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A B S T R A C T

Gait analysis is crucial for diagnosing and monitoring various healthcare conditions, but traditional marker- 
based motion capture (MoCap) systems require expensive equipment, extensive setup, and trained personnel, 
limiting their accessibility in clinical and home settings. Markerless systems reduce setup complexity but often 
require multiple cameras, fixed calibration, and are not designed for widespread clinical adoption. This study 
introduces 3DGait, an artificial intelligence-enhanced markerless 3-Dimensional gait analysis system that 
operates with a single consumer-grade depth camera, providing a streamlined, accessible alternative. The system 
integrates advanced machine learning algorithms to produce 49 angular, spatial, and temporal gait biomarkers 
commonly used in mobility analysis. We validated 3DGait against a marker-based MoCap (OptiTrack) using 16 
trials from 8 healthy adults performing the Timed Up and Go (TUG) test. The system achieved an overall average 
mean absolute error (MAE) of 2.3◦, with all MAE under 5.2◦, and a Pearson’s correlation coefficient (PCC) of 0.75 
for angular biomarkers. All spatiotemporal biomarkers had errors no greater than 15 %. Temporal biomarkers 
(excluding TUG time) had errors under 0.03 s, corresponding to one video frame at 30 frames per second. These 
results demonstrate that 3DGait provides clinically acceptable gait metrics relative to marker-based MoCap, 
while eliminating the need for markers, calibration, or fixed camera placement. 3DGait’s accessible, non-invasive 
and single camera design makes it practical for use in non-specialist clinics and home settings, supporting patient 
monitoring and chronic disease management. Future research will focus on validating 3DGait with diverse 
populations, including individuals with gait abnormalities, to broaden its clinical applications.

1. Introduction

Gait analysis plays a critical role in healthcare by helping to di
agnose, treat and monitor neurological disorders, musculoskeletal is
sues, and post-surgery recovery among others (Muro-de-la-Herran et al., 
2014; Simon, 2004; Whittle, 2014). Traditionally, quantitative gait 
analysis relies on marker-based motion capture (MoCap) systems, which 
uses reflective markers and high-speed cameras to track movement with 
millimeter accuracy (Aurand et al., 2017; Ehara et al., 1997, 1995; 
Richards, 1999). However, these systems are expensive, cumbersome 
and time-consuming, requiring significant effort and expertise for 
meticulous marker placement and data processing (Hulleck et al., 2022; 
Scataglini et al., 2024; Scott et al., 2022; Simon, 2004). Additionally, the 

presence of markers and setup constraints can affect the naturalness of 
movement, introducing biases in analysis (Colyer et al., 2018; Moro 
et al., 2022; Scataglini et al., 2024). These challenges restrict their use in 
routine clinical practice and home monitoring.

Advances in sensors, signal processing and artificial intelligence (AI) 
have made quantitative gait analysis more accessible and scalable across 
research and clinical settings (Hulleck et al., 2022; Lam et al., 2023; 
Stenum et al., 2024). Wearables like inertial measurement units (IMUs) 
are portable and affordable (Homan et al., 2022; Liu et al., 2021; Saboor 
et al., 2020; Tadano et al., 2013) but suffer from sensor drift, placement 
sensitivity, and calibration requirements, limiting their usability 
(Hulleck et al., 2022; Liu et al., 2021; Muro-de-la-Herran et al., 2014). 
Pressure-sensitive gait mats provide reliable spatiotemporal gait 
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parameters (Dogan et al., 2024; Webster et al., 2005) but lack joint angle 
measurements, portability, and real-world applicability (Muro-de-la- 
Herran et al., 2014; Saboor et al., 2020).

Markerless MoCap systems leverage AI and computer vision for gait 
analysis without body markers, reducing setup complexity and time 
(Corazza et al., 2006; Lam et al., 2023; Mündermann et al., 2006), and 
allowing for more natural movement (Colyer et al., 2018; Moro et al., 
2022; Scataglini et al., 2024). They eliminate marker placement errors, 
improving repeatability across sessions, and automate data processing 
which enhances efficiency (Mathis et al., 2020; Wade et al., 2022). Some 
systems work with consumer-grade devices like smartphone cameras, 
increasing accessibility and adaptability to various environments 
(Drazan et al., 2021; Uhlrich et al., 2023).

Despite their advantages, markerless MoCap systems face limitations 
that hinder widespread clinical adoption (Hulleck et al., 2022). High 
accuracy systems like Theia3D are expensive, require multi-camera 
setups, complex software and calibration (Kanko et al., 2021a; Wren 
et al., 2023). Lower-cost multi-camera systems still require careful 
calibration and are designed for research use, requiring biomechanics 
expertise and lacking automatic generation of relevant clinical gait pa
rameters (Drazan et al., 2021; Uhlrich et al., 2023; Wang et al., 2024). 
Broader clinical adoption requires integration into intuitive and user- 
friendly platforms (Lam et al., 2023).

Single-camera solutions are cost-effective and easy to use, but are 
less accurate than multi-camera setups (Boldo et al., 2024; Scott et al., 
2022; Springer and Seligmann, 2016; Viswakumar et al., 2022; Wang 
et al., 2024). Many (Boldo et al., 2024; Moro et al., 2022; Stenum et al., 
2021; Viswakumar et al., 2022) rely on generic, open-source pose esti
mation models like OpenPose (Cao et al., 2017), which are not opti
mized for biomechanics applications (Wade et al., 2022). These models 
often mislabel or fail to label joint centers, and compute only two points 
per body segment, insufficient for calculating six degrees of freedom 
needed for clinical gait analysis (Needham et al., 2021; Wade et al., 
2022). Furthermore, they estimate 2D instead of 3D poses, assuming 
movements occur strictly in the frontal or sagittal plane, making accu
racy heavily dependent on camera alignment (Wade et al., 2022). Oc
clusions and limited depth perception further impact the precision of 
spatial parameters and joint kinematics parallel to the camera’s line of 
sight (Stenum et al., 2021; Wade et al., 2022).

To overcome these limitations, we developed 3DGait, an end-to-end 
gait analysis application that uses a single consumer-grade camera with 
depth sensor to generate 49 angular and spatiotemporal gait biomarkers. 
Unlike conventional single-camera systems, 3DGait employs biome
chanically accurate key points, leverages advanced AI algorithms for full 
3D pose estimation, and integrates depth sensing, to improve accuracy 
while reducing dependence on camera alignment. The system is fully 
automated, and wearable-independent, making it practical for clinics, 
homes, and everyday environments. In this study, we validate 3DGait by 
comparing its gait measurements in healthy adults against marker-based 
MoCap, demonstrating its accuracy and usability. A more detailed 
comparison with existing markerless solutions is provided in the Dis
cussion section.

2. Methods

2.1. 3DGait system architecture

3DGait consists of modules (Fig. 1, Table 1) that process video and 
Light Detection And Ranging (LiDAR) data of a subject performing a 
Timed Up and Go (TUG) test or a back-and-forth walk, captured using an 
iPad Pro (2nd generation and above, Apple Inc., CA, USA). The system 
detects and tracks the Person of Interest (PoI), extracts 2D key points 
(Fig. 2), and converts them into 3D pose estimates. Smoothing, scaling, 
and translation refine these estimates using LiDAR data for real-world 
alignment. Phase segmentation and gait segmentation identify move
ment phases and gait events, while ground plane estimation provides 
spatial reference. Finally, gait parameter computation derives angular 
kinematics and spatiotemporal biomarkers. All processing occurs locally 
on the iPad, with automatic face blurring and an option to delete video 
files immediately. The recommended working conditions of 3DGait are 
described in Sup. Table S1. 3DGait’s user-friendly interface also pro
vides real-time guidance on camera and subject placement to facilitate 
optimal data collection (Sup. Fig. S1).

2.2. Participants and dataset description

Data from 72 healthy adults were collected for development and 
evaluation of 3DGait. The study was deemed Institutional Review Board 

Fig. 1. Architecture of 3DGait.
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Table 1 
Description of modules within 3DGait.

Module Function Methods/techniques used Output

Person Detection 
and Tracking

Detects and tracks individuals in the 
video

You Only Look Once (YOLO) model(Wang et al., 2023) pretrained 
on the Microsoft Common Objects in Context (MS-COCO) dataset (
Lin et al., 2014), 
deepSORT (Wojke et al., 2017)

Person of Interest (PoI) performing the task 
identified in video frames

2D Pose Estimation Computes 2D body key points Lightweight Pose Network (Sun et al., 2019; Xiao et al., 2018, Zhang 
et al., 2019)

[x, y] coordinates of 28 keypoints (Fig. 2), 
adapted from CAST marker set (Cappozzo 
et al., 1995)

3D Pose Estimation Transforms 2D body key points into 
3D

Videopose3D (Pavllo et al., 2019) Normalized [x, y, z] coordinates of 28 body 
key points

Smoothing Reduces noise in 3D pose 4th order 6 Hz low-pass Butterworth filter(Winter, 2009) Smoothed 3D coordinates
Scaling and 

Translation
Converts normalized 3D poses to 
real-world dimentions

LiDAR-based scaling and translation Real-world [x, y, z] coordinates of key points

Phase 
Segmentation

Identifies movement phases (sit, 
stand, walk, turn)

Object detection and 2D pose-based algorithmic segmentation Frame numbers marking phase transitions

Ground Plane 
Estimation

Estimates ground plane for gait 
segmentation and biomarker 
computation

LiDAR data and ransac algorithm (Fischler and Bolles, 1981) Ground plane parameters

Gait Segmentation Determines gait phases (swing, 
stance)

Algorithmic approach using 3D foot key points and ground plane Gait cycle time events

Gait Parameters 
Computation

Computes joint angles and gait 
parameters

Joint Coordinate System framework (Grood and Suntay, 1983) for 
joint kinematics, timing of gait events and 3D keypoints for 
spatiotemporal gait parameters

Angular joint kinematics, spatiotemporal gait 
parameters

Fig. 2. The positions of the 28 key points used by the proposed 3DGait algorithm, drawn on a skeleton (left) and project on an example subject (right).

Fig. 3. The age, height, weight and body mass index (BMI) distributions of subjects.
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(IRB) exempt by the Agency for Science, Technology and Research 
(A*STAR), Singapore (IRB 2023–040), because the data collection was 
observational and de-identified. Subjects were recruited in four equal 
demographic groups: males under 50 (n = 18), males 50+ (n = 17), 
females under 50 (n = 18), and females 50+ (n = 19). Exclusion criteria 
included mobility issues or difficulty walking with a mask and sun
glasses. The age, height, weight and body mass index (BMI) distributions 
of the subjects are shown in Fig. 3. Data collection took place in a motion 
capture studio in Beijing, China, by Datatang, a contracted company, 
with all subjects of Chinese ethnicity.

The dataset was divided into training, used to develop the 2D and 3D 
pose estimation models, and testing sets, used for system evaluation. The 
test set included the first 8 subjects (4 males, 4 females, mean age 44.8, 
standard deviation (SD) 13.2, 16 trials total), with complete data who 
successfully completed the 6 m TUG. The training dataset comprised 31 
males, 33 females (mean age 39.5, SD 16.3).

2.3. Experimental set up and procedures

Color videos and LiDAR data were acquired simultaneously using 4 
iPad Pro (Apple Inc., CA, USA) at 30 frames per second (FPS). Cameras 
were placed to ensure full subject visibility throughout the trial. While 
multiple camera angles were recorded for training, 3DGait processes 
only the front-facing camera, which was positioned approximately 3.5 m 
from the end of the walkway (Sup. Fig. S2). All cameras were placed at a 
height of 1.2–1.6 m from the ground. Data was acquired with consistent 
overhead ambient lighting in a controlled indoor environment (see 
Fig. 2 and Sup. Fig. S3a for examples).

Motion data was concurrently captured using the OptiTrack system 
(NaturalPoint Inc., OR, USA) with 60 OptiTrack Prime 41 cameras at 
120 Hz. Markers were placed according to the CAST marker set 
(Cappozzo et al., 1995). Subjects performed several trials of 3 m and 6 m 
TUG tests, and a 6 m back and forth walk, once in a black body suit with 
reflective markers for ground truth MoCap data collection and once in 
regular clothing (see Sup. Fig. S3a for examples) to ensure model per
formance under real-world conditions. MoCap data was manually 
inspected, and trials with missing or misplaced markers were excluded.

2.4. Pose estimation model training

The 2D pose model was trained using images extracted from iPad 
videos, with 2D key points reprojected from MoCap 3D data or manually 
annotated. The dataset included diverse lighting conditions, clothing, 
backgrounds, and camera angles, supplemented with images from open 
environments and MS-COCO (Lin et al., 2014). The 3D model was 
trained using paired 2D-3D coordinates from MoCap. Training data was 
augmented to include variations in camera angles and subject locations 
to improve generalizability. The hyperparameters of both models are 
summarized in Sup. Table S2. These were selected based on prior work, 
specifically the Lightweight Pose Network (LPN) (Sun et al., 2019; Xiao 
et al., 2018; Zhang et al., 2019) for 2D pose and VideoPose3D (Pavllo 
et al., 2019) for 3D pose, or performance on a held-out subset of the 
training data. Batch sizes were selected to optimize for training speed 
given available computational resources. Both models were converted to 
TensorFlow Lite for efficient edge computing.

2.5. System evaluation

The 2D pose model was evaluated on test subjects wearing black 
bodysuits and everyday clothing, and on the MS-COCO validation set 
(Sup. Fig. S3), using Object Keypoint Similarity (OKS) (Maji et al., 2022) 
and pixel distance error. OKS, ranging 0–1 measures normalized key
point overlap—higher is better—while pixel error captures absolute 
point deviations in pixels—lower is better. The 3D pose estimation 
model was evaluated using the Mean Per-Joint Position Error (MPJPE) 
in millimeters, the average Euclidean distances between predicted and 

ground truth 3D positions, with lower MPJPE indicating higher 
accuracy.

To evaluate the final gait parameters, ground truth joint kinematics 
were computed from the 3D MoCap data using the Joint Coordinate 
System (Grood and Suntay, 1983). The ground truth temporal bio
markers were based on manual video annotation, while spatial bio
markers were based on annotated time boundaries and 3D coordinates. 
The accuracy of angular biomarkers was measured using mean-shifted 
Mean Absolute Error (MAE) in degrees and Pearson’s Correlation Co
efficient (PCC) between the 3DGait and ground truth values. The mean- 
shifted MAE is calculated by first subtracting the average angle value 
across the gait cycle, which reduces variability due to marker placement 
inconsistencies, as described in Wren et al. (2023). The spatiotemporal 
biomarkers were evaluated using MAE in seconds, meters and meters per 
second, with errors also expressed as percentages of ground truth value.

2.6. Statistical analysis

All analyses were conducted in Python (v3.9) using SciPy, NumPy 
and spm1d. Joint kinematics and spatiotemporal biomarkers were 
averaged across gait cycles within trials and then across all test subjects. 
95 % confidence intervals were computed using the t-distribution due to 
the small sample size. A paired t-test was performed on the joint kine
matics using Statistical Parametric Mapping (SPM1d), which applies 
random field theory to adjust for multiple comparisons. Regions where t- 
values exceeded the critical threshold (p < 0.05) were identified as 
significantly different between 3DGait and MoCap measurements.

3. Results

3.1. Performance of pose estimation models

Table 2 summarizes model performance for the 2D and 3D pose 
models in 3DGait. When tested on subjects in everyday clothing (Sup. 
Fig. S3a), OKS was 0.875—only a 1.6 % decrease compared to those in 
black body suits (OKS of 0.889). On the more challenging MS-COCO 
dataset (Sup. Fig. S3b), OKS was 0.835, reflecting a 6 % reduction. To 
further illustrate robustness, we overlaid inferred 2D key points on im
ages acquired in diverse environments with different clothing and 
lighting conditions (Sup. Fig. S3c). The 3D pose estimation model ach
ieved a MPJPE of 19.67 mm on the training dataset and 24.80 mm on the 
test dataset.

3.2. Accuracy of the angular biomarkers

The MAE and PCC for the individual biomarkers are shown in 
Table 3. The average MAE and PCC across all angular biomarkers were 
2.3◦ and 0.75 respectively. All angular biomarkers had a MAE of less 
than 5.2◦. 22 out of the 30 angular biomarkers had PCC greater than 0.7. 
Pelvic anterior tilt, knee varus, ankle inversion and ankle rotation had 
lower PCC. The accuracies of left and right biomarkers were similar.

The mean joint angles across the gait cycle computed by 3DGait and 
by OptiTrack were plotted along with the MAE in Fig. 4 (see Sup. Fig. S4

Table 2 
Performance of the pose estimation models on the training and test data, and 
various 2D image datasets.

Model 2D pose estimation 3D pose estimation

Metric OKS Pixel error MPJPE (mm)

Training 0.945 7.49 19.67
Test subjects in black body suit 0.889 10.29 24.80
Test subjects in everyday clothing 0.875 11.32 −

MS-COCO validation seta 0.835 13.16 −

a Evaluation was done on a subset of images in the MS-COCO validation set in 
which the whole body is visible.
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for individual data points). The MAE was less than 5◦ and had little 
variation across the gait cycle for most biomarkers except knee flexion 
and foot internal progression, which had higher errors during the later 
half of the gait cycle.

SPM1d analysis (Fig. 5) showed no significant difference between 
3DGait and marker-based MoCap across the gait cycle for most joint 
angles. There was a significant difference during the transition to swing 
phase for hip and knee flexion, during the early stance phase for knee 
varus, and during the swing phase for shoulder flexion.

3.3. Accuracy of the spatiotemporal biomarkers

Table 4 shows the MAE between spatiotemporal biomarkers 
computed using 3DGait and ground truth marker-based MoCap. For 
temporal biomarkers (excluding TUG time), errors were below 0.03 
s—equivalent to 1 frame in a 30 frames per second video. TUG had a 
higher MAE of 0.163 s, but this represents 1.23 % of the ground truth 
value. All spatiotemporal biomarkers showed MAE of less than 15 % 
relative to ground truth values.

4. Discussion

In this study, we introduced 3DGait, an innovative single-camera, 
markerless gait analysis system designed to enhance clinical and 
home-based monitoring. Evaluated against marker-based MoCap in 8 
healthy adults, 3DGait demonstrated comparable accuracy while oper
ating with a widely available mobile device. Our 2D pose model per
formed robustly across diverse subjects, clothing and environments 
(Table 2, Sup. Fig. S3). Performance was lower on the MS-COCO dataset, 
which was expected due to the inclusion of complex, non-test scenarios. 
The 3D pose model achieved a MPJPE of 24.8 mm, comparable to open- 
source methods (30–50 mm; (Needham et al., 2021) and Theia3D 
(25–36 mm; (Kanko et al., 2021a).

Angular biomarker showed an average MAE of 2.3◦ and a PCC of 
0.75, with consistent performance across both body sides. Joint kine
matics closely aligned with MoCap measurements, though errors tended 
to increase during rapid joint movements, particularly during transitions 
into and throughout the swing phase for knee, hip, and shoulder flexion 
(Figs. 4, 5). These errors likely stem from gait cycle misalignments, 
motion blur and 2D key point variability. Depth estimation limitations 
from a frontal view further impact sagittal plane angle accuracy. In 
contrast, knee varus discrepancies during stance phase likely result from 
its small range of motion, which is harder to detect with markerless 
systems.

Most angular biomarkers from 3DGait showed strong correlation 
(>0.7) with MoCap, except for pelvic anterior tilt and ankle inversion 
(moderate, 0.5–0.7) and ankle rotation and knee varus (poor, <0.5) 
(classification based on (Mukaka, 2012)). Moderate to low PCC bio
markers had small MAEs (0.65◦–3.87◦), likely due to their limited range 
of motion (<15◦, Fig. 4) which makes PCC sensitive to small variations 
and a less reliable metric (Janse et al., 2021). Additionally, slight 
inaccuracies in pose estimation can disproportionately impact subtle 
joint movements (Colyer et al., 2018; D’Souza et al., 2024; Turner et al., 
2024), due to depth perception issues, occlusions, and small angular 
displacements (Wade et al., 2022).

3DGait’s angular biomarker accuracy is comparable to other mar
kerless systems (Table 5) (Kanko et al., 2021a; Stenum et al., 2024; 
Turner et al., 2024) and outperforms Kinect-based approaches (Choppin 
et al., 2014; Guess et al., 2017; Springer and Seligmann, 2016). Its use of 
a depth sensor and specialized 3D pose estimation model enhanced out- 
of-plane joint kinematics accuracy—an area where many existing sys
tems struggle (Scott et al., 2022; Springer and Seligmann, 2016).

All spatiotemporal biomarkers measured by 3DGait had errors below 
15 %. Temporal parameters were particularly accurate, with errors 
equivalent to one frame in a 30 FPS video, consistent with other systems 
(Clark et al., 2013; Kanko et al., 2021b; McGuirk et al., 2022; Pfister 

Table 3 
Accuracy of the angular joint kinematics.

No. Biomarker name MAE (95 % C.I.) PCC (95 % C.I.)

Left Right Left Right

1 Pelvic Anterior Tilt 0.65◦ (0.48–0.82) 0.66◦

(0.45–0.87)
0.63 
(0.42–0.83)

0.55 
(0.34–0.76)

2 Pelvic Up Obliquity 0.99◦ (0.72–1.25) 0.94◦

(0.66–1.22)
0.87 
(0.79–0.95)

0.87 
(0.81–0.94)

3 Pelvic Internal Rotation 1.08◦ (0.82–1.35) 1.10◦

(0.80–1.40)
0.89 
(0.82–0.96)

0.88 
(0.79–0.97)

4 Hip Flexion 2.80◦ (1.86–3.74) 2.83◦

(1.90–3.75)
0.98 
(0.97–0.99)

0.98 
(0.97–0.99)

5 Hip Adduction 1.17◦ (0.88–1.46) 1.22◦

(1.02–1.41)
0.88 
(0.80–0.95)

0.88 
(0.82–0.94)

6 Hip Internal Rotation 2.02◦ (1.64–2.39) 2.28◦

(1.81–2.75)
0.75 
(0.64–0.86)

0.74 
(0.59–0.90)

7 Knee Flexion 4.34◦ (2.73–5.94) 5.18◦

(3.65–6.71)
0.96 
(0.93–1.00)

0.94 
(0.90–0.99)

8 Knee Varus 2.73◦ (1.28–4.19) 2.38◦

(1.53–3.22)
0.05 
(− 0.53–0.63)

0.33 
(0.02–0.64)

9 Knee Internal Rotation 2.79◦ (2.28–3.20) 2.56◦

(1.78–3.34)
0.86 
(0.79–0.93)

0.85 
(0.73–0.97)

10 Ankle Dorsiflexion 2.32◦ (1.56–3.08) 2.58◦

(1.83–3.34)
0.90 
(0.83–0.97)

0.88 
(0.80–0.95)

11 Ankle Inversion 2.89◦ (1.92–3.86) 3.87◦

(1.87–5.87)
0.60 
(0.36–0.85)

0.40 
(0.09–0.71)

12 Ankle Rotation 2.34◦ (1.46–3.02) 2.68◦

(1.96–3.41)
0.10 
(− 0.23–0.43)

0.20 
(− 0.11–0.51)

13 Foot Internal Progression 2.16◦ (1.74–2.58) 2.51◦

(1.74–3.27)
0.86 
(0.75–0.97)

0.87 
(0.78–0.97)

14 Elbow Flexion 2.51◦ (1.89–3.14) 2.03◦

(0.85–3.21)
0.92 
(0.85–1.00)

0.93 
(0.84–1.00)

15 Shoulder Flexion 2.62◦ (1.77–3.48) 2.90◦

(2.11–3.69)
0.97 
(0.93–1.00)

0.95 
(0.91–1.00)

​ Mean 2.22◦

(1.87–2.57)
2.38◦

(2.12–2.65)
0.75 
(0.71–0.79)

0.74 
(0.70–0.78)
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Fig. 4. Joint angles, averaged across left and right sides, during the gait cycle derived from the marker-based MoCap system (OptiTrack, blue) and from our single 
camera markerless system (3DGait, orange). Black line below each plot shows the mean-shifted MAE between the two systems. Solid line represents mean and shaded 
area represents standard deviation across the 8 subjects. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of 
this article.)
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et al., 2014; Springer and Seligmann, 2016; Stenum et al., 2024, 2021). 
Spatial errors are higher, due to 3DGait’s use of a single, flexibly placed 
camera rather than fixed or multi-camera setups—a deliberate trade-off 
that prioritizes usability over marginal gains in accuracy.

Although 3DGait’s does not match the sub-millimeter precision of 
high-end marker-based MoCap systems, errors below 5◦ are generally 
acceptable for clinical gait assessments (McGinley et al., 2009). This 
makes 3DGait well-suited for routine clinical evaluations and home 

Fig. 5. Statistical Parametric Mapping (SPM1d) analysis of joint kinematics. SPM{t} statistical maps from paired t-tests comparing 3DGait and marker-based MoCap 
joint angle trajectories over a normalized gait cycle (0–100 %). The solid black lines represent the t-statistic across the gait cycle, and the horizontal dashed lines 
indicate the critical threshold for statistical significance at p < 0.05, determined using random field theory. Shaded regions (if present) denote significant differences 
between the two methods.

Table 4 
Accuracy of the spatiotemporal gait parameters.

No. Biomarker name MAE (95 % C.I.) MAE as % of ground truth (95 % C.I.)

Left Right Left Right

1 Stride Length (m) 0.120 
(0.080–0.161)

0.112 
(0.086–0.138)

9.44 
(6.37–12.52)

8.90 
(6.94–10.86)

2 Stride Duration (s) 0.011 
(0.006–0.016)

0.009 
(0.003–0.015)

0.99 
(0.56–1.42)

0.77 
(0.22–1.33)

3 Stride Speed (m/s) 0.104 
(0.076–0.132)

0.096 
(0.082–0.109)

9.34 
(6.63–12.05)

8.60 
(7.22–9.99)

4 Step Length (m) 0.046 
(0.030–0.061)

0.093 
(0.070–0.117)

7.20 
(4.85–9.56)

14.79 
(11.23–18.34)

5 Step Duration (s) 0.014 
(0.009–0.020)

0.018 
(0.010–0.026)

2.50 
(1.50–3.50)

3.17 
(1.84–4.50)

6 Step Speed (m/s) 0.090 
(0.056–0.124)

0.141 
(0.097–0.185)

8.03 
(5.03–11.02)

12.85 
(8.59–17.10)

7 Gait Speed (m/s) 0.100 (0.083–0.114) 8.87 (7.28–10.47)
8 Single Support (s) 0.018 

(0.006–0.030)
0.008 
(0.002–0.014)

4.94 
(1.41–8.46)

2.03 
(0.37–3.68)

9 Double Support (s) 0.018 
(0.009–0.027)

0.016 
(0.006–0.025)

10.48 
(3.73–17.23)

8.63 
(4.05–13.22)

10 Total Double Support (s) 0.025 (0.005–0.045) 7.04 (1.49–12.58)
11 Timed Up and Go (TUG) Test Time (s) 0.163 (0.008–0.319) 1.23 (0.05–2.42)
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monitoring, where usability and portability are prioritized over high 
precision. For applications requiring higher accuracy, such as post- 
surgical rehabilitation monitoring, integrating additional sensors like 
IMUs (Petraglia et al., 2019) and future model enhancements may 
provide the needed improvements.

Future work will refine the pose estimation models by using 
biomechanical priors such as joint range limits and inter-joint coupling, 
integrating detailed lower-body parametric models, adopting depth- 
aware learning to better localize occluded joints, and expanding the 
training dataset with examples exhibiting subtle gait features. These 
enhancements should boost accuracy for angular biomarkers with small 
or complex movements, improve depth-informed spatial parameters and 
strengthen 3DGait’s overall robustness.

The major advantage of 3DGait is its clinical accessibility (Table 5). It 
operates locally on a single iPad Pro—no high-end GPUs, cloud 
computing, multi-camera setups or calibration required. It features an 
intuitive, end-to-end interface and automatically generates clinically 
relevant gait parameters within 1–2 min, removing the need for 
biomechanics expertise or manual analysis. 3DGait automatically 

detects the target individual in multi-person environments, which is 
particularly useful in busy clinical settings. It also functions effectively 
in small, flexible spaces, unlike systems that require fixed camera ori
entations (Stenum et al., 2021, 2024) or large capture environments.

Cost-wise, 3DGait is more affordable than many markerless systems, 
requiring only an iPad Pro for hardware, though it operates on a 
subscription-based software model. Unlike other systems, privacy and 
data security are built in—all video processing occurs locally, faces are 
automatically blurred, and users can delete videos immedi
ately—ensuring compliance with healthcare data privacy standards.

Deploying 3DGait in real-world conditions presents challenges such 
as varying lighting, clothing, and camera placement. Our 2D model was 
trained with diverse lighting, attire, and camera angles, while our 3D 
model incorporated different subject positions and camera views. A 
user-friendly interface also provides real-time guidance on optimal setup 
to support consistent data collection (Sup. Fig. S1). Still, further vali
dation against validated markerless multi-camera systems or IMUs is 
essential to rigorously assess 3DGait’s accuracy across varied real-world 
conditions, including different clothing types and fits, lighting 

Table 5 
Comparison of 3DGait against other markerless solutions for gait analysis.

Feature 3DGait Theia3D OpenCap Microsoft/Azure Kinect 
(discontinued)b + accompanying 
software

Single camera systems

Accuracy (Joint 
kinematics)

• MAE 2.3◦

• PCC 0.75
• RMSE < 5.5◦ (except axial 

rotations)
• MAE 3.85◦, RMSE 

4.34◦

• CMC > 0.84 
(sagittal), 0.47–0.78 
(frontal, transverse)

• RMSE 5-12◦

• PCC variable
• MAE < 5◦ (Stenum et al., 

2024), <11◦

(Viswakumar et al., 
2022)

• PCC > 0.8 (Wang et al., 
2024)

Accuracy 
(Spatiotemporal 
parameters)

• Overall < 15 % error
• Temporal MAE <

0.03 s
• Spatial MAE 

0.046–0.120 m
• Speed MAE 0.1 m/s

• Temporal MAE 0.01–0.07 
s

• Spatial MAE < 0.01 m
• Speed MAE < 0.02 m/s

Unknown • Temporal ~ 10–20 % error
• Spatial ~ 5 % error
• Spatiotemporal PCC 0.69–0.99;

• Temporal MAE 
0.01–0.05 s

• Spatial MAE 
0.021–0.074 m

• Gait speed MAE 
0.03–0.15 m/s

Ease of use and setup • Single iPad Pro
• No calibration
• Auto person of 

interest detection in 
multi-person scene

• Intuitive UI with 
placement guide

• 6–8 high-speed camera
• Calibration needed

• 2 + RGB cameras
• Calibration needed
• Requires internet

• Single RGB-D camera
• No calibration needed
• Depends on third-party soft

ware for gait analysis

• Single RGB camera
• No calibration but 

known location required 
and fixed frontal/sagittal 
view

• No turnkey app

Space requirements Small space, flexible set 
up

Large space required for 
multiple cameras

Moderate space for 2 
cameras placed 30-45◦

apart

Limited to small capture volume 
(1–2 m from sensor)

Small space for frontal 
view, large space for 
sagittal view

Cost • Hardware: ~US 
$800–1200 (iPad 
Pro)

• Software: 
Subscription based

• Hardware: ~US$25 k 
(cameras) + US$5–8 k 
(GPU)

• Software: Subscription 
and lifetime license

• Hardware: US$1–3 k 
(2 cameras)

• Software: free but 
paid version 
available for coaches 
/ clinicians

• Hardware: ~US$150–400 
(Kinect) + US$5–8 k (GPU)

• Software: Official SDK is free, 
third-party applications may 
have additional fees

• Hardware: <US$500 
(camera) + US$5–8 k 
(GPU)

• Software: free

Analysis time ~1 min for a 15 s video 
(0.14 s per frame) a

0.005 – 0.15 s per frame, 
depending on computing 
power

~5 min per trial Several minutes per trial, 
depending on computing power

0.1–0.2 s per frame

Privacy and data 
security

• All processing done 
locally on iPad

• Automatic face- 
blurring

• Immediate video 
deletion option

• Local GPU processing
• No built-in privacy 

features

• Cloud processing
• No built-in privacy 

features

• Local GPU processing
• No built-in privacy features

• Local GPU processing
• No built-in privacy 

features

Main use cases Broad clinical, 
rehabilitation and 
home use

Clinical gait analysis, 
research, advanced sports 
science

Research, education, 
exploratory clinical use

Research, consumer and home use Research prototypes

References ​ D’Souza et al., 2024; Kanko 
et al., 2021a, 2021b; Wren 
et al., 2023; McGuirk et al., 
2022

Turner et al., 2024; 
Uhlrich et al., 2023

Choppin et al., 2014;Clark et al., 
2013;Guess et al., 2017; Pfister 
et al., 2014;Springer & Seligmann, 
2016

Stenum et al., 2021, 2024; 
Viswakumar et al., 2022; 
Wang et al., 2024

MAE = Mean Absolute Error, RMSE = Root Mean Squared Error, CMC = Coefficient of Multiple Correlation, PCC = Pearson’s Correlation Coefficient.
a We measured the average time taken for the full analysis to be done on the 16 test trials using an iPad Pro 11-ich (M4). The average time per frame is based on the 

total time divided by the number of frames in the video.
b Microsoft Kinect (Kinect for Windows) and Azure Kinect DK have been discontinued.
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environments, and camera configurations. Until then, results obtained 
under unvalidated conditions should be interpreted with caution.

Our test sample included 8 healthy adults of Chinese ethnicity, 
balanced for gender and age, drawn from a 72-subject dataset. Although 
external datasets (e.g. MS-COCO) were used to diversify training, the 
limited size and lack of ethnic diversity in the test set severely constrains 
generalizability. It is crucial to validate 3DGait on larger and more 
diverse populations, including individuals of various ethnicities, age 
groups—particularly middle-aged adults (30–50 years), where early gait 
changes may occur—and those with gait abnormalities.

Preliminary results suggested that 3DGait can detect reduced gait 
speed, shorter step length and increased stride variability in pre–frail 
and frail cardiac patients (Koh et al., 2025). A post-stroke validation 
study is also underway and will be reported separately. Future studies 
will extend validation to additional clinical populations (e.g. Parkin
son’s disease) and multi-site trials to assess robustness in real-world 
clinical environments. Longitudinal investigations will also be critical 
to evaluate 3DGait’s ability to track gait changes over time for reha
bilitation and chronic disease management.

Currently, 3DGait is limited to assessing walking and the TUG test, 
which are well established in clinical settings, especially for rehabilita
tion and frailty assessments (Harada et al., 1999; Herman et al., 2010; 
Mehdipour et al., 2024; Podsiadlo and Richardson, 1991). They were 
chosen to address the primary objective of evaluating gait and everyday 
functional mobility, but do not capture the full range of movements 
observed in clinical practice. Future work will incorporate more 
comprehensive functional assessments, including treadmill running, 
Short Physical Performance Battery (SPPB) (Guralnik et al., 1994) and 
Berg Balance Scale (Berg, 1989), to evaluate running, balance, coordi
nation, and transitional movements more thoroughly.

The current system supports only a single frontal camera view, which 
is well suited for compact spaces like outpatient clinics but limits 
versatility and restricts the analysis of out-of-plane motion. Future 
versions will support alternative camera views and tasks involving 
lateral movement, turning, and dynamic balance challenges to expand 
clinical applicability.

Lastly, 3DGait currently outputs fixed biomarkers using predefined 
body segment and joint angle models. While this simplifies use, it limits 
custom analysis and data export. Future updates may enable custom
izable outputs to support more advanced research, while preserving ease 
of use for clinical applications.

5. Conclusion

3DGait is a clinically feasible, scalable, and accessible markerless 
gait analysis system that delivers accuracy comparable to marker-based 
MoCap without requiring multi-camera setups. Its single-camera, depth- 
integrated design enables seamless use in clinical, rehabilitation, and 
home settings with minimal setup. By operating on widely available 
consumer devices and performing real-time on-device processing, 
3DGait supports routine assessments, fall risk screening, chronic disease 
management, and rehabilitation, even in resource-limited settings. 
Further validation in diverse populations and environments will 
strengthen its clinical impact, positioning 3DGait as a versatile and 
practical tool for gait assessment, remote monitoring and rehabilitation 
in modern healthcare.
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