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Abstract 

The digital transformation in higher education necessitates a shift from 
subjective, manual pedagogical evaluations to objective, data-driven 
strategies, particularly in complex physical domains such as aquatic skills. 
This study aims to develop and analyze an intelligent instructional 
navigation model using wearable sensor-based artificial intelligence (AI) to 
provide real-time biometric feedback and accelerate swimming 
competencies and student self-efficacy. Employing a quasi-experimental 
design, the research integrated smartwatches and AI algorithms to monitor 
biometric metrics and intensity zones (Z1–Z5), providing immediate haptic 
scaffolding during learning sessions. The results indicate that the AI-driven 
model significantly enhances evaluation objectivity and motor adaptation 
speed compared to conventional methods, with the experimental group 
achieving substantially higher psychomotor scores (8.8 vs. 7.1; $p < 0.01$). 
Notably, the findings reveal that training duration without precise intensity 
zone management does not significantly improve performance, 
highlighting biometric-based scaffolding as the critical variable for 
instructional success. This study concludes that transforming instructional 
frameworks through AI-driven navigation is a vital catalyst for achieving the 
Sustainable Development Goals (SDGs), specifically Quality Education and 
Good Health, by ensuring a measurable, safe, and adaptive learning 
ecosystem. This model offers a scalable pedagogical framework for 
modernizing sports education through the scholarship of teaching and 
learning (SoTL).  

Keywords: AI in Education, Adaptive Learning, Biometric Feedback, 
Instructional Technology, Swimming Competency 

 

INTRODUCTION 

The current global era of digital transformation has 

positioned technology as a primary pillar in redefining 

physical competence standards, where aquatic skills such as 

swimming are no longer viewed merely as recreational 

activities but as crucial indicators of sustainable physical 

literacy. The significance of mastering swimming at the higher 

education level is closely linked to achieving the Sustainable 

Development Goals (SDGs), particularly SDG 3 on good health 

and well-being and SDG 4 on inclusive and equitable quality 

education (Prasetyo et al., 2025; Vinuesa et al., 2020). This 

urgency is driven by global demand for performance-

monitoring systems that simultaneously ensure safety and 

training effectiveness in complex learning environments (Bai 

et al., 2022; Wang et al., 2021). However, the integration of 

technology in sports pedagogy still faces significant challenges 

regarding data standardization and accessibility, particularly 

in transforming raw metrics into meaningful instructional 

information for both educators and students (Dwivedi et al., 

2021; Jamshidi, 2021). The sustainability of future physical 

education programs depends heavily on the extent to which 

institutions adopt digital frameworks that focus not only on 

final outcomes but also on measurable, safe motor-

adaptation processes (Barredo Arrieta et al., 2020; 

Vasconcellos et al., 2020).  

The primary problem in swimming instruction at the 

university level is the heavy reliance on conventional 

evaluation methods that are inherently subjective and 

qualitative, thereby failing to provide precise training load 

profiles. A critical challenge arises when instructors are 

unable to monitor students' physiological responses in real 
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time underwater, which risks ineffective training volumes or 

even injury due to uncontrolled intensity (Opstoel et al., 

2020; Porciuncula et al., 2018). This methodological crisis is 

exacerbated by a lack of instruments capable of 

automatically linking motor activities with biometric 

intensity zones (Bai et al., 2022; Wang et al., 2021). Without 

accurate data support, it is difficult for students to 

understand their own movement efficiency, while lecturers 

lose an objective foundation for providing personalized 

feedback (Dwivedi et al., 2021; Jamshidi, 2021). This 

problem reflects a barrier to instructional transformation, as 

sports curricula often lag behind advancements in sensor 

technology already prevalent in healthcare and medical 

rehabilitation (Barredo Arrieta et al., 2020; Vasconcellos et 

al., 2020).  

Previous research has explored various facets of sports 

technology and aquatic education, yet significant limitations 

remain. Research on sensor monitoring has been conducted 

by Porciuncula et al. (2018), Bai et al. (2022), and Wang et 

al. (2021); studies on AI applications in health and 

movement were carried out by Jamshidi (2021), Dwivedi et 

al. (2021), and Barredo Arrieta et al. (2020); while physical 

education pedagogy and motor development were 

discussed by Vasconcellos et al. (2020) and Opstoel et al. 

(2020). Critically, the work of Porciuncula et al. (2018) 

focused heavily on clinical gait rehabilitation, failing to 

address the unique hydrodynamics of aquatic learning (Bai 

et al., 2022; Wang et al., 2021). Research by Bai et al. (2022), 

while technically advanced in sensor use, did not integrate 

artificial intelligence to provide real-time instructional 

scaffolding for students (Dwivedi et al., 2021; Jamshidi, 

2021). Furthermore, studies by Nuraisyah et al. (2023) 

utilized passive digital media that lacked the interactivity 

required to record physiological responses dynamically 

during swimming sessions (Prasetyo et al., 2025; Vinuesa et 

al., 2020). These existing studies generally treat technology 

as an external recording tool rather than an adaptive 

instructional agent, leaving the pedagogical bridge between 

biometric data and skill acquisition largely unaddressed 

(Barredo Arrieta et al., 2020; Vasconcellos et al., 2020).  

The novelty of this research lies in the development of an 

"Intelligent Instructional Navigation" model that transforms 

raw biometric data into real-time haptic scaffolding 

specifically for aquatic pedagogy. Unlike previous 

approaches that merely used technology for post-hoc 

analysis, this research positions AI as an active mentor that 

interprets heart rate intensity zones (Z1–Z5) into immediate 

instructional cues (Bai et al., 2022; Wang et al., 2021). This 

innovation introduces a framework in which wearable 

sensors not only collect data but also guide the learner's 

motor journey based on physiological feedback (Dwivedi et 

al., 2021; Jamshidi, 2021). By integrating predictive 

algorithms with psychomotor development, this study offers 

a unique methodology for evaluating swimming competence 

through the lens of individual biological responses (Barredo 

Arrieta et al., 2020; Vasconcellos et al., 2020). This approach 

establishes a new standard in the Scholarship of Teaching and 

Learning (SoTL) by making the student's internal physiological 

effort visible and actionable for the instructor (Prasetyo et al., 

2025; Vinuesa et al., 2020).  

A profound research gap is identified in the lack of integration 

between biometric monitoring and the improvement of self-

efficacy in aquatic skills within a pedagogical framework. 

While elite sports science has long used wearable sensors, 

there is a disconnect in applying these tools to accelerate 

learning for non-athlete university students (Porciuncula et 

al., 2018; Opstoel et al., 2020). Most current educational 

models rely on visual observation, which ignores students' 

internal states, such as heart rate variability and perceived 

exertion (Bai et al., 2022; Wang et al., 2021). Furthermore, 

there is a scarcity of literature examining how AI-driven 

feedback can bridge the gap between motor performance 

and psychological confidence in high-risk environments such 

as deep water (Dwivedi et al., 2021; Jamshidi, 2021). This 

research addresses this void by examining how "intelligent 

navigation" serves as a bridge between physiological safety 

and psychomotor mastery (Barredo Arrieta et al., 2020; 

Vasconcellos et al., 2020).  

The theoretical framework underpinning this study is the Self-

Determination Theory (SDT) combined with technology-

mediated Instructional Scaffolding. SDT provides the grand 

theory for understanding how objective, data-driven 

feedback satisfies students' needs for competence and 

autonomy (Prasetyo et al., 2025; Vinuesa et al., 2020). 

Meanwhile, the concept of instructional scaffolding is 

adapted to a digital context, where wearable sensors provide 

the temporary support students need to master complex 

aquatic movements (Bai et al., 2022; Wang et al., 2021). By 

combining these theories, the research establishes a robust 

foundation for examining how digital interventions can 

enhance both physical performance and psychological beliefs 

in one's ability to succeed (Dwivedi et al., 2021; Jamshidi, 

2021). This theoretical alignment ensures that the use of AI is 

not merely a technical addition but a grounded pedagogical 

strategy to improve the quality of learning (Barredo Arrieta et 

al., 2020; Vasconcellos et al., 2020).  

The conceptual foundation of this research revolves around 

AI-Driven Biometric Monitoring and Adaptive Aquatic 

Pedagogy. The concept of biometric monitoring involves the 

real-time analysis of physiological parameters, such as heart 

rate zones, to ensure training intensity aligns with 

instructional goals (Opstoel et al., 2020; Porciuncula et al., 

2018). Simultaneously, Adaptive Aquatic Pedagogy 

emphasizes the flexibility of teaching methods that adapt to 
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learners' immediate physical states, promoting a safer and 

more personalized education (Bai et al., 2022; Wang et al., 

2021). These concepts are vital for modernizing sports 

education, as they enable precise mapping of students' 

progress that traditional methods cannot capture (Dwivedi 

et al., 2021; Jamshidi, 2021). By merging technology and 

pedagogy, the study redefines the swimming pool as a 

"smart" learning environment where data drives decision-

making (Barredo Arrieta et al., 2020; Vasconcellos et al., 

2020).  

This research is particularly compelling because it addresses 

the critical need for objective evaluation in a high-stakes 

educational setting where safety and skill are paramount. 

The ability to visualize "invisible" physiological effort 

transforms the swimming lesson into a data-rich experience 

that enhances student self-efficacy (Prasetyo et al., 2025; 

Vinuesa et al., 2020). Furthermore, it is important to 

investigate this because it demonstrates how AI can 

democratize elite-level training tools for general education, 

fostering a more inclusive and effective curriculum (Bai et 

al., 2022; Wang et al., 2021). The study provides an empirical 

basis for institutions to invest in wearable technologies, 

showing that the value lies not in the device itself, but in the 

instructional navigation it provides (Dwivedi et al., 2021; 

Jamshidi, 2021). Ultimately, this research is significant as it 

provides a scalable model for integrating SDGs into daily 

physical education practices (Barredo Arrieta et al., 2020; 

Vasconcellos et al., 2020).  

Consequently, the primary objective of this study is to 

develop and analyze an intelligent instructional navigation 

model based on wearable sensors to improve aquatic skills 

and self-efficacy. Specifically, the research aims to measure 

the impact of real-time AI feedback on student psychomotor 

adaptation and evaluation objectivity (Prasetyo et al., 2025; 

Vinuesa et al., 2020). Furthermore, it seeks to determine the 

correlation between physiological intensity management and 

the acceleration of mastery of swimming competency (Bai et 

al., 2022; Wang et al., 2021). By achieving these goals, the 

research intends to provide a definitive framework for 

adaptive sports learning that aligns with modern 

technological advancements and educational sustainability 

(Dwivedi et al., 2021; Jamshidi, 2021). Ultimately, this study 

strives to offer a transformative pedagogical solution that 

ensures every student achieves mastery in aquatic skills 

through data-supported instructional navigation (Barredo 

Arrieta et al., 2020; Vasconcellos et al., 2020) 

METHODS 

The methodology of this research is structured to bridge the 

gap between sports pedagogy and instructional technology, 

ensuring that data collection and product testing are 

scientifically rigorous and aligned with the intended aquatic 

competencies. To provide a clear roadmap of the systematic 

inquiry conducted, the following sections detail the research 

design, data collection procedures, and analytical frameworks 

utilized to validate the intelligent instructional navigation 

model. 

Before delving into the specific procedures, it is essential to 
visualize the overall research flow. This systemic approach 
ensures that each phase, from the initial needs assessment to 
the final evaluation, contributes directly to the accuracy of 
the adaptive learning model. The conceptualization of this 
process is depicted in the research flowchart below.

Figure 1. Systematic Flow of the Intelligent Instructional Navigation Research 

Figure 1 illustrates the sequential phases of the study, 

emphasizing the iterative nature of the "feedback loop" 

where biometric data (Z1-Z5 intensity zones) is continuously 

processed by the AI to provide haptic scaffolding to the 

subjects. This process ensures that the product's 

development and testing align with the characteristics of the 

instructional navigation model, which requires real-time 

adaptation (Bai et al., 2022; Wang et al., 2021). The following 

section will elaborate on the specific experimental design 

used to test this model. 

2.1 Research Design 

This study employs a quasi-experimental design with a pre-

test and post-test control group to evaluate the efficacy of the 
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wearable sensor-based adaptive learning model. This design 

was selected because it allows for the examination of causal 

relationships between the AI-driven intervention and 

improvements in aquatic skills and self-efficacy within a 

natural classroom setting (Opstoel et al., 2020; Vasconcellos 

et al., 2020). The experimental group received instructional 

navigation via smartwatches, while the control group 

utilized conventional visual-based instruction. This rigorous 

comparison is necessary to provide empirical evidence of the 

model's impact on psychomotor acceleration (Prasetyo et al., 

2025; Vinuesa et al., 2020). To ensure that the research 

questions are addressed with the appropriate statistical rigor, 

the following matrix outlines the analytical approach for each 

inquiry. 
Table 1. Research Questions and Type of Analysis 

Research 
Question (RQ) 

Research Question Description Types of Analysis 

RQ1 To what extent does AI-driven feedback improve 
evaluation objectivity? 

Descriptive Statistics & Inter-
rater Reliability 

RQ2 How does the adaptive model influence the 
acceleration of aquatic skills? 

Independent Sample T-test & 
Cohen's d 

RQ3 What is the relationship between biometric intensity 
zones and self-efficacy? 

Pearson Correlation & 
Regression Analysis 

Table 1 provides a structured link between the research 

inquiries and the analytical methods used, ensuring that the 

findings are grounded in objective data rather than 

subjective observation (Dwivedi et al., 2021; Jamshidi, 

2021). Having established the analytical framework, the 

subsequent phase involves systematically gathering data 

using various digital and manual instruments.  

2.2 Data Collection 

The data collection process used an integrated digital 

system to capture both physiological responses and 

psychomotor performance during swimming sessions. 

Primary data were collected from wearable sensors 

(smartwatches) that recorded heart rate (HR), duration, and 

caloric expenditure, while secondary data were obtained 

from standardized aquatic skill rubrics (Bai et al., 2022; 

Porciuncula et al., 2018). This dual-stream collection ensures 

a comprehensive view of the student's progress, combining 

"invisible" internal metrics with "visible" technical mastery 

(Wang et al., 2021; Jamshidi, 2021). All data were 

synchronized via an AI-based dashboard to ensure temporal 

accuracy between movement and intensity zone feedback. To 

understand the specific parameters being measured, the 

following table details the research instruments used.  

Table 2. Research Instrument Indicators and Specifications 

Variable Sub-Indicator Items Subject/Population 

Aquatic Skills Mechanics, Efficiency, Breathing 10 Items University Students (N=40) 
Biometrics HR Max, Intensity Zones (Z1-Z5) Real-time University Students (N=40) 
Self-Efficacy Confidence, Resilience, Mastery 15 Items University Students (N=40) 

Table 2 highlights the indicators and the scope of the 

instruments, demonstrating that the research targets both 

the physical and psychological dimensions of learners at the 

university level (Prasetyo et al., 2025; Vinuesa et al., 2020). 

The integrity of this data is further refined through rigorous 

analytical techniques described in the next section.  

2.3 Data Analysis 

Data analysis used a combination of descriptive and 

inferential statistics to validate the research hypotheses. 

Quantitative sensor data were processed using AI algorithms 

to categorize students into five intensity zones, while t-tests 

were used to compare performance gains between the 

experimental and control groups (Dwivedi et al., 2021; Wang 

et al., 2021). The use of effect size (Cohen's d) was crucial for 

determining the practical significance of AI-driven 

navigation on aquatic skill mastery. This multifaceted 

analysis ensures that the conclusions drawn are statistically 

significant and educationally relevant.  

2.4 Research Instruments 

The primary instrument developed for this study is the 

"Intelligent Navigator" interface, which integrates wearable 

sensor outputs with pedagogical scaffolding. This instrument 

underwent a rigorous development phase, including software 

architecture design and haptic feedback calibration to ensure 

that students could perceive instructional cues underwater 

(Bai et al., 2022; Jamshidi, 2021). Additionally, a Likert-scale 

self-efficacy questionnaire was used to assess the 

psychological impact of receiving real-time, objective data.  

2.5 Validity and Reliability 

To ensure the scientific integrity of the model, validity and 

reliability tests were conducted on both the digital sensors 

and the manual rubrics. The aquatic skill rubric was validated 

by three experts in sports pedagogy and instructional 

technology, yielding a Content Validity Ratio (CVR) of 0.95. 

The reliability of the wearable sensors was assessed using 



 

95 
Intelligent Instructional Navigation: Development of a Wearable Sensor-Based Adaptive Learning Model … 

test-retest procedures, demonstrating high consistency in 

heart rate tracking (ICC > 0.85), which is essential for 

ensuring that instructional feedback is based on accurate 

physiological data (Porciuncula et al., 2018; Wang et al., 

2021).  

2.6 Research Subjects and Location 

The research was conducted at the aquatic facility of a 

regional university, involving 40 students enrolled in the 

Mathematics Education and Physical Education programs. 

The subjects were divided into two groups (Experimental 

and Control) using a purposive sampling technique to ensure 

balanced initial skill levels. This specific location and 

demographic were chosen to test the scalability of AI-driven 

tools in environments with diverse student backgrounds and 

limited specialized coaching staff (Prasetyo et al., 2025; 

Vinuesa et al., 2020).  

The complexity of the AI-driven intervention is best 

summarized through the integration of the hardware and 

software components. This synergy creates an "Intelligent 

Navigation" environment that facilitates rapid skill 

acquisition. The technical architecture of this integration is 

visualized in the following diagram. 

Figure 2. Technical Architecture of the AI-Driven Instructional Navigation System 

Figure 2 illustrates the system's technical architecture, in 
which the AI serves as the central brain, decoding raw 
biometric data into meaningful instructional actions. This 
architecture ensures that the learning process is adaptive, 
safe, and aligned with the individual physiological capacity 
of each student, ultimately fulfilling the requirements for a 
modern, data-driven sports pedagogy (Bai et al., 2022; 
Dwivedi et al., 2021) 

RESULTS 

The results of this study are presented hierarchically to 

systematically assess the effectiveness of the Intelligent 

Instructional Navigation model. The findings progress from 

technical biometric accuracy to the measurable acceleration 

of psychomotor competencies and psychological self-efficacy 

among students. 

3.1 Technical Validation of AI-Driven Biometric Accuracy 

The first stage of the findings focuses on the system's ability 

to transform raw physiological signals into instructional data. 

During the implementation phase, the AI algorithm processed 

real-time heart rate (HR) data to categorize student efforts 

into specific intensity zones (Z1–Z5). A microanalysis of the 

data reveals that the system achieved 88% accuracy in 

detecting anaerobic thresholds compared to manual pulse 

measurements. This high level of precision is critical for 

solving the "informational black hole" previously identified in 

manual evaluations.  

Table 3. Biometric Output and AI-Classification Accuracy 

Intensity Zone HR Range (BPM) Scaffolding Cue (Haptic) Detection Accuracy (%) 

Z1 (Warm-up) (100). - 120 Single Pulse 95% 
Z3 (Aerobic) (141). - 160 Double Pulse 92% 
Z5 (Maximum) > 180 Continuous Vibration 88% 

Table 3 demonstrates that the haptic scaffolding system 

effectively communicates physiological status to the student 

underwater, even when visual cues are obstructed. The 

slight decrease in accuracy at Z5 is attributed to extreme 

movement turbulence, a finding that aligns with previous 

sensor limitations reported in aquatic technology literature. 

To visualize how this data flows from the sensor to the 

student's motor response, the following data flow diagram is 

presented.  
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Figure 3. Real-Time Feedback Loop and Error Detection Architecture 

Figure 3 illustrates the internal logic of the system, 

specifically highlighting the "Noise Filtering" stage which 

reduces data errors caused by water resistance. This 

technical orchestration ensures that the navigation provided 

to the student is both stable and responsive, fulfilling the 

criteria for an adaptive instructional model. 

3.2 Psychomotor Competence Acceleration: Experimental 

vs. Control 

The core finding of this research is the significant difference 

in skill acquisition between students using the intelligent 

navigation model and those using conventional methods. 

Micro-analysis of the post-test scores indicates that the 

experimental group achieved a mean psychomotor score of 

8.8, whereas the control group averaged 7.1. This disparity 

suggests that objective feedback allows students to correct 

mechanical errors (such as sinking legs or inefficient stroke 

rates) much more quickly than delayed instructor feedback.  

Table 4. Comparison of Aquatic Skill Mastery Scores 

Group Pre-test Mean Post-test Mean Gain Score (g) Interpretation 

Experimental 5.2 8.8 0.75 High 
Control 5.1 7.1 0.41 Medium 

The data in Table 4 confirms that the AI-driven intervention 

leads to a "High" gain score, whereas the control group 

remained at a "Medium" level of improvement. This finding 

critiques the traditional paradigm that more training 

duration leads to better skills; instead, the data shows that 

training intensity management is the true driver of motor 

mastery. This is further evidenced by the relationship 

between intensity zones and skill efficiency, as visualized in 

the performance mapping below.  

Figure 4. Comparative Mapping of Motor Adaptation Speed 

Figure 4 highlights the "acceleration effect" of the 

instructional navigation system. The steepness of the 

experimental group's curve indicates that motor adaptation 

occurs significantly earlier (Session 3) compared to the 

control group (Session 6). This early mastery is a direct result 

of the haptic scaffolding which allows for "instantaneous 

error correction" during the swim.  
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3.3 Impact on Student Self-Efficacy and Psychological 

Mastery 

Beyond physical skills, the findings reveal a transformative 

effect on students' psychological beliefs about their aquatic 

abilities. Qualitative data from the post-intervention 

interviews indicate that students felt "safer" and "more in 

control" when they could monitor their own heart rate via the 

smartwatch. A regression analysis confirms that real-time 

biometric feedback explains 62% of the variance in student 

self-efficacy scores. This suggests that objectivity in learning 

does not just improve the body; it stabilizes the mind by 

reducing the anxiety associated with aquatic environments.  

Table 5. Regression Analysis: Biometric Feedback and Self-Efficacy 

Predictor Variable Beta (β) t-value Sig. (p) R2 

AI Feedback Accuracy 0.785 5.24 0.000 0.616 

As shown in Table 5, the correlation between feedback 

accuracy and self-efficacy is exceptionally strong ($p < 

0.001$). This finding indicates that when students trust the 

data they receive, their confidence in performing difficult 

aquatic tasks increases proportionally. This psychological 

stabilization is a vital component of the instructional 

navigation model, ensuring that the mastery achieved is 

both deep and sustainable.  

Following these findings, the integration of physical 

competence and psychological confidence forms a unified 

framework for modern sports pedagogy. To synthesize these 

results into a broader educational context, the technical and 

psychological data points are summarized in the final result 

visualization. 

Figure 5. Integrated Framework of AI-Driven Aquatic Mastery 

Figure 5 summarizes the results: the intersection of data 

accuracy, physical skill, and mental confidence produces the 

"Intelligent Navigation" effect. This integrated output 

proves that the model is not only technically viable but also 

pedagogically superior in producing competent and 

confident aquatic practitioners 

3.4 Kinesthetic Analysis of the Warm-Up Phase: AI Activation 

and Pre-Conditioning 

Before aquatic activities begin, students must undergo a 

rigorous neuromuscular activation phase. Figure 1 illustrates 

this process within the instructional discipline guided by the 

monitoring system. 
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Figure 6. Students perform dynamic stretching to activate large muscle coordination before the water adaptation 

session (Sumenep, 2024)

Figure 6 shows students performing movements that focus 

on mobilizing the shoulder, hip, and ankle joints. Wearable 

sensors monitor the gradual increase in heart rate to ensure 

students reach Zone 1 (50-60% of HR Max) before entering 

the water. The transition from air temperature to water 

temperature requires thorough vascular readiness. Failure 

to reach this zone is often a major cause of muscle cramps 

and movement inefficiencies because the muscles have not 

yet reached optimal working temperature. Research shows 

that activation guided by real-time data can reduce initial 

technical errors by 25% because the motor neurons are 

"awakened" and ready to perform repetitions with high 

precision (Park & Kim, 2023). Furthermore, an AI-monitored 

warm-up ensures that no student performs core exercises 

"cold," a preventive measure against long-term injury. 

3.5 Core Experiment: Hydrodynamic Analysis and 

Instantaneous Correction 

The crucial stage of this research is when students perform 

streamlining and freestyle techniques. The AI algorithm works 

by extracting body coordinates (pose estimation) to detect 

microscopic positional deviations. 

Figure 7. Documentation of the gliding phase: Identify the horizontal position of the body relative to the water surface 

to minimize drag

Based on Figure 7, sinking legs were observed in 65% of 

subjects in the initial group. AI analysis showed that the 

pelvic tilt angle exceeded 15 degrees toward the pool floor. 

Mechanically, this significantly increases frontal drag, 

requiring students to expend twice as much energy to cover 

the same distance. Real-time feedback from vibration sensors 
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provides "digital scaffolding" that allows students to adjust 

their hand and foot positions without stopping or looking at 

the instructor. This speed of feedback is critical for 

developing accurate muscle memory; if errors persist for 

more than 30 seconds, the brain tends to interpret the 

incorrect movement pattern as normal (Santos et al., 2021; 

Williamson et al., 2024). 

3.6 Pedagogical Dimensions and Transcripts of Human-AI 

Interactions 

This research focuses not only on quantitative data but also 

explores the cognitive dimension through the triadic 

interaction between data, instructors, and students. The use 

of AI technology transforms the instructor's role from mere 

observer to performance analyst. 

Mid-Session Analysis Transcript: 

Instructor: "Budi, look at the graph on your watch dashboard 
now. At the 15th meter, your heart rate spiked into zone 5 
(Anaerobic), but your pace actually slowed down. What 
happened in the water?" 
Student: "I felt panicked because I was running out of breath, 
sir. I tried to pedal faster to get to the end, but it felt really 
hard." 
Instructor: "That's because the AI detects your Stroke Rate is 
too high but slippery (your hands don't catch the water 
properly). You're wasting energy without propulsion. Focus on 
high elbows and lower the intensity to zone 3. Let the water do 
the work for you." 

  

The main advantage of this methodology lies in its ability to 

monitor activities under the water surface (underwater 

tracking) which are visually very difficult for the instructor to 

see from the edge of the pool. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 8. Documentation of facial profile and exhalation management of students during the underwater 

recovery phase. 

The analysis of head position in relation to the body axis, as 

visualized in Figure 8, reveals that hydrodynamic stability is 

intrinsically linked to the physiological state of the student. 

Phenomenological findings synchronized with sensor data 

demonstrate a critical correlation between biometric 

efficiency and alignment, where technique breakdown—

specifically the tendency to elevate the head—is a direct 

consequence of lactate accumulation as students exceed 

their anaerobic thresholds. This misalignment creates a 

detrimental chain reaction that lowers the pelvis and 

impairs the overall hydrodynamic structure, a phenomenon 

that becomes more pronounced after 50 minutes of training 

without regulated intensity. Research highlights that long-

duration training lacking specific zone settings does not 

contribute to technical mastery but instead escalates the 

risk of shoulder injuries and extreme fatigue. Conversely, 

experimental results confirm a 40% improvement in 

technique consistency for students who adhered to AI-driven 

warnings within Zones 2-3, underscoring that the quality of 

repetitions, guided by real-time physiological feedback, is far 

more vital for aquatic mastery than mere volume or quantity.  

3.7 Sustainable Instructional Transformation Towards SDGs 

Targets 

The integration of AI-driven navigation into aquatic education 

serves as a pivotal bridge toward achieving the United 

Nations' Sustainable Development Goals, particularly in the 

realms of health and educational equity. By transitioning from 

traditional, high-risk training methods to a system governed 

by real-time heart rate monitoring, swimming instruction is 

redefined as a safe cardiovascular therapy that aligns with 

SDG 3 (Good Health and Well-Being). This transformation 

ensures that physical education is no longer a source of 

potential physiological strain but a structured medium for 

long-term health, as it prevents students from exceeding safe 



 

100 
Intelligent Instructional Navigation: Development of a Wearable Sensor-Based Adaptive Learning Model … 

cardiac limits through precise intensity zone management.  

Furthermore, this instructional shift directly supports SDG 4 

(Quality Education) by replacing subjective, bias-prone 

manual evaluations with transparent, data-driven 

psychomotor assessments. Utilizing objective metrics such 

as Distance Per Stroke (DPS) and time consistency fosters a 

learning environment rooted in fairness, which significantly 

bolsters student motivation and trust in the educational 

process. Ultimately, these findings underscore that the 

synergy between human pedagogical intuition and the 

precision of machine learning is essential for creating a 

scalable, adaptive, and inclusive sports learning system that 

meets the demands of modern education.  

DISCUSSION 

The transformation of aquatic instruction from subjective, 

instructor-centric evaluations to an objective, AI-mediated 

framework marks a fundamental shift in sports pedagogy. 

The primary objective of this research—to eliminate manual 

evaluation bias—is achieved by the technical orchestration 

of wearable sensors that decode raw physiological signals 

into actionable haptic scaffolding. This success stems from 

the system's ability to bridge the "informational black hole" 

in underwater environments where visual feedback is 

naturally obstructed. By achieving an 88% biometric 

accuracy rate, this model extends the work of Bai et al. 

(2022), who emphasized the necessity of digital 

transformation in physical education but lacked a real-time 

underwater intervention mechanism. Unlike traditional 

methods that rely on the post-hoc observations of an 

instructor, this intelligent navigation model operates within 

the "live" motor execution window, allowing students to 

correct biomechanical errors, such as head alignment or 

stroke frequency, the moment they occur. This finding 

challenges the conventional reliance on human observation 

as the gold standard of assessment, suggesting instead that 

machine precision is required to capture the nuances of 

aquatic movement. The implementation of this system at 

UNU Pasuruan demonstrates that integrating AI is not 

merely a technical upgrade but a pedagogical necessity to 

ensure instructional fairness, aligning with the "rahmah" 

(compassion) principle in education by providing every 

student with a customized, unbiased mentor.  

The acceleration of psychomotor competencies, evidenced 

by the experimental group’s superior scores (8.8 vs. 7.1), 

provides a critical critique of the "duration-performance" 

myth in sports training. Conventional wisdom, supported by 

previous normative studies, often posits that increased 

training volume leads to mastery. However, this study’s 

findings contradict the results of Thomas & Smith (2020), 

showing that training duration exceeding 50 minutes 

without intensity management actually leads to technical 

decay and increased injury risk rather than improvement. The 

data reveals that motor adaptation is not a product of time 

spent in the water, but a product of "intensity-aligned 

repetitions." Students using the AI model achieved mastery 

significantly earlier—by Session 3—because the haptic 

scaffolding acted as a constant corrective force, preventing 

the solidification of incorrect motor patterns. This early 

adaptation suggests a "Neuro-Instructional Shortcut," where 

the brain processes haptic pulses as direct motor commands, 

bypassing the cognitive load of interpreting verbal 

instructions. This extends the findings of Zhou et al. (2024), 

emphasizing that the quality of repetitions, regulated by AI, 

serves as the true catalyst for skill acquisition. By maintaining 

students in Zones 2-3 (Aerobic-Threshold), the system 

ensures that physical effort remains within the optimal 

physiological window for neuro-muscular learning, a level of 

precision that manual coaching simply cannot replicate.  

A central anomaly in this research—the high correlation 

between real-time biometric feedback and psychological self-

efficacy (62% variance)—requires a deep dialectical 

interpretation. Theoretically, self-efficacy is built through 

"mastery experiences," but this study suggests that "objective 

awareness" of one's own physiology is an equally potent 

driver. Students reported feeling "safer" not because they had 

a coach nearby, but because they could monitor their internal 

status via the smartwatch, effectively practicing muraqabah 

(self-monitoring/mindfulness) through technology. This 

finding expands the self-efficacy framework of Dwivedi et al. 

(2021) by introducing "biometric transparency" as a 

psychological stabilizer. When students see their effort 

translated into data, the aquatic environment loses its 

perceived threat, transforming a high-anxiety space into a 

controlled lab for personal growth. This psychological 

stabilization is crucial in aquatic skills where fear of drowning 

or physical exhaustion often limits progress. The ability of the 

AI to act as a "digital guardian" ensures that students do not 

just learn to swim, but learn to trust their physical capacity, 

thereby fulfilling the SDG 3 mandate for mental and physical 

well-being through safe, data-driven cardiovascular exercise.  

In terms of instructional architecture, the "Real-Time 

Feedback Loop" analyzed in this study represents a radical 

departure from the linear, teacher-led models prevalent in 

Southeast Asian higher education. Most previous research in 

Indonesian sports pedagogy has focused on curriculum 

development or facilities, often ignoring the actual feedback 

mechanism during the act of swimming. This study’s model, 

however, establishes a hierarchical flow from problem 

identification to real-time adaptation, effectively 

decentralizing the teacher’s role. This does not replace the 

instructor but elevates them to an "architect of intensity," 

where they manage the AI parameters rather than shouting 

instructions from the pool deck. This systemic shift addresses 
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the structural constraints of large class sizes in universities 

where a single instructor cannot provide individualized 

feedback to 30 students simultaneously. By leveraging AI to 

provide 1-on-1 scaffolding, the model ensures that "Quality 

Education" (SDG 4) is no longer a luxury but a scalable 

reality. The success of this model at Sumenep Pool provides 

empirical proof that local institutional constraints can be 

overcome through digital integration, creating a standard 

that can be replicated across regional sports programs to 

eliminate educational inequality.  

Reflecting on the long-term implications, the synergy 

between AI and sports pedagogy demonstrated here marks 

the beginning of a "Safe-Learning Revolution." The evidence 

strongly suggests that future instructional frameworks must 

prioritize physiological safety as much as skill acquisition. 

The finding that students adhering to intensity warnings 

showed 40% better technique consistency serves as a sharp 

indictment of the "push-to-failure" coaching culture that 

persists in many training centers. This research advocates 

for a shift toward "biometric-based pedagogy," where every 

movement is validated against the student's current heart 

rate and lactate threshold. Such an approach not only 

accelerates learning but also democratizes sports 

participation, making it accessible to those who previously 

feared the physical strain. Moving forward, the adoption of 

this wearable sensor-based model will likely become the 

benchmark for SoTL (Scholarship of Teaching and Learning) 

in physical education, ensuring that the development of 

human potential is guided by the undeniable logic of data 

and the compassionate precision of artificial intelligence. 

This creates a measurable learning ecosystem that is robust 

enough to meet global SDG targets while remaining sensitive 

to the individual student's developmental needs. 

CONCLUSION AND RECOMMENDATIONS 

5.1 Conclusion 

Based on the results and discussion of this research, the 

following conclusions are drawn to address the core 

problems of instructional subjectivity and motor adaptation 

in aquatic learning: 

1. Elimination of Evaluation Bias: The integration of AI-

driven wearable sensors successfully replaces 

subjective manual assessment with objective, real-time 

biometric data, achieving high accuracy in monitoring 

student physiological states during underwater 

activities. 

2. Acceleration of Motor Mastery: The intelligent 

instructional navigation model significantly speeds up 

aquatic skill acquisition, with the experimental group 

reaching technical competency levels at Session 3, 

whereas the conventional group required twice as long 

to achieve lower results. 

3. Optimization of Training Intensity: The research proves 

that the quality of practice—governed by precise heart 

rate intensity zones (Z2–Z3)—is the primary determinant 

of success, debunking the myth that long training 

durations (over 50 minutes) lead to better performance. 

4. Enhancement of Self-Efficacy: Real-time feedback serves 

as a psychological stabilizer, significantly increasing 

student confidence and reducing water-related anxiety 

by providing transparent evidence of their physical 

capabilities. 

5. Alignment with Global Targets: This model provides a 

scalable framework for digitalizing sports education, 

directly contributing to the achievement of SDG 3 (Good 

Health and Well-Being) and SDG 4 (Quality Education) 

through a safe and adaptive learning ecosystem. 

5.2 Recommendations 

To address the limitations of this study and further modernize 

sports pedagogy, it is recommended that physical education 

programs transition from traditional time-based curricula to 

biometric-driven instructional models that prioritize 

individual physiological safety. Future research should expand 

this framework by incorporating multi-sensor integration, 

such as underwater motion capture and AI-driven posture 

analysis, to provide even more granular technical feedback. 

Additionally, longitudinal studies across diverse sports 

domains are needed to evaluate the long-term sustainability 

of AI-accelerated motor skills and the potential for developing 

a fully autonomous, data-centered coaching system. 
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