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Abstract:

Artificial intelligence and computer vision have made significant progress in recent decades, profoundly
impacting many scientific and professional disciplines, kinesiology included. The development of markerless
motion capture technologies has enabled precise tracking of kinematic and dynamic parameters of the
human body movements without the need for physical markers or complex equipment. These technologies
use advanced computer vision and deep learning algorithms to analyze human movements in real time,
allowing the quantification of biomechanical parameters such as joint angles, movement speed, stride length,
gait asymmetries, and complex movements such as jumping or running. Markerless technologies reduce
preparation and recording time and allow movement analysis in natural conditions, making them useful not
only in laboratory but also in clinical, sports, rehabilitation, and everyday settings. The use of smartphone
video recordings further facilitates the availability and implementation of these systems. However, the
application of markerless technologies to complex three-dimensional movements, such as trunk rotations
or upper limb activities, remains a challenge. The accuracy of these systems depends on various factors,
including movement type, number of cameras, recording quality, and lighting conditions. Advances in deep
learning and computer vision allow continuous improvement in reliability, making these systems more
competitive with the traditional marker-based methods. Markerless technologies have significant potential in
rehabilitation and sports performance optimization, but further development is needed regarding validation
standardization and algorithmic robustness. This paper aims to show how markerless technologies enable
new approaches in the analysis of human movement, exploring their advantages, challenges, and potential
for further development in kinesiology.
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Introduction

Artificial intelligence (AI) and computer
vision have significantly advanced many scien-
tific and professional disciplines in recent decades,
including kinesiology, where the application of
advanced technologies for human movement anal-
ysis has proven to be crucial for the further devel-
opment of therapeutic and sport-related methods.
One of the most significant technological advances
in this domain is the development of markerless
motion capture systems, which allow for precise
tracking of human kinematic and dynamic move-
ment parameters without the need for traditional

marker-based methods. Markerless technology is
based on computer vision and deep learning, which
allows for real-time analysis of human movement
with minimal requirements for complex and expen-
sive equipment (Bae, et al., 2024; Cao, Hidalgo,
Simon, Wei, & Sheikh, 2021). Traditional methods
of movement analysis rely on the placement of phys-
ical markers on the participant’s body, which can
be invasive, time-consuming, and limited in terms
of accessibility and his/her mobility . Markerless
technologies, on the other hand, eliminate the need
for physical markers, thereby enabling non-invasive
movement data collection, often in natural settings
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outside the laboratory—in clinical, sports, reha-
bilitation, and everyday contexts. This innovation
significantly reduces preparation and recording
time, making biomechanical analysis more acces-
sible to a wider population, including patients,
athletes, and individuals undergoing rehabilitation
(Uhlrich, Falisse, Kidzinski, Muccini, & Ko, 2023).

Although markerless systems have already
presented high accuracy in simple movements
recordings, such as walking and squatting, their
application to more complex three-dimensional
movements, such as trunk rotations or upper limb
activities, is still a challenge. The accuracy of
these systems often varies depending on the type
of movement, the algorithm used, the number of
cameras, and the lighting conditions (Liu, et al.,
2013). Despite these challenges, advances in the
development of algorithms based on deep learning
and computer vision has provided increasingly reli-
able markerless technologies, making them compet-
itive with the traditional marker-based systems (Li,
et al., 2021). However, comprehensive synthesis of
current applications, accuracy, and methodological
limitations in kinesiology is still lacking. Marker-
less technologies have shown significant potential
in both clinical and sports settings. In rehabilitation,
they support precise biomechanical analysis for
patients with neurological disorders such as Parkin-
son’s disease, where detailed assessment of move-
ment patterns enables the development of personal-
ized therapeutic protocols. In sports, these technolo-
gies facilitate the monitoring of athletes’ progress,
optimization of training, and injury prevention,
thereby improving performance and reducing risk
(Colyer, Evans, Cosker, & Salo, 2018). However,
challenges remain, including reduced accuracy
in low-light conditions, occluded body parts, or
complex movements. Variability between different
recordings (inter-trial and inter-session variability)
also indicates the need for further improvement of
these systems (Nakano, et al., 2020). Future devel-
opment should focus on validation and standardiza-
tion of methodologies, integration with multi-sensor
systems, and improving algorithmic robustness to
external factors (Ripic, et al., 2023a).

Therefore, this review aims to summarize the
current applications of markerless motion capture
technologies in kinesiology, emphasizing their
advantages, limitations, and potential for further
development in research, rehabilitation, and sports
performance optimization.

Materials and methods

This review was conducted in accordance
with the Preferred Reporting Items for Systematic
Reviews and Meta-Analyses (PRISMA) guidelines
(Moher, Liberati, Tetzlaff, & Altman, 2009), and
therefore no ethics approval was required.

Search strategy

The databases searched were PUBMED and
Google Scholar (advanced search). A total of 200
papers were identified using keywords combined
through four Boolean algorithms applied to both
databases. The keywords employed in multiple
combinations for the literature search were as
follows: “markerless”, ‘“technology”, ‘“kinesi-
ology”, “kinesiology analysis”, “movement”,
“rehabilitation”, and “marker-based vs marker-
less”. English was activated as a language filter, and
no limitations were applied concerning the publica-
tion date of the scientific articles.

Eligibility criteria

Studies were considered eligible if they
addressed the use, validity, or reliability of mark-
erless motion capture or related imaging technolo-
gies in kinesiology, sports science, rehabilitation, or
human movement analysis. Articles were required
to be published in English and available in full text.
Duplications were identified within the records,
including duplicates between databases and internal
duplicates where the same research was published
in more than one format.

Study selection

After removing duplicates, 120 papers remained
for screening. The screening procedure involved
checking abstracts and titles for relevance to the
review topic. No papers were excluded at this stage.
The remaining 120 papers were assessed against
inclusion and exclusion criteria, and 47 papers were
deemed eligible for inclusion. Reference lists of the
included papers were also examined to identify
additional relevant studies.

Data extraction and synthesis

Data from the included studies were extracted
and summarized to provide a comprehensive over-
view of markerless motion capture applications
in kinesiology. Extracted information included
study objectives, technologies used, analytical
approaches, and key findings related to technology
accuracy, validity, and applicability.

In addition, reference lists from papers that
met the inclusion criteria were further examined
to identify any additional relevant studies, which
are presented in the PRISMA flow chart (Figure 1).

Results

All the studies included in this review are listed
in Table 1, which provides an overview of partici-
pants, applied systems, motion types, and key find-
ings across various contexts.

The results are presented according to four main
topic domains identified through the systematic
search: (1) applications in sports and kinesiology, (2)
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Records identified from*:

Databases Records removed before
PubMed (n =85) ] S e[fmrl,'gét - »
Google Scholar (n =115) _é’g' € records removed (n
Total (n = 200) =80)

Records screened »| Records excluded

(n=120) (n=0)

!

Reports sought for retrieval

5| Reports not retrieved

(n=120)
I

Reports assessed for eligibility
(n=120)

Studies included in the review
(n=47)

(n=0)
Reports excluded:

- 5 Reason 1: not about
markerless technology
(n=25)
Reason 2 not about

kinesiology (n =48)

Figure 1. PRISMA flow chart outlining the identification process of the included studies.

Table 1. Characteristics of the studies included in the review (n=47).

Author (year) Participants

System / Method

Application / Motion type

Key findings

Badiola-Bengoa

Camera-based

Synthesizes methods, datasets,

& Mendez-Zorrilla 20 rglevant HPE (OpenPose: Sports & phy3|ca_l act_lVlty —  accuracy, and_qhallenges; ca_IIs
studies . posture/pose estimation for sport-specific data and tailored
(2021) customized methods)
approaches.
Ergo (deep-learning 3D Concurrent validity and test-retest
Bae et al. (2024) n=71 magrkerlesZ) vs mar?(er— Overhead squat — whole- reliability supported; potential
’ (25 F, 46 M) based body kinematics utility in clinical, rehabilitation,
sports, and ergonomics.
Proof-of-concept indicating
Balsalobre- n=1 My Jump Lab iOS app  Countermovement jump potential validity/reliability of
Fernandez (2024) n =1 small + force plate height (real time) Al smartphone app for CMJ-h

monitoring.

Bortone et al. not specified

3D gait analysis +
ANN (artifical neutral

Parkinson’s classification
(Gait Variables Score, Gait

Best classification accuracy
95.05%; supports ANN-based

(2017) network) E;?::ﬁest;?sr)e‘ spatiotemporal clinical decision-making in PD.
Boswell et al n =86 2D/3D video V\,{(a,lk,-lggs\i,vol:,h;gog Feasible prediction of peak KAM
’ (64 knee OA, 22 landmarks; neural progressi 9 . from 2D frontal video; supports
(2021) . modifications — predict peak R
without OA) networks KAM low-cost kinetic inference.
Good correlations for basic
Clark et al. (2013) n =21 Microsoft Kinect vs 3D Spgtlotemporal galt . spa.tlo.temporal metrlcs; some
reference variables; gait kinematic data deviations—needs refinement for
certain conditions.
_ . L . . Accurate simulation platform for
Delp et al. (2007) n = 1 OpenSim (open-source Dynam|(.: simulation (stiff- biomechanics, medicine, and
n=1small software system) knee gait example)

rehabilitation research.
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Author (year) Participants System / Method Application / Motion type  Key findings
Gait kinematics & kinetics Accurate estimates outside the
Dorschky et al. _ . e ; .
n=10 Inertial sensors (joint angles and moments,  lab; supports real-world gait
(2019) ;
movement speed, GRF) analysis.
Microsoft Kinect Spatiotemporal qait Accurate speed/stride metrics;
Eltoukhy et al. =20 (treadmill) + real-time srameterz + 'oi%t useful joint-angle information;
(2017) estimation alghoritms p ] markerless treadmill assessment

for kinematic data

kinematics

feasible.

Espitia-Mora et
al. (2024)

does not involve
work with human
subjects

Low-cost RealSense
depth camera +
computer vision

Anthropometrics & joint
angles (static/dynamic)

Max relative error 7.6%
(anthropometrics); step length
max rel. error 11.2%; average
joint-angle errors ~9—10%.

Fang et al. (2022)

standard
datasets such
as COCO, MPII,
and PoseTrack

AlphaPose (whole-
body, multi-person)

Real-time pose estimation/
tracking

High accuracy and speed;
outperforms prior methods on
standard benchmarks.

New Corelation

More robust/precise waveform

Ferrari et al. o Coefficient CMC Cross-protocol waveform L . .
not specified : . LT ) similarity across different motion-
(2010) formulation + motion comparison; kinematic data .
. analysis protocols.
analysis protocols
i e-1
Fukuchi et al. _ Vicon Motion Capture Runnlng_at 2'5/3'5/4'.5 ms Public dataset enabling method
n=28 — lower-limb kinematics/ ; .
(2017) System L testing, education, and research.
kinetics
n =19 (people Microsoft Kinect Clinical spatlotem‘poral g.alt Good overall correlations; larger
Galna et al. . : , parameters and kinematic .
with Parkinson’s sensor vs marker- . . ) \ errors at low speeds/irregular
(2014) ) ) . variables in Parkinson’s
disease) based motion analysis . movements.
disease
adolescent 2D Al-based model vs . . .
Haberkamp et al. athletes 3D and traditional 2D Single-leg squat — hip/knee/ 2D Al valid for most angles; less

(2022)

n = not specified

kinematic systems

ankle/pelvis angles

accurate for some joints/planes.

Jump/landing —

Reduced control and increased

Hewett etal. n = 205 females Vicon Motion Capture neuromuscular control & valgus loading predicted future
(2005) System o .
knee valgus ACL injury risk.

Smartphone-based Promising, but errors exceeded

Horsak et al. _ markerless motion 3D lower-limb kinematics — L 9 ) .
n=21 - . clinical thresholds; algorithms
(2023) capture (OpenCap) vs  healthy & pathological gait :
need improvement.

marker-based
Horsak et al 3D markerless motion Higher inter-trial variability in
(2024) ' =18 capture (OpenCap) vs Inter-trial variability in gait markerless; implications for post-

marker-based processing.

Marker Motion Accurate flexion; poor accurac
Hume et al. n=8 Recording System vs  Knee rotations/translations for varus—val us’ gnd translatio};ls
(2018) High-Speed Stereo during various activities 9

(normalized RMSE > 1.0).

Radiography System

n = Pathological

group: 114 I0S TDPT-GT High classification accuracy;
. patients; smartphone app + Distinguish pathological vs "9 . . uracy;

Iseki et al. (2023) . . ) simple non-invasive clinical

Control group: deep learning-based normal gait recordin

160 healthy algorithm 9

volunteers

Iskakov et al.
(2019)

does not involve
work with human
subjects

Learnable triangulation
(algebraic & volumetric)

3D joint coordinates
estimation from multi-view
2D

Higher accuracy with fewer
cameras; reduced system
complexity/cost.

Joo et al. (2015)

not specified

Panoptic Studio
System (480
synchronized cameras)

Multi-person social motion
capture; 3D joint coordinates
& motion kinematics

Full-body reconstruction for >5
people during natural interactions
without markers.

Kanko et al.
(2021a)

n=>55

Theia3D markerless
motion capture vs
marker-based &
pressure mat

Spatiotemporal gait
parameters

Good to excellent agreement
for most metrics; exceptions for
stance/double support/stride
width.
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Author (year) Participants System / Method Application / Motion type  Key findings
Markerless motion Inter-session repeatability - . .
Kanko et al. n=28 capture (Al techniques/ of gait kinematics and High inter session repggtablllty,
(2021c) - . . supports clinical feasibility.
computer vision) spatiotemporal variables
Kanko et al Markerless system High correlations across key
’ n=30 (Al-based) vs marker-  Gait kinematics parameters; supports clinical
(2021b) "
based utility.
Kidzinski et al. B 3D Motion Capture + Clinical gait quantification Accurgte quantltatlve_analylsm
n=1014 . : (speed, cadence, knee from single-camera videos;
(2020) single-camera videos . - . - S
angle, Gait Deviation Index) increases clinical accessibility.
Markerless Theia3D Larger position errors at elbow;
Lahkar et al. n=3 (10 cams) vs marker- Upper-limb boxing better shoulder accuracy;
(2022) based (12-camera kinematics excellent segment-velocity

optoelectronic)

agreement.

Li et al. (2021)

not specified

3D vision sensor

Real-time snowboarder
motion tracking

Precise, efficient real-time
tracking; potential for winter-sport
analysis/training.

Multiview image

Coordinates and movement

Accurate 3D motion of multiple

Liu et al. (2013) n=2 segmentation of the skeleton !ndlwdu.als during complex
interactions.
Nakano et al. B OpenPose (multi- Accuracy of 3D joint Mean error ~1.3_ cm; adding
n=10 camera) vs marker- . cameras (1—3) improved
(2020) coordinates
based accuracy.
Needham et al. B OpenPose / AlphaPose 3D joint-center localization Systematic deviations at hlp/kpee;
n=10 / DeepLabCut vs : ankle errors 1-15 mm depending
(2021) (walk/run/jump) o
marker-based on activity.
Deep learning-based . o
Needham et al. _ fully automated Lower-limb joint angles (run/ High agrger_’nent, differences
n=15 . largely within marker-based
(2022) markerless (200 Hz) vs  walk/jump) o
uncertainties.
marker-based
Parati et al. n= 25 (p?OpIe, FeetMe® pressure Spatiotemporal gait in single High validity/reliability (r > 0.9 vs
with Parkinson’s . )
(2022) ) insoles + app and dual-task treadmill).
disease)
Microsoft Kinect vs Moderate kinematic correlations;
Pfister et al. _ ) : Spatiotemporal & kinematic  Kinect acceptable for simpler
n=20 Vicon 3D motion ) g :
(2014) gait parameters uses; Vicon remains gold

capture

standard.

Ray et al. (2024)

not specified

Marker-based motion
capture vs markerless

3D joint-coordinate accuracy

across scenarios

Accuracy declines >10 cm with
loose clothing; markerless more
economical; smartphones usable.

Remedios &

2D video + machine

Functional tests (single-leg
squat, step-down); accuracy

2D markerless + machine learning

Fischer (2021) n =46 learning algorithms and precision of movement e]‘fectively rates te§t performance;
(e.g., AdaBoost) simple and accessible.
measurements
n=57
n =20 HYA High agreement for
Ripic et al. n =20 HOAs Markerless Al vs Spatiotemporal & kinematic  spatiotemporals; caution with
(2023b) n=17 marker-based system  gait parameters event detection due to residual
Parkinson’s errors.
disease
KinaTrax Al-based Overground gait — multiple Strong agreement for speed/
Ripic et al. (2022) n =22 system vs markers/ stride/time; some parameters less
parameters
force plates accurate.
Commercial High agreement for some
Ripic et al. n=35 multichannel 30 waveforms (coordinates/ parameters; notable differences
(2023a) markerless vs marker- segment and joint angles) in others (processing/technical
based limits).
RGB markerless Markerless + modeling can
Ripic et al. not specified motion capture + 3D joint kinematic data; gait accurately predict kinetics;
(2023c) musculoskeletal kinetics (GRF/GRM) promising for clinical/research

modeling

use.
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Author (year) Participants System / Method

Application / Motion type

Key findings

Interval Particle Filter
algorithm

Saboune &

Charpillet (2007) "t specified

3D pose reconstruction for
gait

Promising agreement vs marker-
based; practical with conventional
cameras.

Markerless motion
capture vs marker-
based

Song et al. (2023) n =20

Various movements (walk/
run/squat/jump/stairs) —
kinematics & kinetics

Kinematic/kinetic measures
comparable with small deviations;
practical alternative.

Markerless motion

High reliability in both settings;

Tamura et al. n=10 capture vs marker- Flat vs treadmill walking - small deviations; clinically useful
(2020) P trunk/hip/knee angles : ’ y
based alternative.
Torvinen et al. _ Markerless Skiing gliding technique (G1/ P.romlsmg 3D kinematics Wlt.h
n==6 DeepLabCut vs ) high agreement vs markers in
(2024) G3) on treadmill . .
marker-based treadmill skiing.
Turner et al. B OpenCap vs Return-to-sport. tasks (jump/ High sgglttal-plan.e agrgement;
n=20 . hop/lateral-vertical) — lower-  potentially useful in clinical/sport
(2024) optoelectronic system . .
limb angles settings.
. . OpenPose differences
Van Hooren et al. runners OpenPose (existing) &  Running at 2.78 & 3.33 m/s comparable to other method-vs-

DeepLabCut (custom)

(2023) vs marker-based

n = not specified

— sagittal hip/knee/ankle
kinematics

marker differences; DeepLabCut
needs tuning.

Microsofr Kinect™ vs

Xu et al. (2015) Optotrak 3D

n=10

Treadmill walking —
spatiotemporal & kinematic
parameters

High correlations for
spatiotemporals; lower accuracy
for joint angles (esp. ankle).

applications in rehabilitation, (3) additional inter-
disciplinary uses, and (4) studies addressing the
validity and reliability of the markerless systems
compared to the marker-based approaches.

Applications in sports and kinesiology

Markerless technologies use specialized soft-
ware tools that allow three-dimensional move-
ment tracking and precise mapping of kinematic
and kinetic data. These technologies are becoming
the standard for movement assessment in athletes,
individuals in rehabilitation, and general health,
as they enable accurate progress monitoring and
treatment optimization. In kinesiology, they allow
coaches and athletes to analyze sports movements
such as running, jumping, and weightlifting, to
identify asymmetries or abnormal load patterns,
and to implement targeted changes to reduce injury
risk and optimize performance. Understanding the
biomechanics of the human body is essential for
improving sports performance (Cardinal, Kang,
Farnsworth, & Welk, 2015). One of the pioneering
studies in this field was conducted by Saboune and
Charpillet (2007), who developed a method for
tracking human movements with a single camera
using the Interval Particle Filter (IPF) algorithm,
enabling real-time motion tracking without markers
and proving suitable for real-world applications.

Among modern systems, DeepLabCut and
Epipolar Transformers use deep learning to analyze
movements from multiple angles and track body
segments with high precision (He, Yan, Fragki-
adaki, & Yu, 2020; Mathis, et al., 2018). Several
studies have applied 3D sensor systems to analyze

skiing and other dynamic sports movements,
demonstrating real-time motion capture accuracy
within acceptable error margins (2-7°) (Hewett,
et al., 2005; Li, et al., 2021). These findings are
summarized in Table 1, which provides an overview
of systems, sample populations, and key biomechan-
ical outcomes. OpenCap has also proven valid for
capturing lower-limb kinematics during athletes’
return to sport (Turner, Chaaban, & Padua, 2024).

Research comparing markerless and traditional
multi-camera systems confirmed similar accuracy
in tracking running parameters such as speed, step
height, and limb coordination, supporting the appli-
cability of markerless methods in sports biome-
chanics (Van Hooren, Pecasse, Meijer, & Essers,
2023). This growing integration of artificial intelli-
gence and computer vision highlights the expanding
role of kinesiologists, whose expertise in inter-
preting biomechanical data and collaborating with
multidisciplinary teams has become increasingly
important (Seo, 2023).

Applications in rehabilitation

The use of modern technologies is becoming
an increasingly important aspect of therapeutic
procedures for patients with neurological and
orthopedic impairments. Advanced biomechan-
ical analysis methods enable the optimization of
interventions based on detailed data on motor
function (Smith, Boyd, Bhatta, & Smith, 2023).
Marker-free systems ensure non-invasive moni-
toring of long-term progress and real-time adapta-
tion of therapeutic exercises, improving patients’
comfort and simplifying evaluation. These tech-
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nologies allow continuous assessment of post-
operative recovery and motor function, enabling
therapists to accurately analyze changes in move-
ment patterns and tailor treatments to individual
needs. Automated analysis further reduces assess-
ment time and improves accuracy. The implemen-
tation of marker-free imaging systems is essential
for the objective evaluation of patients with injuries
or neurological disorders, facilitating identification
of dysfunctional movement patterns, compensatory
mechanisms, and asymmetries. Butow and Hoque
(2020) emphasized the role of artificial intelligence
in improving diagnostic and therapeutic approaches
through automatic segmentation, prediction, and
analysis of key biomechanical parameters.

Several studies confirmed the effectiveness of
markerless systems in rehabilitation. Dai, Butler,
Garrett, & Queen (2014) demonstrated that ground
reaction force analysis can predict biomechanical
changes after ACL reconstruction. Lam, Tang, &
Fong (2023) highlighted the role of non-invasive
technologies in evaluating patients after neuro-
logical and orthopedic procedures, emphasizing
their accuracy in monitoring recovery. Maudsley-
Barton and Yap (2024) applied these systems in
fall risk assessment, enabling early detection of
unsafe movement patterns and optimizing preven-
tion strategies.

Artificial intelligence-based systems such
as OpenPose (Cao, et al., 2021), DeepLabCut
(Mathis, et al., 2018), and AlphaPose (Fang, et al.,
2022) allow precise real-time tracking of anatom-
ical points and adaptation of treatment to indi-
vidual needs. Boswell, et al. (2021) and Kanko,
et al. (2021a) demonstrated the potential of neural
networks and gait algorithms to predict knee
loading, detect degenerative changes, and dynam-
ically monitor therapy effects. Briggs, et al. (2018)
and Christiansen, Bade, Judd, & Stevens-Lapsley
(2011) further confirmed the clinical applicability
of markerless systems in detecting biomechanical
abnormalities and monitoring sit-to-stand transi-
tions after orthopedic procedures. Together, these
findings confirm the growing clinical relevance of
Al-based markerless motion analysis for both diag-
nostic and therapeutic purposes.

Additional interdisciplinary applications

Markerless technologies, which allow tracking
of human movements without traditional markers,
have been widely applied in sports, rehabilitation,
ergonomics, biomechanics, and physical activity
optimization. Their ability to provide accurate and
ecologically valid data in real-world conditions
has increased their practical relevance. Studies
have shown that combining artificial intelligence
(Al) with markerless systems improves move-
ment analysis and supports informed decision-
making in both sports and rehabilitation contexts

(Fukuchi, Fukuchi, & Duarte, 2017; Zhang, et al.,
2022). Recent research indicates that integrating
augmented reality with Al can enhance analyt-
ical capabilities, enabling more advanced assess-
ment of biokinematic parameters and deeper under-
standing of physiological, mechanical, and neuro-
logical factors influencing movement (Brown, et al.,
2023). Dorschky, Nitschke, Seifer, van den Bogert,
& Eskofier (2019) demonstrated that integrating
inertial sensors with musculoskeletal models allows
for detailed analysis of gait kinetics and kinematics,
providing essential information for optimizing
rehabilitation and performance. Similarly, Karat-
sidis, et al. (2019) confirmed the usability of iner-
tial motion capture in real-world, outpatient envi-
ronments, expanding accessibility beyond labora-
tory settings.

Advances in deep neural networks have further
improved motion analysis. Kidzinski, et al. (2020)
demonstrated that video from a single camera can be
used for quantitative movement analysis, enabling
accurate real-time measurements with minimal
technical requirements. Markerless systems have
also been used to track animal movements in natural
settings, as shown by Labuguen, et al. (2021), facili-
tating behavioural analysis in ecology and zoology.
In medical education, integrating markerless tech-
nologies enables students and practitioners to
better understand biomechanics through real-time
analysis of human movement (Lee, 2023). In clin-
ical applications, Ripic, et al. (2023b) and Ripic,
Signorile, Kuenze, & Eltoukhy (2022) demon-
strated that markerless systems accurately assess
gait parameters such as step length and symmetry
in both healthy and neurologically impaired popu-
lations. Moreover, Espitia-Mora, Vélez-Guerrero, &
Callejas-Cuervo (2024) developed low-cost systems
using affordable cameras and sensors to quantify
key anthropometric parameters, expanding acces-
sibility to resource-limited settings.

Considering all these advantages and possibili-
ties, markerless technologies continue to grow in
importance, because they enable precise and afford-
able analysis of human movement in various scien-
tific, medical, and educational disciplines.

Validity, reliability and comparison with
the traditional marker-based methods

Validation and reliability are essential factors
in assessing the applicability of markerless motion
capture (MMC) technologies in kinesiology.
Numerous studies have shown that the MMC
systems demonstrate strong correlations with the
marker-based systems, such as Vicon and Qualisys,
confirming their validity and reliability in analyzing
kinematic parameters (Horsak, et al., 2023; Li, et al.,
2021). Across studies, mean absolute errors (MAE)
and root mean square errors (RMSE) typically
ranged between 2° and 7°, depending on the joint
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and movement analyzed (Song, Hullfish, Scattone
Silva, Silbernagel, & Baxter, 2023; Tamura, Tanaka,
& Kawanishi, 2020). Theia3D demonstrated the
highest accuracy, with deviations of less than 2°
compared to the marker-based systems, while
OpenPose and other 2D-based systems performed
reliably for sagittal plane movements but showed
slightly reduced accuracy in frontal and trans-
verse planes (Torvinen, et al., 2024). Several vali-
dation studies emphasized the impact of recording
conditions, such as camera positioning, lighting,
and frame rate, on data quality (Pfister, West,
Bronner, & Noah, 2014). Despite these challenges,
deep learning-based systems continue to improve
through algorithmic refinement and larger training
datasets. Systems such as OpenCap and AlphaPose
have shown strong concurrent validity and relia-
bility in lower-limb analyses, particularly during
gait, squatting, and jumping tasks (Mathis, et al.,
2018; Turner, et al., 2024).

Markerless systems also demonstrated prom-
ising reliability in real-world conditions. ICC values
above 0.85 and correlation coefficients exceeding
0.9 were commonly reported, confirming their
reproducibility for joint kinematics (Li, et al., 2021,
Van Hooren, et al., 2023). For example, Van Hooren,
et al. (2023) reported that the markerless technology
provides comparable results to the marker-based
systems in measuring running kinematics. This
consistency highlights the readiness of marker-
less systems for application in applied kinesiology,
sports performance monitoring, and rehabilitation.

Overall, validation results confirm that marker-
less technologies represent a credible alternative to
traditional marker-based systems. Continued algo-
rithmic improvements, better environmental cali-
bration, and standardization of validation method-
ologies will further enhance their precision and reli-
ability across diverse movement tasks.

Marker-based motion capture methods involve
placing physical markers on the body, which can
be impractical and may require specific conditions,
such as stable lighting and appropriate camera
distance. These methods often limit the natural-
ness of movement and the flexibility of analysis.
In contrast, the markerless technology does not
require external markers, allowing greater freedom
of movement and a more natural approach to motion
analysis, making it suitable for diverse environ-
ments. Comparisons between traditional marker-
based techniques and markerless systems show
that the newer approach offers significant advan-
tages, particularly in convenience and data acces-
sibility. Kessler, et al. (2019) reported that marker-
less systems achieve high precision in movement
analysis while reducing the complexity of data
collection, thus facilitating continuous monitoring
in sports and rehabilitation contexts. Because mark-
erless systems do not depend on external markers,

their use in natural settings, such as everyday activ-
ities, is more practical. Kidzinski, et al. (2020)
demonstrated that deep neural networks can analyze
motion from single-camera video recordings,
enabling accurate tracking of movements in real-
world conditions. This approach offers flexibility
and strong applicability in kinesiology, including
sports performance monitoring and rehabilitation
assessment. Ray, Zhou, Suh, & Lukowicz (2024)
compared marker-based and markerless methods
under varying conditions, such as looser clothing
and different camera configurations, and found
comparable accuracy between the systems.

Markerless technology thus combines flexi-
bility, convenience, and high precision, making it
highly suitable for kinesiological applications in
both the clinical and sports environments.

Discussion and conclusion

The reviewed studies collectively affirm the
practical value and growing reliability of the mark-
erless motion capture (MMC) technologies in kine-
siology. Across the analyzed sources, systems such
as OpenPose, Theia3D, and other 2D/3D solutions
consistently demonstrated strong correlations with
the traditional marker-based systems like Vicon.
Reported error margins were generally within
acceptable thresholds—Iess than 10° for joint
angle estimations—with the root mean square error
(RMSE) and mean absolute error (MAE) most often
ranging between 2° and 7°, depending on the joint
and movement analyzed. Theia3D emerged as one
of the most accurate and stable systems, showing
less than a 2° difference compared to Vicon across
multiple planes of motion. OpenPose and similar
2D-based systems also performed reliably, particu-
larly in sagittal plane movements, though slightly
reduced accuracy was observed in frontal and trans-
verse planes and during fast, complex motions.
Depth camera systems and i0S-based motion anal-
ysis applications provided moderate accuracy but
were highlighted for their accessibility and field
applicability.

Most studies emphasized the influence of
recording conditions—Ilighting, camera placement,
and clothing—on output quality. While marker-
less systems reduce preparation time and partic-
ipant discomfort, challenges remain in tracking
occluded joints and minimizing background inter-
ference in uncontrolled environments. Neverthe-
less, the rapid development of deep learning algo-
rithms and pose estimation models continues to
enhance the robustness and generalizability of
MMC systems. Although these systems may not
yet fully replace laboratory-grade equipment for
high-precision measurements, they are well-suited
for applied kinesiology, clinical gait analysis, sports
performance monitoring, and education due to their
efficiency, portability, and low cost.
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A comprehensive analysis of 47 studies on the
application of markerless technologies in motion
analysis indicates rapid progress and the growing
credibility of these systems as alternatives to the
traditional marker-based methods. Systems based
on deep learning and computer vision, such as
OpenPose, AlphaPose, Theia3D, and OpenCap,
have demonstrated a high level of validity and reli-
ability in quantifying kinematic and spatiotemporal
parameters, especially in the context of gait, squat-
ting, jumping, and functional tests. In most studies,
small differences were observed compared to the
marker-based methods—typically within 5° when
measuring joint angles—with high intraclass corre-
lation coefficients (ICC > 0.85) and multiple corre-
lation coefficients (CMC), confirming strong agree-
ment. However, accuracy varied among systems
depending on the algorithm, camera configuration,
lighting conditions, and movement type. Simple
sagittal movements (e.g., squatting and walking)
were estimated with high precision, while accuracy
was lower for complex three-dimensional move-
ments, such as trunk rotations or upper limb activ-
ities. Systems like OpenCap and Theia3D showed
greater consistency in joint kinetic analysis when
musculature models and inertial sensors were addi-
tionally applied. A significant advantage of the
markerless approach lies in its ability to perform
analyses outside laboratory conditions—in clinical,
sports, rehabilitation, and everyday environments—
without expensive equipment or expert placement
of markers. By reducing preparation and imaging
time, these technologies increase the availability
of biomechanical assessment to a wider popula-
tion, including patients with neurological disor-
ders (e.g., Parkinson’s disease), athletes, and indi-
viduals undergoing rehabilitation. Several studies
(e.g., Iseki, et al., 2023; Ripic, et al., 2023b) support
their clinical applicability in identifying patho-
logical gait patterns. However, limitations persist
regarding accuracy in determining depth compo-
nents of movement, reduced precision under poor
lighting or with occluded body segments, and chal-
lenges in estimating ground reaction forces without
additional sensors. Moreover, higher inter-trial and
inter-session variability compared to the marker-
based systems underscores the need for further
methodological standardization.

Markerless technology offers several clear
advantages that make its application extremely
valuable across kinesiological disciplines. The non-
invasive nature of data collection, without phys-
ical markers, allows easier and more comfortable
movement tracking, while real-time analysis tools
such as OpenPose provide rapid assessment of tech-
nique and progress in both the clinical and sports
environments. The flexibility to perform analysis
in different settings—from laboratories to sports

fields and homes—reduces dependence on special-
ized and costly equipment. Studies by Horsak et
al. (2023) and Hume, Kefala, Harris, & Shelburne
(2018) confirm that mobile devices and smart-
phone-based systems make movement analysis
more accessible to a broader population. Despite
these advantages, challenges remain related to their
usability, accuracy, and environmental sensitivity.
Chaves and Gerosa (2021) emphasized the impor-
tance of intuitive user interfaces for effective system
operation. Cappozzo, Catani, Leardini, Benedetti,
& Croce (1996) noted that external factors such
as lighting, camera angle, and background motion
can influence measurement accuracy. Holden, et
al. (1997) and Horsak, et al. (2024) highlighted that
inter-trial variability and even minimal data collec-
tion errors can significantly affect functional assess-
ments. Desmarais, Mottet, Slangen, & Montesinos
(2021) also reported that variations in lighting and
clothing can alter data precision, reinforcing the
need for larger, more diverse databases for algo-
rithm training.

Recent technological progress, including
Al-based tools and simulation platforms such as
OpenSim, has expanded the analytical capabilities
of markerless systems. Delp, et al. (2007) demon-
strated that OpenSim can use markerless data to
simulate human movement in 3D, enabling detailed
biomechanical modelling for targeted rehabilita-
tion and sports programmes. The integration of
markerless data with such software facilitates the
analysis of factors like load, speed, and balance,
thereby improving the design of training and thera-
peutic interventions. Ripic, et al. (2023c) and Iseki,
et al. (2023) also showed that markerless systems
can measure kinetic parameters and predict muscu-
loskeletal responses, enhancing biomechanical
assessment.

Overall, markerless technologies represent an
increasingly relevant alternative to conventional
methods in human movement biomechanics. Their
accessibility, precision, and adaptability make them
suitable for integration into clinical practice, sports
analysis, and rehabilitation. Future research should
focus on improving detection accuracy in complex
movements, standardizing validation method-
ologies, and integrating multisensor systems to
advance kinetic analyses and strengthen model
robustness. Continued advancements in artificial
intelligence and computer vision are expected to
further enhance precision and efficiency, positioning
markerless technology as a key tool in kinesiology
research and application. In conclusion, Al-based
markerless motion capture represents a major shift
in human movement analysis. Its increasing accu-
racy, accessibility, and ecological validity make it
a promising tool for sports science, rehabilitation,
and education.
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