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Abstract

Artificial intelligence (AI) is a scientific and engineering discipline that involves designing
systems capable of autonomously replicating the cognitive functions typically associated
with human intelligence. Current AI uses data to extract patterns, supports decision-
making, and enhances analytical reasoning across diverse domains, including sports per-
formance or strategic claims, and assists in clinical applications. In sports, AI enables
robotic systems to assist in training, object tracking, performance monitoring, strategy
development, and talent identification. In medicine and rehabilitation, AI facilitates robotic
surgery, rehabilitation training, and decision-support systems. Machine learning and
deep learning techniques, combined with computer vision, enable estimation of human
posture and movement in 2D or 3D from video recordings, providing objective, quantita-
tive, and markerless movement analysis. For instance, human pose estimation systems,
including open-source and framework tools, have been applied for multi-athlete and indi-
vidual tracking, performance assessment, and injury prevention. Additionally, AI-powered
systems and generative AI for data simulation enhance strategy planning and training
efficiency. This review provides a comprehensive overview of AI applications in human
movement assessment, highlighting methodological approaches, practical implementa-
tions, and emerging technologies. Understanding the capabilities and limitations of these
systems helps optimize human movement assessment and support data-driven decisions.

Keywords: artificial intelligence; movement assessment; machine learning; deep learning;
computer vision; data-driven learning; natural language processing; human pose estimation

1. Introduction
Artificial intelligence (AI) represents a scientific and engineering discipline dedicated

to designing systems capable of autonomously reproducing the cognitive functions typical
of human intelligence. AI was first described by John McCarthy in 1956 [1], although its
roots can be traced back to Alan Turing’s 1950 work, which proposed the Turing test to
distinguish humans from machines, involving posing a question to a human and a machine.
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Another human member reads the anonymous answers to recognize the responses. This is
the Turing idea: Can Machines Think? [2]. A decisive contribution to the initial development
of AI came from the war industry, where the need to automate complex processes and
optimize the processing of strategic information led to the application of Turing’s principles
to codebreaking during World War II [3]. In this historical context, early AI research
followed two complementary paradigms. The biological paradigm aimed to imitate aspects
of human psychology and physiology, while the computational paradigm emphasized
problem-solving through algorithmic and formal logical models [4]. The integration of
these paradigms established the theoretical foundations of contemporary AI methodologies,
enabling the development of models (algorithms with learned parameters), approaches
(applications of one or more models), and systems (pipelines integrating data, models, and
processing stages) to address complex, multidisciplinary challenges [5].

Notably, contemporary AI leverages data to extract patterns, support decision-making,
and enhance analytical reasoning across diverse domains. In clinical applications, AI
systems enable evidence-based decision-making through the algorithmic analysis of
datasets [6] and function as cognitive enhancement tools that complement human ex-
pertise [7]. Current AI systems apply these methodologies to support applications in
various fields. In medicine, rehabilitation, and physical therapy, AI facilitates robotic
surgery [8–12], trains motor function in real-time and offline [13–15], and supports clin-
ical decision-making [16–18]. In sports, AI enables robotic systems to assist in serving
balls, provide sports training, substitute humans during training, physically participate in
competitions, serve as models of real sports performance, and help organizers of sports
events [19,20]. In addition, AI covers game analytics, talent scouting and acquisition,
training methodologies, coaching techniques, fan engagement, and business marketing
strategies [21–23]. Collectively, these technologies have transformed traditional approaches,
improving athlete and team performance, supporting data-driven decision-making, and
generating strategic insights. Furthermore, AI-powered marketing initiatives facilitate
personalized fan interactions and innovative promotional strategies, redefining audience
engagement in professional sports [24]. Undoubtedly, a precise understanding of AI ca-
pabilities and a clear definition of its methods are essential to optimize its application in
sports and other domains, facilitating the appropriate techniques, ensuring accurate data
interpretation, and supporting informed, data-driven decisions [25,26].

In summary, this review utilized this evidence to explore the integration of AI. By
analyzing these definitions, the paper provided a structured taxonomy of AI methods
in sports performance and monitoring, or sports analytics and marketing, and clinical
movement examining assessment and assistive clinical tools, assessing their technical
assumptions and data requirements, and categorizing them by AI fields and limitations,
rather than by complexity. This approach highlights the relevance and advantages of
each study, introducing frameworks that categorize AI fields and clarify how these fields
interact and integrate into human movement assessment. This facilitates understanding
of conceptual links and offers a clear basis for selecting suitable methods in sports and
clinical settings.

2. Methods
2.1. Inclusion and Exclusion Criteria

The article’s selection process framework focused on study design, comparison, out-
comes, AI’s intervention in sports and healthy physical strategies, performance, medical
analysis, and tracking of humans (athletes or patients) or objects. These papers focused on
individual or team technical and tactical performance, analyzing matches, training sessions,
or laboratory environments.
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2.2. Search Strategy and Bibliographic Analysis of AI in Sports

The Scopus, ScienceDirect, and IEEE Xplore online databases were searched using
predefined Boolean combinations of search terms: (“artificial intelligence” OR “machine
learning” OR “deep learning” OR “pose estimation” OR “computer vision” OR “natural
language processing” OR “generative AI”) AND (“sports” OR “sport”), combined with
additional terms related to statistical analysis, sports equipment design, rehabilitation,
care monitoring, business, and marketing strategies. Searches were applied to the title,
abstract, and keyword fields and were limited to English, peer-reviewed, final publications
published from 2015 to 2025.

The initial search identified 4613 articles across the fields of computer science, engi-
neering, medicine, and mathematics. During the inclusion process, studies were retained if
they focused on competitive sports or motor examination in clinical movement assessment
contexts. Articles addressing at least one AI-based motion analysis, technique evaluation,
performance monitoring, or strategic assessment. The studies examining physical activities
unrelated to competitive sports were excluded. Following the application of these criteria,
over 140 studies were retained in the final analysis as shown in the PRISMA diagram
(Figure 1).

Figure 1. PRISMA flow diagram for screening systematic reviews, which included searches of
databases, titles, and other sources.

3. AI Fields’ Applications in Human Movement Assessment
The primary objective of initial smart computational methodologies and models

is to develop hardware and software capable of executing match analysis, posture and
movement assessment, statistical analysis, and strategy planning, and the timeline of the
employed AI disciplines is illustrated in Figure 2 [27–38]. A description of AI fields and
their current emerging technologies is provided in the subsequent subsections.

https://doi.org/10.3390/app16052202

https://doi.org/10.3390/app16052202


Appl. Sci. 2026, 16, 2202 4 of 21

Figure 2. Timeline of the early target applications in sports analysis and movement assessment across
years and AI disciplines.

3.1. Rule-Based System

Rule-based systems are early expert systems that were programmed based on deter-
ministic if–then rules. Although it has limited flexibility to adapt to new situations, it is
helpful in studies with clearly defined rules [39]. Performance analysis is a sub-discipline of
sports science that combines biomechanics and notational analysis to analyze and improve
performance scaling [40]. These systems were installed in applications or implanted in
wearable devices to alert players under specific conditions. For example, a belt attached
to an Xsens inertial measurement unit (IMU) on a tennis player’s chest to measure torso
rotation during serving is based on a rule-based system. Exceeding the trunk’s angle in
the longitudinal axis was presumed to be going too far forward in the serve, and a sound
in the app warned the player that their position was not optimal [41]. The most common
innovative, rule-based expert systems in sports performance or clinical human assessment
include wearable strain gauges and pressure sensors (implemented in gloves or insoles),
measurement units, localization systems, and sensor fusions [42].

3.2. Machine Learning

System adaptation with more data inserted increases the machine’s complexity to
present an upgraded AI version, known as Machine Learning (ML), which is a popular field
in sports monitoring applications. ML is an AI class in which a model learns its parameters
from data to perform a specific task, such as classification or prediction, without being ex-
plicitly programmed [43]. Caprioli et al. [44] trained a system using over 1400 soundtracks
to recognize racket impacts and rebounds during tennis practice. ML-based systems can
assist the coaching staff as a trustworthy, cognitive, and environment-free system. Aaron
et al. [45] studied the advantages of data-driven modeling in an assistive role in Australian
football, addressing some barriers and providing insights to support staff and players in
using the rule-based and ML models. In soccer, coaches can utilize ML models to predict
opponents’ defensive and attacking conditions or receive suggestions to systematize their
approach based on the opponent. For example, the styles of corner kicks in a profes-
sional soccer league can help in understanding teams’ behavior in defensive and attacking
situations [46].

Within the AI hierarchy, ML represents the core data-driven methodology upon which
more advanced approaches, such as DL, are built. Data-driven modeling, computer-based
learning, and predictive modeling operate within simulated digital environments called
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virtual AI, performing tasks and interacting with users, most notably as virtual assistants
and agents. ML represents a class of data-driven models that learn parameters from data
and can update their predictions as new data becomes available, thereby enabling per-
formance improvement over time [47]. This virtual AI system can discover previously
unknown associations, generate hypotheses, and guide researchers and resources toward
more constructive directions [48]. In sports, predictive models track players and calculate
metrics such as the effectiveness of each pass, the risk-to-potential-reward ratio associated
with a pass, and the ‘pressure’ applied by the opposing team before the pass [49]. This
information can be beneficial for coaches in selecting the proper tactics and strategies for
each match and player, thereby improving overall team performance [50]. Exploiting the
capabilities of data-driven modeling in extracting detailed performance metrics, sports
analysis has progressively integrated video-based methods to evaluate both technical and
tactical aspects [51,52]. This data-driven approach has enabled the optimization of training
plans and the quantification of parameters such as players’ speed, acceleration, and per-
formance profiles in successful versus less successful game situations [53]. In this context,
video analysis and motion capture systems (MoCap) represent a natural development of
AI-based performance monitoring, providing kinematic information to enhance perfor-
mance and prevent injuries. In particular, sports analysts have extensively used sports
video analysis to extract relevant data and perform comparative analyses of individual
and team performance [42]. Conventional techniques rely on vision-based tools that use
image or video data and manually annotate points of interest [54]. However, although
this computer-based learning approach is inexpensive, simple to use in lab and real-world
settings, and minimally invasive, it requires manual annotation, which makes the process
time-consuming and prone to human error. On the other hand, although MoCaps are con-
sidered the gold standard, they are limited by the need for controlled settings and marker
placement. In fact, the use of marker-based systems is limited to recording monotonous,
non-representative tasks carried out in constrained, small settings, such as laboratories.
The requirement to wear markers may also alter a person’s natural movement patterns,
and marker placement may vary across tests and testers. Further measurement error can
be introduced by soft-tissue artifacts and by the fact that marker placements frequently do
not precisely match the true anatomical joint centers they represent [55].

An ML model used in sports statistics is from raw data collected by various devices.
GPS-derived external load data serve as input to train ML models that predict players’
exertion under external load to measure training workload [56–58]. In a separate study,
ML algorithms based on linear regression, linear discrimination analysis, Support Vector
Machines (SVM), decision tree, random forest, K-nearest neighbors (k-NN), and Gaussian
Naïve Bayes were trained on structured numerical features [59].

In match analysis, modern methods offer validated parameters to the public that can
provide more comprehensive feedback (although not entirely sufficient) on the match,
such as expected goals (xG), primarily in soccer and ice hockey [60–64]. This data-driven
classifier for shot analysis in ball sports is a widely adopted analytical approach. The
unsupervised ML algorithms use clustering to identify shot patterns, enabling teams to
recognize trends, evaluate shot quality, and make informed strategic decisions [65,66].
Related factors in goal scoring in tournaments were analyzed, and space and distance
were found to be significant [67]. Now, intelligent approaches and systems play a key
role in the analysis process, including comparing each shot to match several procedures
and recognizing similar patterns in xG by collecting detailed data from soccer matches.
However, there are different attitudes to calculating xG, depending on each coaching
staff’s policy. The procedures collected data from standard parameters, including shot
distance and angle, the positioning of the opponent’s defenders and goalkeeper, teammates’
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positioning, ball height, the body part used to hit the ball, and shot techniques (for example,
head or volley in soccer) [68]. These models utilize algorithms such as logistic regression or
neural networks and are trained on this data to predict dynamics [69]. Additionally, xG data
aids in analyzing team performance and individual players, creating a talent identification
profile for each, and monitoring players under various environmental and psychological
conditions during offensive phases [70,71]. Subsequently, the same algorithms used to
evaluate expected saves (xS) were employed to assess goalkeepers’ save performance [72].
Table 1 provides a brief overview of the described studies in this subsection.

Table 1. Summarizes the primary approaches, algorithms, learning tasks, and data sources discussed
in this section.

Application Domain ML Models Learning Task Data Sources

Tracking and Monitoring Random Forest, SVM, k-NN Classification, Regression GPS, IMUs, optical tracking outputs

Strategic Modeling Logistic Regression, Shallow
Neural Networks

Classification
(binary or multiclass) Event data, positional coordinates

Workload Estimation Linear and Nonlinear
Regression, Decision Trees Regression GPS, heart rate, accelerometers

Physiological State Prediction Linear Regression, Naïve Bayes Classification ECG, HR, recovery metrics

3.3. Deep Learning

Deep Learning (DL) is an ML subset that uses multi-layer neural networks to extract
features from datasets automatically [73]. Unlike traditional ML methods that rely on
manually engineered features, DL learns hierarchical feature representations directly from
raw data. Supervised convolutional neural network (CNN)- based human pose estimation
(HPE) models are trained on large-scale, manually labeled keypoint data. Once developed,
the trained models perform inference without human annotation [74,75]. This layered
CNN modeling approach enables frame-wise 2D joint localization and kinematic variable
extraction by analyzing high-resolution competition footage, breaking down HPE into
dimensions, collecting action data, and combining algorithmic analysis with scientific
research to evaluate performance. HPE networks, trained on diverse images, and open-
source software can expand human data datasets by enabling data collection in different
locations with minimal time and resources [76–79]. Additionally, it is possible to compare
athletes’ movements in the same sport to identify gaps and issues relative to those of
high-performance athletes [80]. Doing so will enable athletes to quickly provide feedback
and understand the training material more intuitively, thereby reducing injuries caused by
incorrect activities. In this DL-based layered neural network modeling context, models are
trained on datasets annotated with joint key point classes and positions, enabling posture
and movement classifications [81]. Most HPE tasks are based on supervised learning, in
which image data is manually labeled to train CNNs, and the trained network is then used
to process user-input images or videos. In this system, inevitable minor errors arise from
inherent noise in the training data [82].

The human body model, a key element for posture representation, can be skeleton-,
contour-, or volume-based and can describe kinematic properties, body shape, and joint
positioning. However, each method is used by specific solutions in action recognition,
image classification, object detection, segmentation, and determining which method is
more advantageous requires accounting for each system’s limitations [83,84]. YOLO (You
Only Look Once) is a DL–based object detection model that operates in real time, detecting
multiple objects in a single pass through the network, offering high speed and accuracy [85].
It divides the input image into a grid and, for each grid cell, predicts bounding boxes, object
class probabilities, and confidence scores simultaneously [86]. This object detection tool
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is used in canoeing as a competitive sport and in tennis to detect and track the paddle or
racket, guiding coaches to perform performance analyses based on their trajectories [87,88].

Yang et al. [89] proposed an advanced layered modeling approach in the basketball
video analysis. First, group and global motion features are extracted to express semantic
events. Then, the basketball game video is divided into three stages, and a strategy for
classifying basketball events is suggested that incorporates global group motion patterns
and domain knowledge. Yoon et al. [90] presented a new system that uses a CNN to
automatically recognize basketball players and their interactions with other players on the
floor, such as passes and interceptions, from basketball game video clips under unfavorable
lighting conditions with a constantly shifting camera viewpoint. Similarly, Newman
et al. [91] used the layered models to automatically determine the locations of American
football players on the field. Regarding the illustrated studies, a summary of their approach
and DL tool modeling is presented in Table 2.

Table 2. Deep Learning Models for Movement Assessment from High-Dimensional and Raw Data.

Application Domain DL Architectures Learning Task Input Data

Human Pose Estimation CNNs, Hourglass Networks, Framework Keypoint detection RGB video, multi-camera
Object Tracking YOLO, CNN-based detectors Object detection Sports video

Action Recognition 2D/3D CNNs Sequence classification Video clips
Performance Comparison Feature embedding networks Similarity learning Competition footage

3.4. Computer Vision

The early image extraction depended on image processing techniques [92]. Image
processing manipulates or enhances images at the pixel level by adjusting, filtering, and
transforming visual information [93]. In sports, image processing creates binary images,
Gaussian-filtered images, and spatial feature maps for kinematic analysis, motion recogni-
tion, object recognition, and tracking [94,95]. For example, image processing technology
was used to track soccer motions with a single camera to improve efficiency in virtual
sports [96]. These methods help technicians extract information relevant to their goals
without providing feedback, learning from data, or making informed decisions.

On the other hand, with advances in computational tools beyond traditional image
processing, Computer Vision (CV) has emerged as a broader field encompassing these
techniques. CV focuses specifically on enabling machines to interpret and understand visual
information, often integrating ML and DL models for higher-level inference. CV algorithms
perform object detection, tracking, and pose estimation from visual inputs and learning
from previous data [97]. Moreover, data-driven learning advances CV using analytics and
ML or DL [98]. For instance, contact-free, camera-based multi-athlete detection and tracking
are now possible mainly due to ML innovations in CV, especially advances in artificial
CNNs used for image or video analysis [99]. Figure 3 shows a diagram of a computer vision
AI workflow, which, in this example, involves a visual dataset of racket sport ball detection
with different colors and shapes. It learns patterns directly from images through data-
driven learning and extracts hierarchical features across multiple image layers. Early layers
identify edges, colors, and shapes, while middle layers detect dimples, smoothness, holes,
and formation. Deep layers, on the other hand, recognize overall patterns of object types.
These features enable CV tasks such as object detection, segmentation, and classification.
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Figure 3. The computer vision AI workflow diagram illustrates how visual datasets facilitate data-
driven learning, enabling deep learning’s convolutional neural networks to be trained across early,
middle, and deep layers, thereby learning patterns and features essential for key computer vision
tasks such as object recognition, segmentation, and classification.

HPE is a CV task that uses DL models to determine the positions of various body
parts and key landmarks in a 2D or 3D space from camera-acquired visual data [100].
The methodology has evolved from the earliest simple convolutional neural networks to
modern, complex CNNs capable of learning and generalizing complex features such as lines,
edges, and silhouettes to new data [101]. Additionally, most HPE frameworks are trained
to analyze specific parameters, such as musculoskeletal disorders related to human organs,
in both real-time and offline settings, providing efficient solutions for applications such
as fitness tracking, gesture recognition, and augmented reality. This enables HPE systems
to function as CV–based analytical tools [102,103]. Thus, many studies have used ML and
CV tools, advanced by data-driven learning, to improve tracking and kinematic analysis in
sports science, enabling joint monitoring and developing training programs [104,105]. For
example, joint angular measurements are a method several studies rely on to validate these
variables via HPEs. The knee flexion and extension angles were measured during Hurling,
and the data were compared with those of IMUs attached to the players. The results show
that measuring these variables can support monitoring players’ physical behavior and
performance [106]. In studies on skiing, ML models were proposed to analyze poses in
sports videos and classify them as “sufficient” or “insufficient” to provide feedback to
Ski Athletes [107,108]. The system begins with trajectory extraction, in which a human
detector identifies all humans at the start of a sports video and assigns a frame to each
person throughout tracking, and automates this entire process by detecting key points
of the athlete, as well as ski trips and trails. In this case, the athlete will be alerted, and
a visual example of a sufficient position will be shown. They defined three types of bad
skiing poses: bending the hips, crossing the snowboards, and bending the knees. In ski
jumping, the success of a jump depends heavily on the athlete’s posture. Usually, coaches
analyze recorded jumps by manually selecting frames, noting pertinent key points, and
then computing flight characteristics using these hand-annotated key points.

Moreover, studies have used DL and CV tools to analyze players’ behavioral patterns,
biomechanics, and sports analytics, with a focus on skeleton analysis through HPE and body
orientation analysis. Pinheiro et al. [109] analyzed soccer penalty kicks and the goalkeeper’s
movements between when the penalty taker starts running towards the ball and when they
first touch it. They demonstrated that HPE-based body-orientation analysis was reliable and
applicable to penalty-kick analysis, thereby improving the prediction of goalkeeper strategy.
Some studies have shown that training convolutional neural networks can achieve HPE of
soccer players using very low-resolution images. This is a significant achievement because,
in soccer matches, camera recordings are often positioned far from the pitch, resulting in a
relatively limited visual area that shows each player [110,111]. Additionally, a lightweight
DL-based player segmentation algorithm is proposed to recognize and segment basketball
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players and then extract their spatial properties using DL to realize player HPE [92,93].
Takeichi et al. developed a mobile application that analyzes videos of the lateral side
of the running form recorded with a smartphone to identify joint positions and specific
metrics, including step length, leg swing angle, trunk angle, arm swing angle, and vertical
oscillations. The running form is then evaluated by comparing the joint positions to
evaluation standards, and the outcome is sent to the smartphone [112].

Many studies used the integration of CV with ML or DL to evaluate tennis athletes’
posture during each ball shot, using RGB video (videos with pixels in red, green, and
blue). For example, some studies used the posture estimation approach to estimate joint
position coordinates from the RGB tennis images. Using an unsupervised method, the
joint position coordinates in each frame of the shot are categorized in real time, and this
information is combined with the shot position to create the feature vector. Using this
feature vector, the likelihood of a successful shot is estimated [113–118]. It is feasible to
extract and compare poses likely to appear in each situation, without assigning proper
labels, given the shot’s high likelihood of success and high probability of failure. These
results indicated a tendency for posture to appear different due to variation in shot success
rates under CV and unsupervised ML, as the latter extracted and compared poses without
labeled data [116]. Zhao et al. [119] demonstrated how to conveniently and efficiently
combine human running speed detection with HPE, using any kind of smartphones for
recording and a single computer for analysis. The speed detection system for running
utilizes a straightforward baseline technique to detect HPE before adjusting the treadmill
speed to achieve a running speed. For multi-person HPE, there are essentially two distinct
approaches: the top-down method, which identifies each person in the image individually
before estimating their poses, and the bottom-up approach, which first identifies key points.
Then they are assigned to specific individuals [120].

As explained earlier, the primary applications of AI in physical activities and sports
include human estimation and tracking in technical analysis, object tracking, team strategy
planning, and tactical analysis. More examples in individual tracking developed a brand-
new DL-based method using algorithms that take RGB as input, which they called POGARS
(pose-only group activity recognition system), yielding inferior results for identifying group
activities among volleyball players [121]. Using their posture key point estimates and
position tracks, they employed a 1D CNN to learn people’s spatio-temporal dynamics.
These types of studies help in understanding the causes of specific injuries and strategies
for risk reduction. In several martial arts, including boxing and taekwondo, it is feasible to
analyze a player’s patterns, identify their skills, and even predict their next move using
motion data. Wu and Koike presented a novel mixed-reality martial arts training system
that utilizes a DL-based real-time human pose-forecasting approach from RGB images.
Their training approach relies on 3D HPE with a residual neural network and input from
an RGB camera that captures the trainer’s motion. The virtual trainer and his anticipated
future position are visible to the student wearing a head-mounted display [122]. Elaoud
et al. aimed to identify the motion throwing in handball using RGB-D data. The handball
players’ performance during throws was compared and evaluated using an RGB-D dataset
introduced by the authors. To evaluate handball players’ throwing abilities, they examined
the central angles that influence performance. They used dynamic time-warping to compare
the throwing actions of the two athletes [123].

One of the biggest challenges in CV-driven sports analytics is estimating human poses
in ice hockey. This is due to a variety of issues, including bulky hockey gear, color similari-
ties between the ice and player jerseys, and the presence of other players’ sports equipment,
such as hockey sticks. Neher et al. presented a novel architecture, HyperStackNet, that
successfully improved hockey players’ HPE by identifying the joint locations of the hockey
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sticks [124]. A CNN named action recognition hourglass network (ARHN) was created by
Fani et al. [125] to analyze player actions in ice hockey videos. To enable action recogni-
tion, pose features extracted from hockey frames are incorporated into this network. The
system begins with a posture estimator that converts the characteristics into a reference
frame, enabling action recognition. Since there is no benchmark dataset for HPE or action
identification in hockey, an annotated dataset of hockey photos is created.

Given the disadvantages of marker-based MoCap, Ferryanto and Nakashima [126]
developed a markerless optical MoCap that uses only one underwater camera and can be
used by athletes and coaches for daily swimming training. The participants’ silhouettes are
created by segmenting the swimming images. To determine the rotation angle of each body
segment, a model was also made to help in tracking and posture estimation. A dynamic
study was conducted on the swimming simulation model, using the rotation angle and
center-of-mass velocity as parameters.

De Bock and Verstockt presented a video-processing pipeline for extracting riding
behaviors in cyclocross races. HPEs are first extracted from a video frame, and the pose
tracker combines them, applying post-processing to the resulting poses. This pipeline was
able to recognize and draw attention to unusual riding behavior [127].

Young et al. [128] proposed a method to assess the running gait by the identification
of the initial contact of the foot with the ground. Using a 2D video stream, they applied
object detection, tracking, and gradient analysis to identify the foot and its contact with the
ground via HPE. Needham et al. investigated the feasibility of accurately measuring the
center of mass and velocity during sprinting using HPE by comparing this approach with
marker-based MoCap, thereby demonstrating the potential of this method [129].

Zhang et al. [130] found that, in the presence of sufficient representative training
samples, discriminative techniques outperform generative ones. Therefore, they introduced
a new dataset containing challenging actions from Jazz and hip-hop dancing that are not
frequently used in the CV community, as well as martial arts actions, such as Tai Chi and
Karate. These actions feature more intricate poses than those found in traditionally created
repetitive actions, such as walking and jumping. As dance involves complex postures,
including self-occlusion and full-body rotation, Kim and Kim [96] developed an HPE task
that is unaffected by these elements. To attain similar goals, the AI tracking systems use a
back propagation neural network (BPNN) for each body joint to estimate human postures
using ridge data and data pruning, and it assesses learner dance time and correctness using
a dance teacher application, which will evaluate the dance performance by comparing the
learner’s dance features to the teacher’s dance features in an individual or group [131].

Ludwig et al. [132] proposed two techniques for self-supervised learning with a few
labeled images to train a network for HPE in a new sports domain, the triple jump. With
simultaneous training on labeled and unlabeled images, one method employs a mean-
instructor approach. The alternative technique generates pseudo labels, using a subset of
them for the initial training phase and labeled images for the final fine-tuning phase.

Edriss et al. [133] focused on the hip angle during the pike phase of the barracuda,
noting that a smaller angle allows swimmers to push higher for optimal points. Plus,
maintaining body alignment with minimal hip deviation relative to the shoulders and stable
feet, while keeping the execution leg vertically, helps keep the leg above the water surface.
One way that the studies use 2D pixel coordinates and video frames is by employing
formulas to compute body-part centroids (Equation (1)) and measure angles between
points (Equation (2)).

Xc = 1
N

n
∑

i=1
Xi,

Yc = 1
N

n
∑

i=1
Yi

(1)
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→
V1
= (x2 − x1, y2 − y1)

→
V2
= (x4 − x3, y4 − y3)

θ = cos−1(
→
V1

.→
V2

|
∣∣∣∣→V1

∣∣∣∣||∣∣∣∣→V2

∣∣∣∣| )
(2)

Figure 4 shows the HPE workflow. In order, data-driven learning uses large, annotated
datasets to capture human body patterns, after which a pose model is trained with DL to
map images to body or organ positions. The inference pipeline uses the trained model to
identify key points in new, unseen video frames. The athlete’s video input is then processed
through this pipeline, which aids in detecting frames and producing the new HPE output,
including estimated skeletons, joint angles, or movement information suitable for specific
performance analysis, such as body detection or 2D angular measurements.

Figure 4. Workflow of human pose detection, showing that data-driven learning is used to train a
pose model by detecting the regions of interest, which then operates through an inference pipeline to
analyze each video frame and generate the pose estimation.

To track and investigate pieces of sports equipment, such as balls, monitoring their
pathway or trajectory is a technique for recording a player’s power, strength, or accuracy
under different conditions. The required variables for performance analysis include ball or
batted ball trajectory, speed, spin, rotation, and accuracy in shooting or passing, as well
as match strategies in various sports such as handball, tennis, and ping-pong [134–136].
In addition, the Hawk-Eye system requires high-speed cameras (the number of cameras
varies by sport) to record ball movements using CV and geometric calculations. This
technology employs AI object tracking via CV and ML models to make precise determina-
tions [137,138]. CV aids in detecting and tracking the ball, identifying its position in each
frame, and creating an accurate 3D configuration. The geometric method determines 3D
information and converts it into a 2D plane. Primarily, Hawk-Eye was used to track the ball
movement in cricket broadcasts during the 2000s [139,140]. Then, Hawk-Eye technology
was introduced in sports officiating, including tennis, snooker, soccer, baseball, badminton,
rugby, basketball, ice hockey, and football, as well as pickleball [124], to verify whether
the ball had passed specific points or touched the outer boundary line. The sports feder-
ations validated Hawk-Eye through testing and certification, including the FIFA Quality
Programme for the Hawk-Eye system (Goal-Line Technology product), which ensures the
accuracy and reliability [141], the International Tennis Federation certified it in electronic
line-calling systems with high precision [124,125], and the International Cricket Council
validated the Decision Review System, particularly for leg-before-wicket decisions [142].

Compared to most major racquet sports, Padel matches have unique characteristics
that make it challenging for computers to perform crucial tasks, such as player track-
ing [143]. The game is almost always played in doubles, which raises the possibility of
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interplayer occlusion. Additionally, the playing field is surrounded by walls, including
glass walls that could reflect spectators or players, metal mesh panels over the glass walls
that partially obstruct some of the fields, and other structural elements that connect the glass
panels [144]. Javadiha et al. [145] compared state-of-the-art position estimation techniques
and proved that the top-down HPE technique obtained the best results.

Finally, for examples of AI benefiting strategy plans, it is used in performance analysis
as a foundational component of sports strategy planning and business claims and talent
identification, statistical analysis to provide the data and insights necessary for teams to
develop, implement, and adjust their strategies, which involves collecting, analyzing, and
interpreting a range of performance metrics [63,146]. By examining performance met-
rics, teams can identify emerging talents and assess their potential contributions to team
composition and succession planning. It ensures that teams invest in athletes who are
likely to succeed and contribute to long-term success. Sports technology and AI aid team
performance and individual biomechanical analysis during matches in a faster, more under-
standable, and easier manner. Table 3 summarizes the core of some CV tasks and classical
techniques used for movement analysis without relying on end-to-end deep learning.

Table 3. Computer Vision Tools for Movement Analysis without End-to-End Learning.

Vision Task Techniques Used Processing Objective Visual Input

Motion Extraction Optical flow, background subtraction Feature extraction Video frames
Multi-Item Tracking Kalman filters with classical detectors Object tracking Broadcast video
Object Segmentation Thresholding, Canny edge detection Segmentation Camera video

Pose-Based Kinematic Analysis CV + Pretrained HPE models Biomechanical analysis RGB/depth video

3.5. Natural Language Processing

Natural Language Processing (NLP) is an AI field that focuses on the computational
analysis of textual data, enabling machines to model, classify, and generate human lan-
guage meaningfully [147,148]. In the professional sports industry, text data recognition
was trained by using supervised learning through NLP. This algorithm was utilized by
various professional teams in American leagues, including football, basketball, baseball,
and hockey, to investigate and analyze the sports business [149]. NLP models process
volumes of unstructured text to extract sentiment trends and thematic patterns, providing
teams and organizations with actionable insights for communication strategies and per-
formance perception analysis. NLP models are trained through a lengthy process in sport
biomechanics, integrated with biomedical engineering, computer software, and applica-
tions in Chinese kinesiology. These studies aimed to examine athletic training organization,
sport-injury prevention, and rehabilitation [150]. Additionally, to assess sportive teaching
activities, NLP was used to analyze students’ evaluations of teaching to investigate the sen-
timent polarity and subjectivity in this context [151]. NLP, using DistilBERT (a lightweight
machine learning model), analyzes 2022 World Cup soccer tweets by tokenizing the text,
converting it into numerical representations, and using contextual token embeddings. The
Twitter API collects data, which is processed through Google Cloud tools for scalability. The
model classifies sentiment, filters noise, and produces results with a normal distribution
and few outliers [152]. These examples illustrate NLP applications for analyzing media
coverage, social media, team communications, and fan interactions to gain insights into
team dynamics and fan sentiment, as well as, in some cases, biomechanical aspects. Table 4
summarizes the approaches and tasks of studies used to introduce the target in communi-
cation enhancement with sport or clinical staff. NLP studies in sports are limited by the
scarcity of large, high-quality datasets compared to other industries, as well as the difficulty
of training models to understand complex sports jargon and real-time tactical nuances.
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These technical hurdles are further intensified by high implementation costs, a lack of
collaboration between tech and sports experts, and strict privacy concerns surrounding
sensitive athlete data [153].

Table 4. Natural Language Processing Applications for communication enhancement.

Application Domain NLP Models Learning Task Textual Data Sources

Sentiment Analysis BERT, DistilBERT Text classification Social media, reports
Biomechanics Knowledge Mining Topic modeling, embeddings Information extraction Scientific literature
Coaching and Teaching Evaluation Sentiment analysis models Subjectivity detection Student or athlete feedback

Communication Analysis Named-entity recognition Event extraction Team communication logs

3.6. Generative AI

Generative AI refers to a class of models capable of producing new data, and many
modern generative models fall into this category [154,155]. In the context of CV, it can
generate synthetic training videos, enhance game footage, and simulate player move-
ments to support strategy development. Additionally, NLP applications of generative AI
automatically generate match reports, player performance summaries, and real-time com-
mentary [156]. As illustrated in Figure 5, the integration of DL with CV and/or NLP models
constitutes the development of Generative AI. For instance, the amalgamation of CV and
DL tools previously described exemplifies a form of Generative AI. A representative case
of generative AI in sports involves generating synthetic movement data and data-driven
motion synthesis of athlete trajectories to support performance analysis and equipment
design. In sports science, generative AI models can be used to model and simulate athlete
movement patterns, thereby supporting injury risk assessment and enhancing performance.
By analyzing movement patterns using video processing and DL, it can generate realistic
simulations of techniques for designing footwear products exclusively for players [157].
These simulations and classifications by generative AI are an invaluable tool for coaches,
analysts, sports scientists, and engineers who aim to enhance training, improve tactical
decision-making, and design innovative products [158,159]. Generative AI is a rapidly
growing system of AI applications in sport-related studies [160]. The Venn diagram in
Figure 5 shows the relationships of trained models across different AI paradigms and
data-driven learning methods [161,162].

Figure 5. Relation between AI paradigms and data-driven learning approaches.
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4. Challenge and Limitations
Although AI is rapidly expanding into sports science, marketing, and movement

assessment, existing limitations constrain the robustness of current models and tools. For
example, markerless HPEs primarily serve to access skeletal data, although some studies
utilize them for biological assessments. Factors such as rapid and complex movements,
occlusions, motion blur, diverse camera viewpoints, lighting conditions, and sport-specific
equipment can significantly diminish joint localization accuracy, particularly in dynamic
and uncontrolled environments. Although acceptable agreement with gold-standard
systems has been reported under controlled laboratory conditions, it remains that, in
specific planar movements, the results are closely aligned with those standards [163].

Data quality and representativeness pose additional challenges. Many AI models are
trained on datasets lacking diversity regarding motor activity type, athlete characteristics,
and contextual factors, leading to dataset bias and limited generalizability [164]. Annotation
errors, imbalanced datasets, and dependence on benchmark data further exacerbate these
issues [165]. Consequently, models optimized for tasks or recording setups often struggle
to adapt across different sports, populations, or camera configurations, especially when
external validation is absent. As a result, reported accuracy metrics may overstate real-
world performance.

Practical limitations pertaining to computational demands and system complexity
also hinder widespread deployment. DL approaches typically necessitate substantial
processing power, high-quality video inputs, and specialized hardware, thereby restricting
real-time application and accessibility within practical settings. Additionally, the limited
interpretability of many AI models complicates their integration into coaching and clinical
decision-making processes, as ‘black-box’ predictions are challenging to translate into
actionable insights.

5. Conclusions
This literature review aims to outline the potential applicability of AI methods across

various fields with differing levels of complexity and to provide a comprehensive overview
of the application of video analysis and AI in sports and rehabilitation. AI methods deliver
kinematic analysis compared to traditional techniques. ML models can extract patterns
and predict performance metrics from sensor data; DL–based HPE enables automated joint
tracking from video without markers, CV facilitates offline or real-time, markerless analysis
of each frame, and NLP helps integrate unstructured textual and sensor metadata. Genera-
tive AI allows realistic simulation of movements to optimize technique or prevent injuries.
Currently, HPE systems are relatively new technologies for quantitatively measuring the
kinematics of human movement using relatively low-cost, simple cameras or smartphones,
leading to a new shift in how human movement is studied and evaluated. This technique
has only recently begun to be used in rehabilitation cases; therefore, users must understand
the potential and limitations of modern AI. Limitations and challenges arise in interpret-
ing emotional and cognitive states in the development of human–machine relationships,
particularly in psychology and emotional understanding. However, we believe that its
applications will continue to evolve in the upcoming years and that these technologies
will provide robust tools for capturing key features of human movement. As attention to
new AI technologies in sports performance or strategic plans, and clinical assistive tools
increases, Generative AI may offer additional opportunities in future research, most likely
as the next step in this field. Together, these AI approaches make kinematic assessment
faster, more accessible, objective, and scalable, enabling data-driven insights that were
previously impossible.
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