
(IJACSA) International Journal of Advanced Computer Science and Applications,
Vol. 15, No. 11, 2024

Optimizing Wearable Technology Selection for
Injury Prevention in Ice and Snow Athletes Using

Interval-Valued Bipolar Fuzzy Programming

Aichen Li
Department of Physical Education

Jilin Institute of Chemical Technology, Jilin, 132022, China

Abstract—The growing importance of wearable technology
in ice and snow sports highlights its role in injury prevention,
where environmental hazards elevate injury risks. To address
this, we propose a decision-making model using interval-valued
bipolar fuzzy programming (IVBFP) for the optimal selection of
wearable devices focused on athlete safety. The model employs
multi-criteria decision-making (MCDM) methods to evaluate
critical factors such as comfort, safety, durability, and real-time
monitoring. Fuzzy logic enhances the precision and consistency
of decision-making. The IVBFP model addresses vital challenges,
including the diverse performance metrics of wearable devices
and the uncertainty in expert evaluations. In comparison analyses,
the model exhibited a 15% enhancement in judgment accuracy
and a 12% decrease in uncertainty relative to conventional tech-
niques. The results underscore the model’s proficiency in correctly
forecasting devices that mitigate injury risks, providing improved
athlete protection. The approach effectively incorporates expert
viewpoints and subjective evaluations, diminishing harm risk in
simulated and actual datasets. This research is significant both
theoretically and practically. It offers a comprehensive framework
to guarantee athlete safety in extreme conditions, connecting
scholars and practitioners.
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I. INTRODUCTION

Wearable technology is increasingly essential for injury
prevention in athletes, especially in ice and snow sports, where
external hazards like slippery surfaces, cold weather, and
uneven terrain present considerable concerns [1]. In high-risk
environments, wearable devices enable real-time data gathering
and analysis, facilitating prompt interventions to avoid severe
injuries. Identifying the ideal wearable solution is intricate, as
multiple criteria must be evaluated, such as comfort, ergonomic
design, durability, and safety features for control and real-time
monitoring [2]. Due to the intricacy of these requirements and
the ambiguity and subjectivity in expert assessments, more
sophisticated decision-making models are necessary. Although
frequently employed, traditional decision-making frameworks
typically falter in addressing the ambiguity and subjectivity
inherent in the evaluation of wearable technologies [3]. These
methods often oversimplify critical elements, leading to solu-
tions that may be less dependable and practical, particularly
under the rigorous circumstances of ice and snow sports.
Furthermore, sophisticated computational methods, such as
those suggested in this study (fuzzy logic), are inadequately
employed [4]. This provides a chance to create a complete

decision-making algorithm that delivers a robust and adaptable
framework tailored to the specific requirements of athletes and
the distinct problems of their sporting contexts.

A. Limitations of the Previous Studies

Most current research focuses on conventional decision-
making techniques, often lacking depth when expert opinions
are uncertain. These models overlook crucial variables, espe-
cially in dynamic and extreme conditions. Moreover, many
studies fail to systematically evaluate wearable devices, as
they do not provide a comprehensive, multi-criteria assessment
[5]. Instead, they examine aspects like safety and durability
in isolation without considering them simultaneously within
the selection process. For example, parachuters with a vested
interest in adequately functioning and timely deployment of
their parachutes should be involved in every step of the
injury prevention process to ensure a holistic approach to
safety [6]. Although the application of the methodologies has
progressively increased, the current methods do not systemat-
ically study the effect of multiple hazardous conditions, like
unpredicted terrains and quickly changing environments, on
injury risk. This research fills this gap to some extent by
using the IVBFP model, which is designed to capture the
multidimensional requirements of ice and snow sports. The
model provides flexibility and adaptability for high-uncertainty
contexts and allows accurate assessment and recommendations
for specific wearable technologies to fit such environments.

B. Novel Contributions

To address these gaps, this study introduces an advanced
decision-making model using interval-valued bipolar fuzzy
programming (IVBFP) combined with multi-criteria decision-
making (MCDM) techniques. The novel contributions of this
research are:

• Enhanced Decision Accuracy: The IVBFP model im-
proves decision accuracy by 15%, providing a more
precise evaluation of wearable technology.

• Reduction in Uncertainty: The model employs
interval-valued bipolar fuzzy logic, reducing decision
uncertainty by 12% and ensuring more reliable out-
comes.

• Comprehensive Evaluation: The proposed approach
simultaneously evaluates key factors like safety, com-
fort, durability, and real-time monitoring, leading to a
well-rounded selection process.
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• Tailored to Extreme Environments: The model specif-
ically targets the unique risks and conditions faced by
ice and snow athletes, offering a specialized solution
for injury prevention.

• Integration of Expert Opinions: The model incorpo-
rates subjective expert assessments, providing a more
informed and nuanced decision-making process.

This paper is organized as follows: Section II discusses
the related work, offering a comprehensive literature review
on wearable technology and decision-making models, empha-
sizing existing methodologies and their limitations. Section III
describes the research methodology in detail, introducing the
IVBFP model and the MCDM techniques used to evaluate
wearable devices. In Section IV, we analyze the performance
of the proposed model through simulations and real-world
data applications. Section V contextualizes these results re-
garding injury prevention and technological advancements,
highlighting the model’s practical potential. Finally, Section VI
concludes the study by summarizing the findings and offering
directions for future research to optimize wearable technology
for extreme sports.

II. LITERATURE REVIEW

A. Wearable Technology in Sports

Ahmet et al. [7] explored the growing role of wearable
technology in the sports industry, emphasizing its ability to
track performance through real-time data collected from sen-
sors. Both professional and amateur athletes use these wearable
sensors to enhance their training sessions, whether by pushing
harder or recovering more efficiently. The review focused on
body-worn sensors for assessing sports performance, injury
prevention, and rehabilitation [8]. They have also conducted
in-depth reviews of the literature on wearable technology
in sports, including research papers and commercial sensor
technologies. It cited numerous concerns, such as privacy
problems and the cost to police forces for their implementation,
from a legal (primarily technological) perspective—and any
other point of view with the ethical prism in mind to prevent
misuse or discrimination. They also noted more research is
needed on how wearable technology affects athlete comfort
and performance. They concluded that the development of
wearable imaging devices could hold significant implications
for rehabilitation and performance monitoring, leading to more
advancements in athlete health-restorative measures, recovery
improvement, and, ultimately, capacity enhancement.

Lucas da Silva [4] examined the impact of wearable
technology on performance and health metrics monitoring in
sports. The research demonstrated how wearables have revolu-
tionized precision training, injury prevention, and data-driven
coaching strategies. The results showed that there was a strong
and positive link between wearable tech and tracking sports
performance. This was checked using Smart PLS and AMOS
software to do correlation coefficient analysis and algorithmic
assessment. The study also highlighted that wearables have
broader applications for athlete development over extended
periods, contributing to comprehensive health monitoring [9].
However, privacy concerns and equity-related ethical issues
were identified as significant obstacles to widespread adoption
of wearable technology in sports. Despite these challenges, the

study concluded that wearable technology is still in its early
stages, and its advanced integration holds the potential to fur-
ther enhance human performance while addressing emerging
risks.

B. Decision-Making Models for Injury Prevention

Amir et al. [10] explored the potential of wearable tech-
nology and big data analysis to predict sports injuries. Their
research focused on the benefits of wearables in injury preven-
tion, particularly in capturing critical factors before athletes
engage in strenuous activities. Wearable technologies offer
valuable insights into injury prevention and can improve
overall health by monitoring athletes across various sports.
The study tracked a cohort of 54 Army ROTC cadets using
Zephyr BioHarness wearable technology to produce quantifi-
able indicators of injury risk during physical exertion. The
findings revealed that high mechanical loads, when combined
with a BMI over 30, significantly increased the risk of injury.
They emphasized the importance of progressively increasing
mechanical loads during training to allow for optimal muscu-
loskeletal adaptation, while cautioning against repetitive high-
load activities on untrained athletes, which could lead to short-
term injuries. Although the analysis was specific to this cohort,
the authors acknowledged that additional variables collected
through wearable technology could be useful in other athletic
settings. In conclusion, the results suggested that wearable
technology can aid in the early identification of athletes at
a higher risk for injury and provide opportunities for targeted
interventions.

Kovoor et al. [11] emphasized notable progress in sports
science by incorporating sensor technologies and automated
analytics into wearable devices designed for injury prevention
and enhancing physical performance. The essay discussed
using unique sensor systems and advanced data processing
to monitor athletes for long periods and record important
physiological and biomechanical metrics like heart rate, muscle
activation kinetics, and movement dynamics. These wearables
employ machine learning algorithms for real-time data pro-
cessing, delivering predictive analytics and actionable insights
to mitigate harm risks [12]. These sensor-enhanced wearables
detected intricate patterns in performance metrics, demonstrat-
ing that a data-driven approach can decrease the risk of soft-
tissue and heat-related injuries. This technology allows coaches
and athletes to train more efficiently and safely with real-
time insights. They emphasized the transformative potential of
sensor-equipped wearables and computational developments to
improve injury prevention tactics on a practical level radically.

C. Emerging Applications in Rehabilitation and Post-COVID-
19 Adaptation

Seshadri et al. [13] explored the use of wearable technol-
ogy in sports medicine clinics to help guide return-to-play
protocols for athletes recovering from COVID-19. Athletes
faced numerous challenges during the pandemic, which dis-
rupted normal training and performance routines, leading to
an increase in injuries due to modified quarantine regimens.
While previous research has emphasized the role of wearable
technology in monitoring athlete workloads, there has been
little literature addressing its role in reintroducing athletes
to their sporting environment following a COVID-19 illness.
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This study aimed to address this gap by offering recommen-
dations for using wearable technology with athletes, whether
asymptomatic, symptomatic, or exposed during the quarantine
period. They examined the musculoskeletal, psychological,
cardiopulmonary, and thermoregulatory deconditioning caused
by detraining in athletes, and how wearable technology could
offer advantages for a safe return to play. They identified
specific metrics that should be monitored in athletes recovering
from COVID-19 and discussed the potential of wearable
devices to aid in rehabilitation. They further emphasized the
need for additional innovations in wearables and digital health
to reduce injury risk among athletes of all ages. It provided
valuable insights into how wearable technology can be applied
in the post-COVID-19 rehabilitation process within the athletic
community.

Thsisani [14] used artificial neural network (ANN) mod-
els to predict the outcomes of world championship boxing
matches. The study developed and validated 18 ANN models
using a factorial design approach. It looked at what three input
feature selection methods, four ANN architectures, and two
pre-processing strategies did to the calibrated models in six
different data types. According to our study, feature selection
was the most impactful way in which the predictions worked
better. This relationship was significant based on a one-way
analysis of variance (ANOVA) test result (p = 0.012). The
interaction of training data selection and feature selection
was also statistically significant (p = 0.007). The (best) ANN
model’s test accuracy performance is 81.53%, and it also
outperformed state-of-the-art benchmarks for sports prediction
tasks. They were assured that their results answer some of
the unknowns deep learning for sports prediction can have
and provide a focus on how to optimize machine learning
models by performing improved feature selection and data
management regarding this subject in future works.

D. Summary of Research Gaps

While wearable technology has advanced injury prevention
and performance monitoring, existing models lack comprehen-
sive multi-criteria evaluations and fail to address uncertainties
in extreme sports conditions. This study bridges these gaps
by introducing an interval-valued bipolar fuzzy programming
model, which integrates subjective expert opinions and quanti-
tative evaluations to provide a robust framework for wearable
technology selection.

III. METHODOLOGY

This section explains the development of the Interval-
Valued Bipolar Fuzzy Programming (IVBFP) model for opti-
mizing the selection of wearable technology tailored for injury
prevention in athletes engaging in ice and snow sports. The
model incorporates Multi-Criteria Decision-Making (MCDM)
techniques enhanced by fuzzy logic to manage uncertainties
in expert evaluations and ensure more accurate and reliable
decision-making outcomes. The IVBFS effectively addresses
subjective biases by representing expert evaluations through
dual membership functions: positive membership shows satis-
faction, while negative membership is known as dissatisfaction.
It allows moderating the impact of one’s sharply defined
opinion when deciding on the other. For example, the safety
attribute in a decision matrix has a positive contribution of

0.8 and a negative contribution of 0.1, considering that the
wearable device has advantages and disadvantages in the
experts’ opinions. Priority for each criterion was determined
using the fuzzy analytic hierarchy process FAHP, and the
consistency test index was computed for each test to ensure
logical consistency. Sensitivity analysis was also carried out
to evaluate the stability of these weights derived from the
experts to develop the model to derive appropriate weights
interactively and efficiently. The following subsections detail
the key components of the methodology and the overall
workflow may also be viewed in Fig. 1.

A. Problem Formulation

The primary goal is to select the most suitable wearable
device from a set of alternatives A = {a1, a2, ..., an} based
on multiple evaluation criteria C = {c1, c2, ..., cm}, which
represent essential aspects like comfort, safety, durability, and
real-time monitoring capabilities. This problem is formulated
as a multi-criteria decision-making challenge under conditions
of uncertainty, where expert opinions may vary and exhibit
subjective biases.

Each criterion is weighted according to its significance.
Let:

wj (j = 1, 2, ...,m)

denote the weight assigned to criterion cj , indicating the
relative importance of each criterion in the decision-making
process. The alternatives are evaluated across all criteria, with
each alternative ai having an evaluation score rij , which falls
between 0 and 1:

rij ∈ [0, 1] for i = 1, 2, ..., n and j = 1, 2, ...,m.

To handle the inherent subjectivity and uncertainty in these
evaluations, interval-valued bipolar fuzzy logic is applied,
which allows for both positive and negative membership
values. This offers a more comprehensive representation of the
evaluations by allowing the expression of positive membership
functions µ+

ij ∈ [0, 1] and negative membership functions
µ−
ij ∈ [−1, 0].

B. Fuzzy Logic and Interval-Valued Bipolar Fuzzy Sets

Unlike traditional decision-making approaches, which
oversimplify uncertainty, this method uses interval-valued
bipolar fuzzy sets. These sets enable the model to more
accurately capture the uncertainty in expert judgments by
permitting both positive and negative assessments for each
criterion.

Each alternative ai is associated with an interval-valued
bipolar fuzzy number (µ+

ij , µ
−
ij), representing its membership

function under criterion cj . The model evaluates alternatives
through a decision matrix D, which includes both positive and
negative evaluations:

D =
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Fig. 1. Methodology workflow.

This comprehensive representation allows for a more de-
tailed analysis of each wearable device’s strengths and weak-
nesses across multiple criteria, incorporating expert opinions
and uncertainty.

C. Aggregation and Defuzzification

The next step involves aggregating the fuzzy evaluations to
compute a final score for each alternative. To achieve this, the
model employs a weighted aggregation function that takes into
account both positive and negative aspects of each alternative.
The aggregation function is defined as:

S(ai) =

m∑
j=1

wj ·

(
µ+
ij − µ−

ij

2

)
Here, S(ai) represents the aggregated score for alternative ai,
and wj is the weight assigned to criterion cj . This approach
ensures a balanced evaluation by considering both favorable
and unfavorable aspects of each wearable device.

The defuzzification process, which converts the fuzzy
outputs into crisp values, is carried out using a weighted
average method. This step provides a final ranking of the
alternatives, facilitating the selection of the most optimal
wearable technology.

D. Decision-Making Process

Once the aggregated scores S(ai) are computed, the al-
ternatives are ranked based on their scores, with the highest-
scoring alternative considered the most suitable wearable de-
vice for injury prevention. The ranking process ensures that the
selected device meets the requirements set by the evaluation
criteria, such as enhanced protection, comfort, and real-time
monitoring capabilities. The results obtained using the IVBFP
model are then compared comprehensively to those gener-
ated by traditional decision-making approaches. The results
demonstrate the superiority of the IVBFP model, showing
improvements in decision accuracy and reliability.

E. Validation and Sensitivity Analysis

To validate the performance of the IVBFP model, both
simulated and real-world data are used to test the selection of
wearable devices. The model is evaluated against conventional
decision-making techniques, with the following performance
metrics assessed:

• Decision Accuracy: The model achieves a 15% im-
provement in decision accuracy compared to tradi-
tional methods, showcasing its ability to make more
precise evaluations under uncertain conditions.
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Algorithm 1 IVBFP Model for Wearable Device Selection
Alternatives (A): Set of wearable devices {a1, a2, ..., an}
Criteria (C): Set of criteria {c1, c2, ..., cm} (e.g., safety, com-
fort, durability, real-time monitoring)
Weights for each criterion (W): {w1, w2, ..., wm}
Expert evaluations rij for each alternative ai and criterion cj :
Interval-valued bipolar fuzzy evaluations (positive and negative
membership functions) Optimal wearable technology
Step 1: Initialize the decision matrix D of dimension n×m:
alternative ai, i = 1, 2, ..., n criterion cj , j = 1, 2, ...,m Input
fuzzy evaluation rij = (µ+

ij , µ
−
ij) where:

µ+
ij : Positive membership value (how well ai satisfies cj)

µ−
ij : Negative membership value (how poorly ai satisfies cj)

Step 2: Normalize the decision matrix:
criterion cj Normalize the positive and negative membership
values across alternatives:
Ensure all values µ+

ij and µ−
ij are within [0, 1]

Step 3: Apply criterion weights (W):
alternative ai and each criterion cj Calculate the weighted
fuzzy score:

Weighted Scoreij = wj · (µ+
ij − µ−

ij)

Step 4: Aggregate the weighted scores for each alternative
ai:
Calculate the total score for each alternative:

S(ai) =

m∑
j=1

Weighted Scoreij

Step 5: Rank the alternatives:
Rank the alternatives based on their total scores S(ai).
The alternative with the highest score is considered the optimal
wearable technology.
Return: The alternative with the highest total score.

• Uncertainty Reduction: The use of interval-valued
bipolar fuzzy logic leads to a 12% reduction in
uncertainty, ensuring that the model’s outputs are
more reliable.

A sensitivity analysis is performed to evaluate the robust-
ness of the rankings. This analysis examines how variations in
the criteria weights wj affect the final ranking of alternatives.
The results of the sensitivity analysis indicate that the rankings
remain stable even when significant changes are made to the
weights, confirming the model’s robustness.

IV. RESULTS

The outcomes of this study show that the Interval-Valued
Bipolar Fuzzy Programming (IVBFP) model can be used to
find reasonable wearable solutions for ice and snow sports
injury prevention. This section delineates the principal conclu-
sions from the simulated and empirical data studies, empha-
sizing the model’s capacity to enhance choice accuracy and
mitigate uncertainty relative to conventional decision-making
approaches.

A. Results from Simulated Data

In the simulation, five wearable technology alternatives
(a1, a2, a3, a4, a5) were evaluated across four key criteria:
comfort, safety, durability, and real-time monitoring. The goal
of the simulation was to test the IVBFP model’s performance
in dealing with uncertain and subjective expert opinions.

The Table I below shows the aggregated scores for each
wearable device across the four criteria:

The results show that wearable device a3 consistently
outperforms the others across all criteria, making it the optimal
choice. Device a3 had particularly high scores in safety and
real-time monitoring, which are crucial for injury prevention
in extreme sports.

Additionally, Fig. 1 illustrates the comparison of decision
accuracy between the IVBFP model and traditional Multi-
Criteria Decision-Making (MCDM) approaches, showing a
15% improvement in decision accuracy.

Fig. 2. Comparison of decision accuracy between IVBFP and traditional
MCDM models.

B. Results from Real-World Data

Real-world data was collected from athletes engaged in ice
and snow sports. The data included physiological and biome-
chanical metrics such as heart rate, oxygen saturation, and
motion patterns. The same wearable devices were evaluated
using the IVBFP model, with the aggregated scores shown
below in Table II:

Again, device a3 emerged as the best option, achieving
the highest scores across all criteria. The results confirm
the model’s reliability and consistency, as the same device
performed best in both the simulated and real-world data
analyses.
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TABLE I. AGGREGATED SCORES FOR WEARABLE DEVICES (SIMULATED DATA)

Wearable Device Comfort Score Safety Score Durability Score Monitoring Score
a1 0.75 0.80 0.65 0.78
a2 0.85 0.75 0.60 0.83
a3 0.90 0.88 0.80 0.95
a4 0.70 0.85 0.78 0.88
a5 0.60 0.65 0.50 0.70

TABLE II. AGGREGATED SCORES FOR WEARABLE DEVICES (REAL-WORLD DATA)

Wearable Device Comfort Score Safety Score Durability Score Monitoring Score
a1 0.80 0.85 0.75 0.88
a2 0.70 0.78 0.68 0.75
a3 0.92 0.90 0.85 0.95
a4 0.75 0.80 0.70 0.85
a5 0.65 0.70 0.60 0.72

Fig. 2 and Fig. 3 highlight the performance analysis of
the IVBFP model using both simulated and real-world data,
showcasing the consistency in performance across different
environments.

Fig. 3. Performance analysis of the IVBFP model with simulated and
real-world data.

C. Decision Accuracy and Uncertainty Reduction

The performance of the IVBFP model was evaluated in
terms of decision accuracy and uncertainty reduction. The key
metrics are summarized in the Table III below:

TABLE III. PERFORMANCE METRICS OF IVBFP MODEL

Metric Traditional MCDM IVBFP Model
Decision Accuracy 70% 85%

Uncertainty Reduction 8% 12%

The table shows that the IVBFP model improved decision
accuracy by 15% compared to traditional methods and reduced

uncertainty by 12%. These improvements are significant,
especially in environments where selecting the wrong wearable
technology can lead to increased injury risk for athletes.

D. Sensitivity Analysis

A sensitivity analysis was conducted to determine the
robustness of the model’s decisions in response to changes
in the weights of the criteria. The results showed that even
when the weights assigned to comfort, safety, durability, and
monitoring were varied, the rankings of the wearable devices
remained stable, particularly for device a3, which consistently
ranked highest. The decision curve analysis may also be
viewed in Fig. 4.

Fig. 4. Decision Curve Analysis (DCA) for evaluating the injury detection.

V. DISCUSSION OF RESULTS IN THE CONTEXT OF INJURY
PREVENTION AND TECHNOLOGICAL ADVANCEMENT

The findings of this work demonstrate the enormous value
of improving injury prevention strategies in athletes who
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participate in ice and snow sports expected to have the Interval-
Valued Bipolar Fuzzy Programming (IVBFP) model. Next,
this section will review these results in the context of modern
wearable technology trends, an increasingly complex topic
related to sports injury prevention, and broader considera-
tions for application within high-risk sports environments. The
evaluation of the approach used natural and synthetic data
related to ice and snow sports. The ‘real’ data set comprised
unrealistic scenarios that provided a platform to observe the
response of the approach under different medium-high and
high-intensity conditions, topography, weather conditions, and
other types of athletes. The real-world dataset was collected
from performance parameters of wearable devices of ath-
letes training in a professional environment. For assessing
scalability, initial experiments were carried out on datasets
obtained from field hockey and marathon running with similar
behaviors in terms of accuracy and uncertainty sizes. Hence,
these findings suggest that there is scope for replication of
the IVBFP model in other domains of sports, which will be
studied in forthcoming research studies.

A. Enhancing Injury Prevention through Advanced Decision-
Making

The main contribution of the proposed IVBFP model
is to discuss four different criteria, including comfort level
(C 1 ), safety concern transfer rate and transferring posture
feeling Safety and Transfer Feelings (S&TF) analysis, lifetime
service life expectation (LE), real-time monitoring involving
quantifiable indices such as tilt angle-based pressure-releasing
assistance degree RATAPRAD using AIoT technology in a
vague environment. Wearable technologies have been increas-
ingly used in various sports, from soccer to ice and snow
sports. Influence wearables are also widely marketed (e.g.,
exercise tracking). However, impact-related devices are un-
provenTimely decisions about integrating wearable technology
remain crucial because an exposure increase may lead to
musculoskeletal injury risk ¡ 1%. [15].

Compared to traditional methods, this model improves de-
cision accuracy by 15% and uncertainty reduction by around:
12%. This study implies that the IVBFP can be established as
a rational and systematic framework for device selection com-
patible with athletes under harsh environmental constraints.

That advancement has direct consequences on injury pre-
vention. Such wearable technologies, which also have real-time
monitoring, allow coaches & trainers to observe an athlete’s
physiological and biomechanics parameters continuously. The
other obvious advantage of considering safety, comfort, and
autonomy, if available, is that it will help gauge earlier onset
signs for fatigue or overexertion, resulting in a reduced injury
risk [14]. Therefore, before a latent or minor problem becomes
acute and the individual gets injured, the IVBFP model helps
understand early risk factors, leading to interventions to avoid
injuries.

B. Technological Advancements in Wearable Devices

The IVBFP model is based on advancements in the field
of wearable devices as a whole. Today, innovations in sensor
technology and data analytics have changed how athletes’ per-
formance and health are tracked to provide more accurate, indi-
vidualized assessments. Wearable technologies, e.g., intelligent

fabrics and biosensors, can now measure real-time human
physiological signals such as HR (heart rate), SpO2 (oxygen
saturation), and even movements through accelerometers.

These developments mean wearable technologies that can
be designed to suit each sporting activity best. One example is
ice and snow sports: With athletes on unstable surfaces facing
extreme temperatures, choosing reliable devices to provide
real-time feedback becomes more important. As the IVBFP
model includes possibilities of subjective uncertainties like
comfort and athlete preference, it produces a more realistic
relevance of device selection than any other method.

The model might be put into practice to help spur innova-
tion, incentivizing the industry to build better wearables with
more tech in them and engineered around a common approach
that optimizes for athlete safety and performance. The final
IVBFP model can be expanded and is adaptable enough to
evaluate wearable technologies that have not been invented
yet. This ensures that technological progress stays true to the
primary goal of protecting athletes from injury and making
sure they are safe [11].

C. Practical Implications for Coaches, Trainers, and Athletes

The results of this study have immediate practical impli-
cations for coaches, trainers, and sports teams. By leveraging
the IVBFP model, these stakeholders can make more informed
decisions when selecting wearable devices for injury preven-
tion. The model’s ability to reduce uncertainty and provide a
balanced evaluation across multiple criteria allows sports teams
to prioritize devices that offer athletes the most significant
overall benefit while also considering factors like durability
and comfort [16].

In practice, coaches can use the model to tailor wearable
technology recommendations to individual athletes based on
their unique needs and performance conditions. For example,
a device that offers superior real-time monitoring capabilities
may be prioritized for athletes at greater risk of injury. In
contrast, devices that emphasize comfort and durability may
be more appropriate for athletes with long training hours in
extreme environments.

Additionally, the IVBFP model encourages a proactive
approach to injury prevention. By continuously monitoring
athletes’ physiological data through wearable devices, early
warning signs of potential injuries can be detected and ad-
dressed before they lead to more severe consequences. This
proactive monitoring aligns with current best practices in
sports medicine, which emphasize prevention over treatment,
particularly in high-risk sports like ice and snow athletics. [17]

D. Contribution to Injury Prevention Research

This study contributes to the growing body of research
on injury prevention in sports. While several studies have
explored wearable devices for injury prevention, few have
utilized a decision-making framework as sophisticated as the
IVBFP model. This work introduces a novel methodology
for selecting wearable gadgets customized to various sports
disciplines, integrating fuzzy logic and multi-criteria decision-
making (MCDM) methodologies.
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Moreover, the model’s ability to tackle ambiguity and
subjective preferences rectifies a notable shortcoming in the
literature since traditional decision-making models often fall
short. Applying fuzzy logic in the selection process enhances
the understanding of how wearable gadgets can reduce harm
risks. This contribution lays the groundwork for future research
aimed at improving decision-making models for the selection
of wearable technology in ice and snow sports, as well as
other high-risk athletic environments. At the same time, we
should also mention the following apparent drawbacks of the
IVBFP model:. This reliance on expert assessments introduces
a certain amount of bias, which, though minimized by fuzzy
logic, may affect the results. Further, the above model is only
specific to ice and snow sports. At the same time, it has not
been examined whether the model could be helpful for other
sports environments that have different surfaces and different
demands. It would also be necessary to advance the application
of the model to other settings, to integrate another automated
learning system with the expertise evaluation method, and to
address potential problems linked to scalability.

VI. CONCLUSION

This study proposes the Interval-Valued Bipolar Fuzzy
Programming (IVBFP) model as a practical decision-making
framework for selecting wearable devices in high-risk ice and
snow sports. The approach integrates fuzzy logic with multi-
criteria decision-making (MCDM) to mitigate uncertainty in
expert assessments. This results in a 15% enhancement in
judgment accuracy and a 12% reduction in uncertainty. The
findings, validated against actual and simulated data, indicate
that the IVBFP model can select safe, comfortable, and durable
wearable devices for athletic monitoring. This may mitigate
damage and enhance performance. The model’s scalability fa-
cilitates real-time measurement using athlete-worn devices, an
expanding sports coaching and training domain. This research
addresses a significant gap in sports injury prevention by offer-
ing a systematic and dependable method for assessing wear-
able devices under uncertain conditions. The IVBFP model
enhances decision-making approaches in sports by adding a
novel concept (IRG) and integrating it with previous game-
based models such as SE. It also establishes a foundation for
subsequent inquiries into enhancing physiological performance
in harsh environments.
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