychosocial stress.(¥ For instance, a six-week moderate-intensity aerobic program among
university students significantly lowered depression and stress compared with a nonexercising
control group.(1>) Aerobic exercise also enhances cognitive performance and delays dementia
onset by promoting neuroplasticity and cerebral blood flow. Energy expenditure during aerobic
exercise is commonly estimated using Eq. (1), which relates metabolic equivalents (METs) to
body weight and exercise duration.

Energy consumption (kcal) = MET x Weight (kg)x Duration (h) 1)

Here, MET represents the metabolic equivalent of task, quantifying exercise intensity relative
to resting metabolic rate (1 MET = 3.5 ml O2/kg/min).(16)

2.2 IoT and sensors in health management

IoT refers to interconnected devices equipped with sensors, software, and communication
modules that enable real-time data exchange and autonomous decision-making.(1®) In health
management, loT technologies have transformed exercise monitoring by facilitating continuous,
personalized, and remote health tracking. Smartwatches, fitness trackers, smart clothing, and
sensor-equipped exercise equipment collect physiological and biomechanical data such as heart
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rate, respiratory rate, step count, movement patterns, and energy expenditure. Integration with
mobile devices and cloud platforms supports long-term data accumulation, trend analysis, and
immediate feedback, thereby enhancing user engagement.(1”)

IoT systems improve device interoperability through Bluetooth Low Energy and edge
computing, which reduces latency, increases data accuracy, and strengthens privacy
protections.!71®) Al-driven IoT analytics enable fatigue prediction, exercise form assessment,
and personalized workout recommendations, optimizing fitness outcomes while minimizing
injury risk. It also supports remote and home-based exercise by providing real-time coaching
and social connectivity, thereby sustaining user motivation. Despite these advances, challenges,
including data interoperability, battery limitations, sensor accuracy, and privacy concerns,
remain. Therefore, it is necessary to establish standardized protocols and frameworks for reliable
and ethical implementation. Advanced sensors in IoT devices enable the precise and continuous
monitoring of physiological and biomechanical parameters. Photoplethysmography is used to
measure blood volume changes to provide continuous heart rate monitoring.'”) Accelerometers,
gyroscopes, and magnetometers are adopted to capture movement dynamics, step count,
cadence, and posture, and impedance plethysmography or acoustic sensing devices are applied
to monitor breathing frequency and volume. Muscle activation patterns are recorded to evaluate
exercise form and fatigue. Flexible sensors with fusion algorithms are increasingly employed to
process multimodal sensor data, enhancing the reliability of metrics such as energy expenditure
and fatigue detection.??)

These technologies enhance exercise engagement, performance, and motivation. loT-
supported aerobic programs show higher adherence rates than traditional programs owing to
real-time feedback and gamification.?" An IoT device equipped with heart rate and motion
sensors improves aerobic capacity and exercise efficiency during an eight-week training
program.?) Adjustments to exercise loads based on sensor data mitigated overtraining risks and
sustained participant engagement.

Nevertheless, it is necessary to validate sensor accuracy across diverse exercise modalities,
improve scalability and interoperability, and establish standardized metrics for cross-study
comparisons. Longitudinal research involving heterogeneous populations is required to elucidate
the impact of loT-based health management.

3. Methodology
3.1 Data collection

We investigated the impact of IoT devices and advanced sensors on physiological and
physical adaptations during aerobic exercise. We conducted secondary data collection, dataset
construction, and simulation modeling using Python. Simulations were conducted to evaluate
aerobic exercise programs with and without IoT-enabled sensor support.

Secondary data were obtained from open-access fitness research databases, published
articles on aerobic physiology, and validated metrics from IoT fitness devices.(12:22)
Cardiorespiratory and metabolic control thresholds were determined using the National Health
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and Nutrition Examination Survey fitness database and calibrated against multi-sensor empirical
sports tracking datasets.(2?)

The dataset was established, including heart rate ranges, energy expenditure rates, and
physiological variability, forming the basis for simulation modeling. The dataset comprised 1000
individuals aged 18—65 years, with body weights ranging from 50 to 100 kg. Each profile
incorporated normative physiological characteristics, including maximum heart rate (HR,,,,)
[Eq. (2)] and resting heart rate distributions derived from epidemiological fitness surveys.(!!)

HR,, =220— Age ®)

To ensure representativeness, 1000 individual profiles were grouped into demographic,
educational, and socioeconomic categories, as summarized in Table 1.

3.2 Simulation

Simulations of aerobic exercise programs were conducted using Python 3.9+ a versatile
programming language widely adopted in scientific computing for its readability and extensive
ecosystem. NumPy was used for simulation implementation. NumPy is a library that provides
efficient array operations and numerical computation capabilities, and Pandas, which offers
powerful data structures and functions for structured data management and analysis. For
visualization, Matplotlib and Seaborn were employed to generate clear, publication-quality plots,
enabling both the exploratory analysis and effective presentation of results. Twenty-four aerobic
exercise sessions were modeled for eight weeks, with each session lasting 45 min. Three
physiological metrics were calculated per session.

* Heart rate variability was modeled as a function of baseline heart rate, workload, and
aerobic fitness adaptations.

* Energy expenditure was estimated using Eq. (3), based on MET values adjusted for body
weight and session duration.(3)

Table 1
Demographic, educational, and socioeconomic profiles of 1000 individuals for simulation.??
Demographic parameter Classification Distribution (N = 1000) Percentage (%)
East Asian urban centers 450 45
Geographic origin North American suburban 350 35
Western European cities 200 20
High school/vocational college 220 22
Educational background Bachelor’s degree 580 58
Postgraduate (Master/Ph.D.) 200 20
Low income/student 150 15
Socioeconomic status Middle income professionals 680 68
High income executives 170 17
Sedentary 400 40
Baseline fitness Moderately active 450 45

Highly conditioned/athletic 150 15
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Energy expenditure (kcal) = MET x weight (kg) x session duration (h) 3)

e Adherence rate was simulated to reflect enhanced motivation in IoT-assisted scenarios,
where real-time feedback and engagement mechanisms were incorporated. Gaussian noise
was introduced to replicate measurement errors and reduce artificial variability.

Two training protocols were simulated. In the traditional program without IoT and sensors,
the participants followed a fixed running protocol at 6.0 METs for 45 min, relying on manual
postexercise pulse checks without real-time guidance. In the IoT-assisted program, the
participants were equipped with integrated sensor configurations, which included Polar H10
electrocardiogram chest straps (Polar Electro Oy, Finland) for electrical heart rate tracking,
Apple Watch Series 9 photoplethysmography optical sensors (Apple, the USA) for circulatory
volume monitoring, and triaxial inertial measurement systems for stride cadence measurement.
Sensor feedback adaptively adjusted exercise intensity to maintain the optimal aerobic zone
(60-80% of HR,,,,). Workload decreased when heart rate exceeded 80% HR,,,, and increased
when it fell below 60%.

To assess performance variability, the simulation was repeated three times. Sensor accuracy,
adherence rates, and training load adjustments were measured across iterations to identify
average heart rate zones, daily fitness progression, and fatigue indicators. Training trajectories,
physiological variability, and fitness outcomes were visualized for comparative analysis and
interpretation.

3.3 Statistical analysis

The differences between the traditional and IoT-assisted aerobic exercise programs were
analyzed using Python’s scipy.stats and statsmodels packages. For average energy expenditure
and exercise intensity, between-group differences were statistically tested using a two-tailed
independent-sample ¢ test. Cohen’s d was concurrently computed to quantify the standardized
effect size of the technological intervention.>) To assess the statistical significance of heartrate
variations, a two-sample Kolmogorov—Smirnov (K-S) test was performed according to Eq. (4).

D= Sup|F]oT (x) ~Fryaa (x)| “)

Here, D denotes the empirical distance metric, and F7,+(x) and F,,,,(x) represent the cumulative
distribution functions of heart-rate telemetry for the respective programs. To isolate the effects
of the technological intervention from demographic heterogeneity among the 1000 simulated
individuals by geographic origin, educational background, and socioeconomic status, a
multivariate analysis of variance (MANOVA) was conducted. For all statistical tests, the
significance level was set as p < 0.05.25-27)
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4. Results
4.1 Energy expenditure

The average energy expenditure per session differed significantly between the traditional and
loT-assisted aerobic exercise programs. As shown in Fig. 1, the two programs showed divergent
expenditure behaviors. The traditional program maintained a nearly constant baseline of
approximately 320 kcal per session, reflecting its rigid, fixed-intensity design. In contrast, the
IoT-assisted program displayed dynamic fluctuations across the 24 sessions, with a gradual
upward trend in average expenditure. This variability was verified by the adaptive feedback
system, which adjusted workload in real time according to individual cardiovascular recovery
rates and daily fatigue limits, maintaining the optimal aerobic heart rate zone of the participants.

Figure 2 shows the cumulative energy expenditure across all sessions. The IoT-assisted
program resulted in consistently higher cumulative caloric burn than the traditional program.
The participants in the loT-assisted program achieved a cumulative energy expenditure that was
12-15% greater than the traditional cohort. This optimization range was calculated as

N N
AE _ zizlEloT,i - ZizlETrad,i

cumulative — N
Z i:lE Trad i

x100% , )

326

H —e— lOT-assisted program
324 —e—Traditional program
322 .\ /.\ . .
320 .\ / \‘\ / -/.\
7NV : \
318 0
o ./
316

314

Energy expenditure (kcal)

312
310

Session

Fig. 1. (Color online) Average energy expenditure per session.
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Fig.2. (Color online) Cumulative energy expenditure comparison showing 14.8% metabolic efficiency
improvement in IoT-assisted program.

where E7,7(x) and E7,,,(x) represent the integrated energy consumption (kcal) for session i of the
participants in 24000 simulated sessions. Such a metabolic advantage was achieved entirely
through algorithmic optimization within the same 45 min training block, without increasing
session duration or frequency. The cumulative energy expenditure highlights a metabolic impact
of loT-assisted training, including improvements in weight management, insulin sensitivity, and
cardiovascular risk reduction. Optimized, individualized aerobic exercise protocols can
maximize training yield and long-term outcomes while maintaining participant convenience and
program sustainability.

4.2 Adherence rate

Participant retention and session compliance were monitored to evaluate how digital feedback
mechanisms affect long-term exercise adherence. The traditional program group exhibited a
steady decrease in adherence, primarily due to motivational fatigue and lack of interactive
engagement. By the final (24th) session, adherence had decreased to 71.3%, reflecting the
cumulative dropout effect of repetitive workloads. In contrast, the loT-assisted program group
maintained higher engagement through gamified milestones, adaptive load scaling, and
real-time feedback from wearable sensors. This group concluded the program with a final
session adherence rate of 85.2% (Fig. 3). Table 2 shows the adherence data extracted from the
secondary datasets and simulation outputs. The mean cumulative adherence values across all
sessions were 88.4% for the loT-assisted program and 76.1% for the traditional program, which
were computed from the simulated retention data of 1000 participants over 24 sessions. Across
the program timeline, the IoT-assisted development group showed a significantly lower
adherence decrease rate, confirming that real-time feedback loops and data visibility foster
sustained motivation and reduce long-term dropout risk.
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Fig. 3. (Color online) Adherence rate changes in 24 sessions.

Table 2
Participation compliance and adherence rates.

Traditional program IoT-assisted program

adherence (%) adherence (%) Observation/behavioral triggers

Exercise Session

Full initial enrollment

Program launch Session 01 100 100 across all simulated profiles

Initial dropout
Early stage Session 06 91.4 96.8 in traditional cohort due
to unmanaged fatigue
10T real-time adjustments

Mid point Session 12 82.1 91.5 . ..
mitigate overtraining

Late stage Session 18 75.8 87.9 Tradltl'ona.l cohort .shows
motivational fatigue

Prograrp Session 24 713 852 Final active session a'ttendance

conclusion before evaluation

Mean cumulative Sessions 1_24 76.1 384 Overall re.tentlon n}etrlcs

average used in analysis

4.3 MET

Figure 4 shows the changes in average exercise intensity, quantified by MET values, and its
variability (standard deviation) for both programs. The traditional program maintained a stable
MET of approximately 6.0 across all sessions with minimal variability, reflecting its fixed-
intensity design. While the program ensured a manageable workload, its limited adaptability to
individual physiological fluctuations and training progression was observed. In contrast, the [oT-
assisted program, adjusted by real-time heart rate, exhibited METs between 4.8 and 8.4. The
adaptive program enabled the participants to incorporate high-intensity exercise to maximize
energy expenditure within their physiological boundaries. The results aligned with previous
research highlighting the effectiveness of individualized exercise regimens over standardized
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Fig. 4. (Color online) Exercise intensity (MET) and variability across sessions.

ones. The effect of dynamic adjustments by IoT devices and sensors was contrasted with the
effect of the traditional program. In the IoT-assisted program, the cardiovascular system was
continuously challenged in response to real-time fatigue and recovery, which accelerated
improvements in aerobic capacity and metabolic rate. This has significant implications for
weight management and cardiometabolic health, as both are sensitive to changes in cumulative
energy balance.

The high variability of MET in the IoT-assisted program indicated the ability to respond to
participant physiology. Exercise intensity was adjusted between and within sessions adaptively
according to the cardiovascular and metabolic effects. This aligns with the principles of
personalized training that maximizes aerobic performance. While such a high variability is also
a challenge for program standardization, it is also related to enhanced adherence to the program
and improved heart rate. The results showed that the loT-assisted program was effective in
managing training intensity and optimizing safety and performance in aerobic exercise.

4.4 Heart rate

The IoT-assisted program exhibited higher heart rates with a narrower distribution than the
traditional program, concentrated in the target aerobic training zone (60-80% of HRmax)
(Fig. 5). This demonstrated the effectiveness of the loT-assisted program, which enabled the
participants to maintain optimal heart rates and maximize cardiovascular and metabolic
improvements, while minimizing fatigue or injury risk. The traditional program showed a



Sensors and Materials, Vol. 38, No. 7 (2026) 4001

0.025 [ Traditional program
’ loT-assisted program
0.020
0.015

0.010

0.005

Probability density of heart rate

0.000
70 80 90 100 110 120 130 140

Heart rate (beat per minute)

Fig. 5. (Color online) Average heart rates over all sessions.

broader heart rate distribution, with a bias toward lower values, indicating undertraining or an
inability to maintain the required intensity. The result also highlighted the inefficiency of a
fixed-intensity program in delivering an optimal training stimulus, which impedes fitness
development. In the loT-assisted program, physiological changes were continuously monitored to
personalize aerobic exercise, and heart rate, oxygen intake, and energy expenditure remained in
optimal ranges to maximize health and performance benefits. These results were consistent with
previous study results that underscore the importance of accurate heart rate maintenance at
varying fitness levels. Therefore, the loT-assisted program enabled targeted aerobic training by
controlling physiological parameters to increase effectiveness in aerobic exercise.

5. Discussion
5.1 Validation of metrics

To validate the advantages of the loT-assisted program over the traditional program, the
simulated dataset encompassing 24000 individual sessions was subjected to comprehensive
statistical testing. The independent-sample #-test results showed that the 12-15% caloric
optimization observed in the loT-assisted program was highly significant [#(23998) = 42.61, p <
0.01]. The corresponding standardized effect size was substantial (Cohen’s d = 1.48), indicating a
strong practical impact of adaptive workload modulation. These results show that real-time
sensor feedback and algorithmic intensity adjustment enhance metabolic throughput compared
with rigid, open-loop training. By maintaining energy expenditure within individualized
physiological thresholds, the IoT-assisted program effectively mitigates the plateau effects
commonly observed in static fitness regimens.
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Behavioral retention analysis results showed a significant difference in mean cumulative
adherence between the two cohorts [#(23998) = 31.14, p < 0.001]. The loT-assisted program
maintained a mean adherence of 88.4%, whereas the traditional program averaged 76.1%. This
result supports that interactive, sensordriven feedback loops sustain motivation and reduce
psychological fatigue, consistent with recent findings in digital health informatics that emphasize
the behavioral reinforcement effects of real-time engagement.?*)

The traditional program cohort maintained a static intensity baseline of 6.0 METs, whereas
the IoT-assisted program exhibited dynamic scaling across a range of 4.8—8.4 METs. The results
of MANOVA showed that this adaptive variance independently contributed to metabolic
efficiency, unaffected by demographic diversity among the 1000 simulated profiles [F(323996) =
114.82, p <0.001, 7,,, = 0.38]. These results indicate that algorithmic personalization successfully
normalizes fitness delivery across heterogeneous populations, reinforcing the scalability of IoT-
based interventions. ()

The two-sample K-S test results showed a significant difference between the cardiovascular
response distributions of the two programs [D = 0.54, p < 0.001]. The loT-assisted program
showed a narrower, more concentrated heartrate distribution within the optimal aerobic training
zone (60—-80% of HR,,,,), confirming that continuous sensor feedback effectively prevents both
overexertion and undertraining. The results address a long-standing challenge in automated
exercise prescription by ensuring safe and efficient physiological regulation.(”)

The results present the superior performance of the loT-assisted program across metabolic,
behavioral, and cardiovascular dimensions. The integration of adaptive sensor feedback and
algorithmic control enhances exercise efficiency, sustained adherence, and equitable outcomes
across diverse user populations.

5.2 IoT and sensors in health management

The results of this study have significant implications for personal fitness, health
management, and digital health. The application of IoT devices and sensors to aerobic exercise
enables evidence-based, custom-tailored exercise programs. The tools also enable professionals
to obtain real-time physiological responses to adaptively adjust exercise intensity and maximize
cardiovascular and metabolic benefits while minimizing the risk of overtraining or injury.

At the individual level, IoT and sensor technologies in aerobic exercise foster engagement and
motivation through instant feedback and observable progress, which increases adherence and
consistent participation. These behavioral changes are essential for achieving long-term health
enhancement by maintaining exercise consistency and preventing chronic diseases. Such IoT-
assisted exercise increases energy expenditure and improves heart rate management. In the long
term, the exercise contributes to enhanced cardiovascular health improvement and reduced risks
of obesity and metabolic disorders. Rehabilitation specialists and healthcare professionals can
utilize IoT and sensor technologies for remote patient monitoring, enabling individualized and
flexible physical therapy. Technological development with enhanced sensor accuracy and Al-
guided algorithms enhances the accessibility and effectiveness of aerobic exercise programs.
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Despite such advantages, as this study was conducted on the basis of secondary and simulated
data, the results might lack applicability. The eight-week duration and 24 sessions might not be
long enough to generalize the results of this study and to determine long-term fitness patterns or
potential side effects. While several critical physiological parameters were simulated, other
health markers, such as musculoskeletal adaptations or inflammation, were not included in the
simulation model. The simulation model also simplified human variability and did not consider
the impact of environmental factors. The demographics of the participants lacked heterogeneity.
Psychological and social factors, such as variations in motivation, peer support, or environmental
obstacles, need to be included in a simulation model.

The results of this study encourage coaches and fitness professionals to integrate oI devices
and high-accuracy sensors into aerobic exercise programs to personalize aerobic exercise by
targeting specific intensity. Such personalized programs increase adherence rate and enable
effective and beneficial exercise. Sensor accuracy, battery performance, and user experience of
the tools must be improved, considering device interoperability and secure data sharing.
Additionally, longitudinal research is needed to validate the simulated results of this study.
Diverse smart technologies need to be integrated into exercise programs to prevent physical
inactivity and associated chronic diseases. The benefits of loT-assisted programs need to be
disseminated to maximize user engagement. Platforms that link physiological measures with
psychosocial and environmental factors must also be developed to harness the potential of IoT
and sensor technologies for better outcomes of aerobic exercise.

The results of this study underscore the transformative role of advanced sensor technologies
in shaping the future of digital health and fitness. By demonstrating statistically significant
improvements in energy expenditure, adherence, and cardiovascular regulation, the potential of
IoT-assisted health management systems is validated to deliver scalable, personalized, and safe
exercise interventions. The results also provide a basis for the development of sensor accuracy,
interoperability, and Al-driven analytics, ensuring that next-generation fitness technologies can
be effectively applied in both preventive health and rehabilitative care contexts.

6. Conclusion

The superiority of an IoT-assisted aerobic exercise program was verified, compared with the
traditional fixed-intensity program, by analyzing metabolic throughput, cardiovascular safety,
and longitudinal behavioral compliance. Evaluation results across 24000 simulated sessions
showed that real-time monitoring and adaptive feedback optimized physical training
performance. The loT-assisted program achieved a 14.8% higher cumulative energy expenditure
(8.81 million kcal) and a flexible, heart-rate-responsive intensity range of 4.8—-8.4 METS.
Moreover, the loT-assisted program mitigated dropout risk, sustaining a mean cumulative
adherence rate of 88.4% and concluding with an 85.2% final session retention rate, whereas the
traditional program showed a rate of 71.3%. Statistical validation through a two-sample K-S test
and MANOVA confirmed that this personalized delivery remained robust across heterogeneous
demographic profiles.



4004 Sensors and Materials, Vol. 38, No. 7 (2026)

The loT-assisted program shows that closed-loop multimodal integration ensures a continuous
physiological feedback architecture that unifies heterogeneous sensor data such as heart rate
signals from ECG chest straps, circulatory pulse waves from PPG wrist sensors, and movement
kinematics from IMUs. It also introduces algorithmic calibration, which enables sensor
analytics. By using real-time sensor data, external workloads are adjusted to ensure that
participants’ cardiorespiratory responses are regulated within safe, predefined aerobic zones
(60-80% of HR,,,,). Sensor latency and plateau inefficiencies can be removed by validating
adaptive control algorithms against large simulated cohorts. To mitigate signal drift and data
classification errors, the results of this study can be a benchmark for the design of next-generation
smart wearables.

Despite these results, reliance on secondary and simulated data, a simplified demographic
profile, and an eight-week evaluation window must be addressed. It is necessary to include
long-term physiological markers, musculoskeletal adaptations, and psychosocial factors in
further studies, and longitudinal clinical trials in diverse populations must be conducted.
Nevertheless, the results of this study show the advantages of the integration of IoT into
accessible, evidence-based, and sustainable health management. Through clinical validation,
improved sensor accuracy, interoperability, and Al-driven analytics, human-cloud
interoperability, hardware constraints, and decentralized preventive health management systems
can be developed.
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