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Background: Traditional instrumented gait analysis (IGA) objectively quantifies gait deviations, but its clinical
use is hindered by high cost, lab environment, and complex protocols. Pose estimation algorithm (PEA)-based
gait analysis, which infers joint positions from videos, offers an accessible method to detect gait abnormalities
and tailor rehabilitation strategies. However, its reliability and validity in gait analysis and algorithmic factors
affecting accuracy have not been reviewed.

Research question: This systematic review aims to evaluate the accuracy of PEA-based gait analysis systems and to
identify the algorithmic factors impacting their accuracy.

Method: A total of 644 articles were initially identified through Scopus, PubMed, and IEEE, with 20 meeting the
inclusion and exclusion criteria. Reliability, validity, and algorithmic parameters were extracted for detailed
review.

Results and significance: Most included articles focus on validity against the gold standard, while limited evidence
makes it challenging to determine reliability. OpenCap demonstrated an MAE of 4.1° for 3D joint angles, but
higher errors in rotational angles require further validation. OpenPose demonstrated ICCs of 0.89-0.994 for
spatiotemporal parameters and MAE < 5.2° for 2D hip and knee joint angles in the sagittal plane (ICCs
= 0.67-0.92, CCCs = 0.83-0.979), but ankle kinematics exhibited poor accuracy (ICCs = 0.37-0.57, MAEs
= 3.1°-9.77°, CCCs = 0.51-0.936). PEA accuracy depends on camera settings, backbone architecture, and
training datasets. This study reviews the accuracy of PEA-based gait analysis systems, supporting future research
in gait-related clinical applications of PEA.

1. Introduction various gait impairments [4]. However, IGA continues to be underutil-

ized in clinical practice, largely due to the high costs, technical equip-

Gait analysis is widely used in a clinical setting to assist therapists
with the identification of gait abnormalities, understand the mecha-
nisms, and guide therapy [1]. Instrumented gait analysis (IGA) has long
been considered the gold standard for gait assessment in research
practice, recognized for its ability to deliver accurate and precise
quantitative measurements of gait patterns and characteristics [2]. IGA
refers to the use of a force plate, wearable sensors, and infrared cameras
to capture and analyse a variety of human gait parameters (i.e.,
spatiotemporal, kinematic, and kinetic measures) [3]. IGA therefore
provides accurate quantitative measurements of gait patterns, and
research on the clinical applicability and efficacy of IGA suggests it may
also enhance diagnosis, outcome prediction, and rehabilitation of

ment, and the intricate protocols and data analysis required to collect
and interpret the data. Furthermore, its consistent adoption is hindered
by these technical challenges in environments where training, experi-
ence, and preferences differ among and within clinical teams [3].
Computer vision-based pose estimation algorithm (PEA), a technol-
ogy that automatically detects and tracks joint positions in videos, has
rapidly developed in recent years, offering a potentially alternative,
feasible, and efficient approach to traditional gait analysis. This tech-
nology uses Convolutional Neural Networks (CNN) to identify, track,
and extract the key joints of the human body in a two-dimensional space
from the video footage recorded by Red Green Blue (RGB) cameras [5],
such as OpenPose [6]. By additionally integrating strategies such as
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synchronization of multiple video cameras [7] or using
three-dimensional (3D) heatmaps [8], 3D joint position data may also be
estimated from the 2D capture. PEA-based gait analysis systems inher-
ently address the limitations of traditional IGA labs due to their lower
setup and maintenance costs [9]. Despite some limitations of PEA-based
gait analysis, such as occlusion issues, predominantly sagittal plane
analysis, and environmental factors, these systems still hold immense
potential. With further advancements, they may become widely appli-
cable in free-living environments, such as clinics, homes, and sports
arenas, for remote clinical and rehabilitative applications.

In clinical gait analysis, the technical accuracy of a motion capture
system, encompassing both validity and reliability, represents the
foundational level of efficacy [10]. Since clinical gait analysis aims to
differentiate between normal and abnormal gait patterns and monitor
changes in walking over time [11], ensuring reliability and validity
helps healthcare providers avoid over-interpreting small differences as
meaningful [12] and ensures greater confidence that observed treatment
effects exceed measurement error [13]. Although a growing body of
literature has individually explored various aspects of the PEA-based
gait analysis in clinical use, such as accuracy in assessing gait biome-
chanical outcomes across different populations [14-16], and its appli-
cation in clinical settings [17-19], the performance (i.e., reliability and
validity) of PEA-based gait analysis has not yet been systematically
summarized. Moreover, no study has thoroughly examined the algo-
rithmic factors influencing the effectiveness of PAE-based gait analysis
systems. As a result, there is still insufficient evidence for patients and
healthcare providers to make fully informed decisions and reach a
consensus on the appropriate clinical application of the PEA-based gait
analysis systems.

The aims of this systematic review are: (1) to evaluate the reliability
and validity of current computer vision-based PEAs in gait analysis; and
(2) to summarize the algorithmic factors that affect the accuracy in gait
analysis.

2. Methods
2.1. Systematic search strategy

The Preferred Reporting Items for Systematic Reviews and Meta-
Analyses (PRISMA) guideline was followed when conducting the sys-
tematic review [20]. Articles written in English were searched in
PubMed, Scopus, and IEEE databases in June 2024, and the published
year was limited from 2012 to the present. Search terms were as follows:
((accuracy) OR (reliability) OR (validity)) AND (("gait analysis") OR
("gait assessment")) AND ((markerless motion capture) OR (portable)
OR (mobile) OR (video-based) OR (vision-based) OR (pose estimation
algorithm)) NOT (IMU) NOT (accelerometer) NOT (gyroscope) NOT
(insole) NOT (insole). To search relevant articles as comprehensively as
possible, cross-referencing was also performed.

2.2. Study selection

The initial search was conducted by the primary reviewer (XC) across
three electronic databases. The results were then downloaded into the
Zotero library for screening and review. Two reviewers (XC and YJ) then
performed a full paper assessment based on the inclusion and exclusion
criteria outlined in Table 1, using the titles and abstracts for initial
screening. Notably, the articles using more than two cameras and the
depth camera were also excluded because this setup requires higher
hardware demands and reliance on controlled laboratory environments,
significantly increasing the complexity of the setup and reducing their
practical accessibility. The records from both reviewers were imported
into Zotero, and the full texts of the remaining studies were downloaded.
Two reviewers (XC and YJ) independently read the full texts of these
studies. Subsequently, they had a face-to-face discussion to decide on the
studies to be included. Any discrepancies between them were resolved
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Table 1
Inclusion and exclusion criteria.

Inclusion Criteria Exclusion Criteria

The assessment system based on RGB camera-
based motion capture system using computer
vision-based pose estimation algorithm

The assessment system used provides gait
spatiotemporal and/or kinematic parameters

Reliability or validity test of gait assessment
system

Written in English

Systematic or literature reviews

Book and other non-peer-
reviewed publications
Conference Paper

Number of cameras used in the
system > 3

Not compared with the gold
standard

Not gait assessment system

Not using computer vision-based
pose estimation algorithm

through discussion, with the involvement of a third reviewer (YZ) to
facilitate consensus.

2.3. Data extraction

After the final set of studies was selected, data extraction was carried
out by the first author (XC) and verified by a second author (YJ). In cases
of disagreement between the two authors, a third author (YZ) acted as a
tie-breaker to resolve the conflicts. Information about the reliability and
validity of computer vision-based PEA on gait analysis was extracted to
answer question 2. As the searched articles rarely discussed algorithmic
factors, technical documentation for each algorithm was consulted. Al-
gorithm specifications such as keypoints (the specific joints or body
parts the algorithm tracks), backbone architecture (the deep learning
model responsible for feature extraction), and inference time (the time
taken by the algorithm to process an image and produce results) were
extracted to address question 3. The general characteristics extracted
consisted of authors, year of publication, and sample information about
participants’ number and types (e.g., healthy people or stroke patients).

2.4. Quality assessment

The methodological quality and potential bias of each research
article were evaluated using the QUADAS-2 risk of bias tool, which as-
sesses diagnostic accuracy studies across four key domains: patient se-
lection, index test, reference standard, and flow and timing. The tool
uses signaling questions to guide the evaluation process, offering flexi-
bility to customize domains based on the specific requirements of the
review [21]. Following the recommendations in [21], additional criteria
from a previous review [13] were incorporated into the appraisal pro-
cess, resulting in the inclusion of two extra domains: statistical analysis
and outcome measures specification. The statistical analysis domain
examined whether validity indices were appropriately calculated and
reported, whether the statistical methods matched the data type, and
whether results were presented comprehensively with precision esti-
mates. The outcome measures specification domain focused on the
clarity of gait parameter definitions, explicit descriptions of calculation
methods, and standardization of the measurement process. Two inde-
pendent reviewers (XC and YJ) conducted the quality assessment of the
included studies. Disagreements were resolved through discussion to
achieve consensus.

3. Results
3.1. Literature search results
Detailed information about the screening and eligibility assessment

is shown in Fig. 1. The initial search identified a total of 644 articles and
485 studies remained after duplicates were removed. After full-text
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Records identified through
database searching
PubMed: 208
Scopus: 362
IEEE: 74
Total: 644
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Records after duplicates removed
Total: 485

!

Records after title/abstract

Not using computer vision-based pose estimation algorithm: 18

Numbers of cameras used in system > 3: 10
Not gait assessment system: 3
Not compared with the gold standard: 4
Not using key points coordinates: 1
Conference paper: 7

screened
Total: 60
Articles from
Cross Reference
v Total: 3
E Full-text articles screened on
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E Number of articles included
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Fig. 1. Flow chart of the selection process of articles in this review.

screening, 20 studies were finally identified that met the inclusion and
exclusion criteria.

3.2. Study characteristics

Data on the year of publication, participant characteristics, gait
protocol used, and the gold standard comparator, are summarized in
Table 2. All included studies were published in the last 5 years, reflecting
the rapid development of computer vision technology in gait assess-
ment. The participants involved were not only healthy people but also
people with stroke [22], Parkinson’s [16], and developmental dysplasia
of the hip [24]. The accuracy of the algorithms in overground or
treadmill gait assessments was compared to marker-based motion cap-
ture systems, including the Opti-Track [1,23], Vicon [5,8,9,16,22,
24-32], Smart-D [33], MAC3D [34], and the Motion Analysis Corp [14],
except for 2 studies that used the force plate [14] and the pressure sensor
[15] as the gold standard comparator. Outcome measures included
spatiotemporal parameters such as gait length and gait speed and the
joint kinematic parameters involving the hip, knee, and ankle joint an-
gles (as shown in Table 2). Only one research article also examined the
accuracy of joint kinetic parameters including the ground reaction force
and knee adduction moment by scaling a musculoskeletal model to the
participant’s anthropometry using OpenSim’s Scale tool [14].

3.3. Quality assessment

The quality assessment results are presented in Table 3. Only one
study achieved low bias across all domains [5], primarily because most
studies were rated as high risk or unclear in the Participant Selection
domain. This was largely due to insufficient reporting of sampling
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methods or recruitment criteria for gait participants in reliability and
validity studies, which introduced potential bias. Half of the articles
clearly defined outcome measures and calculation methods. Low bias
was observed in the Index Test and Reference Standard domains for 19
studies and in the Flow and Timing domains for 13 studies. Additionally,
17 studies were rated as low risk for applying appropriate statistical
methods and multiple measures to assess reliability and validity.

3.4. Reliability and validity evaluation

Table 4 shows the results of the reliability and validity evaluation.
Among the included articles, 14 out of 20 evaluated the reliability or
validity of OpenPose on gait analysis. Following OpenPose, BlazePose
was the next most commonly used, followed by OpenCap, MoveNet,
DeepLabCut, KAPAO, and ThreeDPoseTracker. As the main purpose of
this article is not to discuss the influence of camera sides (i.e., exposed or
occluded sides) on the data accuracy, only data for the limb without
occlusion is synthesized.

3.4.1. Reliability

Of the reviewed articles, three evaluated the test-retest reliability of
OpenPose and KAPAO using the Intraclass Correlation Coefficient (ICC)
and Standard Error of Measurement (SEM), focusing on kinematic pa-
rameters, including segments and joint angles. The levels used for the
interpretation of ICC values in this study follow the threshold proposed
by Koo and Li [35], where values below 0.5 indicate poor reliability,
0.5-0.75 indicate moderate reliability, 0.75-0.9 indicate good reli-
ability, and values above 0.9 indicate excellent reliability. Specifically,
OpenPose demonstrated good to excellent reliability for hip, knee, and
ankle angles in the sagittal plane with ICCs ranging from 0.77 to 0.99.
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Table 2

Characteristics of the identified studies.

Gait & Posture 120 (2025) 150-160

Study Algorithm Participant type Gold standard Walking Gait parameters
(Number of participants) protocol

Zago et al.; 2020 OpenPose Healthy (2) 8-camera Smart-D, BTS Overground Spatiotemporal
[33] (100 Hz)

Yamamoto et al.; OpenPose Healthy (11) 7-camera Opti-Track Treadmill Spatiotemporal;
2021 [1] (100 Hz) Joint kinematics

John et al.; 2024 OpenPose Stroke (30) 10-camera Vicon Overground; Spatiotemporal;
[22] (ND) Treadmill Joint kinematics

Stenum et al.; 2024 OpenPose Stroke (44); PD (19) 10-camera Vicon Overground Spatiotemporal;
[16] (100 Hz) Joint kinematics

Stenum et al.; 2021 OpenPose Healthy (31) 10-camera Vicon Overground Spatiotemporal;
[9] (100 Hz) Joint kinematics

Takeda et al.; 2020 OpenPose Healthy (1) 8-camera MAC3D Treadmill Joint kinematics
[34] (60 Hz)

Hii et al.; 2023 BlasePose Healthy (31) 10-camera Vicon Overground Spatiotemporal
[5] (100 Hz)

Lin et al.; 2023 KAPAO: Healthy (18); Developmental 8-camera Vicon Overground Joint kinematics
[24] YOLO v5 dysplasia of the hip (10) (100 Hz)

Washabaugh et al.; MoveNet Healthy (31) 10-camera Vicon Overground Spatiotemporal;
2022 Lightning/ (100 Hz) Joint kinematics
[25] MoveNet Thunder/

DeepLabCut

Talaa et al.; 2023 OpenPose Healthy (32) 10-camera Vicon Overground Joint kinematics
[26] (100 Hz)

Horsak et al.; 2023 OpenCap Healthy (19) 16-camera Vicon Overground Joint kinematics
[27] (120 Hz)

Aoyagi et al.; 2022 ThreeDPoseTracker ~ ND ND-Vicon Overground 3D coordinates of
[8] (ND) joints

Menychtas et al.; BlasePose Healthy (17) 10-camera Vicon Treadmill Joint kinematics
2023 [28] (100 Hz)

Yang et al.; 2024 BlasePose Healthy (20) 9-camera Optitrack Treadmill Joint kinematics
[23] (120 Hz)

Boldo et al.; 2024 OpenPose Healthy (8) 8-camera Vicon Overground Joint kinematics
[29] (120 Hz)

Uhlrich et al.; 2023 OpenCap Healthy (10) 8-camera Motion Analysis Corp (100 Hz) and in-  Overground Joint kinematics and
[14] ground force plates (Bertec Corp, 2000 Hz) kinetics

Shin et al.; 2021 OpenPose PD (16); GAITRite (pressure sensor) Overground Spatiotemporal
[15] Healthy (15)

Liang et al.; 2022 OpenPose Healthy (30) 6-camera Vicon Treadmill Joint kinematics
[30] (60 Hz)

Ino et al.; 2023 OpenPose Healthy (21) 6-camera Vicon (120 Hz) and OR6 force plates Overground Joint kinematics
[31] (1200 Hz)

Ota et al.; 2021 OpenPose Healthy (24) 8-camera Vicon Treadmill Joint kinematics
[32] (60 Hz)

ND: not mentioned; N/A: not applicable; PD: Parkinson’s disease; CP: cerebral palsy; UPDRS III: Unified Parkinson’s Disease Rating Scale part III

Table 3
Results of risk of bias assessment.

Study Participant Selection Outcome Measures Specification Index Test Reference Standard Flow and Timing Statistical Analysis

Zago et al.; 2020 [33]
Yamamoto et al.; 2021 [1]
John et al.; 2024 [22]
Stenum et al.; 2024 [16]
Stenum et al.; 2021 [9]
Takeda et al.; 2020 [34]
Hii et al.; 2023 [5]

Lin et al.; 2023 [24]
Washabaugh et al.; 2022 [25]
Talaa et al.; 2023 [26]
Horsak et al.; 2023 [27]
Aoyagi et al.; 2022 [8]
Menychtas et al.; 2023 [28]
Yang et al.; 2024 [23]
Boldo et al.; 2024 [29]
Uhlrich et al.; 2023 [14]
Shin et al.; 2021 [15]
Liang et al.; 2022 [30]

Ino et al.; 2023 [31]

Ota et al.; 2021 [32]

NNFR O R FRFNRFERNRRFRRQORR B =N~
O FNNOOFRFHFHFNFONOOOORROO
OO OO0 OO0 ONOOOOOOOCOOOOO
OCO0OO0OHOO0OO0ODO0OO0DO0OO0ODO0OO0ODOOOOOOO
OCONNNOONHFHFONOOODOOOH~OO
H O OO0OO0OO0OOOHHOHOOOOOOO OO

0 = low risk; 1 = high risk; 2 = unclear risk
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Table 4

Characteristics of pose algorithms and their reliability and validity.

Gait & Posture 120 (2025) 150-160

Study

Type of algorithm

Camera settings
and data
dimension

Reliability Performance

Validity Performance

Yamamoto etal.

[1]

John et al. [22]

Stenum et al.
[16]

Stenum et al.

[91

Boldo et al.
[29]

Talaa et al.
[26]
Ino [31]

Menychtas et al.

[28]
Washabaugh
etal. [25]

Ota [32]

Takeda et al.
[34]

Washabaugh
et al. [25]

Lin et al. [24]

Tony Hii et al.
[5]

Menychtas et al.

[28]

Yang et al. [23]

OpenPose-BODY_25 pose

OpenPose-BODY_25 pose

OpenPose-BODY_25 pose

OpenPose-BODY_25 pose

OpenPose-BODY_25 pose

OpenPose-BODY_25 pose

OpenPose-BODY_25 pose

OpenPose-BODY_25 pose

OpenPose-BODY_25 pose

OpenPose-BODY_25 pose

OpenPose-BODY_25 pose

MoveNet Lightning,
MoveNet Thunder, and
DeepLabCut

KAPAO: adapted from YOLO

v5

BlasePose GHUM Heavy
(MediaPipe Pose)
BlasePose GHUM Heavy

(MediaPipe Pose)

BlasePose GHUM Heavy
(MediaPipe Pose)

Monocular; 2D

Monocular; 2D

Monocular; 2D

Monocular; 2D

Monocular; 2D

Monocular; 2D

Monocular; 2D

Monocular; 2D

Monocular; 2D

Monocular; 2D

Monocular; 2D

Monocular; 2D

Monocular; 2D

Monocular; 3D
(only 2D were
used)
Monocular; 3D
(only 2D were
used)

Monocular; 3D
(only 2D were
used)

N/A

N/A

N/A

N/A

N/A

N/A

Test-retest reliability: ICC 1,3
Ankle PF/DF: 0.77-0.93; Knee F/E:
0.81-0.99; Hip F/E: 0.92-0.9

N/A

N/A

N/A

N/A

N/A

Test-retest reliability

Outcome measures: ICC / SEM;

Hip F/E: 0.736-0.793 / 2.03-2.91; Knee F/
E: 0.752-0.894 / 1.26-2.07

N/A

N/A

N/A
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Outcome measures: MAE (mean =+ sd) [°] / ICCs / CCC
Spatiotemporal (gait speed/ stride/ stride time/ step
length): 0.01 ~ 0.04 / 0.88 ~ 0.98 / NA;

Hip F/E angle: 3.91 ~ 4.47 / 0.87 ~ 0.91 / 0.99; Knee F/E
angle: 2.17 ~ 3.66 / 0.41 ~ 0.93 / 0.99; Ankle F/E angle:
6.87 ~7.62 /0.01 ~ 0.60 / 0.93

Outcome measures: ICC1,1 / CCC

Spatiotemporal: 0.745 ~ 0.994 / NA;

Hip F/E: 0.682 / 0.96; Knee F/E: 0.94 / 0.99; Ankle F/E:
0.173 7/ 0.77

Outcome measures: MAE [°] /1

Spatiotemporal: Step time [s]: 0.028 / 0.997; Step length
[m]: 0.028 / 0.967; Gait speed [m/s]: 0.04 / 0.981; Step
time asymmetry: 0.03 / 0.977; Step length asymmetry: 0.05
/ 0.890;

Kinematic: Trunk inclination angle [°]: 1.5 (—3.0-2.9) /
0.964; Hip F/E: 2.7 ~ 3.3; Knee F/E [°]: 3.5 ~ 4.0; Ankle F/
E: 48 ~ 6.3

Outcome measures: MAE [°]/ r / ICC

Temporal (s): 0.00 ~ 0.011 / 0.909 ~ 0.998 / 0.963 ~
0.998; Spatial: 0.02 + 0.02 / 0.973 / 0.970; Spatiotemporal
(m/s): 0.02 = 0.02 / 0.986 / 0.985;

Joint kinematic measures: MAE [°] / CCC

Hip F/E: 3.7 + 2.0 / 0.979 + 0.022; Knee F/E: 5.1 + 2.1 /
0.984 + 0.012; Ankle F/E: 6.3 + 3.4 / 0.778 + 0.303
Joint kinematic measures: R2 / Bland-Altman mean
differences [°]

Hip F/E: 0.96 + 0.03 / (0.2°—1.8°); Knee F/E - ES: 0.95
+0.03 / (1.2°—6.1°); Ankle PF/DF: 0.85 + 0.08 /
(1.2°-7.4°)

Outcome measures: MAE [°]

Right knee F/E: 4.9°+ 0.96; Left knee F/E: 5.2°+ 1.83
Joint kinematic measures: MAE [°] / Pearson’s r / CMC
Ankle PF/DF: 3.1 (2.7-3.5) / 0.734 ~ 0.877 / 0.936; Knee
F/E: 2.3 (2.1-2.6) / 0.806 ~ 0.987 / 0.994; Hip F/E: 2.5
(1.1-3.9) /0.913 ~ 0.932 / 0.945;

Joint kinematics measures: Bland-Altman mean difference
(95 %LOA) [°]

Hip F/E: —5.84(—16 ~ 4.6); Knee F/E: —11.14 (-16 ~
—6.2); Ankle PF/DF: —9.77 (—20 ~ 0.72);

Joint kinematic measures: MAE [°]

Knee F/E: OpenPose: 5.1 & 2.5; Hip F/E: OpenPose: 3.7
+1.3

Joint kinematic measures: R? / ICC,,1 / Bland-Altman [°]
Frontal plane: Pelvis elevation/depression: 0.002 ~ 0.139 /
—0.014 ~ 0.069 / —4.111 ~ 3.807; Hip abduction /
adduction: 0.080 ~ 0.533 / 0.042-0.473 / —5.867 ~
0.584; Sagittal plane: Hip F/E: 0.158 ~ 0.678 / 0.656 ~
0.864 / —3.092 ~ 1.449; Knee F/E: 0.707 ~ 0.883 / 0.670
~ 0.914 / 3.140 ~ 6.869; Ankle PF/DF: 0.433 ~ 0.663 /
0.465 ~ 0.620 / —6.604 ~ 3.123

Joint kinematic measures: ICCy

Hip F/E: 0.97; Knee F/E: 0.92; Ankle PF/DF: 0.57

Joint kinematic measures: MAE [°]

Knee F/E: OpenPose : 5.1 + 2.5; MoveNet Thunder: 7.5

+ 2.5; MoveNet Lightning: 9.1 + 3.0; Deep Lab Cut: 9.4

=+ 2.4; Hip F/E: OpenPose: 3.7 + 1.3; MoveNet Thunder:.6
=+ 1.; MoveNet Lightning: 5.9 + 3.6; DeepLabCut: 6.8 + 1.6
Joint kinematic measures: ICC / SEM / Bland-Altman [°]
Hip F/E: 0.929 ~ 0.957 / 0.87 ~ 1.48 / —1.04 ~ 0.51; Knee
F/E: 0.835 ~ 0.921 / 1.05 ~ 1.71 / —1.42 ~ 0.46

Spatiotemporal measures: MAE [°] / ICC2,1 / r
Temporal: 0.03 ~ 0.05 / 0.469 ~ 0.867 / 0.522 ~ 0.9

Joint kinematics measures: Bland-Altman mean difference
(95 %LOA) [°]

Hip F/E: —26.25 (—56 ~ 3.9); Knee F/E: 17.75(-35 ~
—0.55); Ankle PF/DF: 23.8 (5.5 ~ 42)

Joint kinematic measures: MAE [°] /1t

Camera view angle: 90°: Hip F/E: 1.95 + 0.34 / 0.96

(continued on next page)
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Table 4 (continued)

Gait & Posture 120 (2025) 150-160

Study Type of algorithm Camera settings
and data

dimension

Reliability Performance

Validity Performance

Shin et al. [15] OpenPose-BODY_25 pose Monocular; 3D N/A

Liang et al.
[30]

OpenPose-BODY_25 pose Monocular; 3D

Test-retest reliability: ICC (C, 1)

Upper Trunk 3D Segmental Angle:
0.603-0.714; Thigh 3D Segmental Angle:
0.506-0.617; Shank 3D Segmental Angle:

+ 0.026; Knee F/E: 2.58 £ 0.79 / 0.98 + 0.018; Ankle PF/
DF: 2,19+ 0.4/ 0.84 + 0.74

Spatiotemporal: ICC (95 % interval)

0.90 ~ 0.98

Joint kinematic measures: ICC, 1/ Bland-Altman mean
(approximate value from graph) [°]

Knee F/E: 0.726 / —5°; Upper Trunk F/E: 0.694 / —6°;
Thigh F/E: 0.716 / —9°; Shank F/E:0.760 / —0.5°;

Knee F/E angles: 0.734;

0.519-0.652
Aoyagi et al. ThreeDPoseTracker Monocular; 3D N/A
[8]
Zago et al. [33] OpenPose-COCO Binocular; 3D N/A
Uhlrich et al. OpenCap Binocular; 3D N/A
[14]
Horsak et al. OpenCap Binocular; 3D N/A

[27]

Pearson’s correlation coefficient for each coordinate (X, Y,
Z)

Right Hip joint(0.85, —0.02, —0.85); Left Hip joint (0.79,
0.52, —0.29); Right Knee(0.93, —0.77, —0.60); Left Knee
(0.77, 0.49, —0.19); Right Ankle (0.84, —0.75, —0.88); Left
Ankle (0.81, 0.14, —0.61); Right Toe (0.92, —0.66, —0.77);
Left Toe (0.74, 0.57, —0.72)

RMSE: step length (1.53 ~ 1.93 cm); swing time (0.02 ~
0.05 s); stance time (0.05 s); skeleton nodes (20.8

+ 3.5 mm)

Outcome measures: RMSE [°]

Anatomical marker error[mm]: 31 ~ 35;
Kinematics-Rotations(pelvis tilt / list /rotation / hip flexion
/ abduction /rotation / knee flexion / ankle dorsiflexion /
subtalar angle / lumbar extension / bending / rotation)[°]:
4.1 (2.3 ~ 6.6); Kinematics-Translations[mm]: 12.3 (6.8 ~
19.6);

Ground reaction forces [%BW]: 1.1 ~ 8.2 (6.7 % ~

17.1 %);

Joint moments (hip flexion/adduction/rotation moment;
knee extension moment; ankle plantarflexion moment;
subtalar angle moment; lumbar extension/bending/
rotation moment)[%BW*height]: 0.75 (0.20-1.32,19 %)
Outcome measures: RMS [°]

Pelvis (tilt / list / rotation): 3.0 ~ 6.0; Hip (flexion /
adduction / rotation): 5.4 ~ 7.6 / 3.7 ~ 4.8 / 6.6 ~ 8.4;
Knee F/E: 5.7 ~ 8.5; Ankle PF/DF: 4.6 ~ 7.9; Subtalar
angle: 7.3 ~ 10.2

RMSE: Root Mean Square Errors; LOA: Limit of Agreement; TDPT: ThreeDPoseTracker; LFM: Linear Fit Method; MAE: mean absolute error; AE: absolute error; CI:
confidential interval; ICC: intraclass correlation coefficient; ROM: range of motion; CCC: cross-correlation coefficients; Sag: sagittal plane; Fron: frontal plane; SEM:
Standard error of measurement; F/E: Flexion/Extension; PF/DF: Plantarflexion/Dorsiflexion.

For segment angles, the knee showed moderate reliability with ICC
=0.734, followed by trunk, shank, and thigh angles (ICCs
= 0.506-0.714) [30]. KAPAO also showed moderate to good reliability
for lower extremity joint kinematics (ICCs = 0.736-0.894) with SEMs
under 3° and no significant differences observed [24].

3.4.2. Validity

In the reviewed articles, spatiotemporal, kinematic, and kinetic pa-
rameters were assessed using various statistical tests, including ICCs,
Concordance Correlation Coefficient (CCC), Bland-Altman with Limits
of Agreement (LOA), Pearson correlation coefficient, and Mean Absolute
Error (MAE). Seven studies [1,5,9,15,16,22,33] focused on spatiotem-
poral parameters including step length, step length asymmetry, swing
time, stance time, gait speed, stride length, stride time, step time, step
time asymmetry, and double support time. Kinematic parameters
included knee, hip, and ankle angles in the sagittal plane [1,9,16,22-26,
28,29,31,32,34], along with trunk inclination, hip abductio-
n/adduction/ rotation, pelvis tilt/rotation, and lumbar angles [9,14,27,
32]. Some studies also validated kinetic parameters, including ground
reaction forces and joint moments, and compared skeleton node accu-
racy to the gold standard [8,14,33].

The validity of spatiotemporal parameters was assessed for Open-
Pose [1,9,15,16,22,33] and BlazePose [5]. Step length, step time, step
time asymmetry, gait speed, stride length, and stride time showed good
to excellent validity (ICCs = 0.89-0.994; r = 0.886-0.997). However,
BlazePose showed poor validity for swing time (ICCs = 0.510) and
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double support time (ICCs = 0.469) compared to OpenPose (ICCs
= 0.909; 0.963).

Current evidence shows that binocular algorithms demonstrated
relatively high validity for 3D joint kinematics, with OpenCap exhibiting
lower errors in joint rotational angles and translations, but further
validation is needed for clinical applications. The MAEs of OpenCap for
18 rotational degrees of freedom (ankles [2 x 2], knees [2 x 1], hips
[2 %3], pelvis rotations [3], lumbar [3] and three translational degrees
of freedom (pelvis translations in x, y, and z-axis) were 4.1° (range =
2.3-6.6°) and 12.3 mm (6.8-19.6 mm). Zago et al. [33] reported a lower
skeleton node error of 20.8 + 3.5 mm with a two-camera setup based on
OpenPose compared to OpenCap’s anatomical marker error of
31-35 mm. Monocular algorithms utilizing deep learning algorithms to
estimate 3D position data exhibited lower validity, with overall ICCs
ranging from 0.255 to 0.665. For 2D data captured by monocular al-
gorithms, accuracy varied across different joints and algorithms. For
OpenPose, hip and knee joint angles in the sagittal plane throughout the
gait cycle showed moderate to excellent agreement (ICC = 0.656-0.92)
with minimal angle differences (MAE: 2.7-5.2°) and strong waveform
agreement (CCC = 0.9-0.994) with gold standard. While ankle kine-
matics had lower agreement and consistency (ICC: 0.173-0.57; MAE:
3.1-9.77°; CCC: 0.51-0.936). KAPAO showed good to excellent agree-
ment (ICCs = 0.853-0.957; Bland-Altman = —1.42-0.51°), but its val-
idity has only been assessed in a single study. MoveNet and DeepLabCut
had MAEs ranging from 5.9° to 7.5°. The validity of ThreeDPoseTracker
remains unclear as it only assessed the correlation of joint positions with
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Vicon data. BlazePose showed significant inconsistency in its accuracy,
with one study reporting joint errors around 30° [28], while another
found MAE of less than 3° [23].

OpenCap is the only system capable of estimating kinetic parameters,
including ground reaction forces in the vertical, anterior-posterior, and
mediolateral directions. Results showed averages of 8.2 % body weight
(BW), 2.1 % BW, and 1.1 % BW in vertical, anterior-posterior, and
mediolateral ground reaction forces. Joint moments (e.g., knee flexion
and ankle plantarflexion moments) are reported as 0.75 % BW*height,
ranging from 0.20 to 1.32 (Table 4)[14].

3.5. Specifications of PEAs used for gait analysis

Eight PEAs and their variants were identified in the research
(Table 5), with keypoints captured varying across algorithms. OpenCap
captured the most keypoints (43), while DeepLabCut captured the
fewest (14), excluding feet. Most algorithms provided 2D joint position
data via a single camera (i.e., direct output from the algorithm, while 3D
data was obtained in some studies through depth estimation (i.e., joint
coordinates in the z-axis) using the PNP algorithm from the open-source
OpenCV platform [15], 3DPoseNet algorithm [30], and Heatmap [8].
Binocular setups were also used for 3D reconstruction through trian-
gulation of synchronized 2D video keypoint positions [14,33]. The
adopted backbone architectures of CNNs varied among the reviewed
algorithms and influenced inference times, with BlazePose and MoveNet
utilizing lightweight MobileNet V2 backbone for faster CPU inference
times (33.3 ms [36] and 100 ms [37]) (Table 5), compared to deeper
backbones like ResNet [8,24], VGG-19 [1,22], and HRNet [14] (used by
OpenPose and ThreeDPoseTracker), optimized for GPU use. Public
datasets, including COCO, MPII, and CrowdPose, were the most
commonly used across the reviewed algorithms, while customized
datasets, such as those for foot [6], Blaze face, Blaze palm [37], and
Active [36], were also used to improve algorithm performance.

4. Discussion

This systematic review aimed to evaluate the reliability and validity
of current PEA-based gait analysis and synthesize algorithmic factors
affecting accuracy. The accuracy of the algorithms varied, with some
demonstrating precision that approaches the standards required for
clinical gait analysis in 2-D sagittal plane analysis, primarily in typically
developing populations. However, further validation is necessary to
confirm their applicability across other planes and pathological

Table 5
Algorithm specifications of PEAs.
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populations. Key factors associated with accuracy included backbone
architecture, training datasets, and the number of cameras used. The
following sections will discuss these components.

4.1. Reliability and validity of PEA-based gait analysis

4.1.1. Reliability

OpenPose and KAPAO demonstrated moderate to excellent reli-
ability on joint angles (ICCs = 0.5-0.99). However, the limited body of
evidence and lack of comparison with other algorithms make it chal-
lenging to draw definitive conclusions. Notably, while the ICC
(0.77-0.99) of OpenPose falls into good to excellent according to the
commonly used threshold [35], an ICC of 0.77 may still be insufficient
for clinical applications and may result in considerable between-session
variability at the individual level. Bland-Altman plots may provide
valuable insights into measurement variability in clinical applications
and could be useful for further validation of OpenPose’s reliability [39].
Medical practitioners need to carefully consider changes in joint angles
when assessing disease progression.

4.1.2. Validity

In collated studies, validity varied across algorithms, with binocular
PEA showing higher accuracy than monocular algorithms in spatio-
temporal [33] and joint kinematic parameters [14]. Among binocular
PEA systems, OpenCap demonstrated a mean Root Mean Square Error
(RMSE) of 4.8° (range: 2.6°-7.4°) in lower-extremity gait analysis
compared to a marker-based motion capture system in healthy in-
dividuals [14]. This range overlaps with reported RMSE values from the
8-camera-based Theia 3D system (2.6°-11° for walking, running, and
cycling) [40,41] and inertial measurement units (2.0°-12°) for walking,
running [42,43], suggesting a similar order of magnitude in error.
However, it should be noted that direct statistical comparisons are
currently unavailable, and further studies are needed to confirm its
potential superiority. Clinically, joint kinematic errors of 2° or less are
widely acceptable, while errors between 2° and 5° are reasonable but
may need careful interpretation [13]. Horsak et al. found a slightly
higher overall RMSE of 5.8 + 1.8° for OpenCap, deeming it too large for
clinical use [27]. this 1-degree difference may be due to errors in the
marker-based motion capture system, such as marker placement varia-
tion, kinematic crosstalk, and soft tissue artifacts [40], with reported
soft tissue errors averaging 4-8° in hip joint motion during activities like
walking [44], and up to 3° in knee joint angles [45]. Careful validation
and comparison with gold standards like bi-planar video radiography, as

Type of algorithms No. of Backbone No. of Dimension of position data Database Inference Time:
camera architecture Keypoints
OpenPose-COCO 2 VGG-19 18 3D: Triangulation of 2D OpenPose data [33] COCO High in GPU;
Low in CPU [6]
OpenPose-Body_25 1/ VGG-19 25 2D: Output from OpenPose; COCO; MPII; High in GPU;
2 3D: depth data estimated using a PNP algorithm from customized foot dataset ~ Low in CPU [6]
an open-source (OpenCV) platform [15] / estimated [6]
using 3DPoseNet [30]
BlasePose GHUM 1 MobileNetV2 33 3D: depth data estimated from the GHUM model using COCO; Blaze face; Low in CPU [37]
(MediaPipe Pose) 2D projections [5,23] Blaze palm [37]
KAPAO (adapted from 1 CSPDarknet53 18 2D COCO; CrowdPose
YOLO v5) [38]
DeepLabCut 1 ResNet 50 14 2D - -
ThreeDPoseTracker 1 ResNet34 24 3D: depth data estimated using Heatmap COCO; customized 3D Low in GPU [8]
pose tracking dataset
OpenCap: OpenPose and 2 VGG—-19/HRNet 43 3D: Triangulation of the synchronized 2D video COCO; MPII; Low in GPU
HRNet [14] keypoint positions [14] customized foot dataset
[6]
MoveNet 1 MobileNetV2 17 2D COCO; Active (internal Low in CPU [36]

Google dataset) [36]

Keypoints: VGG-19: Visual Geometry Group 19 Layer CNN; ResNet 50: Residual Network 50 layer CNN; HRNet: High-Resolution Net; COCO: Common Objects in
Context dataset; PNP: perspective-n-point; 3D PoseNet: a 3D keypoint detection deep learning algorithm
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suggested by Wade et al., are necessary to ensure the validity of Open-
Cap for high-precision applications [46].

Among the monocular PEA systems reviewed, the error varied
depending on the movement plane and the specific joints involved. For
example, the hip joint angles from OpenPose in the sagittal plane
throughout the entire gait cycle showed moderate to excellent agree-
ment (ICC = 0.656-0.9), with minimal joint angle differences (MAE:
2.7-3.7°) and excellent waveform agreement with the gold standard
(CCC = 0.9-0.979). Knee joint angles follow, with ICC values ranging
from 0.67 to 0.92, MAE between 3.5 and 5.2°, and CCC from 0.978 to
0.994. However, performance in ankle kinematics is poor, with large
deviations (ICC: 0.173-0.57; MAE: 3.1-9.77°; CCC: 0.51-0.936). This
issue also exists in other algorithms, such as BlazePose, because the foot
is a highly complex segment, presenting ongoing challenges even for
marker-based systems [27]. Clinical practitioners should be cautious
when interpreting changes in the ankle joint. Other algorithms have
shown even lower accuracy for joint angles in the sagittal plane
compared to OpenPose. Therefore, if accuracy is a key requirement for
developing a gait analysis system based on monocular PEA, OpenPose
would be the recommended choice [25].

4.1.3. Clinical utility

Among the reviewed PEA algorithms, binocular solutions (e.g.,
OpenCap) show promise for certain clinical applications, given their
relatively high accuracy in the sagittal plane. For example, OpenCap
utilized a Long Short Term Memory neural network model to predict the
3D positions of 43 anatomical keypoints based on the 3D positions of 20
video keypoints and achieved anatomical keypoint errors within 35 mm
[14]. This means kinematics of all degrees of freedom of the body seg-
ments can be defined, allowing for more clinically meaningful joint ki-
nematic measures. Additionally, OpenCap is able to obtain the joint
kinetic data with reasonable accuracy (as shown in Table 4.) using
OpenSim, such as knee adduction moment [14], offering clinicians
convenient access to critical kinetic parameters.

Monocular PEAs, while not designed to match the accuracy of
marker-based systems, offer more accessible solutions for scenarios
where simplicity and scalability are prioritized in clinical practice [16].
Using a normal RGB camera, these algorithms identify and track key-
points, simplifying setup and allowing large-scale data collection for gait
feature extraction and data mining [47]. Although monocular PEAs are
primarily designed for convenience rather than precision, they demon-
strate a balance between accuracy and ease of use for abnormal gait
detection, disease severity classification, and early disease detection
[17,18,48-51] by integrating with classification models such as the
Random Forest classifier [19].

4.2. Algorithmic factors associated with accuracy of PEA

The accuracy of pose estimation algorithms is influenced by various
factors, such as video resolution, camera orientation, occlusion, and
lighting. Since these external factors have been reviewed elsewhere [46,
52], our focus is on algorithmic factors affecting accuracy.

4.2.1. Camera settings and data dimension

Camera settings, particularly the number of cameras, can influence
motion capture accuracy. For vision-based systems, occlusion is a major
detrimental factor [33]; when keypoints are obscured, the algorithm
will lose them or estimate their actual positions, significantly deterio-
rating the data quality [33]. Multiple-camera setups reduce errors
caused by occlusion by capturing multi-view information [33,46]. Be-
sides, camera numbers also determine the dimension of joint position
data. Monocular PEAs typically produce 2D-pixel coordinates [6] or the
relative coordinates to the center of the body [8], derived from keypoint
heatmaps that represent the likelihood of each pixel being a joint [6,53].
While most reviewed studies use 2D data for gait analysis, 3D data can
be estimated through post-processing on 2D outputs [54], as applied in
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studies [5,8,15,30]. For a detailed review of methods to estimate 3D
position data from monocular pose estimation algorithms, see the pre-
vious study [54]. However, this method usually suffers from inaccuracy
due to a lack of direct depth information [55], which explains the low
validity of depth data in the reviewed studies. Alternatively, 3D co-
ordinates can be obtained by triangulating 2D coordinates from multiple
views, as done by OpenCap, providing key advantages over monocular
vision, particularly in improving 3D data accuracy and handling
occlusions.

4.2.2. Backbone architecture

In deep learning and computer vision, a backbone is a pre-trained
CNN that serves as the foundational structure for processing input im-
ages and extracting features used by subsequent layers for tasks like
object detection, segmentation, or pose estimation [56]. Research shows
that deeper backbone networks can extract more discriminative fea-
tures, improving the task accuracy [6,57]. VGG, introduced in 2014 with
only 19 layers, was an early backbone used by OpenPose [58]. By
contrast, ResNet, suggested in 2016, increased the depth up to 152
layers by adding the residual networks and improved accuracy by 28 %
on the COCO dataset [57]. HRNet, used in OpenCap, is also a complex
backbone to increase accuracy by maintaining high-resolution features
throughout the entire network, enabling it to capture fine-grained image
details [59]. However, a complex backbone results in increased
computational complexity and memory usage, limiting its suitability for
certain applications. CSPDarkNet, introduced in 2020 for YOLO, ach-
ieved an effective balance between accuracy and computational effi-
ciency by reducing computation by 20 %, making it ideal for real-time
applications [60]. MobileNet, adopted in MoveNet and MediaPipe
BlazePose, is an extremely lightweight backbone, optimized for mobile
devices, offering reduced latency and faster inference speeds, though at
the cost of lower accuracy [61]. To achieve higher accuracy, computa-
tional efficiency often has to be compromised. Therefore, when accuracy
is prioritized, models with more complex backbones could be
emphasized.

4.2.3. Training datasets

In pose estimation algorithms, datasets are crucial to accuracy, as
they provide annotated images for training models to identify key joints.
PEAs typically use CNNs to process images and extract high-level fea-
tures. During training, the model learns to identify keypoints (e.g.,
shoulders, elbows, knees) from annotated images and predicts joint lo-
cations by analysing patterns of pixel color, gradient, and texture. The
training process optimizes model parameters to minimize errors be-
tween predicted joints and annotated ground truth. The accuracy of the
model largely depends on the quality and diversity of the dataset, which
determines how well the model generalizes and the number of key
points it can predict [46]. Utilizing high-quality, diverse, and accurately
annotated datasets is key to improving the accuracy of PEAs [54].

The most commonly used datasets to train 2D pose estimation al-
gorithms, such as COCO and MPII, are large-scale public datasets [54].
However, these datasets predominantly feature normal daily activities
and static poses and lack sufficient samples of pathological gait patterns
[54]. Even for datasets that include gait patterns, such as the foot dataset
used by OpenPose [7] or the Joint-annotated Human Motion Database
featuring sports movement, the diversity is insufficient, failing to cover
the wide range of abnormal gait variations. This limitation results in
poor generalization of the model for gait pattern recognition. Addi-
tionally, many datasets provide limited keypoint annotations, excluding
critical points like foot keypoints, necessary for clinical diagnosis of gait
abnormalities (e.g., hemiplegic, spastic, and Parkinsonian gait). For
instance, COCO lacks foot keypoints, making it unsuitable for analysing
ankle kinematics in models like YOLO or OpenPose-COCO [62]. Finally,
the quality of keypoints annotations also significantly affects the model
accuracy, especially when occluded joints are inaccurately labeled,
which may mislead the model into learning biomechanically incorrect
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joint locations. Inconsistent or inaccurate annotations, often due to a
lack of professional biomechanical expertise, further degrade model
accuracy [46].

This issue can be addressed by using specific datasets from the start
of model training or employing transfer learning to fine-tune pre-trained
models on new, professionally annotated datasets. For example, Open-
Pose was trained with a specific foot dataset combined with COCO to
identify foot keypoints, which has made it widely used in gait analysis
systems [6]. MediaPipe BlazePose also adopted this approach, identi-
fying heel and toe keypoints. In addition, Takumi et al. [63] demon-
strated that transfer learning, leveraging a new sports dataset, can
significantly improve 2D pose estimators for extreme poses while
maintaining high performance on standard datasets. However, creating
pathological gait datasets poses significant challenges due to the need
for precise manual annotation and the labor-intensive nature of this
process. Privacy and ethical concerns also limit the collection and
sharing of clinical gait data, making it challenging to obtain the
high-quality, annotated datasets needed to improve gait recognition
algorithms [46].

4.3. Limitations

This review excluded non-English journals that may have restricted
the comprehensive gathering of literature on automatic assessment
systems. Besides, this study did not distinguish between healthy in-
dividuals and patients when assessing validity and reliability; instead,
articles that examined the accuracy of gait analysis for healthy in-
dividuals and/or patients were all reviewed. Hence, for certain patient
groups, such as those with cerebral palsy, the accuracy of keypoint
detection may be lower than the precision summarized in this study
when tracking unusual movements, due to factors like occlusions, rapid
motion, atypical body poses, or deviations from the data used to train
the model. Therefore, future research could focus on reviewing the ac-
curacy of pose estimation algorithms specifically in patient populations.

4.4. Future research

For future studies that use pose estimation algorithms in clinical
settings, ensuring the accuracy of these algorithms remains crucial.
Researchers could consider employing transfer learning by utilizing
hyperparameters from existing well-trained models and developing
customized datasets tailored to populations with specific diseases. For
clinical applications, integrating a lightweight pose estimation algo-
rithm into web-based platforms could facilitate large-scale data collec-
tion. This would allow for comprehensive data mining to uncover
detailed patterns and insights, thereby enabling a thorough analysis of
patient rehabilitation progress. Such an approach could reveal new
correlations and trends that inform and optimize treatment plans.
Additionally, there is an increasing interest in integrating multimodal
fusion strategies with pose estimation algorithms, which involves
incorporating data from various sensors and sources, such as imaging,
biosignals, and clinical assessment [64]. This method enhances the ac-
curacy and comprehensiveness of pose estimation by combining infor-
mation from multiple modalities. By leveraging these diverse inputs, the
system can provide a more holistic analysis of patient movement and
health, ultimately improving the precision of diagnoses and the effec-
tiveness of rehabilitation programs.

5. Conclusion

In summary, innovative pose estimation algorithms such as Open-
Pose, BlazePose, and OpenCap demonstrate varying degrees of accuracy,
with current evidence suggesting that binocular solutions (e.g., Open-
Cap) may have higher validity in kinematic and kinetic estimates
compared to monocular algorithms. Despite some limitations, including
the need for specific datasets and challenges in capturing certain joint
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angles, these algorithms offer promising supplements to traditional
marker-based systems, especially in clinical settings where minimal
setup and ease of use are critical. The solutions show great potential to
augment clinical diagnosis and monitor diseases such as Parkinson’s
disease and cerebral palsy through gait analysis, but further robust ev-
idence is needed before they can be widely adopted in clinical practice.
Future researchers aiming to improve the accuracy of these algorithms
could focus on customized datasets or compensation algorithms. Those
interested in clinical applications could integrate algorithms into web-
based platforms for large-scale data collection and analysis or combine
multimodal fusion strategies with pose estimation algorithms to aid in
clinical diagnosis and rehabilitation. This approach will enable a more
comprehensive understanding of patient rehabilitation progress and
facilitate the development of more effective treatment plans.
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