Received: Added at production

Revised: Added at production

Accepted: Added at production

DOI: xxx/xxxx

ARTICLE TYPE

Robotics-Driven Gait Analysis: Assessing Azure Kinect’s
Performance in In-Lab versus In-Corridor Environments

Diego Guffanti'? | Alberto Brunete’ | Miguel Hernando® | David Alvarez’ | Ernesto

Gambao® | William Chamorro* | Diego Fernindez-Vazquez®

Maria Carratala-Tejada™® |

! Centro de Investigacién en Mecatrénica y Sistemas
Interactivos - MIST, Universidad Indoamérica, Av.
Machala y Sabanilla, 170103, Quito, Ecuador

2Universidad UTE, Av. Mariscal Sucre, 170129,
Quito, Ecuador

3Centre for Automation and Robotics (CAR
UPM-CSIC), ETSIDI, Universidad Politécnica de
Madrid, 28012, Madrid, Spain

“Escuela Politécnica Nacional, Av. Ladrén de
Guevara E11-253, 170525, Quito, Ecuador

3 Physical Therapy, Occupational Therapy,
Rehabilitation and Physical Medicine Department,
Faculty of Health Sciences, Rey Juan Carlos
University, 28922, Madrid, Spain

®Movement Analysis, Biomechanics, Ergonomics,
and Motor Control Laboratory, Faculty of Health
Sciences, Rey Juan Carlos University, 28922,
Madrid, Spain

7Physical Medicine and Rehabilitation Service,
University Hospital of Fuenlabrada, 28942,
Madrid, Spain

Correspondence
Corresponding author Diego Guffanti,
Email: diego.guffanti@upm.es

1 | INTRODUCTION

6 | Victor Navarro-Lépez™® |

Juan Carlos Miangolarra-Page>%’

Abstract

Gait analysis offers vital insights into human movement, aiding in the diagnosis, treatment, and rehabilitation
of various conditions. Analyzing gait in corridors, rather than in lab, provides unique advantages for a more
comprehensive understanding of human locomotion. However, limited dedicated technologies constrain
gait data analysis in this context. In this study, a markerless gait analysis system using an Azure Kinect
sensor mounted on a mobile robot is proposed and validated as a potential solution for gait analysis in
corridors. Ten healthy participants (4 males, 6 females) underwent two tests. The first test (5 trials per
participant) took place in the laboratory. Here, Azure Kinect performance was validated against a Vicon®
system, assessing eight gait signals and 22 gait parameters. The second test (2 trials per participant) was
performed in the corridors over a 32-meter walking distance in order to compare this gait pattern with the
one developed within the laboratory. The intrasession ICC reliability for in-lab experiments was assessed
by calculating the Intraclass Correlation Coefficient (ICC) between gait cycles captured in each session
per participant. Notably, knee flex./ext. (ICC-0.95), hip flex./ext. (ICC-0.96), pelvis rotation (ICC-0.88),
and inter-ankle distance (ICC-0.98) demonstrated excellent reliability with high confidence. Similarly, hip
add./abd. showed good reliability (ICC-0.79), while trunk rotation exhibited moderate reliability (ICC-0.72).
In contrast, both trunk tilt (ICC-0.24) and pelvis tilt (ICC-0.41) consistently displayed lower reliability.
This was observed for both the Vicon and the Azure systems, highlighting the intricate nature of capturing
precise data for these specific signals in both systems. Validity outcomes indicated comparable error rates to
literature standards (12.68° knee flex./ext., 5.54° hip flex./ext., 3.45° hip add./abd.), with 11 parameters
having no significant differences from Vicon®. Comparison of in-lab and in-corridor experiments show that
individuals exhibit significantly longer stride time (1.10s vs. 1.05s), lower pelvis tilt (6.83° vs. 9.39° ) and
lower minimum pelvis rotation (-5.82° vs. -14.61° ) when walking in laboratory. This study demonstrates
promising outcomes in outdoor gait analysis with a robot-mounted camera, revealing significant distinctions

from controlled laboratory evaluations

KEYWORDS
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performed through different methodologies, such as visual ob-

Gait analysis is a valuable tool used across several domains,
including rehabilitation, biomechanics, and clinical diagnos-
tics focused on neurological or muscular disorders'™. It can be

Abbreviations: GEE, Generalized Estimating Equations; RGBD, Red Green Blue-Depth;
SLAM, simultaneous localization and mapping; IMU, inertial measurement unit; TEB,
Timed Elastic Band; ROS, Robot Operating System.

servation, instrumented analysis, and computerized analysisZ.
Among instrumented analysis methods, photogrammetric mo-
tion capture systems have been widely used due to their ability
to provide detailed kinematic and spatiotemporal features of
human movement. However, several issues like marker dis-
placement, limited field of view, lighting conditions, expensive
equipment, and time-consuming data processing are associ-
ated with photogrammetric systems for gait analysis>. While
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they offer valuable information, these systems present limita-
tions requiring careful consideration for research or clinical
purposes™.

Recent advancements in artificial intelligence and computer
vision have paved the way for automated pose estimation algo-
rithms utilizing simple 2D videos captured by RGB cameras.
Notable examples include OpenPose”, TensorFlow MoveNet®,
Yolo-pose”, DeepLabCut®, MediaPipe Pose® and BlazePose'!".
Despite the increasing body of literature on the development
and validation of these algorithms (like in the study presented
by Washabaugh et al.'!), their adoption by health profession-
als remains limited. Manual video annotation tools continue
to be prevalent, partly due to the occasional unpredictabil-
ity and error-proneness of pose estimation modules from 2D
videos. Health professionals tend to favor established marker-
based technologies like Vicon®, while sport specialists often
use methods from manual video annotation tools designed for
biomechanics, such as Kinovea'Z.

More recently, motion capture based on 3D video from
RGBD cameras, particularly sensors like Azure Kinect, has
emerged as a promising tool in both research and clinical ap-
plications for gait analysis 3415 Studies have systematically
evaluated Azure Kinect’s validity and reliability against other
motion capture systems, highlighting its potential across di-
verse configurations and applications. For example, Trent et
al.'3 conducted a comparison between Azure Kinect and a
12-camera Vicon® system for overground walking analysis, as-
sessing spatiotemporal parameters in 21 healthy participants.
Their findings underscored Azure Kinect’s ability to provide
clinically relevant measurements, reporting errors of 35.6 mm
for stride length, 10 ms for stride time, 28.6 mm for step length,
and 3.7 mm for step width.

In the work of Ling et a
angles on tracking kinematic gait patterns were explored using
Azure Kinect, Kinect v2, and Orbbec Astra Pro v2. This inves-
tigation, conducted with a static camera setup during treadmill
walking, highlighted Azure Kinect’s superior tracking perfor-
mance. The authors attributed this to Azure Kinect’s enhanced
depth sensor resolution and body tracking algorithm, especially
for hip and knee flexion/extension joint angles in non-frontal
captures.

Yunru et al.'2 used a dual Azure Kinect system to analyze
gait information from five healthy participants. Joint angle re-
sults were compared with those acquired by a Vicon® system,
reporting errors of 11.9° for knee flexion/extension, 15.1° for
hip flexion/extension, and 7.2° for hip adduction/abduction,
generally lower than observed with a single Kinect V2. These
comparative studies have shown Azure Kinect’s favorable ac-
curacy, displaying lower overall errors compared to other depth
sensors tested for gait analysis and good accuracy compared to
photogrammetric systems. Consequently, such sensors could

1.1 the effects of camera viewing

pave the way for more flexible, reliable, and cost-effective
treatment plans'©.

This study emphasizes the exploration of Azure Kinect
cameras over conventional 2D video-based RGB cameras, high-
lighting their distinctive capabilities. Azure Kinect cameras,
which integrate depth information with RGB, offer the potential
for a more detailed analysis of human movement. In contrast to
2D video-based systems, Azure Kinect cameras have the capa-
bility to capture three-dimensional data, potentially enhancing
the accuracy and reliability of pose estimation and gait analy-
sis. This work aims to extend the evaluation of Azure Kinect
in gait analysis to a robot-mounted camera scenario, offering
advantages over traditional static camera setups, especially in
larger acquisition ranges and real clinical settings'Z. The ex-
perimental section includes two types of tests: the first in the
laboratory (5 trials per participant) validating Azure Kinect
against a Vicon® system on eight gait signals and 22 gait pa-
rameters, and the second in corridors over a 32-meter walking
distance to compare gait patterns developed in the laboratory.

The results have shown an encouraging accuracy and corre-
lation for hip flexion/extension and hip adduction/abduction,
moderate accuracy for pelvis tilt, trunk rotation, and pelvis
rotation, and low correlation for trunk tilt, potentially due to
time delays between signals from differences in biomechani-
cal models. The accuracy and correlation of other points like
knee flexion/extension, inter-ankle distance were also analyzed
and compared against a Vicon® system. The overall error for
the robot-mounted camera configuration aligns closely with
literature values using static sensors and treadmills for gait as-
sessment. This validates the proposed configuration, ensuring
no influence from camera motion. Moreover, 11 out of 22 gait
parameters measured by Azure Kinect show no significant dif-
ferences compared to the Vicon® system. The comparison of
both tests reveals individuals exhibiting significantly longer
stride time, lower pelvis tilt, and lower minimum pelvis rota-
tion in laboratory walking, supporting the proposed outdoor
configuration due to differing walking patterns in controlled
laboratory versus real-life environments.

The subsequent sections delve into an in-depth exploration
of the applied methodology and describe the mobile robot
subsystem (Section [2.T)), body tracking subsystem (Section
@]}, the performance evaluation (Section @]), obtained results
(Section E]), comparisons with existing work, and conclusions
(Sections @] and [3).

2 | METHODS

The proposed gait analysis system comprises a mobile robotic
platform along with an Azure Kinect sensor that utilizes the
Azure Kinect Skeleton Tracking SDK from Microsoft for mo-
tion capture. The subsequent sections will detail the mobile
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FIGURE 1 An overview of the Mobile robotic platform
designed in this study.

robot subsystem, the body tracking subsystem description and
the performance evaluation methodology.

2.1 | Mobile Robot Description

The objective of the mobile robotic platform was to perform
gait assessment in real-world environments, similar to those
present in typical clinical settings. For this purpose, it was
necessary to design and incorporate specific components of
hardware and software. Fig. [T|shows the main components of
the mobile robotic platform. Each of them is described below:

o Azure Kinect sensor: It is in charge of the body tracking
task. To reduce processing requirements, gait movements
are recorded during the experiments, but skeleton informa-
tion is retrieved offline. An online processing would require
the use a of dedicated GPUU%, thus, highly increasing the
power consumption, the mass and size of the system.

o Onboard PC: It consists on an Intel NUC with an Intel
Core i7 processor. It hosts a ROS2 operating system that
manages system communication, mapping, navigation, path
planning, and video recording among others. During the
offline processing of the data from the Azure camera, it
takes approximately 5 minutes to process every recorded
minute of walking test.

e Lidar: This sensor is used to collect information for slam
and navigation purposes.

e IMU: Together with the wheel encoders and lidar, IMU
data is used to estimate the robot’s odometry.

e Servomotor: Its purpose is to rotate the Azure Kinect and
OAK-D cameras towards the person’s location to obtain a
proper capture.

o (OAK-D sensor: The OAK-D is a stereo-depth camera used
to track the person’s position during experiments. This
information is required for the person following action.

In addition, it is worth mentioning that the mobile robot
has a differential drive configuration weighing 10 kg, with
a maximum speed of 1.2 m/s and an autonomy of 2 hours.
Furthermore, the OAK-D camera is a stereo arrangement that
does not allow having a direct measure of the depth contrasting
to the Azure Kinect; therefore, we relegate the OAK-D camera
just for the person tracking instead of offline gait analysis.

2.1.1 | Robot Communication

In order to manage system data processing, an onboard com-
puter is mounted on the robot. The onboard computer runs
a 64-bit Ubuntu Linux-Focal Fossa (20.04) operating system
and also hosts the Robot Operating System (ROS). ROS is an
open-source software framework used for developing robotics
software. It provides a collection of tools, libraries, and conven-
tions that developers use to create complex and robust robot
applications. A ROS2 Foxy Fitzroy version was used. ROS2
is a complete overhaul of the original ROS framework with
improved real-time performance, better support for multi-robot
systems and improved security. The functional diagram of the
system is shown in Fig.[2]

2.1.2 | Robot Localization and Control
NAV?2 is a navigation stack that is commonly used in ROS2 for
autonomous mobile robots. One of the key features of NAV2
is its ability to fuse data from multiple sensors, such as wheel
encoders and lidar, to estimate the robot’s odometry (position
and orientation) in the environment.

In the robotic system presented in this study, the Extended
Kalman Filter (EKF) algorithm in NAV?2 is used to fuse data
from wheel encoders, IMU and lidar. The EKF algorithm com-
bines the information from these sensors to estimate the robot’s
position. The algorithm takes into account the uncertainties as-
sociated with each sensor and calculates a weighted average
of the estimates to obtain a more accurate and reliable pose
estimate.

To implement the path planning capability on the robot, TEB
Local Planner for ROS2 was used'®. TEB stands for Timed
Elastic Band, which is an optimization-based trajectory plan-
ning algorithm. In the robotic platform presented in this study,
the local plan provided by the TEB local planner is sent to
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FIGURE 2 A schematic of the control architecture implemented in the system.

the robot controller for obstacle avoidance and the global plan
coming from NAV?2 is used to set the experimental trajectory.

Once the robot is localized in the environment and path
planning is executed, the next step is to set the control strategy
to move the robot. The primary actors in robot control are the
experimental trajectory and the individual whose gait pattern is
being assessed. On this basis, the robot controller is designed
to follow a preplanned trajectory while keeping a constant
distance from the person. Therefore, a double controller is
applied, one for the person following, and the other for lane
keeping.

Fig.[3|shows the data used by the system during a navigation
experiment. The set point for the lane-keeping controller is the
steering angle (" ;). This is the angular position in the map
frame (F)y) of the relative vector joining the third point in the
local plan and the center of the robot. The error entering in the
controller is obtained by comparing the orientation of the robot
in the map frame (#,) and the steering point as follows:

F) F F
Meerror = Mes_ Mer

(D

For the person following, the set point was set at 3 meters
and the actual distance was measured using the OAK-D sensor,
located just above the Azure Kinect. This sensor provides the
FeX, and F*Y,, positions of the person in the camera frame (F¢).
By calculating the distance to the person in the camera frame
(f<P,) is possible to find the error of position for the person
following the controller using the formula:

FCPerror =3- FCPp (2)

The angular position of the person in the camera frame (“<6,,),
allows a continuous rotation of the camera to align it with the
person. The process followed for tuning both controllers and
analyzing their performance is detailed i

»N@  Steering point

Local plan

ES

{B Robot frame origin (F)
@ Camera frame origin (F)

® Map frame origin (F,,)

FIGURE 3 Reference frames used in the robot control

2.2 | Body Tracking Subsystem

Body tracking utilized an Azure Kinect, capturing 3D data at a
rate of 30 Hz. The Azure Kinect SDK was employed to extract
body landmarks from the acquired 3D data. Fig. ] shows the
landmarks detected by Azure Kinect SDK and the reflective
markers from Vicon®. In this study, the lower and upper body
were analyzed, except for the upper limbs. Upper limbs were
excluded as the primary focus of gait analysis is often on the
actions taken by the lower limbs2Z.

A procedure was established for the calculation of joint an-
gles from the Azure Kinect data in a similar way as the Vicon®
system does following the Plug-in-Gait model?¥, Using the
3D coordinates of the landmarks captured from the Azure
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Kinect, the definition of the coordinate systems of the body
segments were first defined consistent with the International
Society of Biomechanics recommendations (ISB)%*. Three lo-
cal coordinate systems were located in the joints: R1 =" F..,
R2 =Y Fpepis, R3 =" Frunk, and joint angles were calculated as
follows:
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e Left shoulder
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Left wrist

A
. T, Spine middle
Rightwrist O\ Spine base
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FIGURE 4 Skeleton model used by the mobile robot built
from Vicon® markers.

Yy

iz

e The hip joint angles were the Euler rotation angles between
the pelvic and knee coordinate systems, i.e. the relative
rotation Eyxz1, where Eyxzl = R1 * transpose(R2).

e The pelvic angles were the Euler rotation angles between
the world and pelvic coordinate frames.This corresponds to
the absolute rotation of R2.

e The Euler rotation angles between the world coordinate
and the trunk coordinate frames were used to determine the
trunk angles. This corresponds to the absolute rotation of
R3.

e The spatial angle between the two vectors crossed at the
knee joint center was considered as the knee joint angle.

23 | Performance Evaluation

Ten participants were recruited, 4 males and 6 females (3144
years, 172+7 cm, 6612 kg). The experiments were devel-
oped at the Laboratory of Movement Analysis, Ergonomics
and Motor Control (LAMBECOM) of the Rey Juan Carlos Uni-
versity (URJC). All experiments were carried out according to
the Helsinki Declaration as a response to concerns regarding
research on patient populations.

2.3.1 | Experimental Protocol

Participants performed two tests on the same day, preceded
by careful placement and calibration of markers on each par-
ticipant. The first test involved a walking assessment in the
laboratory, followed by a second walking test conducted in the
corridors. In both cases, participants had the freedom to self-
select their walking speed based on their personal preference.
Detailed explanations of each experiment are provided below:

e Laboratory walking test: The walking path had 4 effective
meters of Vicon® capture, on a walking platform of 8 me-
ters in total. The participant walked in a straight line while
the robot moved in front maintaining a distance of 3 meters
from the person. Five successive trials were collected per
person. Fig. [5]shows this experimental environment.

e Corridor walking test: The walking path was about 32
meters, mostly straight path. This path included two curves,
the first was a blind curve at 20 meters, and the second,
was an open curve, at 27 meters. At the beginning, the
participant was explained the path to follow and was asked
to walk without considering the robot moving in front and
at a preferred walking speed. The robot moved following
the predefined path and kept a distance of 3 meters from
the participant. Two trials per participant were collected.
Fig. [f]shows the experimental trajectory and environment
for experiments in corridors.

2.3.2 | Marker-based reference System

A Vicon® Nexus 3D photogrammetric system was used as
the reference of measurement. Gait kinematics was exported
directly from the Nexus software. The markers were set accord-
ing to the Vicon® Plug-in Gait model. It included 23 reflective
markers and no upper extremities were marked. The toes were
marked but were not used during the comparison with the Azure
Kinect. The Vicon® sampling rate was 100 Hz.
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FIGURE 5 Laboratory walking test environment.

2.3.3 | Synchronization and data analysis

The Azure Kinect and the Vicon® system started recording
data at different times and through different input streams. The
timestamp of the first gait cycle was used to synchronize the
data. This event represented the onset of the recording. The end

of the recording was imposed by the trial of a shorter duration.

The data from both systems was cut between these limits. Due
to the difference in sampling frequencies, the Vicon® time
series were linearly interpolated using the timestamps of the
Azure Kinect data. This process ensured the same query points
at the same timestamp. In order to minimize any fluctuation, a
low pass filter with a cut-off frequency of 4 Hz was applied to
the Azure Kinect data.

Once signals were synchronized and interpolated to the same
timestamps, an inverse kinematic process was applied for joint
angles calculation as explained in subsection 2.2} Then, relative
forward progression of ankle joint centers during walking was
used for gait event detection and to split gait cycles in both
systems, as suggested by. The relative forward progression of
ankles is a characteristic sinusoidal curve in which the valleys

correspond to the heel strike event, and the peaks fit with the
toe-off event29, Following this way to detect gait events, a
total of 8 kinematic signals and 22 descriptors per gait cycle
were compared. This set of gait descriptors was derived from
recommendations by Molina and Carratala®? and calculated
according to established definitions 2829,

To calculate the accuracy of the system, the error and corre-
lation of the kinematic signals were measured between systems.
In addition, the Intraclass Correlation Coefficient (ICC) 1-1,
also known as the one-way random single measures ICC, was
employed to assess the absolute agreement and reliability of
gait data obtained independently from both the Azure Kinect
and Vicon systems. By independently calculating ICC values
for the Azure Kinect and Vicon datasets, our aim is to quantify
the reliability of each system in capturing consistent gait pat-
terns during multiple sessions (or trials). Higher ICC 1-1 values
would indicate greater reliability, signifying strong consistency
and reproducibility of measurements within each system. The
ICC 1-1 was computed by aggregating all normalized (0-100%)
gait cycles collected from each participant and subsequently
calculating the average ICC across all participants.

For gait descriptors, in addition to the error calculation,
Generalized Estimating Equations (GEE) were used to prove
statistical differences with gait descriptors reported by Vicon®.
GEE is a statistical methodology used to analyze data with cor-
related or clustered observations. It is particularly useful when
dealing with longitudinal or clustered data, where repeated mea-
surements are taken on the same participants or groups over
time. In this study, there are repeated measurements correspond-
ing to each of the sequences performed by the participants.
Even, in our case, each participant may contribute more or less
gait cycles to the data set, depending on several factors, e.g.
the walking speed. GEE is prepared to deal with these types of
data sets. GEE was also selected because it can be used even
if there is an offset between the signals, which may be a com-
mon case when comparing the Vicon® model with other gait
models. Stride number was defined as a within-subject factor
during the statistical analysis, and the 22 descriptors of gait
were defined as separate dependent variables. Correcting for
multiple comparisons is a common practice in statistical analy-
sis to reduce the likelihood of obtaining false positive results
when conducting multiple hypothesis tests. One commonly
used method is the Bonferroni correction, which involves divid-
ing the desired significance level by the number of comparisons
being made. Following this method, the significance level was
set to p<0.05/22=0.002 to correct for multiple testing.
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FIGURE 6 The trajectory described in corridor experiments and some snapshots taken in the real environment of the experiment.

3 | RESULTS

The verification of the reliability, validity, and accuracy of the
Azure Kinect sensor is important for gait analysis to ensure ac-
curate depth measurement, reliable joint tracking, high-quality
motion capture, meaningful comparisons and informed clinical
decision-making. Previous studies have already analyzed the ac-
curacy of the Azure Kinect in static conditions of the sensor and
from different perspectives'm. This paper analyzes the accuracy
of Azure Kinect for gait analysis in a robot-mounted camera
scenario. In a robot-mounted camera scenario, the movement
of the robot itself can introduce additional complexities. The
robot’s motion may affect the camera’s stability, introduce vi-
brations, or alter the perspective and distance to the subject.
Validating the impact of the robot’s motion on the sensor’s per-
formance is important for understanding and accounting for
any potential distortions or biases in the gait analysis results.

Tablempresents the Intraclass Correlation Coefficient (ICC)
1-1 results, accompanied by a 95% confidence interval, illus-
trating the reliability of gait signals. This statistical measure
provides insights into the consistency within each participant
across different trials. Complementing the assessment of relia-
bility, the table also showcases the validity outcomes, including
Root Mean Square Error (RMSE) and Pearson correlation (r),
derived from the comparison of Vicon® and Azure Kinect
signals during in-lab experiments.

Notably, knee flex./ext. (ICC-0.95), hip flex./ext. (ICC-0.96),
pelvis rotation (ICC-0.88), and inter-ankle distance (ICC-0.98)
demonstrated excellent reliability with high confidence. Simi-
larly, hip add./abd. showed good reliability (ICC-0.79), while
trunk rotation exhibited moderate reliability (ICC-0.72). In
contrast, both trunk tilt (ICC-0.24) and pelvis tilt (ICC-0.41)
consistently displayed lower reliability. Surprisingly this was

observed for both the Vicon and the Azure systems. The lower
ICC values in these specific signals suggest challenges in
achieving agreement between the two systems for these par-
ticular kinematic measurements. Upon closer examination, it
is crucial to acknowledge that trunk tilt and pelvis tilt signals
may be more susceptible to variations in marker placement or
subtle movements during gait. This sensitivity could contribute
to the observed discrepancies, highlighting the intricate nature
of capturing precise data for these specific signals.

Regarding the validity outcomes, the error of the Azure
Kinect when assessing the knee flex./ext. signal is high, how-
ever, the correlation for this signal is strong (12.68°, r=0.97).
Hip flex./ext. has a slightly lower error and also a great correla-
tion (5.54°, r=0.96). Hip movement in the frontal plane looks
promising (considering that it is usually poorly detected by
Azure Kinect sensor) and appears with a moderate correlation
(3.45°,r=0.73). Trunk rotation, pelvis rotation, and pelvis tilt,
also appear with moderate accuracy and correlation. Other sig-
nals such as the inter-ankle distance appear with a low error
and a high correlation (0.06 m, r=0.99). Trunk tilt shows a high
error and a poor correlation (7.23°, r=0.12). However, when
looking at the corresponding subfigure for trunk tilt in Fig.[7] it
appears to be caused by the presence of a time delay between
signals. This delay could be attributed to a difference between
biomechanical models rather than to sensor inaccuracies.

In gait analysis, it is important to analyze not only joint kine-
matic signals but also gait descriptors. Both types of analysis
provide valuable information for understanding and evaluating
an individual’s gait pattern and can serve different purposes in
research, clinical, or performance settings. Table |Z| shows the
accuracy of the 22 gait descriptors. This table also shows the sta-
tistical comparison between systems, presenting non-significant
(ns, p>0.05/22), significant (¥, p<0.05/22), highly significant
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TABLE 1 Intrasession ICC 1-1 values for in-lab data with a 95% Confidence Interval (CI), alongside results from a
comparative analysis between systems using Root Mean Square Error (RMSE) and Pearson Correlation (r).

ICC(CI95%) RMSE r
Vicon Azure (mean=+SD) (mean=+SD)
Knee flex./ext. (°) 0.95 (0.92-0.96) 0.95 (0.93-0.96) 12.6845.12 0.97+0.02
Hip flex./ext. (°) 0.95 (0.93-0.96) 0.96 (0.94-0.97) 5.5442.43 0.9610.02
Trunk tilt (°) 0.38 (0.22-0.39) 0.24 (0.15-0.32) 7.23+3.88 0.12+0.35
Pelvis tilt (°) 0.41 (0.25-0.43) 0.41 (0.28-0.43) 4.3342.08 0.6440.28
Hip add./abd. (°) 0.85 (0.80-0.86) 0.79 (0.70-0.82) 345+1.15 0.73+£0.29
Trunk rotation (°) 0.78 (0.70-0.80) 0.72 (0.63-0.75) 5.9543.39 0.5740.32
Pelvis rotation (°) 0.59 (0.46-0.61) 0.88 (0.82-0.89) 6.71£3.01 0.65+0.26
Inter Ankle-distance (m) 0.98 (0.98-0.99) 0.98 (0.97-0.99 ) 0.061+0.02 0.9940.01

TABLE 2 Mean values and standard deviations (SD) of the main descriptors of gait reported by Vicon® and Azure Kinect.
RMSE of the results is shown. The far right column shows the statistical comparison between systems, presenting non-significant
(ns, p>0.05/22), significant (*, p<0.05/22), highly significant (**, p<0.01/22), and very highly significant (***, p<0.001/22)

differences.

DESCRIPTOR OF GAIT Vicon(mean+SD) Azure(mean=+SD) RMSE(mean=+SD) p-value p-significance
SPATIOTEMPORAL

left stride time (s) 1.1010.08 1.1010.08 0.0240.02 0.6950 ns
left stride length (m) 1.15£0.11 1.06£0.12 0.10£0.04 0.0000 ok
left step time (s) 0.5540.04 0.54+0.05 0.031+0.02 0.0690 ns
left cadence (steps/min) 110.1+8.24 112.31+£9.51 5.62+4.18 0.0430 ns
percentage of foot stance (%) 49.98+1.52 50.754+2.71 2.47+1.80 0.0130 ns
percentage of foot swing (%) 50.02+1.52 49.25+£2.71 2.47+1.80 0.0130 ns
KINEMATIC

trunk max. tilt (°) -2.78+4.32 3.91+£3.11 8.54+4.95 0.5720 ns
trunk min. tilt (°) -6.95+4.88 -1.66+£2.34 7.10+4.24 0.0003 wE
pelvis max. tilt (°) 7.9243.09 6.83+3.9 4.242.10 0.4820 ns
pelvis min. tilt (°) 4.81+3.09 3.13+3.74 4.36+1.89 0.2960 ns
hip max. adduction (°) 8.35+2.67 3.96+1.93 4.67£1.60 0.0000 ok
hip min. abduction (°) -4.83+£3.94 -3.55£2.55 2.714+1.17 0.1640 ns
pelvis max. rotation (°) 5224348 13.43£3.76 10.23£5.99 0.0010 *
pelvis min. rotation (°) -4.214+2.26 -5.82+6.22 6.384+2.54 0.4920 ns
hip max. extension during stance (°) -12.79+£5.37 -12.63+4.12 3.64£2.62 0.7860 ns
hip max. flexion during swing (°) 26.6£5.03 22.76£4.47 5.56£3.22 0.0005 *
hip max. flexion during stance (°) 24.024+5.3 18.234+4.24 7.3843.87 0.0000 oAk
knee initial contact position (°) 0.80+£3.56 6.631+3.37 7.93+£5.21 0.0012 *
knee position at toe-off (°) 7.95+5.08 20.36£5.29 14.33£7.23 0.0000 ok
knee max. flexion in load response (°) 7.6944.45 14.87+4.21 8.73+4.78 0.0001 ok
knee max. flexion during swing (°) 48.15£10.29 63.04+£4.57 18.26+10.04 0.0005 *
knee max. extension before heel strike (°) 0.27+£3.33 6.67+3.23 8.07+4.96 0.0001 wE

(**, p<0.01/22), and very highly significant (***, p<0.001/22)
differences of Azure Kinect with reference to Vicon®.
Among the spatiotemporal parameters, left stride time, left
step time, left cadence, percentage of foot stance, and per-
centage of foot swing show no significant differences. In the
kinematic parameters, maximum trunk tilt, maximum and
minimum pelvic tilt, minimum pelvic rotation, minimum hip
abduction, and maximum hip extension also show no significant
differences. Pelvis maximum rotation, hip maximum flexion,
knee position at initial contact, and knee maximum flexion
present only a significant difference. The rest of the descriptors
present a highly significant or very highly significant difference.

3.1 | Comparison of in-lab and in-corridor
gait patterns

Gait analysis in controlled lab settings involves using special-
ized equipment like motion capture systems, force plates, or
treadmills. While this setup offers advantages such as precise
measurements, a controlled setting, and reproducible condi-
tions, it does not always replicate real-life scenarios accurately,
potentially resulting in altered gait patterns. Participants might
adopt a more cautious or unnatural gait due to equipment
presence or self-awareness. This comparison delves into gait
patterns between lab and corridor walking tests, aiming to
uncover how environments impact gait characteristics.
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FIGURE 7 Mean and standard deviation of gait signals obtained from 10 participants. The gray and blue graphs show the
results reported by Vicon® and Azure Kinect for the walking tests in the laboratory. The red color graph shows the results

reported by the Azure Kinect for the walking tests in corridors.

The system’s initial validation focused solely on straight-
line locomotion in the laboratory setting. Acknowledging this
limitation, we took a cautious approach when analyzing data
from corridor walking. Specifically, we excluded gait data from
curved sections (C to D and E to F in Fig.[6) to ensure statistical
integrity. This exclusion aimed to maintain precise compar-
isons between walking dynamics in straight lines in lab and
in corridor environments, avoiding potential confounding fac-
tors posed by non-validated curved trajectories. Additionally,
our statistical comparison was concentrated on the 11 gait de-
scriptors that exhibited no significant differences in lab tests
compared to the Vicon® system.

In Fig[7] the comparison results display the mean and
standard deviation of kinematic signals captured in both envi-
ronments, for ease of understanding potential differences, and
they are summarized in Table 3] Using a Bonferroni correction,
a significance level of p<0.05/11=0.004 was set for multiple
testing.

Among the 11 gait descriptors, maximum pelvis tilt and
minimum pelvis rotation exhibit highly significant differences
between laboratory and corridor walking. This suggests that
the controlled environment and restricted mobility may dimin-
ish the need for significant pelvic tilt movements during gait.

Specifically, participants showed significantly lower maximum
pelvis tilt (6.83%in-lab vs. 9.39°in-corridors) and lower mini-
mum pelvis tilt (3.13°in-lab vs. 4.78°in-corridors), indicating a
less dynamic and adaptive gait in the lab.

Additionally, minimum pelvis rotation, an indicator of ex-
ternal pelvis rotation, also shows notable disparities in the lab
setting. Participants exhibited significantly reduced minimum
pelvic rotation (-5.82°) compared to corridor walking (-14.61°),
potentially due to the absence of terrain adaptation requirements
in the controlled lab environment.

Finally, the specific characteristics of the laboratory and cor-
ridor conditions, such as their dimensions, surface properties,
among others, may also impact stride time. The results show
that the stride time is significantly longer when walking in
laboratories (1.10s) than when walking in corridors (1.05s).
Although the rest of the parameters show no statistically signifi-
cant difference, their higher values demonstrate a more dynamic
gait in the corridors and a more cautious or constrained gait
pattern during walking in the laboratory.
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TABLE 3 Comparison of in-lab and in-corridor gait patterns. The far right column shows the statistical comparison between
conditions, presenting non-significant (ns, p>0.05/11), significant (*, p<0.05/11), highly significant (**, p<0.01/11), and very

highly significant (***, p<0.001/11) differences.

DESCRIPTOR OF GAIT in-Lab (mean+SD) in-Corridor (mean+SD) p-value p-significance
SPATIOTEMPORAL

left stride time (s) 1.10+0.08 1.06+0.08 0.0017 *
left step time (s) 0.54+0.05 0.53+0.05 0.1354 ns
left cadence (steps/min) 112.31+9.51 115.20£12.28 0.1175 ns
percentage of foot stance (%) 50.754+2.71 51.0642.38 0.4162 ns
percentage of foot swing (%) 49.25+2.71 48.9442.38 0.4162 ns
KINEMATIC

trunk max. tilt (°) 3.91+£3.11 7.06£3.62 0.4061 ns
pelvis max. tilt (°) 6.834+3.90 9.4442.42 0.0000 ook
pelvis min. tilt (°) 3.13+£3.74 4.83£2.95 0.0005 wE
hip min. abduction (°) -3.55+2.55 -4.01£2.51 0.2442 ns
pelvis min. rotation (°) -5.8246.22 -14.36+£4.95 0.0000 oAk
hip max. extension during stance (°) -12.63£4.12 -13.04+£5.08 0.5874 ns

4 | DISCUSSION
Exploring the results obtained with Azure Kinect in comparison
with 2D video-based pose estimation methods offers interesting
insights into the field of gait analysis technologies. In a compar-
ative analysis, Washabaugh et al.'!' evaluated four open-source
pose estimation methods, including OpenPose and Tensorflow
MoveNet Thunder. These methods showcased notable accuracy,
particularly in hip kinematics, with OpenPose and Tensorflow
MoveNet Thunder averaging 3.7 & 1.3 and 4.6 & 1.8 degrees,
respectively. Conversely, the Azure Kinect sensor mounted on
a mobile robot exhibited a slightly higher error of 5.5442.43
degrees, considering experimental nuances such as dynamic
camera movement. Despite these experimental conditions, the
results obtained for the Azure Kinect are better than those re-
ported for Tensorflow MoveNet Lightning and DeepLabCut
pose estimation methods (5.9+3.6 degrees and 6.8+1.6 de-
grees, respectively). Further comparisons revealed that Azure
Kinect exhibited higher error in knee kinematics (12.6845.12
degrees) compared to OpenPose (5.112.5 degrees). Tensorflow
MoveNet Thunder exhibited greater accuracy in measuring
the step time of the left leg (0.02+0.02 seconds) compared to
OpenPose (0.034= 0.02 seconds) and DeepLabCut (0.044 0.04
seconds). In our study, the Azure Kinect sensor demonstrated a
similar accuracy of 0.02+0.02 seconds. In other studies, Meny-
chtas et al.*" compared OpenPose and Mediapipe with Vicon®
and Kinovea, favoring OpenPose despite higher computational
costs. Ota et al.*! evaluated OpenPose’s accuracy, reporting
2 degrees of error for knee flexion and around 7 degrees for
knee extension during fast walking. Notably, while OpenPose
excelled in accuracy, its lower frame rate (22 Hz) might pose
challenges in gait analysis compared to Azure Kinect’s 30 Hz
capability.

In the study presented by Trend et al.'¥, Azure Kinect and
a 12-camera Vicon® system were compared for overground

walking. The study was conducted on a group of healthy par-
ticipants with the sensor static and placed in front. The study
reported an error of 0.03 m for stride length (vs. 0.1 m in our
study) and 0.01s for stride time (vs. 0.02s in our study). The
results are close to those obtained in our study even though the
camera was static and in our study it was mounted on a mobile
robot.

When compared to other setups using Azure Kinect, in the
study of Ling et al.'* an error of 4.041.2 degrees was reported
for hip adduction/abduction with a very high significant differ-
ence for maximum and minimum excursions. This is close to
the error reported in our study, where an error of 4.67+1.60
degrees was found for maximal adduction and 2.7141.17 de-
grees for minimal abduction. However, in our study, only highly
significant differences were observed for maximal adduction
and nonsignificant for minimal abduction. Ling et al. reported
lower excursions in the frontal plane (maximum adduction of
1.3 degrees and minimum abduction of -1.9 degrees), whereas
our study reported higher excursions (maximum adduction of
3.96°and minimum abduction of -3.55°). This could be ex-
plained because Ling et al. tracked gait kinematic patterns
during treadmill walking, which typically provides a more
stable and controlled environment compared to overground
walking, which may result in reduced lateral movement at the
hip joint.

Ling et al. also reported an error of 9.6+4.7 degrees for
hip motion in the sagittal plane, with a significant difference
for maximum flexion and not for maximum extension, just as
obtained in our study. However, the overall error reported in
our study (5.5442.43 degrees) is lower than that reported by
Ling et al. When analyzing the maximum flexion and exten-
sion values, a higher flexion excursion (22.76°in our study vs.
17.3°for Ling et al.) and lower extension (-12.63°in our study
vs. -16.8°for Ling et al.) were obtained. This may be explained
as during overground walking compared to treadmill walking,
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hip flexion may be greater, while hip extension may be less=2.
This difference may be attributed to several factors, including
the need to propel forward during overground gait and the me-
chanical properties of the treadmill. Finally, Ling et al. reported
an overall error in knee flexion of 16.14+5.4 degrees, while we
reported 12.68+5.12 degrees with a significant difference.

In the work of Yunru et al.®3, five healthy participants were
evaluated during an overground gait. The accuracy of different
lower extremity gait kinematic parameters was determined us-
ing a dual Azure Kinect compared to Vicon®. A dual Azure
Kinect setup (one in front of the other, 4 m distance from each
other) was applied to avoid occlusion between body segments
during gait. The errors obtained in comparison with those pre-
sented in our study were as follows: 15.1°for hip flex./ext. (vs.
5.54°for ours), 7.2°for hip add./abd. (vs. 3.45°for ours), and
11.9°for knee knee flex./ext. (12.68°for ours). Although the au-
thor does not describe the orientation of the cameras, an image
is shown where the cameras have too much tilt angle, aiming
towards the ground. The high error observed in the hip flex./ext.
and hip add./abd. compared to the current study, may be related
to a poor capture of the pelvis segment due to a misaligned
orientation of the cameras. In the current study, the camera is
supported on a structure that keeps it horizontal, which allows
a better visualization of the participant.

As can be appreciated, the overall error of our robot-mounted
camera configuration is close to that reported by Ling et al.
which uses a static sensor placed in front of the participant and a
treadmill. Compared to Yunru et al., the results presented in our
study are better probably due to an improved orientation of the
sensor. These comparisons validate the configuration proposed
in the current study and ensure the absence of influence of
camera motion during gait assessment.

Investigating the differences between gait in-lab and in-
corridor is important for a comprehensive understanding of
human locomotion. This study has also attempted to use the
proposed configuration for comparison of in-lab and in-corridor
gait patterns based solely on the 11 gait descriptors that show
no significant differences compared to Vicon®. Several studies
have previously investigated the effect of the experimental en-
vironment on gait patterns and have reported the presence of
differences. Susan E. et al.*%, assessed the effect of the envi-
ronment on gait parameters in a community of ambulant stroke
survivors. Analysis of variance showed a significant main effect
of environmental conditions (p=0.046). The main difference
found was a decrease in walking speed of 8.5m/min for an out-
door environment compared with a clinic environment. In that
study, step frequency and step length were not significantly
altered as a result of walking in different environments. Consid-
ering the decrease in gait speed related to longer stride time, our
study showed an opposite result, with shorter stride time in the
external environment, with significant differences. However, it

is important to note that health conditions can influence walking
speed. In general stroke survivors may exhibit a lower walking
speed in external environments because they commonly experi-
ence balance impairments and altered coordination, which can
affect their ability to navigate in real-world environments=.

Besharat et al.®%, also reported differences when evaluating
Pakinson’s disease patients in virtual doorway and hallway en-
vironments compared to laboratory environments. Compared to
the physical laboratory, reduced joint excursions of the knee and
hip were found when walking in virtual doorway and hallway
environments compared to the physical laboratory. Also, peak
swing phase toe clearance, arm swing, and inclination angle
were reduced, and walking was slower, with shorter and wider
steps. This is normal since the perception of space might con-
tribute to the Freezing of gait in Parkinson’s disease“Z, which
results in walking with reduced speed and stride length.

Scanlon J.M.58, conducted a study to compare gait perfor-
mance between different environments for a healthy patient
group more similar to that involved in our study. Spatiotemporal
and kinematic gait characteristics were obtained from 19 young
adults during various gait conditions, both inside a laboratory
environment and outdoors on a 10.8-meter-long concrete side-
walk area. Experiments were conducted using a Vicon® system
and an Xsens inertial measurement unit system. When compar-
ing walking at a self-selected speed, walking speed was 1.7%
slower in-lab (approx. 1.35m in-lab vs. 1.38 outdoors, p<0.001),
and cadence was 2.0% slower in-lab (approx. 108 steps/min.
in-lab vs. 110 steps/min outdoors, p<0.001). Stride length was
also lower in-lab, but showed no significant difference.

Finally, in our study, significant differences were found for
pelvic tilt and rotation, with decreased movements for walking
in-lab. As mentioned before, the controlled environment and
absence of freedom to walk during in-lab tests may reduce the
need for significant pelvic tilting movements. In contrast, when
walking in corridors, the increased pelvic tilt movement could
be related to the higher walking speed and cadence reported in
this study. This is because as walking speed increases, pelvic
tilt tends to increase as a compensatory mechanism to maintain
balance and stability.

Recognizing the limitations of the present study, it is impor-
tant to emphasize that the participant pool consists mainly of
healthy individuals. This limitation limits the generalizability
of the results to populations with specific pathologies. In future
work, this limitation is planned to be addressed by expanding
the study to include individuals with gait impairments, such
as those with Multiple Sclerosis (MS). In addition, the count-
less contributions of the community to the gait analysis using
the Azure Kinect sensor encourage the realization of this work,
however, the manufacturer stopped the production of these sen-
sors becoming a great issue for further studies. In this matter,
we are studying how to migrate our approach to a novel similar
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sensor like the ORBBEC Femto Mega~” that has experienced
important growth in the market.

5 | CONCLUSIONS

This study presents a markerless gait analysis system that uses
an Azure Kinect sensor mounted on a mobile robot. This con-
figuration is proposed and validated as a potential solution for
gait analysis in corridors. The overall error obtained for the
robot-mounted camera configuration closely aligns with the
values reported in the literature, where static sensors and tread-
mills are commonly used for gait assessment. This validation
confirms the effectiveness of the proposed configuration and
ensures the absence of any influence from camera motion.

Most of the kinematic signals demonstrate good to moderate
accuracy and correlation. Particularly, the inter-ankle distance,
which is utilized to describe most of the spatiotemporal param-
eters, exhibits high correlation and accuracy when compared to
the Vicon® system. However, the results for the trunk tilt signal
display poor performance, attributed to the observed time delay
between signals likely caused by differences in biomechani-
cal models. This work analyses a total of 22 gait parameters,
and out of these, 11 parameters show no significant differences
when compared to the Vicon® system.

Based on these 11 parameters, this study investigates the dif-
ferences in gait patterns when individuals walk in the laboratory
compared to corridors. Gait patterns exhibit variations depend-
ing on the environment. The pelvis segment demonstrates
the most pronounced differences, with reduced significant
movements observed when participants are evaluated in the
laboratory. Additionally, stride time decreases when assessed
in the laboratory. Although the remaining parameters do not
exhibit statistically significant differences, their higher values
distinctly highlight a more dynamic gait in corridors and a more
cautious or constrained gait pattern in the laboratory.

The findings of this study underscore the potential of Azure
Kinect for gait analysis in a robot-mounted camera scenario,
encouraging the assessment of outdoor gait patterns. These pat-
terns have been demonstrated to differ from those evaluated in
the laboratory, emphasizing the importance of considering real-
world environments in gait analysis. Finally, in further works,
a deeper analysis concerning the extraction of the parameters
from the skeleton will be included.
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