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Abstract

Although machine learning and computer vision is a growing area of research in sports analysis, its
implementation in athlete development programs does not guarantee performance improvements.
Developers typically design and implement machine learning and computer vision technologies into
athlete development programs because of the high level of technical information on performance that
can emerge. The value gained from this approach can be limited by siloed working practices in sports
organizations and by sporadic approaches to athlete development which can negatively affect skill
development. Here, we discuss why the design and integration of machine learning and computer vision
in athlete development programs needs to be rationalized by a theoretical framework to guide effective
collaborations between sport scientists, technologists, and practitioners. This position paper illustrates
how the use (i.e., design and implementation) of machine learning and computer vision technologies in
athlete development programs could be underpinned by the structural organization of a Department of
Methodology (DoM), and that underpinned by a theoretical framework, such as ecological dynamics.
We outline how the integration of machine learning and computer vision technology, underpinned by an
ecological theoretical approach, can accomplish the following: (1) support representative learning
design, (2) individualize training and assessment of athletes, and (3), enhance, but not replace, the
quality of coaching within athlete development programs.
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Introduction

In recent years, the integration of technology
into sports performance and analysis has
significantly advanced, particularly with the
emergence of methodologies such as machine
learning and computer vision technologies,
aimed at enriching athlete development
programs and enhancing the work of
professional support practitioners. Machine
learning (ML) involves designing software

capable of learning and making predictions or
decisions, from large sets of performance data,
while continually improving their accuracy by
introducing more training data, simulating how
humans learn from additional sources of
information (Kufel et al., 2023). Computer
Vision (CV) extracts and categorizes
information embedded within images and
videos, allowing computers to gather
information from the real world, just as the eye
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allows humans to perceive and gather
information around us (Voulodimos et al.,
2018). These technologies could improve athlete
development and performance preparation in
sport by reducing practitioner workload,
allowing athletes to remain within their training
environment for performance analysis,
supporting practitioners to deliver more
individualized and contextualized development
and performance preparation experiences, by
enriching the quality of feedback provision
(Brefeld et al., 2021). However, implementing
these technologies in athlete development
programs requires a high level of specialized
sport science knowledge, so developers
typically carry out its application without
multidisciplinary support staff, which in sports
organizations may result in “siloed” working
(Araujo et al., 2020). Siloed working occurs
when practitioners from different disciplines
(e.g., coaches, performance analysts, strength
and conditions trainers, physiotherapists,
biomechanics, and nutritionists) work in
isolation from one another, which may lead to
sporadic and reductive approaches to athlete
development and preparation and ineffective
practice environments (Otte et al., 2020).
Therefore, to avoid siloed working in a sports
organization, it is crucial to design an
organizational structure that supports the
integration of knowledge and skills of sports
scientists, support staff, and practitioners
(Rothwell et al., 2020).

A theoretical framework (a conceptual
platform, grounded in ideas and principles, for
guiding collective contributions of and
connections between professional practitioners)
could help rationalize implementation of ML
and CV technologies within athlete
development and preparation, perhaps
mitigating siloed working within
multidisciplinary support teams. However, there
has been no attempt to discuss how a theoretical
framework could enrich athlete development
programs by supporting the integration of ML
and CV technologies and how this could
enhance the performance of athletes and
practitioners (Herold et al., 2019; Yu et al.,
2021).

Typically, sports science, medical, and
technological support in high-performance
sports occurs in a highly structured, isolated
model indicative of siloed working (Otte et al.,
2020). In this model, athletes are “passed” from
department to department focusing on different
performance dimensions (e.g., physical
conditioning, tactical analysis, psychological
preparation, health preparation), and then the
athletes are “worked on” by subdiscipline
specialists. This siloed approach in sports
organization is exemplified in a model from
elite football (Deconche et al., 2019). While the
athlete is placed at the center of the performance
preparation and development process, the
different departments have limited inter-
departmental collaborations and
correspondence, which may risk a lack of
cohesion in athlete development as the goals of
one department may not be shared with another
(Figure 1, next page). Therefore, when
additional practitioners (i.e., developers) are
included in this working model to enrich the
athlete development process with ML and CV, it
could exacerbate siloed working practices and
reduce effectiveness of athlete development and
preparation.

A collaborative approach to integrating ML
and CV technologies for athlete learning and
development in sports could be achieved
through implementing an organizational
structure termed a “Department of
Methodology” (DoM) (Rothwell et al., 2020).
The DoM aims to improve the multi-
disciplinary approach to athlete development
programs by facilitating correspondence,
collaboration and sharing of expert knowledge,
skills, ideas, and technologies between
professional practitioners under the rubric of
ecological dynamics. Ecological dynamics in
sports integrates principles from ecological
psychology and refers to the interaction between
athletes, the environment, and the task. It
explains how athletes act, perceive, and adapt
during training or competition (Araujo et al.,
2006). Therefore, an organizational structure
conceived around a DoM can support the
following: (1) design of information-rich
practice environments (i.e., including relevant

https://www.journalofexpertise.org
Journal of Expertise / June 2024 / vol. 7, no. 2

21



Aulton et al. (2024) Optimizing Machine Learning and Computer Vision In Sport

sources such as acoustic, haptic, proprioceptive, is (1) individual-centered, (2) highly supportive
visual, and augmented information as feedback), of subdisciplines within a large multi-

(2) communication of coherent ideas, and (3), disciplinary team working in unison to achieve a
shared principles and conceptual language that common goal, (3) advocates for the “co-design”
guide the emergence of multi-dimensional of training sessions through the sharing of
behaviors in athlete performance (Rothwell et information, skills, technologies and ideas, and
al., 2020). For example, in practice, an athlete (4), provides a voice for athletes to self-regulate
development program conceived under a DoM their performance preparation and development.

See Figure 2, next page, which is based on a
framework proposed by Otte et al. (2022).

Sport
Psychologists

Nutritionalist &
Dietitions

Strength & Conditioning

Perfomance

Physiotherapists
Y P Analyst

Figure 1. Demonstration of the current approach to multidisciplinary teams within athlete development programs (adapted from
Deconche et al., 2019).
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Figure 2. Outline of a practical example of how training sessions could be collaboratively developed and enriched under the

framework of a DoM.

Since the unsupported implementation of ML
and CV is not guaranteed to improve player
performance (Herold et al., 2019), theoretical
underpinning is a much-needed advance because of
increasing applications of ML and CV technologies
to improve sports performance. Stone et al. (2018)
outlined how ecological dynamics could enhance
the applications of new technologies within athlete

development programs to improve athlete
performance. While Stone et al. (2018) raised an
important issue, they did not discuss principles that
could support the collaboration of practitioners
during the application of new technologies within
athlete development programs. In sum, a DoM can
support the integration of domain experts to
provide different insights that enrich athlete
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development and performance preparation with
ML and CV technologies. In this position paper,
we argue how and why a DoM supported by
ecological dynamics may optimize the application
of ML and CV technologies for athlete learning
and development in sports by providing a
framework that supports the collaboration of
practitioners and the design of effective training
environments.

Enhancing Learning Design by
Harnessing Machine Learning and
Computer Vision: Under an
Ecological Framework

Talent development is considered a dynamic
process as learners interact continuously with their
environment. This invites the emergence of
movement solutions that can respond to changing
demands on learners and changing environmental
constraints (e.g., the involvement of other athletes,
weather conditions, crowds of spectators, and
variation in learning tasks) highlighting the need
for representative learning environments (Pinder et
al., 2011; Seifert et al., 2019). A representative
learning environment is designed with constraints
that reflect a specific performance environment
(i.e., the practice environment is more natural and
is comparable to a performance context) (Pinder et
al., 2011). Under a DoM, coaches are the designers
of practice environments, but they need support
from other experts (see Figure 2) to enhance the
representativeness of practice environments to
support athletes (Hadiana et al., 2020; Nelson et al.,
2014).

Analysis of an athlete’s performance provides
practitioners with understanding of the athlete’s
developmental needs. Traditional methods of
analyzing movement, such as 3D marker-based
motion capture, require markers be placed on
athletes while they perform, but this method is
expensive, intrusive, and time-consuming (van der
Kruk & Reijne, 2018). This approach focuses on
the micro-movements of athletes and typically
must be used inside a laboratory which is not a
representative performance environment and thus
affects movement patterns and interferes with
athlete development (Neumann et al., 2018; Pinder

etal., 2011). Human Pose Estimation (HPE) is an
approach integrating ML and CV for detecting and
tracking joints and limbs with images and videos
without the need for additional markers. This
allows practitioners to perform unrestricted
movement analysis in an athlete’s natural training
environment, avoiding unnecessary alterations of
performance-based interactions between the
athlete, task, and environment (Giblin et al., 2016;
Pinder et al., 2011). HPE currently cannot provide
100% accuracy but is continuously improving.
When combined with the domain expertise of
coaches, HPE could provide practitioners with a
better understanding of performance in a natural
training environment thus allowing them to make
informed decisions about athlete development and
performance preparation (Badiola-Bengoa &
Mendez-Zorrilla, 2021).

To facilitate this process, sports organizations
could operate within a framework that includes
practitioner collaboration and training environment
design principles. The ecological framework (see
Figure 3, next page) incorporates a DoM, which
enables knowledge exchange between practitioners
through a common conceptual language and
practice design principles derived from ecological
dynamics (Rothwell et al., 2020). It is also
important to allow practitioners to manipulate the
training environment to guide the behavior of
athletes. The constraints-led approach advocates a
less prescriptive approach to coaching, allowing the
training environment to illicit intrinsic feedback in
athletes to improve development, a crucial pillar of
the ecological framework (see Figure 3) (Renshaw
etal., 2019). For example, a football team
operating under a DoM could involve coaches
who, using their domain knowledge and key
principles from ecological dynamics (i.e.,
representative learning design and constraints led
approach), want to improve the team’s ability to
pass through the defensive line. A small-sided
game is implemented where attackers get rewarded
for passing the ball through the opposition’s
defensive line. Performance analysts may use the
performance data from developer-implemented
HPE to discover strengths and weaknesses during
and after the activity, thus allowing the coach to
make more informed modifications for the next
session.

https://www.journalofexpertise.org
Journal of Expertise / June 2024 / vol. 7, no. 2

24



Aulton et al. (2024) Optimizing Machine Learning and Computer Vision In Sport

A DEPARTMENT OF METHODOLOGY

A DEPARTMENT OF METHODOLOGY IS CONCEIVED IN ECOLOGICAL DYNAMICS AND CAN UNDERPIN THE COLLABORATION
BETWEEN PRACTITIONERS TO CREATE ATHLETE DEVELOPMENT PROGRAM:S ENRICHED WITH MACHINE LEARNING AND
COMPUTER VISION TECHNOLOGY

ECOLOGICAL DYNAMICS

f 1

Representative Learning Design Constraints Led Approach
Functionality of Perceptual Information Individual Differences
Machine learning and computer vision should Leveraging machine learning and computer vision
provide learners with varied and representative can support the individual difference of athlete
sources of information. development programs.
Environment
The practice environment should be similar to the
Action Fidelity performance environment.
Athlete responses should remain the same in the
practice environment as it does in the Task
performance environment. Task constrains and instruction should promote

athlete search for information and intrinsic
feedback during the task and in their environment.

FUTURE RESEARCH RECOMENDATIONS

[

Optimize Training Impact

|

Longitudinal Performance
Assessment

Figure 3. Department of Methodology and ecological dynamics: A pillared framework to optimize the design and
implementation of machine learning and computer vision technology in sport.
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Optimizing Individualized Training
Approaches Using Machine
Learning and Computer Vision
Under an Ecological Framework

Individualizing athletes’ training programs can
facilitate long-term training efficiency
(performance improvement per unit of training
time) in both youth and adult athletes, with
individual sports (i.e., gymnastics and diving)
using this approach the most, and team sports
the least due to a low player-to-coach ratio
which can hinder athlete development (Sigmund
& Gillich, 2022; Zabaloy et al., 2020). An
athlete's training program must be
individualized to offer specifically tailored and
challenging tasks, recognizing that each athlete's
learning and performance approach varies, as
athletes learn and grow on an individual basis,
leading them to develop individualized
functional movement solutions to performance
problems (Liu et al., 2006). In golf, a player’s
technique is dependent upon their morphology
and anthropometrics, and failing to self-
optimize movements can negatively affect
performance (Baker et al., 2017; Horan et al.,
2010). Compared to traditional approaches,
HPE can non-invasively and in real-time or
retrospectively provide meaningful performance
data for support practitioners, therefore allowing
practitioners to avoid the pitfalls of a one-size-
fits-all approach to athlete development. When
analyzing an athlete’s movement patterning,
practitioners from multiple subdisciplines may
be involved (i.e., coaches, performance analysts,
developers, skill acquisition specialists,
biomechanists, and strength and conditioning
trainers), with each using domain knowledge
and technologies to contribute different
interpretations and insights into performance
solutions (Reid et al., 2004). The
communications of problems that may arise in
an athlete’s development may be a challenge as
all members of the multidisciplinary team have
their own ways of communicating typically
based upon their domain specific language
which can be misinterpreted by others. The
ecological framework (see Figure 3) promotes a
DoM which can encourage the sharing of

experiential and empirical knowledge using
common principles and language. This
organizational structure can help integrate
effective individualized athlete performance
assessment, enriched with ML and CV
technology. For example, coaches, performance
analysts, and skills specialists have worked
together to design individualized practice tasks
in Australian Rules Football, using key
principles from ecological dynamics (i.e.,
constraints led approach and representative
learning design) (Browne et al., 2019; Woods et
al., 2019).

The effect and nature of injuries are also
highly individualized and in professional sports
cost organizations money. Such financial
pressures may lead to the rushing of recovery
processes that may lead to severe longer-term
injuries which can have irreversible effects on
performance (see Figure 4, next page). ML
approaches to data analysis can analyze large
amounts of fitness and performance data in
minutes and provide recommendations to
practitioners allowing them to tailor training
programs to reduce injury risks (Raj$p & Fister,
2020). For example, Oliver et al. (2020) showed
how, using ML, it is possible to predict overuse
injuries in athletes, while de Leeuw et al. (2022)
demonstrated how in-season injuries could be
predicted for youth football players. To predict
injuries most accurately, ML algorithms require
qualitative data (e.g., wellness questionnaires)
and quantitative data (e.g., biological, and
hormonal markers and fitness data) which
support close collaboration between sub-
disciplines of sports and computer sciences (Jain
et al., 2020). In a functioning DoM considering
the performance preparation of female athletes,
for example, developers can create algorithms to
track cycles, performance analysts can provide
training load data, psychologists can provide
wellness questionnaire data, while
physiotherapists and physiologists can
contribute hormonal data, thus allowing the
coach to adjust an individual athlete’s training
load to reduce the risk of injury on an
individualized understanding of each athlete’s
menstrual cycle.
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Figure 4. The average financial cost of hamstring injuries (HSI) across multiple seasons in the Australian Football League

(from Hickey et al., 2014)

Enhancing Coaching Feedback
with Machine Learning and
Computer Vision Using an
Ecological Framework

Providing athletes with feedback is a key part of
the athlete development process, but providing
feedback incorrectly can have negative effects
on athlete development (Akenhead & Nassis,
2016). Athletes receive feedback from their
coach and their environment. Research suggests
that the best form of feedback athletes can
receive is intrinsic feedback (i.e., the internal
feeling of a movement within their
environment) which allows athletes to self-
regulate and find their personalized individual
movement pattern. In contrast, extrinsic
feedback (i.e., direct feedback from the coach)
has been shown to hinder the athlete
development process (Newell, 2003) by
impeding intrinsic feedback. For example, if a
football coach wanted to improve their athletes’
short passing skills, rather than playing on a

full-sized pitch and simply instructing players to
work on short passes, they can reduce the size of
the practice area so that only small passing
options are afforded. Through this constraints
manipulation desired behaviors may be elicited,
allowing athletes to gain more experience and
intrinsic feedback.

However, the introduction of technology
(i.e., video feedback, quantitative feedback, and
ML or CV) into an athlete development
program typically creates explicit feedback. For
example, the Toronto Raptors have developed a
ML and CV system that provides explicit
feedback on shot variables in real time to
players during training, but this information is
not present during a match (Shankar, 2022).
Large amounts of extrinsic real-time feedback
during or after performance can lead to an over-
reliance on external sources for feedback,
reducing an athlete’s willingness to self-assess
and regulate their performance, with long term
negative effects (Chiviacowsky & Wulf, 2002;
McCosker et al., 2022). This approach is also
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attributed to “over-coaching” which reduces
coach-athlete interactions, shifts the
performance evaluation to the athlete all of
which can have negative effects on the athlete
development process (Davids et al., 2007;
Larsen et al., 2012). When providing athletes
with feedback enhanced by ML and CV
technology, practitioners should also consider
the 3-skill learning stages (i.e., coordination,
skill adaptability, and performance training) as
athletes at different stages of development
benefit from different types and frequencies of
feedback based on varying needs, expectations,
and preferences (Coté et al., 2010; Klatt, 2020).
The ecological framework (see Figure 3) can
support the integration of ML and CV
technologies into athlete development programs
to enhance coaching feedback by supporting the
collaboration between practitioners using key
principles from a DoM (i.e., communicating
experiential and empirical knowledge through
shared language and principles). It also supports
the design of information-rich practice
environments enriched with ML and CV
technologies, providing coaches with the
support required (i.e., collaboration with
developers) to gain a better understanding of
their athlete’s performance using ML and CV
technology while enhancing the quality of
feedback an athlete receives (i.e., using
research-based approaches for feedback
provision). One strategy in golf could involve
using a ML system to analyze shot data and
HPE system to analyze movement during a
chipping-onto-the green practice task on the golf
course. The approach would allow coaches to
work with the golfer and change the topography
of the shot, providing different informational
constraints after each shot like the experience of
the athlete during competition. Collaborations
with developers provides practitioners (e.g.,
coaches, physiotherapists, biomechanists, and
fitness trainers) with highly detailed
performance feedback which, combined with a
coach’s domain knowledge, can be augmented
for the athlete in a way that promotes their
search for intrinsic feedback to find their
personalized swing optimized to changing
contexts on the course (Davids et al., 2017)

Future Research Recommendations
This position paper provided an initial step of
rationalizing and supporting applications of ML
and CV in sport. However, we suggest several
approaches to empirical examination of this
ecological framework. This ongoing process of
methodological design and research is needed to
ascertain how developers can enhance training
tasks in practice. Therefore, it is important to
see the effects on athletes and coaches when ML
and CV are applied using the ecological
framework. Sports have unique performance
constraints, and diverse applications of ML and
CV in athlete development programs are needed
to evaluate potential in each use case. Finally, to
our knowledge, no study has attempted to assess
the performance differences that occur after the
longitudinal implementation of ML and CV
(i.e., with or without theoretical rationale) which
could promote future applications if found
beneficial.

Conclusion

This position paper has outlined how an ecological
theoretical framework can enhance athlete
development and performance preparation by
rationalizing and supporting the application of ML
and CV technology. The framework can guide
collaborations between practitioners to create
enriched practice environments. Three key areas in
which an ecological framework could enhance
athlete development programs were identified: (1)
improving the design of practice environments, (2)
allowing practitioners to provide an athlete-
centered approach, and (3), enhancing the quality
of coaching feedback with ML CV technologies for
athlete development and performance preparation.

Authors’ Declarations

The authors declare that there are no personal or
financial conflicts of interest regarding the research
in this article.

The authors declare that the research reported in
this article was conducted in accordance with
the Ethical Principles of the Journal of Expertise.

https://www.journalofexpertise.org
Journal of Expertise / June 2024 / vol. 7, no. 2

28



Aulton et al. (2024)

Optimizing Machine Learning and Computer Vision In Sport

ORCID iDs

Cavan Aulton
https://orcid.org/0000-0002-5766-4997

Ben William Strafford
https://orcid.org/0000-0003-4506-9370

Keith Davids
https://orcid.org/0000-0003-1398-6123

Chuang-Yuan Chiu
https://orcid.org/0000-0002-6512-0084

References

Araujo, D., Couceiro, M., Seifert, L., Sarmento, H.,
& Davids, K. (2020). Artificial intelligence in
sport performance analysis. Routledge, Taylor
& Francis Group.

Araujo, D., Davids, K., & Hristovski, R. (2006).
The ecological dynamics of decision making in
sport. Psychology of Sport and Exercise, 7(6),
653-676.
https://doi.org/10.1016/}.psychsport.2006.07.00
2

Badiola-Bengoa, A., & Mendez-Zorrilla, A.
(2021). A systematic review of the application
of camera-based human pose estimation in the
field of sport and physical exercise. Sensors,
21(18), 5996.
https://doi.org/10.3390/521185996

Baker, J., Cobley, S., Schorer, J., & Wattie, N.
(Eds.). (2017). Routledge handbook of talent
identification and development in sport (1st
ed.). Routledge.
https://doi.org/10.4324/9781315668017

Brefeld, U., Davis, J., Lames, M., & Little, J.
(2021). Machine learning in sports. 19.
https://doi.org/10.4230/DagRep.11.9.45

Browne, P. R., Sweeting, A. J., Davids, K., &
Robertson, S. (2019). Prevalence of
interactions and influence of performance
constraints on kick outcomes across Australian
Football tiers: Implications for representative
practice designs. Human Movement Science,
66, 621-630.
https://doi.org/10.1016/j.humov.2019.06.013

Chiviacowsky, S., & Wulf, G. (2002). Self-
controlled feedback: Does it enhance learning
because performers get feedback when they
need it? Research Quarterly for Exercise and

Sport, 73(4), 408-415.
https://doi.org/10.1080/02701367.2002.106090
40

Cote, J., Bruner, M., Erickson, K., Strachan, L., &
Fraser-Thomas, J. (2010). Athlete development
and coaching. In J. Lyle & C. Cushion (Eds.),
Sport coaching: Professionalization and
practice (pp. 63-83). Oxford, UK: Elsevier.
(pp. 63-83).

Davids, K., Button, C., & Bennett, S. (2007).
Dynamics of skill acquisition: A constraints-led
approach. International Journal of Sports
Science and Coaching, 3.

Davids, K., Gillich, A., Shuttleworth, R., &
Aradjo, D. (2017). Understanding
environmental and task constraints on talent
development: Analysis of micro-structure of
practice and macro-structure of development
histories. In Routledge Handbook of Talent
Identification and Development in Sport.
Routledge.

Deck, M., & Strom, M. (2002). Model of co-
development emerges. Research-Technology
Management, 45(3), 47-53.
https://doi.org/10.1080/08956308.2002.116715
00

Deconche, E., Maurer, D., Ludolph, F., Cooper, T.,
Gough, D., & Zahorsky, J. (2018, March). The
Technician—UEFA Direct.

Giblin, G., Tor, E., & Parrington, L. (2016). The
impact of technology on elite sports
performance. Sensoria: A Journal of Mind,
Brain & Culture, 12(2).
https://doi.org/10.7790/sa.v12i2.436

Hadiana, O., Wahidi, R., Sartono, S., & Agustan,
B. (2020). The impact of video feedback
toward futsal playing skills. Proceedings of the
4th International Conference on Sport Science,
Health, and Physical Education (ICSSHPE
2019). 4th International Conference on Sport
Science, Health, and Physical Education
(ICSSHPE 2019), Bandung, Indonesia.
https://doi.org/10.2991/ahsr.k.200214.019

Herold, M., Goes, F., Nopp, S., Bauer, P.,
Thompson, C., & Meyer, T. (2019). Machine
learning in men’s professional football: Current
applications and future directions for improving
attacking play. International Journal of Sports

https://www.journalofexpertise.org
Journal of Expertise / June 2024 / vol. 7, no. 2

29



Aulton et al. (2024)

Optimizing Machine Learning and Computer Vision In Sport

Science & Coaching, 14(6), 798-817.
https://doi.org/10.1177/1747954119879350

Herold, M., Kempe, M., Ruf, L., Guevara, L., &
Meyer, T. (2022). Shortcomings of applying
data science to improve professional football
performance: Takeaways from a pilot
intervention study. Frontiers in Sports and
Active Living, 4, 1019990.
https://doi.org/10.3389/fspor.2022.1019990

Hickey, J., Shield, A. J., Williams, M. D., & Opar,
D. A. (2014). The financial cost of hamstring
strain injuries in the Australian Football
League. British Journal of Sports Medicine,
43(8), 729-730.
https://doi.org/10.1136/bjsports-2013-092884

Horan, S. A,, Evans, K., Morris, N. R., &
Kavanagh, J. J. (2010). Thorax and pelvis
kinematics during the downswing of male and
female skilled golfers. Journal of
Biomechanics, 43(8), 1456-1462.
https://doi.org/10.1016/j.jbiomech.2010.02.005

Jain, A., Patel, H., Nagalapatti, L., Gupta, N.,
Mehta, S., Guttula, S., Mujumdar, S., Afzal, S.,
Sharma Mittal, R., & Munigala, V. (2020).
Overview and importance of data quality for
machine learning tasks. Proceedings of the
26th ACM SIGKDD International Conference
on Knowledge Discovery & Data Mining,
3561-3562.
https://doi.org/10.1145/3394486.3406477

Klatt, S. (2020). When and how to provide
feedback and instructions to athletes?—How
sport psychology and pedagogy insights can
improve coaching interventions to enhance
self-regulation in training. Frontiers in
Psychology, 11, 14.

Kufel, J., Bargiel-Laczek, K., Kocot, S., Kozlik,
M., Bartnikowska, W., Janik, M., Czogalik, 1..,
Dudek, P., Magiera, M., Lis, A., Paszkiewicz,
I, Nawrat, Z., Cebula, M., & Gruszczynska, K.
(2023). What is machine learning, artificial
neural networks and deep learning?—
Examples of practical applications in medicine.
Diagnostics, 13(15), 2582.
https://doi.org/10.3390/diagnostics13152582

Larsen, C., Alfermann, D., & Christensen, M.
(2012). Psychosocial skills in a youth soccer
academy: A holistic ecological perspective.

Sport Science Review, 21(3-4), 51-74.
https://doi.org/10.2478/v10237-012-0010-x

Liu, Y.-T., Mayer-Kress, G., & Newell, K. M.
(2006). Qualitative and quantitative change in
the dynamics of motor learning. Journal of
Experimental Psychology: Human Perception
and Performance, 32(2), 380-393.
https://doi.org/10.1037/0096-1523.32.2.380

McCosker, C., Otte, F., Rothwell, M., & Davids, K.
(2022). Principles for technology use in athlete
support across the skill level continuum.
International Journal of Sports Science &
Coaching, 17(2), 437-444.
https://doi.org/10.1177/1747954121103347

Nelson, L. J., Potrac, P., & Groom, R. (2014).
Receiving video-based feedback in elite ice-
hockey: A player’s perspective. Sport,
Education and Society, 19(1), 19-40.
https://doi.org/10.1080/13573322.2011.613925

Neumann, D. L., Moffitt, R. L., Thomas, P. R.,
Loveday, K., Watling, D. P., Lombard, C. L.,
Antonova, S., & Tremeer, M. A. (2018). A
systematic review of the application of
interactive virtual reality to sport. Virtual
Reality, 22(3), 183-198.
https://doi.org/10.1007/s10055-017-0320-5

Newell, K. M. (2003). Change in motor learning: A
coordination and control perspective. Motriz,
9(1), 1-6

Otte, F., Rothwell, M., & Davids, K. (2022). Big
picture transdisciplinary practice: Extending
key ideas of a Department of Methodology
towards a wider ecological view of
practitioner-scientist integration. Sports
Coaching Review, 1-24.
https://doi.org/10.1080/21640629.2022.212400
1

Otte, F. W., Rothwell, M., Woods, C., & Davids,
K. (2020). Specialist coaching integrated into a
Department of Methodology in team sports
organisations. Sports Medicine - Open, 6(1),
55. https://doi.org/10.1186/s40798-020-00284-
5

Patel, H., Pettitt, M., & Wilson, J. R. (2012).
Factors of collaborative working: A framework
for a collaboration model. Applied Ergonomics,
43(1), 1-26.
https://doi.org/10.1016/j.apergo.2011.04.009

https://www.journalofexpertise.org
Journal of Expertise / June 2024 / vol. 7, no. 2

30



Aulton et al. (2024)

Optimizing Machine Learning and Computer Vision In Sport

Pinder, R. A., Davids, K., Renshaw, 1., & Araljo,
D. (2011). Representative learning design and
functionality of research and practice in sport.
Journal of Sport and Exercise Psychology,
33(1), 146-155.
https://doi.org/10.1123/jsep.33.1.146

Rajsp, A., & Fister, 1. (2020). A systematic
literature review of intelligent data analysis
methods for smart sport training. Applied
Sciences, 10(9), Article 9.
https://doi.org/10.3390/app10093013

Reid, C., Stewart, E., & Thorne, G. (2004).
Multidisciplinary sport science teams in elite
sport: Comprehensive servicing or conflict and
confusion? The Sport Psychologist, 18(2), 204—
217. https://doi-
org.hallam.idm.oclc.org/10.1123/tsp.18.2.204

Renshaw, 1., Davids, K., Newcombe, D., &
Roberts, W. (2019). The constraints led
approach principles for sports coaching and
practice design. Routledge, Taylor and Francis
Group.

Rothwell, M., Davids, K., Stone, J. A., O’Sullivan,
M., Vaughan, J., Newcombe, D. J., &
Shuttleworth, R. (2020). A Department of
Methodology can coordinate transdisciplinary
sport science support. Journal of Expertise,
3(1), 55-60

Seifert, L., Papet, V., Strafford, B., Coughlan, E., &
Davids, K. (2019). Skill transfer, expertise and
talent development: An ecological dynamics
perspective. Movement and Sports Sciences -
Science et Motricite.
https://doi.org/10.1051/sm/2019010

Shankar, B. (2022, October 11). Toronto Raptors
launches first-of-its-kind high-tech analytics
board.
https://mobilesyrup.com/2022/10/11/toronto-
raptors-new-analytics-tech-board-ovo-athletic-
centre/

Sigmund, P., & Giillich, A. (2022).
Individualisation, readjustment and athlete
codetermination of high-performance training
in athletics and volleyball. International
Journal of Sports Science & Coaching, 17(4),
772-781.
https://doi.org/10.1177/17479541211043183

Stone, J. A, Strafford, B. W., North, J. S., Toner,
C., & Davids, K. (2018). Effectiveness and
efficiency of virtual reality designs to enhance
athlete development: An ecological dynamics
perspective. Movement & Sport Sciences -
Science & Motricité, 102, 51-60.
https://doi.org/10.1051/sm/2018031

van der Kruk, E., & Reijne, M. M. (2018).
Accuracy of human motion capture systems for
sport applications; state-of-the-art review.
European Journal of Sport Science, 18(6),
806-819.
https://doi.org/10.1080/17461391.2018.146339
7

Voulodimos, A., Doulamis, N., Doulamis, A., &
Protopapadakis, E. (2018). Deep learning for
computer vision: A Brief Review.
Computational Intelligence and Neuroscience,
2018, 7068349.
https://doi.org/10.1155/2018/7068349

Woods, C., McKeown, I., Shuttleworth, R., Davids,
K., & Rabertson, S. (2019). Training
programme designs in professional team sport:
An ecological dynamics exemplar. Human
Movement Science, 66.
https://doi.org/10.1016/j.humov.2019.05.015

Yu, H., Sharma, A., & Sharma, P. (2021). Adaptive
strategy for sports video moving target
detection and tracking technology based on
mean shift algorithm. International Journal of
System Assurance Engineering and
Management. https://doi.org/10.1007/s13198-
021-01128-5

Zabaloy, S., Pareja-Blanco, F., Giraldez, J. C.,
Rasmussen, J. I., & Gonzélez, J. G. (2020).
Effects of individualised training programmes
based on the force-velocity imbalance on
physical performance in rugby players.
Isokinetics and Exercise Science, 28(2), 181
190. https://doi.org/10.3233/IES-192196

Received: 12 May 2023
Revision received: 22 February 2024
Accepted: 20 March 2024

JoE

https://www.journalofexpertise.org
Journal of Expertise / June 2024 / vol. 7, no. 2

31



