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HIGHLIGHTS

+ Developed a machine learning-based approach for gait
analysis without commercial instrumented walkways.

+ Predicted spatiotemporal gait parameters with
markerless pose estimation and pixel-based data.

+ Validated the proposed method against GAITRite™
measurements, demonstrating high accuracy in gait
parameter estimation.

+ |dentified Gradient Boosting Regressor and Random
Forest Regressor as the most effective models for spatial
and temporal gait characteristics, respectively.

* Integrated the trained models into the open-source
vaila Multimodal Toolbox, providing an accessible and
cost-effective gait analysis solution, even for users
without expertise in IT or programming.

* Provides a low-cost, practical alternative for clinical and
research applications, reducing dependence on
expensive motion capture systems.

ABBREVIATIONS
DCNN Deep convolutional neural networks
EMG Electromyography

EVS Explained Variance Score

GBR Gradient Boosting

GUl Graphical user interface

ICC Intraclass correlation coefficient

MAE Mean Absolute Error

MaxE Maximum Error

MCID Minimal clinically important difference
MedAE Median Absolute Error

RAE Relative Absolute Error

RFR Random Forest
RMSE Root Mean Squared Error
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BACKGROUND: Traditional gait analysis relies on motion capture systems and sensor mats,
which are precise but costly and constrained to specialized environments. Markerless pose
estimation combined with machine learning offers a low-cost alternative for gait analysis.

AIM: This study aimed to develop and validate a markerless method for predicting
spatiotemporal gait parameters using video-based pose detection and machine learning,
leveraging the GAITRite™ system as a reference.

METHODS: Ten healthy adults walked barefoot on a GAITRite™ mat while their movements
were recorded. Videos were processed using the vaila Multimodal Toolbox, which integrates
MediaPipe for pose estimation and various machine learning algorithms. Gait parameters
such as step length, stride velocity, and support time were predicted using regression models
trained on pixel-based data.

RESULTS: The results demonstrate a clear division in model performance based on the
target variable. For metrics related to spatial characteristics, such as Step Length, Step Width,
Stride Length, Stride Width, and Stride Velocity, the Gradient Boosting (GBR) delivered the
best results, exhibiting lower error metrics and higher R2 scores. Only for the Support Base
data the best model differed, with the Random Forest (RFR) outperforming the others. This
model also displayed lower error values and higher R2 and EVS score.

INTERPRETATION: The results indicate the feasibility of markerless pixel-based gait analysis
as a low-cost alternative to traditional methods, broadening the accessibility of precise gait
assessment for both clinical and research applications.

KEYWORDS: Markerless motion analysis | Gait parameters | Machine learning | Pixel-based
data | Computer vision | Walkways

INTRODUCTION

Gait analysis is a fundamental tool in both clinical and research settings, providing important information about human
movement control. Traditional methods often utilize instrumented walkways, such as the GAITRite™ and Zeno Walkway systems, which
capture spatial and temporal gait parameters through pressure sensitive sensors embedded in mats. The GAITRite™ system has
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demonstrated excellent inter-rater reliability (ICC = 0.97) and has been validated in studies comparing its gait measurements to reference
tools such as 3D motion capture systems. Similarly, the Zeno Walkway system has shown strong accuracy in measuring step length and
cadence, with high correlation (r = 0.98) to traditional motion capture methods '-4. However, despite their precision, these traditional
systems present limitations, including high costs, specialized equipment necessity, and testing environment constraints. Recent
advancements in computer vision and machine learning have introduced markerless motion capture systems as viable alternatives.
These systems employ algorithms to estimate 2D and 3D joint positions from standard video footage without physical markers or
specialized laboratories. Panconi et al. (2024) 5 demonstrated in a recent study the feasibility of using DeepLabCut — a markerless pose
estimation framework—for clinical gait analysis. By comparing its output with that of the GAITRite™ system, the authors reported strong
agreement for step length and stride time, with mean absolute errors below 3.5 cm and 0.03 s, respectively, and intraclass correlation
coefficients (ICCs) above 0.90 for most parameters 5. These results support the potential of markerless systems to achieve clinically
relevant accuracy.

Markerless pose estimation based on deep learning promises to become an easy-to-access method to analyze human
movements without using a high-cost motion capture system. This development in computer vision enables reliable analysis of human 2D
joint position in images or videos with varying environments, including lighting and angle of view &8, The algorithm outputs joint position
(e.g., knee, ankle, foot, and hip) in the 2D image plane in each video frame. Furthermore, 3D motion reconstruction from the 2D pose in
the image or video has been proposed without any markers or manual labeling -1

Recent advances in markerless gait analysis have enhanced human motion tracking through a variety of pose estimation
frameworks. MediaPipe has emerged as a robust option due to its low computational demands, ease deployment, and ongoing
development, presenting an effective balance between performance and accessibility 8. In contrast, OpenPose, despite its pioneering role
in real-time multi-person tracking, requires substantial processing power and has received limited recent updates 6.

DeepLabCut offers high accuracy via custom labeling but relies heavily on manual annotation and GPU resources, which may
restrict its scalability for real-time or large-scale applications 1213, Given these considerations, MediaPipe presents a lightweight, open-
source alternative well suited for low-cost, real-time gait analysis on standard hardware 4.

Current approaches have successfully employed machine learning techniques to enhance gait analysis accuracy. Guffanti et al.
(2024) 's utilized supervised learning to improve the accuracy of gait parameter estimations from a robot-mounted 3D camera. By training
artificial neural networks with data from a certified Vicon system, they achieved substantial improvements in detecting kinematic gait
signals and descriptors across 207 gait sequences from 37 healthy participants.

Similarly, Nazari et al. (2022) 16 compared traditional machine learning models—such as Gaussian Naive Bayes, Decision
Trees, and Random Forests—with deep convolutional neural networks (DCNNs) for gait phase detection using electromyography (EMG)
data. Their findings indicated that DCNNs outperformed traditional models, achieving up to 89.5% accuracy in certain trials. These
studies underscore the potential of integrating machine learning approaches to enhance the precision and applicability of gait analysis
systems 15,16,

Integrating machine learning techniques with markerless pose estimation enhances the analysis of gait patterns. Machine
learning models can process pixel-based data to predict various gait metrics, offering a low-cost and accessible solution for motion
analysis. This approach facilitates gait assessment in diverse environments without the constraints associated with traditional motion
capture systems. Supervised machine learning methods can be used for predicting gait analysis. The goal of this kind of model is to
estimate a function f(x) that transforms the input x into a desired output y as accurately as possible. To determine this function, the
supervised learning algorithm is provided with labeled examples (the training set), i.e., for a known input x, the corresponding expected
output y. After the training phase, the supervised learning model tries to predict the output for new input data '7.

This study aims to develop and validate a method that uses machine learning algorithms to predict gait measures traditionally
obtained from systems such as GAITRite™, using only pixel-based data derived from a computer vision pose detection model. We
hypothesize that this method will provide accurate gait assessments, thereby broadening the accessibility and applicability of gait
analysis in clinical and research contexts.

METHODS

Participants, procedures and instruments

Seventeen healthy adults, able to walk free of auxiliary devices (8 women and 9 men, aged 18-40 years), participated in the
present study. Participants were instructed to execute ten trials walking at a self-selected pace, barefoot, on a GAITRite™ mat (CIR
Systems Inc., Clifton, NJ, USA). Each trial began with the participant standing on the edge of the GAITRite™ mat, initiating the walk with
their preferred leg. During the walking trials, movements were recorded using a GoPro Hero 10 Black Edition camera (GoPro, Inc., USA),
set to a resolution of 1920x1080 pixels and 60 Hz frame rate. The camera was positioned 1 meter from the edge of the GAITRite™ mat,
providing a frontal view of the walking.

The GAITRite™ system consists of a mat equipped with six sensor pads, covering an active area of 3.66 x 0.61 meters,
capable of detecting foot contact. These sensors are activated by mechanical pressure, allowing the software to compute the coordinates
(x: mediolateral and y: anteroposterior) of foot contacts in real-time. Temporal events are recorded directly by the sensors without
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reliance on derived formulas. The extracted variables included step length, step time, and step width, which characterize individual steps,
stride length, stride time, and stride width, representing complete gait cycles. Additional parameters, such as stride velocity and support
base width, provided insights into walking stability and speed. The system also documented single and double support times, crucial for
understanding dynamic balance during walking.

At the same time, we employed a markerless video-based system to capture additional gait data. Although this system requires
fixed cameras and controlled environments, such constraints are often suitable for laboratory and clinical settings where standardization
is crucial. Compared to other methods, such as inertial sensors or instrumented mats, markerless systems offer distinct advantages,
including lower cost, non-invasiveness, and the ability to reprocess previously recorded video data 1819, Additionally, recent
advancements in pose estimation algorithms have significantly enhanced the accuracy and robustness of markerless systems, making
them suitable for use in structured environments outside of highly controlled settings 14. Consequently, we chose to use a fixed-camera
setup in this study as a methodological approach to provide a non-invasive, cost-effective solution for gait analysis, aligned with the goal
of enhancing accessibility through open-source tools.

Data processing

To evaluate kinematic variables for each trial, videos were processed using the vaild Multimodal Toolbox 20, a multimodal
platform developed in Python 3.12.8. The graphical user interface (GUI) of vaila is shown in Figure 1. This toolbox integrates MediaPipe
8, an advanced 2D pose estimation framework that tracks and overlays anatomical landmarks on video frames. MediaPipe enables the
detection of joints and anatomical points, providing pixel coordinates of the identified landmarks through its skeleton detection algorithm.

vaila - Multimodal Toolbox

Versatile Anarcho Integrated Liberation Analysis in Multimodal Toolbox

vaila and unleash your imagination!

File Manager

Rename Import Export ] Copy | Move | Remove I Tree Find Transfer

Multimodal Analysis

IMU l Motion Capture Cluster | Motion Capture Full Body l Markerless 2D [ Markerless 3D l
Vector Goding | EMG | EorcoPlite | GNSS/GPS [ MEG/EEG |
HR/ECG l Yolo + Markerless_ MP l Vertical Jump I Cube2D I Animal Open Field |
Tracker l ML Walkway | Markerless Hands | MP Angles I Markerless Live |
Ultrasound I vaila | vaila I vaila l vaila l
Available Tools
Data Files Video and Image -Visualization
Edit CSV ‘ 3D <--> CSV | Smooth_FiII_SpIitl Video <--> PNG | S | Draw Box ‘ Show C3D ] Show CSV |
Make DLT2D ] Rec2D 1DLT | Rec2D MultiDLT | Compress H264 | Compress H265 I Make Sync file l Plot 2D | Plot 3D |
Make DLT3D l Rec3D 1DLT | Rec3D MultiDLT l Get Pixel Coord | Metadata info | Merge|Split Videol Draw Soccer Field‘ vaila |
RelD Marker l vaila | vaila | Distort Video/data| Cut Video | Resize Video l vaila | vaila |
vaila I vaila | vaila | YT Downloader | Insert Audio I rm Dup PNG l vaila I vaila |

© 2025 vaila - Multimodal Toolbox. Licensed under the GNU Lesser General Public License v3.0.

Figure 1. The graphical user interface (GUI) of the vaila - Multimodal Toolbox, showcasing its multimodal data analysis capabilities.

Each video was preprocessed to enhance the visibility and detectability of the participant's movements by the pose estimation
model. First, a region of interest was defined around the participant, and all pixels outside this window were set to black, minimizing
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visual noise from background elements and improving joint localization. Next, the video was duplicated and horizontally mirrored to
simulate the participant walking from the opposite side of the frame. This mirroring ensured that, in at least one version of the video, the
participant appeared closer to the camera during the walking phase, which improved the resolution of visual features and facilitated more
accurate landmark detection.

From these two versions, only the second half of the mirrored video was retained for analysis, as it typically contained the most
stable and natural gait cycles. These steps collectively enhanced the reliability of the joint detection algorithm by reducing occlusion,
increasing contrast between the participant and background, and maximizing the visual prominence of lower-limb joints during the stance
and swing phases of gait. An example of the detection process is illustrated in Figure 2.

Figure 2. Example of video processing and keypoint detection using MediaPipe. The figure shows the detection of 33 anatomical keypoints, including joints such as
shoulders, elbows, wrists, hips, knees, ankles, heels, feet, face and little finger joints. These keypoints are extracted frame-by-frame using MediaPipe BlazePose, enabling
the generation of spatiotemporal data for gait analysis. The video was recorded in a controlled environment, with the participant walking on an instrumented walkway
(GAITRite™), which served as a reference for validating the machine learning model predictions. For more details on MediaPipe BlazePose and its capabilities, refer to the
official documentation: MediaPipe

These spatial and temporal parameters served as reference metrics for evaluating the accuracy of gait data derived from video
analysis. By integrating video processing with the GAITRite™ system, a comprehensive dataset was created to support machine
learning-based prediction models. This dataset was developed using the vaila ML Walkway feature, accessible via the ML Walkway
button in the main interface (see Figure 3). The sub-interface, as shown, enabled the training and validation of ML models, as well as the
processing of gait features and running of predictions, streamlining the analysis workflow.

As a standard preprocessing step, all stride-related values equal to zero provided by the GAITRite™ system were excluded
prior to model training. This preliminary filtering ensured that only valid and complete measurements were used, minimizing the impact of
sensor artifacts and enhancing the reliability of the reference data. These zero values exclusion resulted in the removal of the first and
last gait cycles. These cycles are also considered the moments of acceleration and deceleration of the participants. Thus, only the middle
steps of the participants were used.

The screen coordinates in pixels of the MediaPipe detections corresponding to the right and left feet were selected for analysis.
The pixel data from each trial was divided equally by the number of steps taken in each trial. Using a Python-based framework, spatial
and temporal features were extracted from the gait analysis data for each step. The extracted features included mean, variance, range,
speed, and step length, computed for each participant and trial data.
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¢ vaila ML Walkway = (m] X

Process Gait Features
Train ML Models
Validate ML Models

Run ML Predictions

Figure 3. The vailda ML Walkway sub-interface opens upon selecting the ML Walkway button. It provides options for Process Gait Features, Train ML Models, Validate ML
Models, and Run ML Predictions, facilitating machine learning-based gait analysis.

In addition to the processing options we employed, vaila also supports various other video processing and landmark detection
methods. The additional video adjustment features include selecting video metadata, modifying video codecs, synchronizing multiple
videos, and correcting lens distortion. Figure 4 shows a flow chart with the possibilities for adjusting videos and detecting the landmarks

in vaila. ,
Raw .| Extract video o Video Landmark
Video metadata adjustments detection
J % Y WV, \
« Codec « Merge . MediaPipe
« Frequency Hz/ « Split « Yolo vi1 +
FPS « Cut MediaPipe
« Resolution « Lens Distortions
« Draw Box

« Codec change

Figure 4. Flowchart illustrating the video processing and landmark detection workflow using vaila: (1) Raw Video: Input of unprocessed video data recorded during the gait
analysis; (2) Extract video metadata: Extraction of technical details such as codec type, frame rate (Hz/FPS), and resolution for standardization and quality control; (3)
Video adjustments: Operations to prepare the videos, including merging, splitting, cutting, correcting lens distortions, drawing bounding boxes, and changing codecs to
ensure compatibility with processing tools; (4) Landmark detection: Application of pose estimation algorithms, such as MediaPipe or Yolo v11 combined with MediaPipe, to
identify and track anatomical landmarks for further analysis.

Machine Learning algorithms

This dataset, containing gait metrics derived from the pixel coordinates of each participant, was used as input features for
training machine learning algorithms. The target variables for these algorithms were (01) Step Length, (02) Step Time, (03) Step Width,
(04) Stride Length, (05) Stride Time, (06) Stride Width, (07) Stride Velocity, (08) Support Base Size, (09) Support Time Single, (10)
Support Time Double. These metrics are some of the gait metrics exported by the GAITRite™ system. Seven regression Machine
Learning algorithms were trained separately for each target variable, resulting in distinct training processes for each of the ten metrics
exported by the GAITRite™ system. The algorithms included XGBoost, Gradient Boosting Regressor, K-Nearest Neighbors, Linear
Regression, Multilayer Perceptron, Random Forest Regressor, and Support Vector Regression. Each algorithm offers a unique approach
to regression tasks 2324 as shown in Table 1.

Table 1. The definitions of Machine Learning Models.

Model Definition

XGBoost An optilm.ized implem_entation of gr_aqient boosting that iteratively combines weak predictive models, such
as decision trees, to improve prediction accuracy.

Gradient Boosting Regressor Applies a similar boosting methodology, focusing on minimizing prediction errors by correcting residuals

(GBR) over multiple iterations.

K-Nearest Neighbors A non-parametric method that predicts a target value by averaging the values of the closest k neighbors in

(KNN) the feature space.

Linear Regression Models the relationship between input features and target variables by fitting a linear equation to the data,

(LR) assuming linearity and independence between predictors.

Multilayer Perceptron A type of neural network that learns complex patterns in data through layers of interconnected neurons,

(MLP) optimizing weights using backpropagation.

Random Forest Regressor Builds multiple decision trees during training and averages their predictions to enhance accuracy and

(RFR) reduce overfitting.

Support Vector Regression Constructs a hyperplane in high-dimensional space to predict values while maintaining a margin of

(SVR) tolerance (epsilon) around the actual targets.

All models were implemented using Python libraries such as scikit-learn and xgboost for both algorithm development and
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performance evaluation. Two dataset-splitting strategies were employed for model training to assess their impact on model performance:
the traditional train-test split and k-fold cross-validation. In the first approach, the dataset was divided into 75% for training and 25% for
testing, using a fixed random seed to ensure reproducibility. The k-fold cross-validation technique with 10 splits was applied in the second
approach, involving data shuffling and a fixed random seed to guarantee reproducibility. Both strategies were compared to determine
which approach provided better generalization and accuracy.

To ensure robust performance evaluation, data from two participants were used exclusively as an unseen test set in both
approaches after the training performance analysis. The training set consisted of 854 data points, each of which represents a step. The
test set included 213 data points; this dataset allowed an unbiased evaluation of the model's predictive capabilities. The performance of
models was assessed using the evaluation metrics outlined in Table 2.

Table 2. Evaluation Metrics.

Metric Definition
Calculates the square root of the average squared differences between predicted and actual values,
E?,\(/)lts'\é‘;an Squared Error providing error estimates in the same unit as the original data. Lower RMSE values indicate better model
performance.
Mean Absolute Error Computes the average of absolute differences between predicted and actual values, offering an intuitive
(MAE) measure of prediction accuracy. Lower MAE values indicate smaller average errors.
lel\l;legéaArE;Absolute Error Measures the median of absolute prediction errors, offering robustness to outliers.
Relative Absolute Error Compares the absolute prediction error of the model to a naive mean-based model. Lower RAE values
(RAE) reflect better model performance.
?Ahj’];()'(gu m Error Identifies the maximum absolute prediction error, helping to detect extreme prediction deviations.
R2 Score Quantifies the proportion of variance explained by the model. Scores closer to 1 represent better model fits.
Explained Variance Score Evaluates the proportion of variance in the data captured by the model, with higher scores indicating better
(EVS) fits.

The metrics were considered to select the model with the best performance. As the first criteria, the R? score, followed by the
EVS and RAE. Prediction errors as in MAE and MaxE composed third and fourth criteria of analysis of the values, anterior of MedAE.
The last metric analyzed was the RMSE. The machine learning algorithm that achieved the best performance across the evaluation
metrics was selected for each target variable. Figure 5 shows a flow chart of the machine learning process.

The chosen models were then integrated into the vaild toolbox, enabling their application for predicting gait metrics in new
datasets. This integration aims to facilitate broader accessibility to accurate and efficient gait analysis, leveraging the predictive
capabilities of machine learning within a user-friendly framework. Additionally, for those interested in training their own models or
enhancing the existing ones with new data, the corresponding codes and resources are made available within the vaila toolbox for further

use and development. , ’ v
Landmark O —_— Model Model
detections P 9 Training Evaluation

Separate foot « Data split (test- « Validation
landmarks split/cross- « Evaluation
« Steps taken validation) metrics
« Calculate « ML algorithms
features for each target
variable

Figure 5. Flowchart illustrating the workflow for machine learning-based gait parameter prediction using the ML Walkway button from vaila: (1) Landmark detections:
Identification of anatomical landmarks from video data using pose estimation tools such as MediaPipe; (2) Pre-processing: Extraction of relevant features, including
separation of foot landmarks, detection of number of steps valid, calculation of step based metrics, and generation of input data; (3) Model training: Division of data into
training and testing sets (e.g., cross-validation), and application of machine leaming algorithms tailored for each target variable (e.g., step length, stride velocity); (4) Model
evaluation: Validation of model performance using appropriate metrics (e.g., R2, MAE, RMSE), ensuring accurate predictions for spatiotemporal gait parameters.

RESULTS

Only the performance metrics of the best models, selected based on their highest performance during validation, are presented
among the evaluated results. In all validation cases, the best results were obtained using cross-validation. The unseen test results for
each of the variables can be found in Tables 3 to 12, with the highlighted rows in the tables corresponding to the models selected as the
best performing.
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Regarding step length - Table 3, XGBoost showed the highest R2 (0.7089) and EVS (0.7124), explaining a significant portion of
data variance. It also achieved the lowest RAE (0.4925), MAE (0.028), MedAE (0.021), and RMSE (0.038), indicating high accuracy and
robustness. For step time - Table 4, XGBoost again led with the highest R2 (0.631) and EVS (0.634), and the lowest RAE (0.562), MAE
(0.018), MedAE (0.013), and RMSE (0.025), reflecting precise predictions and low error. In step width - Table 5, XGBoost stood out with
the highest R2 (0.716) and EVS (0.720), and the lowest RAE (0.481), MAE (0.027), MedAE (0.021), and RMSE (0.037), showing reduced
prediction errors.

Table 3. Step Length Results: Performance Evaluation Across Machine Learning Models.

Model R? EVS RAE MAE (m) MaxE (m) MedAE (m) RMSE (m)
XGBoost* 0.709 0.712 0.493 0.028 0.119 0.021 0.038
KNN 0.622 0.625 0.553 0.032 0.141 0.024 0.043
MLP 0.378 0.39 0.73 0.042 0.182 0.033 0.055
SVR 0.316 0.336 0.741 0.043 0.185 0.032 0.058
RFR 0.683 0.689 0.513 0.03 0.141 0.023 0.04
GBR 0.646 0.652 0.562 0.032 0.117 0.026 0.042
LR 0.401 0.41 0.737 0.042 0.142 0.033 0.052
*XGBoost had the superior performance in some metrics makes it the most consistent choice for step length, even the GBR having a slightly lower MaxE.
Table 4. Step Time Results: Performance Evaluation Across Machine Learning Models.
Model R? EVS RAE MAE (s) MaxE (s) MedAE (s) RMSE (s)
XGBoost* 0.631 0.634 0.562 0.018 0.088 0.013 0.025
KNN 0.604 0.61 0.581 0.019 0.091 0.014 0.026
MLP -2.902 -2.81 1.925 0.062 0.273 0.052 0.08
SVR -0.205 0.146 1.201 0.039 0.1 0.038 0.045
RFR 0.602 0.603 0.578 0.019 0.096 0.014 0.026
GBR 0.611 0.612 0.589 0.019 0.094 0.014 0.025
LR 0.521 0.525 0.675 0.022 0.091 0.018 0.028
*XGBoost demonstrated superior overall performance, making it the best option for step time, although LR presented a slightly lower MaxE.
Table 5. Step Width Results: Performance Evaluation Across Machine Learning Models.
Model R? EVS RAE MAE (m) MaxE (m) MedAE (m) RMSE (m)
XGBoost* 0.716 0.72 0.481 0.028 0.121 0.021 0.037
KNN 0.643 0.646 0.534 0.031 0.14 0.023 0.042
MLP 0.383 0.394 0.729 0.042 0.189 0.032 0.055
SVR 0.333 0.354 0.73 0.042 0.184 0.031 0.057
RFR 0.693 0.699 0.504 0.029 0.138 0.022 0.039
GBR 0.666 0.672 0.539 0.031 0.12 0.024 0.04
LR 0.416 0.424 0.732 0.042 0.141 0.034 0.054

*XGBoost outperformed in most metrics, justifying its selection for step width, although GBR had a slightly lower MaxE.

For stride length - Table 6, GBR achieved the highest R2 (0.864) and EVS (0.867), with the lowest RMSE (0.200), indicating a
strong fit and low errors. While RFR had lower MAE (0.112 vs. 0.118), MedAE (0.049 vs. 0.064), and MaxE (0.888 vs. 0.892), and
XGBoost a lower RAE (0.253 vs. 0.281), GBR'’s balance of explained variance and RMSE made it preferable. For stride time - Table 7,
GBR led with highest R2 (0.848) and EVS (0.851), and lowest RMSE (0.161), reflecting excellent fit and low error dispersion. Although
RFR showed lower MAE (0.084 vs. 0.095), MedAE (0.028 vs. 0.050), and MaxE (0.717 vs. 0.746), and XGBoost lower RAE (0.242 vs.
0.294), GBR'’s overall balance was superior.

Table 6. Stride Length Results: Performance Evaluation Across Machine Learning Models.

Model R? EVS RAE MAE (m) MaxE (m) MedAE (m) RMSE (m)
XGBoost 0.828 0.832 0.254 0.109 1.013 0.042 0.22
KNN 0.725 0.728 0.372 0.157 1.132 0.058 0.281
MLP 0.639 0.645 0.567 0.238 0.991 0.167 0.325
SVR 0.039 0.177 0.726 0.315 1.322 0.104 0.541
RFR 0.859 0.862 0.262 0.112 0.888 0.049 0.204
GBR* 0.864 0.867 0.281 0.118 0.892 0.065 0.198
LR 0.408 0.426 0.838 0.35 0.939 0.344 0.416
*GBR was preferred for its balance between high explained variance and low RMSE, which are essential for stride length.
Table 7. Stride Time Results: Performance Evaluation Across Machine Learning Models.
Model R? EVS RAE MAE (s) MaxE (s) MedAE (s) RMSE (s)
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XGBoost 0.809 0.811 0.243 0.077 0.937 0.029 0.176
KNN 0.684 0.688 0.374 0.12 0.97 0.031 0.232
MLP 0.66 0.668 0.542 0173 0.814 0.116 0.241
SVR 0.578 0.587 0.555 0.178 0.883 0.099 0.271
RFR 0.84 0.844 0.259 0.084 0.746 0.029 0.166

GBR* 0.848 0.851 0.294 0.095 0.717 0.05 0.161
LR 0.335 0.354 0.89 0.282 0.722 0.253 0.339

*GBR was chosen for its superior balance, especially in the explained variance and RMSE metrics, which are crucial for Stride Time.

Regarding stride width - Table 8, MLP outperformed all models with the highest R2 (0.918) and EVS (0.919), and lowest RAE
(0.269), MAE (0.715), MaxE (0.033), MedAE (0.602), and RMSE (0.941), indicating minimal prediction errors. For stride velocity - Table
9, GBR achieved the highest R? (0.8565) and EVS (0.8585), along with the lowest RMSE (19.9245), demonstrating superior fit and low
error spread. Though RFR had lower MAE (12.5205 vs. 12.9127), MedAE (6.7749 vs. 8.3038), and MaxE (83.1067 vs. 87.3396), and
XGBoost had a lower RAE (0.2771 vs. 0.3108).

Table 8. Stride Width Results: Performance Evaluation Across Machine Learning Models.

Model R? EVS RAE MAE (m) MaxE (m) MedAE (m) RMSE (m)
XGBoost 0.715 0.718 0.53 0.014 0.05 0.012 0.018
KNN 0.420 0.425 0.727 0.019 0.080 0.015 0.025
MLP* 0918 0.919 0.269 0.007 0.033 0.006 0.009
SVR 0.445 0.451 0.722 0.019 0.074 0.016 0.025
RFR 0.663 0.666 0.562 0.015 0.054 0.012 0.019
GBR 0.634 0.637 0.590 0.016 0.056 0.013 0.020
LR 0.859 0.861 0.356 0.009 0.041 0.008 0.012

*MLP showed a strong fit and minimal prediction errors, with consistently superior performance across all metrics.

Table 9. Stride Velocity Results: Performance Evaluation Across Machine Learning Models.

Model R? EVS RAE MAE (m/s) MaxE (m/s) MedAE (m/s) RMSE (m/s)
XGBoost 0.834 0.837 0.277 0.115 0.913 0.056 0.21
KNN 0.736 0.738 0.381 0.159 1.096 0.077 0.268
MLP 0.678 0.682 0.537 0.222 0.918 0.169 0.299
SVR 0.115 0.227 0.739 0.314 1.256 0.13 0.504
RFR 0.849 0.85 0.299 0.125 0.831 0.068 0.204
GBR* 0.856 0.858 0.311 0.129 0.873 0.083 0.199
LR 0.449 0.465 08 0.329 0.92 0.324 0.39

*GBR was selected for its strong performance in variance and RMSE metrics, important for stride velocity.

For base of support - Table 10, MLP showed the highest R? (0.898) and EVS (0.899), with the lowest RAE (0.311), MAE
(0.820), MaxE (0.036), MedAE (0.643), and RMSE (0.011). In single and double support time - Tables 11-12, RFR achieved the highest
R2 (0.495) and EVS (0.500) in single support, with the lowest MAE (0.015), MaxE (0.091), MedAE (0.012), and RMSE (0.021), showing
precise and stable predictions. Although KNN had a slightly lower RAE (0.689 vs. 0.695), RFR outperformed it in other metrics,
supporting its selection.

Table 10. Support Base Results: Performance Evaluation Across Machine Learning Models.

Model R? EVS RAE MAE (m) MaxE (m) MedAE (m) RMSE (m)
XGBoost 0.662 0.665 0.591 0.016 0.057 0.013 0.02
KNN 0.417 0.424 0.746 0.02 0.084 0.015 0.026
MLP* 0.898 0.899 0.311 0.008 0.036 0.006 0.011
SVR 0.381 0.392 0.772 0.02 0.087 0.016 0.027
RFR 0.633 0.637 0.611 0.016 0.061 0.013 0.02
GBR 0.607 0.611 0.631 0.017 0.061 0.013 0.021
LR 0.833 0.834 0.407 0.011 0.042 0.009 0.014

*MLP showed a reliable fit and minimal prediction errors, with consistent superiority across all metrics.

For double support time, RFR also led with highest R2 (0.548) and EVS (0.554), and lowest MAE (0.024), MaxE (0.148),
MedAE (0.018), and RMSE (0.034). Despite XGBoost's marginally lower RAE (0.566 vs. 0.575), RFR’s superior overall performance
justified its choice.

The step-by-step of vaild Multimodal Toolbox process is available in the project's README file, the ReadTheDocs
documentation, and the YouTube tutorial video in the link bellow https:/github.com/vaila-multimodaltoolbox/vaila. These resources
provide guidance on setting up the environment, running the models, and interpreting the results.
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Table 11. Support Time Single Results: Performance Evaluation Across Machine Learning Models.

Model R? EVS RAE MAE (s) MaxE (s) MedAE (s) RMSE (s)
XGBoost 0.399 0.407 0.718 0.016 0.112 0.012 0.023
KNN 0.476 0.48 0.695 0.015 0.093 0.011 0.022
MLP -6.304 -6.098 2.684 0.058 0.269 0.048 0.077
SVR -0.752 -0.538 1.342 0.029 0.13 0.025 0.038
RFR* 0.495 05 0.689 0.015 0.091 0.012 0.021
GBR 0.418 0.425 0.738 0.016 0.098 0.013 0.023
LR 0.406 0.414 0.77 0.017 0.091 0.014 0.023

*RFR surpassed it in the other indicators, supporting its selection for the support time single results.

Table 12. Support Time Double Results: Performance Evaluation Across Machine Learning Models..

Model R? EVS RAE MAE (s) MaxE (s) MedAE (s) RMSE (s)
XGBoost 0.536 0.54 0.566 0.024 0.151 0.017 0.034
KNN 0.45 0.463 0.62 0.026 0.162 0.019 0.037
MLP -1.228 -1.157 1.36 0.057 0.255 0.046 0.075
SVR -0.309 -0.11 1.185 0.05 0.168 0.049 0.057
RFR* 0.548 0.554 0.575 0.024 0.148 0.018 0.034
GBR 0.471 0.476 0.621 0.026 0.154 0.02 0.037
LR 0.468 0.473 0.648 0.027 0.145 0.02 0.037

*RFR demonstrated better performance across the remaining indicators, validating its selection.

DISCUSSION

Kinematic gait analysis involves measuring a range of spatiotemporal variables, such as step time, stride time, step length,
stride length, speed, and others to quantitatively evaluate the walking 23. This analysis has been done mostly with marker-based methods,
such as motion tracking systems that measure joint kinematic parameters by directly attaching markers to anatomical landmarks on the
human body 24. Although these motion tracking systems can track body motion with great precision and accuracy, they have several
limitations, such as being time-consuming for experiment setup and data post-processing, requiring expertise for correct marker
placement, and potentially altering one’s natural body movement patterns 25,

The evolution of computational capacity and the advent of machine learning have facilitated the evaluation of kinematic data,
primarily through human pose detection networks that apply computer vision techniques. Markerless pose estimation algorithms can be
applied to new or old videos, provided sufficient image resolution, and while marker-based methods are limited by the marker set used
during data collection, old markerless video data could be reprocessed with new pose estimation algorithms to improve accuracy or
extract more in-depth measures 26. Stenum et al. "4 validated the accuracy of spatiotemporal gait parameters estimated from pose
detection against 3-dimensional motion capture and found errors within 0.02 s and 0.05 m for temporal and spatial parameters,
respectively. In this context, the present study aimed to develop and validate a method that applies machine learning algorithms to
predict gait measures traditionally obtained from systems like GAITRite™, using only pixel-based data derived from a computer vision
pose detection model.

A study using DeepLabCut for retraining computer vision models for gait analysis reported for step length and stride time, mean
absolute errors below 3.5 cm and 0.03 s, when comparing its output with that of the GAITRite™ system . Our results show a MAE of 2.8
cm for step length and 0.077 s for stride time. This indicates that the combination of markerless pose estimation and machine learning in
this study improved step length predictions but faced greater difficulty with stride time compared to previous research.

The results demonstrate a clear division in model performance based on the target variable. For metrics related to spatial
characteristics, such as Step Length, Step Width, Stride Length, Stride Width, and Stride Velocity, the GBR consistently delivered the
best results, exhibiting lower error metrics and higher R2 scores. Only for the Support Base data, the chosen model differed, with the RFR
outperforming the other models. This model also displayed low error values and high R2 and EVS scores.

For metrics associated with temporal characteristics, such as Step Time, Stride Time, Single Support Time, and Double
Support Time, the RFR outperformed other models. This suggests that the data distribution and relationships among temporal features
might align more effectively with the ensemble structure of the Random Forest algorithm.

The variables that exhibited strong model performance included Step Length, Step Width, Stride Time, Stride Width, Stride
Length, Stride Velocity, and Support Base. These models achieved high values of explained variance, indicating a substantial proportion
of the variance in the data was captured, alongside consistently low prediction errors, reflecting accurate and reliable estimations.

Conversely, the models predicting Step Time, Single Support Time, and Double Support Time demonstrated comparatively
lower explained variance values, marginally exceeding 50%. Despite this, these models maintained low error metrics, suggesting that
while the overall variance explained was moderate, the predictions remained precise within the scope of the data.

Even with the R? considered a strong performance in machine learning regression tasks — particularly in the context of human
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motion, where noise from pose estimation, inter-individual variability, and recording conditions naturally introduce some irreducible
variance, it is also known that R? does not directly quantify the clinical impact of prediction errors. Clinical utility depends not only on the
proportion of variance explained but also on whether the absolute error falls within clinically acceptable thresholds, such as the minimal
clinically important difference — MCID. In this proof-of-concept study, the aim was to demonstrate the feasibility of using markerless
video-based methods to estimate spatiotemporal gait parameters with reasonably high accuracy.

Despite these advancements, the application of machine learning algorithms and markerless methods requires knowledge of
computer vision and advanced programming skills, which can limit accessibility and application. One of the goals of this study was to
address this limitation by facilitating access to these analyses through the inclusion of the best-performing models in the vaila Multimodal
Toolbox 20. Furthermore, as an open-source tool, vaild is freely available to the community, encouraging collaboration, continuous
improvement, and the integration of new applications. This openness not only enhances the tool's accessibility but also fosters innovation
and broader adoption in the field.

Although the present study employed MediaPipe for landmark detection due to its accessibility and ease of integration,
alternative approaches such as the YOLOv11 network 27 may offer advantages in scenarios requiring multi-person tracking or greater
robustness under challenging video conditions. YOLO-based models are known for their high detection accuracy and real-time
performance, but they demand higher computational resources and more complex implementation workflows. While YOLOv11 was not
used in this study, its potential integration into the vaila framework could be explored in future work to enhance flexibility and adaptability
across diverse gait analysis contexts.

This study has several limitations. One notable limitation is related to the GAITRite™ equipment, which occasionally provides
zero values for stride variables. These zero values can significantly impact the performance of certain machine learning algorithms,
necessitating adjustments during data processing. Additionally, the data used for training were derived from images captured by a
camera with specific parameters, including image resolution, video codec, acquisition frequency, and the distance between the
GaitRite™ and the camera. Consequently, we cannot rule out the possibility that variations in these parameters may have influenced the
predictive performance of the models. Another limitation is the potential challenge machine learning algorithms face in generalizing to
populations that differ from the training dataset, particularly when analyzing gait parameters in clinical populations or across diverse age
groups. Furthermore, algorithms such as Gradient Boosting can be computationally intensive, and their feasibility may be limited when
working with large datasets on devices with restricted computational capacity.

CONCLUSION

This study validates the application of machine learning algorithms to predict gait metrics traditionally obtained from GAITRite™
systems, using only pixel-based data from markerless pose estimation. Among the tested models, the XGBoost demonstrated superior
performance in step parameters, while Gradient Boosting Regressor excelled in stride length, time, and velocity. Multi-Layer Perceptron
outperformed other models in stride width, and Random Forest Regressor showed the best results for single and double support times.

These findings demonstrate the feasibility of using low-cost, accessible tools for precise gait analysis, broadening its
applicability in diverse settings, including clinical and research environments. This work contributes to democratizing gait analysis by
reducing reliance on specialized hardware, ensuring broader accessibility without compromising measurement reliability.
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