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Abstract

Artificial intelligence is increasingly used in sport performance analysis, but its contribution
to swimming biomechanics and fluid dynamics remains fragmented across wearable sens-
ing, computer vision, predictive analytics and computational modelling. This structured
narrative review synthesises current applications and evaluates how artificial intelligence
can progress from describing movement to supporting mechanistically defensible inter-
pretations of hydrodynamic propulsion, drag and performance. Evidence was identified
through PubMed and Google Scholar (last search: 28 July 2026) and organised around iner-
tial sensing, markerless pose estimation, training analytics, computational fluid dynamics,
explainability and validation. Swimming cycle recognition, lap segmentation and temporal
event detection are more extensively studied, but they lack adequate external validation,
and direct validation of force- and flow-related outputs is weaker. Machine learning surro-
gates, physics-informed models and multimodal fusion offer promising routes to connect
kinematics with hydrodynamic mechanisms, although small homogeneous datasets, data
leakage and insufficient reporting constrain generalisability. The central contribution is the
explicit distinction between kinematic observations, validated biomechanical estimates and
hydrodynamic inferences. Artificial intelligence can extend biomechanical reasoning in
swimming when predictions remain traceable to measurement quality, physical principles
and the intended decision context.

Keywords: artificial intelligence; swimming biomechanics; fluid dynamics; propulsion;
drag; inertial sensors; computer vision; computational fluid dynamics; explainable artificial
intelligence; performance analysis

1. Introduction

Swimming performance emerges from the interaction between propulsive actions,
resistive forces, body alignment, coordination and the capacity to preserve effective me-
chanics as velocity and fatigue change [1,2]. Although this formulation is conceptually
straightforward, its measurement is unusually demanding. The swimmer is partly or fully
immersed, the body deforms continuously and the surrounding flow changes within and
between cycles. Breathing, body roll, limb recovery and underwater actions alter the geom-
etry exposed to the water, while propulsion and drag cannot be separated experimentally
without assumptions. Consequently, swimming analysis has developed through several
complementary traditions, including race analysis, video-based kinematics, tethered and
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semi-tethered force assessment, active- and passive-drag methods, inertial sensing and
computational fluid dynamics [3-7]. Each tradition provides important information, but
no single method captures the complete swimmer-water interaction.

Therefore, the contemporary problem is not simply a shortage of data. Elite and
developmental programmes can produce synchronised or near-synchronised streams
from above- and underwater videos, inertial measurement units, speedometers, pres-
sure sensors, electromyography, physiological monitoring and competition analysis. The
difficulty lies in converting these heterogeneous signals into reliable biomechanical in-
formation at a timescale useful for researchers, analysts and coaches. Reviews of inertial
sensing in swimming have consistently recognised its portability and ecological value,
but have also described persistent problems of calibration, sensor placement, drift, phase
definition and validation [8,9]. More recent mapping of artificial intelligence (AI) ap-
plications indicates that swimming systems remain dominated by narrow tasks such as
swimming technique classification, lap detection and fatigue monitoring rather than inte-
grated swimmer-centred recommendations [10].

Al may help address this integration problem and, in the current review, is used as an
umbrella term covering machine learning, deep learning, computer vision, explainable Al
and physics-informed learning. Throughout the current review, mechanistic interpretability
is distinguished from explainable artificial intelligence, since the first concerns the trans-
parency of how a model reaches an output, whereas the latter requires the output to be
traceable to physically or biomechanically meaningful quantities (such as propulsion, drag
or coordination). The general growth of Al in sport biomechanics has exposed a persistent
tension between prediction and mechanistic understanding [11,12]. These approaches can
automate feature extraction, identify temporal events, classify movement patterns, model
nonlinear associations and combine multiple data modalities. Explainable and multimodal
methods are particularly relevant when several data sources contribute to a decision [13,14],
but accuracy alone is not sufficient for biomechanical decision-making. A model may
predict race performance or classify a swimming cycle with high accuracy while providing
little evidence about propulsion, drag, coordination or efficiency. In swimming, this ten-
sion is amplified because plausible kinematic associations can easily be misinterpreted as
hydrodynamic mechanisms.

The purpose of this structured narrative review is to synthesise the current and emerg-
ing roles of Al in swimming biomechanics and fluid dynamics. Previous reviews have
separately addressed swimming sensor technology [8,9], Al-based recommendation sys-
tems [10] and Al in sports biomechanics more broadly [11]. The current review extends
this work by focusing specifically on swimming, by separating swimming-specific em-
pirical evidence from general machine learning and fluid-mechanics methods, and by
organising the field around an explicit hierarchy of hydrodynamic claims. The scope covers
competitive and developmental swimmers across the main techniques and training environ-
ments (pool, flume and competition) and includes wearable sensing, video and markerless
analysis, multimodal integration, performance prediction, fluid-dynamics inference and
coach-facing feedback. Generative Al and digital twins are included because they are
increasingly proposed for coaching and decision support, even though their biomechanical
validity remains largely untested. The review also evaluates the principal limitations of
the available evidence and proposes a framework for mechanically interpretable, inde-
pendently validated and practically useful models. The central position is that Al should
extend biomechanical reasoning rather than replace it, by identifying which movement
features changed, quantifying the certainty of that finding, relating the change to defensible
mechanical consequences and communicating what can reasonably be modified.
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2. Narrative Review Approach

A structured narrative review was adopted rather than a systematic review because
the topic spans heterogeneous research designs, measurement systems and computational
methods that are not suited to a single pooled estimate. Accordingly, no pre-registered
protocol, PRISMA flow diagram or independent duplicate screening was performed. The
literature was identified through targeted searches of PubMed and Google Scholar from
database inception to 28 July 2026, complemented by searches of publisher and journal web-
sites, reference list screening and citation tracking. Representative search strings combined
swimming-related terms (“swimming” OR “swimmer”) with artificial-intelligence terms
(“artificial intelligence” OR “machine learning” OR “deep learning” OR “neural network”)

VZa7i Za7i

and domain-specific terms including “computer vision”, “pose estimation”, “inertial mea-
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surement unit”, “wearable sensor”, “classification”, “explainable artificial intelligence”,
“computational fluid dynamics”, “propulsion”, “active drag”, “passive drag” and “physics-
informed”. The dedicated repository of the International Symposium on Biomechanics
and Medicine in Swimming, which indexes the symposium proceedings from 1970 on-
wards, was also searched, with searches being limited to English-language records. Both
authors screened retrieved records against the inclusion criteria described below, resolving
disagreements by discussion, and ~60 peer-reviewed sources were retained and cited.
Backward-and-forward citation checking identified additional methodological and founda-
tional studies that were not retrieved through the principal search-term combinations.

Peer-reviewed original studies, reviews and methodological papers were prioritised
when they addressed competitive swimming or directly informed the interpretation of
swimmer-centred biomechanical and hydrodynamic models. Conference papers were
included selectively where they represented early or technically distinctive Al, sensing or
computer-vision developments not yet available as journal articles. General Al and fluid-
mechanics sources were retained only when they established concepts directly relevant to
explainability, physics-informed learning, validation or reporting. Studies focused solely
on recreational activity recognition, drowning detection or clinical aquatic exercise were
outside the central scope unless they provided transferable methodological information.
Because this was a narrative rather than systematic review, no claim of exhaustive retrieval
or formal risk-of-bias grading is made. The evidence was instead organised according to
measurement modality, computational task, mechanical interpretation, validation strategy
and practical relevance.

3. Biomechanical and Hydrodynamic Foundations
3.1. What Must an Artificial Intelligence Model Explain?

The fundamental output of competitive swimming is forward velocity, but velocity
alone does not reveal how it was produced. Mean velocity reflects the balance between
propulsive and resistive forces, whereas instantaneous velocity fluctuates in response to the
timing and magnitude of limb actions, changes in projected frontal area and inertial effects.
Intra-cycle velocity variation can expose aspects of sprint front crawl mechanics that mean
velocity conceals [2], yet it should not be interpreted automatically as a direct measure
of efficiency. Similar caution applies to stroke length, stroke frequency and stroke index.
These are useful descriptors, but the same value may arise from different combinations of
force production, coordination, body position and energy expenditure.

The measurement of velocity variation is itself method-dependent. Studies remain
heterogeneous in their definitions and in the procedures used to normalise velocity, and
lower intra-cycle velocity variation is not consistently associated with faster swimming [15].
Moreover, the coefficient of variation should not be used as a standalone measure of intra-
cycle velocity fluctuation because the assumed positive linear association between mean
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velocity and its standard deviation may not be satisfied [16]. Therefore, mean velocity,
standard deviation and the selected normalisation procedure should be reported explicitly.
A more mechanically grounded approach has recently expressed velocity variation relative
to the power required to overcome hydrodynamic drag [17], and this formulation may
improve interpretation, but its drag estimates and underlying assumptions must remain
visible when it is incorporated into Al models.

In fact, a mechanically informative system must distinguish description, association
and inference. Video may directly describe segment positions within the limits of camera
calibration and reconstruction, and a speedometer may directly record the motion of its
attachment point (although cable dynamics and anatomical placement affect interpretation).
An inertial sensor records acceleration and angular velocity at the sensor location, not
joint angles or propulsive force unless these variables are estimated by a validated model.
Computational fluid dynamics estimates pressure and shear distributions under specified
geometries, boundary conditions and turbulence assumptions. Al adds another inferential
layer, with the validity of its output depending on the quality and relevance of the criterion
data used during training and testing.

3.2. Propulsion, Resistance and Coordination

Propulsion in swimming results from the interaction between moving body segments
and the surrounding water. Hand and forearm orientation, segmental acceleration, foot
motion, trunk rotation and the timing of upper- and lower-limb actions contribute to
the generation and redirection of fluid momentum [5,7]. The visible trajectory of a seg-
ment is consequently informative but incomplete: the same trajectory may have different
consequences depending on local flow conditions, segment orientation and velocity and
interactions with previously generated vortices. Passive drag is particularly relevant to
starts, turns and gliding, whereas active drag concerns the resistance encountered during
swimming actions. Both are velocity-dependent and sensitive to body alignment and
morphology, but active drag is additionally affected by technique and the method used to
separate propulsion from resistance [3,4,6]. Direct comparisons at matched velocities also
indicate that front crawl and backstroke differ in their trunk rotation patterns and in the
mechanics used to generate propulsion [18], emphasising that technique-specific mechanics
must be retained when defining targets for Al

Coordination links these forces across time: (i) in alternating techniques, Al may
help quantify the relationship between body roll, breathing and the timing of the different
phases of the upper- and lower-limb phases, and (ii) in simultaneous techniques, it may
help identify how upper- and lower-limb phases interact with glide duration and velocity
peaks. Coordination analyses have shown that breaststroke strategies vary with competitive
level [19], supporting the need for models that retain event- and technique-specific meaning.
A generic movement classifier may detect a cycle correctly while missing the temporal
feature that explains why the cycle is effective.

4. Artificial Intelligence Applications in Swimming
4.1. Wearable Inertial Sensing

Wearable inertial sensing is the most mature entry point for Al in swimming. Ac-
celerometers and gyroscopes can be positioned on the trunk, sacrum, wrist, limbs or
head and can record repeated cycles with minimal disruption to training. Earlier reviews
established the feasibility of extracting stroke frequency, lap duration, turns and technique-
specific signals [8,9]. Machine learning models extend this work by learning combinations
of temporal, spectral and statistical features that discriminate swimming techniques or
phases. In elite swimmers, supervised models trained on lumbar inertial data achieved very
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high classification performance across swimming techniques, while also demonstrating
that intra-cycle segmentation and conventional sliding windows influence prediction and
computational cost [20].

Deep learning can reduce dependence on hand-crafted features, as a single sacrum-
mounted inertial measurement unit has been used to recognise swimming activities and
estimate lap times against video reference data [21]. Other systems have integrated upper-
and lower-limb actions and breathing on an inter-cycle basis [22], or used functional
clustering of inertial-derived variability to profile sprint front crawl abilities [23]. Deep-
learning approaches have also been proposed for swimming cycle recognition in wearable-
assisted applications [24]. Collectively, these studies show that inertial signals can support
automated temporal analysis, but they do not establish that sensor-derived outputs are
equivalent to biomechanical criterion measures.

This distinction is illustrated by validation studies of accelerometer-derived instan-
taneous velocity, in which agreement with reference velocity profiles varied with stroke
and with individual swimming characteristics [25]. The implication for Al is important:
a model trained on one device may learn its filtering, placement and signal-processing
characteristics rather than the underlying mechanics. Calibration transfer, sensor replace-
ment and differences in attachment can create domain shifts that reduce performance
outside the original dataset. Thus, future wearable models should report sensor specifica-
tions, placement, calibration, sampling frequency, pre-processing and the consequences of
swimmer-independent testing [26].

4.2. Video, Computer Vision and Markerless Pose Estimation

Video remains central to swimming biomechanics because it preserves spatial informa-
tion about body and limb motion, but manual digitisation is labour-intensive and sensitive
to operator decisions. Computer vision can automate swimmer detection, tracking, phase
identification and pose estimation. Early systems used swimmer detection and pose models
to determine stroke rate continuously, while subsequent deep architectures derived key
frames and kinematic parameters from competitive swimmers recorded through a flume
window [27,28]. These studies highlighted conditions that remain problematic: bubbles,
splashes, reflections, refraction, self-occlusion and partial visibility.

Recent video-sequence models have classified conventional swimming techniques
using convolutional neural networks [29], and underwater pose-estimation research has
begun to evaluate model configurations specifically for swimmer images rather than relying
only on terrestrial benchmarks [30]. This specificity is essential since general-purpose
pose estimators are trained predominantly on upright terrestrial activities and may force
anatomically plausible but incorrect joint configurations when limbs disappear behind
the body or water surface. Two-dimensional keypoint accuracy can also obscure errors in
depth, camera calibration and refraction correction. For biomechanical use, the relevant
endpoint is not only whether a keypoint is detected, but whether derived joint angles, phase
timings and segment velocities agree with criterion measurements within an acceptable
error. The distinction between landmark-detection accuracy and biomechanical validity is
illustrated by comparisons between hip- and centre-of-mass-derived kinematics in front
crawl. Although hip motion provided similar mean horizontal velocity and displacement,
it introduced measurable errors and overestimated intra-cycle velocity variation [31]. Thus,
even an accurately detected anatomical landmark may constitute an imperfect proxy for
the mechanical variable that an artificial intelligence model is intended to estimate.

Markerless analysis is attractive because it may permit rapid assessment in training
and competition, but an automated skeleton is not a biomechanical explanation. The
transformation from pixels to joint centres, joint angles and mechanical variables requires
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calibrated geometry and a clearly defined model. Above- and underwater views must be
synchronised if the movement crosses the waterline, and refraction should be modelled
rather than treated as random noise. This requirement is particularly important in un-
derwater three-dimensional analysis, where image deformation and light refraction may
compromise the coordinates used for reconstruction. In a large swimming calibration vol-
ume, planar homography reduced the reconstruction error of both surface and underwater
views, demonstrating that image rectification and calibration procedures materially affect
the accuracy of the resulting trajectories [32]. Accordingly, computer-vision models should
not be validated solely against manually digitised points without first establishing the
geometric accuracy of those reference coordinates. Two-dimensional video approaches can
extend the field of view in applied settings, but their validity depends on the software used,
the calibration of the image space and the raters involved [33]. Therefore, validation against
known coordinates and distances is required before the reconstructed trajectories are used
as labels for computer-vision models. Reporting should include camera characteristics,
frame rate, shutter settings, calibration volume, annotation protocol, model training data
and performance stratified by view, technique, sex, body size and visibility conditions.
Deep neural networks provide substantial opportunities for swimming kinematic
analysis by automating procedures that traditionally require laborious frame-by-frame digi-
tisation. During model development, representative video frames are manually annotated
by identifying anatomical landmarks, such as the head, shoulders, elbows, wrists, hips,
knees and ankles. The network learns the visual features and spatial patterns associated
with these landmarks and subsequently estimates their two-dimensional coordinates in
previously unseen images [30]. When tracked across consecutive frames, these coordinate
trajectories can support the identification of key events and cycle phases and the automated
derivation of temporal and spatial kinematic parameters [27,30]. Nevertheless, the accuracy
of these outputs depends strongly on the size, diversity and annotation quality of the
training dataset. Underwater applications introduce additional difficulties associated with
image distortion, refraction, bubbles, turbulence, self-occlusion and changes in lighting,
camera position or swimmer morphology. Consequently, anatomically implausible land-
mark estimates and limited generalisation across swimmers and acquisition settings remain
important concerns requiring biomechanical quality control and external validation [34].

4.3. Intelligent Analytics, Performance Prediction and Training Monitoring

Early swimming-specific applications also explored neural networks for signal re-
construction and velocity-profile identification. A proof-of-concept system combined a
low-cost incremental-encoder device with a radial basis function neural network optimised
through generalised extremal optimisation to estimate front-crawl velocity profiles [35].
Although this work anticipated the integration of sensing and nonlinear modelling, its
limited validation means that it should be interpreted as an early technical demonstration
rather than evidence of swimmer-independent biomechanical accuracy.

Swimming-specific predictive modelling predates the recent expansion of explainable
AL Linear models, multilayer perceptron neural networks and radial basis function neu-
ral networks have been compared for predicting centre-of-mass horizontal velocity from
combined physiological and biomechanical inputs across low-to-severe swimming intensi-
ties [36]. Nonlinear models were particularly informative at heavy and severe intensities,
demonstrating the potential of artificial neural networks to integrate multidimensional
swimming data. Nevertheless, the small and homogeneous sample used in this early
study also illustrates why contemporary models require swimmer-independent testing and
external validation.
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Al has also been used to connect practical tests and training variables with competitive
performance. An intelligent analytics framework can combine Internet-of-Things devices,
cloud processing and feedback components [37], but the scientific value of such a frame-
work depends on the variables and validation embedded within it. Explainable models
using Shapley additive explanation values have identified the magnitude and direction
of contributions from training duration, countermovement-jump impulse, fat mass, and
other variables to World Aquatics points [38]. Longitudinal work has extended this logic
to heart-rate-variability-derived inputs during an overload period, linking model outputs
with training and perceived-load variation [39].

Digital twins provide a broader architecture for connecting a swimmer’s physical
measurements with a continuously updated virtual representation, analytical services and
decision-support outputs. A systematic review of digital twins in sport identified poten-
tial applications in real-time monitoring, personalised training and scenario simulation,
while also concluding that many implementations remain experimental or at prototype
maturity [40]. In elite swimming, an applied digital-twin approach has combined in-
ertial measurement units, hand-mounted differential pressure sensors and underwater
video to examine streamline, underwater lower-limb actions and race-specific technical
scenarios [41]. This example illustrates how multimodal data may be translated into in-
dividualised recommendations and simulated time gains, but the evidence is primarily
descriptive and case-based, without independent validation of the estimated forces, drag
or performance effects.

Generative Al has also been evaluated as a direct training-prescription tool. Weekly
programmes produced by ChatGPT-4 for elite distance and sprint swimmers received
neutral-to-positive ratings from experienced coaches, whereas athletes were more critical
and frequently requested major modifications [42]. The plans were more acceptable for sim-
ple low-intensity work but contained inappropriate repetition structures, recovery periods
and session frequencies in moderate-intensity and anaerobic zones. This evidence supports
the use of large language models as preliminary planning aids, but not as autonomous
recommendation systems for complex periodisation.

These applications are valuable because they move beyond univariate associations and
present variables in a form that coaches can interrogate. However, feature importance is not
causality: Shapley additive explanations values describe how a fitted model used its inputs
for prediction, but they do not prove that changing a feature will produce the predicted
improvement. Related variables may share or redistribute importance, and results may
change across model classes, samples and validation schemes [13,14]. Performance models
should be framed as decision-support tools, with explicit separation between prediction,
explanation and intervention.

The practical endpoint is not a universal recommendation engine, and evidence
mapped in a recent swimming-focused review indicates that complete swimmer-centred
systems are still lacking [10]. Current tools typically solve isolated tasks, while coaches
make decisions by integrating training phase, event demands, fatigue, history and tech-
nical priorities. Al should support this integration by presenting uncertainty, trends and
mechanically plausible alternatives, rather than convert a probabilistic association into
a prescriptive technical correction without experimental or longitudinal evidence. The
principal Al application domains in swimming, including their typical tasks, potential
contributions, main limitations and supporting examples, are summarised in Table 1.
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Table 1. Principal artificial intelligence application domains in swimming.
Data Domain Typical Task Potential Contribution Principal Limitation Examples
Technique, phase or Sensor placement, drift,
Wearable IMU lap classification; Auto.ma.ted 'repea.te.d device-specific signals and [8,9,20-26]
monitoring in training . 1.
temporal features limited external validation
. Swimmer detection,  Spatial analysis with Refraction, bubbles,
Video/computer . . L
vision tracking, key frames  reduced manual occlusion, depth ambiguity  [27-30]
and pose digitisation and dataset bias
. Fusion of sensor, Integrated athlete profiles, Synchronisation, issng
Multimodal . o . . data, prototype maturity
. video, training and digital twins and [37-41,43]
analytics : . o o and unclear causal
physiological data longitudinal monitoring . .
interpretation
Training plan Rapid preliminary il’;é);rgl;rligsmwty,
Generative Al generation and planmng and ac;cgsmble individualisation and [42]
conversational synthesis of training .
.. . unsafe or suboptimal
decision support principles .
prescriptions
Directional feature Feature importance is not
. Performance and " .
Explainable - contributions and causality and correlated
.. training-load . . [13,14,38,39]
prediction ; transparent model predictors complicate
modelling . . . .
interrogation Interpretation
Surrogate simulation, . Scarce swimmer-specific
. o Faster exploration of o o
CFD/physics-  parameter estimation validation and sensitivity to

informed Al

and constrained
learning

hydrodynamic scenarios
with physical constraints

geometry and boundary
conditions

[3,7,44-50]

5. Artificial Intelligence, Propulsion and Fluid Dynamics

5.1. From Kinematic Cues to Hydrodynamic Inference

The largest conceptual risk in this field is the conversion of visible motion into un-
supported hydrodynamic claims. A lower head position, narrower lower-limb action or
altered hand path may be associated with performance, but the sign and magnitude of its
effect on resistance or propulsion depend on the complete movement and flow state. Even
if Al can learn associations between kinematic patterns and experimentally derived forces,
its outputs should be described as estimates or inferences unless the target variable was
measured directly. This terminology is especially important for active drag, where criterion
methods rely on assumptions and may not agree.

A defensible development pathway begins with synchronised data; for instance, kine-
matics from calibrated video or inertial sensors can be paired with force, pressure, velocity
or validated computational outputs. Then, models may identify which features contain
information about a defined mechanical target. Cross-validation must occur at the swim-
mer level, because cycle-level random splitting allows near-duplicate observations from
the same swimmer to enter training and testing sets. Apparent accuracy can consequently
reflect individual signatures rather than generalizable mechanics. External testing across
swimmers, velocities, techniques and acquisition sites is required before a model can
support hydrodynamic decisions.
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5.2. Computational Fluid Dynamics and Machine Learning

Computational fluid dynamics has provided detailed estimates of pressure, shear, flow
separation and vortical structures around swimmers and body segments. Comparisons of
computational and inverse-dynamics methods in breaststroke glide positions have shown
both the potential and the method dependence of passive-drag estimation [3]. Simulations
of hand and forearm acceleration have likewise demonstrated how local motion affects esti-
mated propulsive forces [7]. Computational analyses of finger spreading, thumb abduction,
angle of attack and sweepback angle further show that apparently small changes in seg-
ment configuration can alter estimated hand and forearm hydrodynamic coefficients [51].
Underwater undulatory swimming research has linked kinematic organisation with trunk-
and wake-related vortices [52,53]. These findings supply mechanistic targets for Al but
they also show that fluid-dynamics outputs are conditional on geometry, mesh resolution,
boundary conditions, turbulence treatment and prescribed motion.

Machine learning can contribute to computational fluid dynamics in three broad ways:
(i) surrogate models may approximate expensive simulations after training on a carefully
sampled parameter space; (i) machine learning may assist numerical solvers or estimate
unresolved terms; and (iii) physics-informed models can incorporate governing equa-
tions, initial and boundary conditions or conservation constraints into learning [44—48].
In swimming, a surrogate could allow rapid exploration of posture, joint timing or seg-
ment orientation after an adequate high-fidelity simulation set has been generated. The
advantage would be computational speed, not freedom from the assumptions of the
original simulations.

Physics-informed learning is particularly attractive where labelled experimental data
are limited. Neural networks can be constrained by governing equations or by softer
biomechanical relationships, such as non-negative drag, plausible force—velocity behaviour
and continuity across phases [44,45]. Yet, physics-informed does not automatically mean
physiologically or biomechanically valid, as a model can satisfy simplified equations
while using unrealistic swimmer geometry or boundary conditions. Human swimming
includes a deforming free surface, intermittent segment emergence and complex turbu-
lence, making direct transfer from canonical fluid-mechanics benchmarks inappropriate
without validation.

Reinforcement learning studies of self-propelled bodies and vortex-mediated collec-
tive swimming demonstrate that artificial agents can discover energetically favourable
flow interactions [49]. These studies are conceptually relevant because they show how
learning can exploit fluid structures, but they should not be cited as direct evidence for
human technique. The nearer-term application in competitive swimming is likely to be
hybrid modelling: Al used to accelerate, interpolate or interrogate validated biomechanical
and computational models rather than to infer complete hydrodynamics from a single
uncalibrated video.

Swimming-specific applications of machine learning to computational fluid dynamics
remain comparatively rare. Classical CFD studies have computed drag and propulsion for
swimmer postures and limb configurations [3,6,7,51], whereas the deep-learning surrogates,
physics-informed neural networks and operator-learning methods that now dominate gen-
eral fluid mechanics [44,46-48,54] have only begun to be transferred to swimming. Reviews
of physics-informed neural networks for fluid mechanics [54] outline the conservation-
law constraints, data requirements and uncertainty quantification that swimming-specific
surrogates would need to satisfy before they could replace or accelerate high-fidelity
swimmer simulations.
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5.3. A Hierarchy of Hydrodynamic Claims

Hydrodynamic outputs should be interpreted through a hierarchy of evidential
strength: (i) Al identifies a kinematic feature associated with a measured performance
variable; (ii) that feature is associated with an independently measured mechanical variable
such as force, pressure or drag; (iii) a model predicts the mechanical variable in swimmers
not used for development; (iv) the prediction generalises across techniques, velocities or
centres; and (v) an intervention based on the model changes technique and produces the
expected mechanical and performance consequences. Most current swimming applications
remain at the first or second level, meaning that claims about optimisation should be
reserved for evidence reaching the later levels.

6. Explainability and Mechanistic Interpretability

Explainable Al encompasses methods that make model behaviour more accessible,
whereas mechanistic interpretability requires correspondence with a plausible causal or
mechanical process (the two concepts overlap but are not identical). Feature-attribution
methods can show that stroke frequency or body roll influenced a prediction, but they do
not establish why or through which force pathway. A mechanically interpretable model
should relate its inputs to a defined chain: movement or morphology changes projected
geometry or segment-water interaction, which changes propulsion or resistance, which
changes velocity or energy cost. The chain may remain probabilistic, but its assumptions
must be visible.

Post hoc explanations can be useful for auditing complex models [13,14], particularly
when they reveal dependence on implausible features. However, there is a risk that
a convincing explanation is accepted even when the underlying model is unstable. In
high-stakes settings, inherently interpretable models may be preferable to opaque models
accompanied by explanations [55]. This does not imply that simple models are always
sufficient. Rather, model complexity should be justified by a meaningful improvement in
swimmer-independent performance and accompanied by sensitivity analysis, calibration
and uncertainty.

Mechanistic interpretability can be strengthened through feature design and model
architecture. Inputs may be organised according to known phases, bilateral actions or
mechanical domains instead of supplying an unrestricted array of signals. Temporal
models may preserve the order of the different upper- and lower-limb phases and breathing
rather than classifying isolated windows. Hybrid architectures may include differentiable
biomechanical relations or penalties for mechanically impossible outputs. Explanations
should be expressed in swimming terms and retain direction and magnitude, for example,
that a predicted reduction in velocity was associated with longer deceleration after hand
exit and increased trunk oscillation, rather than with an abstract latent feature.

To make the distinction concrete, consider a model that recognises front crawl phases
from inertial-sensor data. An explainable-Al analysis might report that the model relies on
the medio-lateral accelerometer channel during the transition between phases, which will
clarify the model’s behaviour but does not, by itself, establish a mechanical consequence.
A mechanistic interpretation would test whether that feature corresponds to a physically
meaningful event (such as hand entry or body-roll reversal) by relating it to an indepen-
dently measured kinematic or kinetic criterion. Swimming studies that apply explainable
methods to performance and training variables [38,39] illustrate the first step, whereas
studies that pair model outputs with force, pressure, drag or computational criteria [3,44,51]
demonstrate the additional step required for mechanistic interpretation.
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7. Validation, Generalisability and Reporting
7.1. Validation Design

Validation is the central requirement separating a useful analytical model from a
technically impressive demonstration. Random division of cycles or frames can produce
severe information leakage when observations from the same swimmer, trial or video
appear in both sets. The preferred minimum is grouped validation by swimmer, with a
fully independent test set when sample size permits. Multicentre external validation is
required when a system is intended for broad use, and models should also be tested under
realistic sources of variation (including sex, age, body size, competitive level, technique,
velocity, breathing pattern, fatigue, camera view and sensor placement).

Performance metrics must match the task, and classification studies should provide
class-specific precision, recall, F1 scores (representing the harmonic mean of precision
and recall) and confusion matrices rather than accuracy alone. Continuous biomechanical
outcomes require absolute and relative error, bias, limits of agreement and calibration
across the observed range. Timing outputs should report error in meaningful units and
relative to cycle duration. For hydrodynamic inference, comparison with a single compu-
tational model is not independent validation if the Al model was trained from that same
simulation family. Experimental force, pressure or drag data, or simulations generated
under substantively different assumptions, are needed to test transfer.

7.2. Dataset Size, Diversity and Reproducibility

Swimming datasets are typically small because synchronised underwater acquisition
is expensive and technically demanding. Deep models trained on limited participants can
overfit individual morphology, technique and recording conditions. Data augmentation
may improve robustness to image or signal perturbations, but it does not create new
swimmers or new mechanical strategies. Transfer learning from terrestrial images may
help initialise pose estimation, although domain-specific fine-tuning remains necessary.
Reporting the number of swimmers, trials, cycles and frames separately is essential because
a large number of frames from a small number of individuals does not represent a large
independent sample.

Reproducibility would benefit from shared benchmark datasets, common event defini-
tions and transparent preprocessing. Data sharing in elite sport is constrained by privacy,
competitive sensitivity and ownership, but de-identified signals, annotations, model code
and synthetic benchmark tasks can still be made available. The Findable, Accessible, In-
teroperable and Reusable (FAIR) principles provide a useful foundation for managing
data and metadata [56]. When data cannot be shared, authors should provide sufficiently
detailed pipelines, locked test protocols and executable code or pseudocode to permit
independent replication.

7.3. Minimum Reporting Recommendations

Machine learning guidance in human movement biomechanics emphasises alignment
between the research question, dataset, validation and interpretation [57]. For swim-
ming, reporting should additionally describe aquatic acquisition conditions, i.e., studies
should identify swimming pool or flume settings, water depth (where relevant), camera
relationship to the waterline, calibration and refraction procedures, sensor attachment,
synchronisation and the operational definition of each phase. Model selection and hy-
perparameter tuning should be confined to development data, and the test set should
remain untouched until the final model is locked. These reporting recommendations are
intended as guidance for future studies and were not applied retrospectively as a formal
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quality-appraisal instrument for the studies reviewed here. The minimum information that
should be reported across these domains is summarised in Table 2.

Table 2. Minimum reporting elements for artificial intelligence studies in swimming biomechanics.

Domain Recommended Information
. Number of independent swimmers, sex, age, anthropometry,
Participants . . e . . o
competitive level, technique specialisation and inclusion criteria
Pool/flume context, velocity, breathing condition, fatigue state,
Acquisition camera and sensor specifications, placement, calibration and

synchronisation

Definition, measurement method, annotator training, inter-rater

G d truth . 1e1e P
round tru reliability and known criterion error

Numbers of swimmers, trials, cycles and frames; missing data;

Dataset structure . .
class balance; grouping and nesting

Model Preprocessing, features, architecture, hyperparameters,
development augmentation, software and random seeds
N Swimmer-independent splits, internal versus external testing,
Validation .
leakage prevention and subgroup analyses
Task-appropriate metrics, confidence intervals, calibration, bias
Performance ST . . .
and error in biomechanically meaningful units
. Direct measurement versus inference, uncertainty, plausible
Interpretation . . .
mechanism, failure cases and limits of use
- Code, model version, data or metadata availability and sufficient
Reproducibility

detail for replication

8. Translation into Coaching and Performance Support

Coaches require information that is timely, reliable and connected to an interven-
tion [58], and a system that produces numerous metrics after a long processing delay may
add less value than a simple measure available during the session. Al can reduce this delay
by automating event detection and prioritising meaningful changes. The output should
answer four questions: What changed? How certain is the change? What mechanical
consequence is plausible? What response can be tested, and what indicates when the data
are insufficient? Transparent coach-centred feedback is increasingly recognised as a design
requirement for multimodal swimming systems [43].

Generative systems require an additional distinction between fluent output and valid
prescription. A plausible weekly plan may reproduce familiar terminology and broadly ap-
propriate intensity categories while still misallocating volume, repetition duration, recovery
or session frequency [42]. The discrepancies identified when coaches and athletes evaluated
ChatGPT-4-generated plans for elite swimmers show that acceptability varies by training
zone and evaluator perspective [42]. Therefore, human review must assess both physi-
ological coherence and compatibility with the swimmer’s technical status, competition
programme, recovery and longitudinal response.

Individual baselines are often more useful than universal thresholds, with swimmers’
technique depending on morphology, event, velocity and training objective [59], so a
deviation from a population mean is not necessarily an error. Longitudinal models can
learn the normal variation in an individual swimmer and flag departures that exceed
measurement noise. In this sense, these alerts may direct video review or targeted testing.
The coach and biomechanist retain responsibility for deciding whether a change reflects
fatigue, adaptation, pacing, intentional technique or poor measurement.
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Real-time feedback should be used cautiously since immediate cues may support
phase timing or pacing, but repeated external feedback can alter attention and learning. In
fact, the shortest computational latency is not always the optimal pedagogical strategy [60].
Systems should allow coaches to select the variable, timing and frequency of feedback
and to compare technical changes with performance and effort. The effectiveness of Al-
supported feedback should ultimately be evaluated in longitudinal intervention studies
rather than inferred from classification accuracy.

9. Research Gaps and Priorities

The first priority is the development of benchmark datasets that combine calibrated
above- and underwater videos, inertial signals, velocity curves and criterion mechanical
measurements. These datasets should represent multiple techniques, sexes, ages, perfor-
mance levels and velocities. Standardised annotations for phases, breathing and turns
would permit meaningful comparison among models. A benchmark should preserve
swimmer-level grouping and include an inaccessible or independently managed test set to
reduce optimistic reporting.

The second priority is direct validation of mechanically important outputs. Al research
in swimming has progressed faster in activity recognition than in propulsion and resistance.
Future studies should pair models with pressure, force, active-drag, passive-drag or vali-
dated computational measurements, and uncertainty from the criterion method must be
incorporated into interpretation. If two drag methods disagree beyond the desired model
error, it is misleading to present one as error-free ground truth.

The third priority is hybrid and physics-informed modelling. Surrogate computational
fluid dynamics, constrained temporal networks and differentiable biomechanical compo-
nents may help reduce data requirements and improve plausibility [50]. These models
should be compared with unconstrained alternatives to determine whether the added
physics improves external generalisation rather than merely fitting the development data.
Sensitivity analyses are needed to establish which constraints drive predictions and when
they fail.

The fourth priority is prospective evaluation. Since most evidence is cross-sectional
and technical, prospective studies are urgently needed. This limitation is longstanding: a
systematic review of longitudinal interventions in elite swimming showed that prospective
evidence remains scarce and concentrated on a limited set of physiological and biome-
chanical variables [61], reinforcing the need for prospective studies. Longitudinal studies
should test whether model-informed feedback produces repeatable changes in mechanics,
whether those changes transfer to race performance and whether benefits persist without
continuous feedback. Digital twins should progress beyond descriptive virtual replicas
by demonstrating reliable updating, predictive calibration and measurable benefit relative
to established analysis [40]. Pragmatic studies should also quantify analyst time, coach
acceptance, false alerts and the consequences of incorrect recommendations. Practical
usability is an empirical outcome, not an assumed property of an interface.

The fifth priority is governance: As swimmer data may reveal health, fatigue, training
and performance information with competitive and personal sensitivity, data ownership,
consent, retention, access and secondary use should be defined before collection. The con-
tinuous and multimodal data flows required by digital twins intensify concerns regarding
interoperability, data integrity, privacy and unauthorised reuse [40]. Research involving
generative Al should additionally preserve human accountability, disclose substantive
uses of the technology, verify generated information and bibliographic references and
protect confidential or personal data included in prompts or uploaded materials [62]. Mod-
els trained across clubs or nations may reproduce systematic differences in equipment,
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coaching and selection, and subgroup evaluation and transparent documentation are sci-
entific and ethical requirements. These priorities, their underlying limitations, required

developments and evaluation endpoints are summarised in Table 3.

Table 3. Priority roadmap for mechanistically interpretable artificial intelligence in swimming.

Priority

Current Limitation

Required Development

Evaluation Endpoint

Benchmark
multimodal datasets

Fragmented, small and
laboratory-specific datasets

Synchronised video, IMU,
velocity and mechanical criteria
across diverse swimmers

Open or independently
tested benchmark with
swimmer-level splits

Mechanically
validated outputs

Classification dominates;
propulsion and drag are
inferred indirectly

Pair models with force, pressure,
drag and high-fidelity CFD

Predefined acceptable error
and independent criterion
comparison

Black-box associations with

Embed phase structure,

External generalisation and

Hybrid model ey ti incipl d . .
ybrid mocets limited transfer conservation principies an ablation of each constraint
plausible constraints
s Technical ithout . Technique, perf ,
Longitudinal echmicat acctracy Withoit gt model-informed feedback echinque, pertormance
. . evidence of performance - retention and coach-use
interventions . across training blocks
benefit outcomes
.. . . . . P ti itori f
Transparent Limited uncertainty and Calibrated uncertainty, failure rospective monttorng o
. . errors and unintended
deployment subgroup reporting detection and governance

consequences

Some limitations should be acknowledged: (i) since the search was intentionally nar-
rative rather than systematic, relevant studies may have been missed, and selection and
publication bias cannot be excluded; (ii) no formal methodological quality assessment of
the included studies was performed, meaning that the relative strength of the evidence
rests on narrative appraisal rather than a standardised risk-of-bias tool; and (iii) the field is
developing rapidly, and several of the most promising directions discussed here (including
generative Al, digital twins and coach-facing decision-support systems) remain emergent,
with limited prospective or external validation evidence. Therefore, the framework pro-
posed below is a structuring device for reasoning about the literature, not an empirically
validated model of swimming performance.

10. Conceptual Framework

Figure 1 summarises the proposed pathway from data acquisition to decision support,
with the framework deliberately separating biomechanical interpretation from hydrody-
namic inference. Al may process and fuse data, but a second layer must establish whether
the output corresponds to coordination, body roll, cycle mechanics, propulsion, drag or
flow-related cues. The final decision-support layer should integrate the evidence, uncer-
tainty and individual context. This structure prevents a direct and unjustified transition
from a sensor signal to a technical prescription. Moreover, it is a proposed conceptual frame-
work for mechanistically interpretable Al in swimming biomechanics and fluid dynamics.
Multimodal acquisition and Al-based processing require explicit biomechanical interpreta-
tion and separately validated hydrodynamic inference, with criterion measurement and
swimmer-independent validation connecting each level, before outputs are translated into
coach-centred decisions (model feedback then updates the biomechanical interpretation as
new evidence accumulates). This framework is proposed as a structuring device and has
not yet been validated as an integrated system.
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Multimodal data acquisition Artificial intelligence processing
Video - IMU - force - pressure ——® | Pre-processing - feature extraction
Velocity - physiological data Fusion - prediction - uncertainty

Biomechanical interpretation Hydrodynamic inference

Technique - coordination - body roll Propulsion - active and passive drag

Cycle mechanics - phase timing Flow-related variables

\ /

Coach-centred decision support

Evidence - uncertainty - individual context
Modifiable and testable intervention

Figure 1. Conceptual framework for mechanistically interpretable Al in swimming biomechanics
and fluid dynamics. Multimodal acquisition and Al-based processing require explicit biomechanical
interpretation and separately validated hydrodynamic inference before outputs are translated into
coach-centred decisions.

11. Conclusions

Al can substantially improve the scale, speed and integration of swimming analysis in
established applications, although prospective and external validation evidence remains
limited for more ambitious systems.

The strongest current evidence concerns automated recognition of techniques, laps
and phases, inertial-sensor processing, video-based pose estimation and multivariable per-
formance or training monitoring. These applications reduce manual workload and reveal
patterns that are difficult to observe in isolated signals. By contrast, the anticipated benefits
of physics-informed, hydrodynamic and coach-facing systems, including generative Al
and digital twins, remain largely prospective and should be treated as directions rather
than established capabilities. The established applications do not by themselves explain
propulsion, resistance or efficiency, and the direct application of Al to swimmer-specific
fluid dynamics remains at an early stage.

Progress requires a shift from task accuracy to mechanically meaningful validation.
Models should be tested on swimmers not used for development, compared with ap-
propriate criterion measures and evaluated across techniques, velocities and populations.
Hydrodynamic variables should be reported as estimates when they are inferred indi-
rectly. Explainability should clarify model behaviour, while mechanistic interpretation
should connect movement to plausible force and flow consequences. Physics-informed
and hybrid models offer a promising route, provided that their assumptions and external
validity are tested. Al should ultimately function as an extension of biomechanical rea-
soning. The most useful systems will not simply classify a movement or predict a race
score. They will identify what changed, quantify uncertainty, distinguish observation
from inference and help coaches test an appropriate intervention. This orientation can
transform Al from a technological novelty into a rigorous component of swimming science
and performance support.
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