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Abstract—Markerless human motion capture could be a
potential tool for studying body biomechanics. Despite the
extensive previous studies, the design of an accurate marker-
less system able to perform a quantitativeclinicalgait analysis
is still an open challenge. Our purpose was to characterize the
performance of a low-cost markerless system, consisting of
the open-source library OpenPose, two webcams and a linear
triangulation algorithm. The system was validated in terms
of 3D kinematic gait analysis, by comparison with inertial
sensors. Two synchronized videos of six healthy subjects
were recorded in three webcam configurations, in walking
and running sessions on a treadmill. Sagittal joint angles were
compared between the two systems, to evaluate the kinematic
performance of the markerless system. Results showed that the angular paths, provided by OpenPose, were close to the
ones computed by inertial sensors in all camera positions, but OpenPose inaccuracy affected the computation of joint
angles parameters producing absolute errors up to 14.0◦± 1.8◦. The observed differences depended on OpenPose ability
in the recognition of joints centers and on camera configurations. In the optimal condition (joint visible from both cameras
during the whole trial) our system accuracy resulted equal to 1.6 ◦± 0.3 ◦. This system could be useful in those applications
where a real-time body tracking is required, i.e. video games or virtual rehabilitative trials. When a quantitative analysis
is needed, the low level of accuracy may be overcome, by both increasing the cameras’ number and implementing an
optimization triangulation algorithm.

Index Terms— Accuracy, gait analysis, inertial sensors, markerless, motion capture, neural network.

I. INTRODUCTION

THREE-DIMENSIONAL (3D) gait analysis, which con-
cerns the systemic study of human locomotion dur-

ing walking, plays an important role in the diagnosis and
treatment of patients with neuromotor disorders or, more in

Manuscript received April 23, 2021; accepted May 13, 2021. Date of
publication May 17, 2021; date of current version July 30, 2021. This work
was supported by the University of Rome Niccolò Cusano. The associate
editor coordinating the review of this article and approving it for publica-
tion was Prof. Yudong Zhang. (Corresponding author: Erika D’Antonio.)

Erika D’Antonio is with the Assistive Robotics and Interactive
Exosuits (ARIES) Laboratory, Institute of Computer Engineering (ZITI),
University of Heidelberg, 69120 Heidelberg, Germany (e-mail: erika.
dantonio@ziti.uni-heidelberg.de).

Juri Taborri and Stefano Rossi are with the Department of
Economics Engineering Business Organization (DEIM), University of
Tuscia, 01100 Viterbo, Italy (e-mail: juri.taborri@unitus.it; stefano.
rossi@unitus.it).

Ilaria Mileti and Fabrizio Patané are with the Mech. Meas. and
Microelectr. Laboratory (M3lab), Department of Engineering, University
Niccolò Cusano, 00166 Rome, Italy (e-mail: ilaria.mileti@unicusano.it;
fabrizio.patane@unicusano.it).

Digital Object Identifier 10.1109/JSEN.2021.3081188

general, affected by gait abnormalities [1], [2]. Gait analysis
consists in a first visual examination of the patient’s gait
and a subsequent objective measurement of spatio-temporal,
kinematic and/or kinetic parameters [3], in order to quantify
the magnitude of deviations from normal gait [4]. To date,
optoelectronic systems, which record the movement of mark-
ers placed on reference joints by means of multiple cameras,
represent the most accurate and precise technology for the
assessment of joint kinematics [5]–[7]. These systems are
considered as the gold standard in quantitative clinical gait
analysis assessment, but their use is restricted to laboratories
and research environments, because marker tracking requires
high costs, technical skills as well as long preparation time.
The latter is due to the reflective markers’ placement on
the user’s skin, which is a delicate procedure, since small
variations in their position could induce large changes in the
computation of joint angles [8], [9].

Inertial Measurement Units (IMUs) represent a viable alter-
native to optoelectronic systems, for the measurement of body
angular kinematics [10]. Placing IMUs on the human segment
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links and estimating their 3D orientation in the space it is
possible to evaluate the 3D angular kinematics through the
application of ad-hoc biomechanical model. Despite their
low cost with respect to the optoelectronic system and the
absence of limitation of the testing environment to a controlled
laboratory [11], they also require technical skills and a long
execution time in order to perform a correct sensor alignment
with the body segment [12]. Furthermore, the presence of
ferromagnetic disturbances could affect sensor orientation,
leading to a wrong computation of the joint angles [13].

The limitations of marker-based systems could be poten-
tially overcome by video-based markerless systems [14]–[16].
Markerless techniques involve no need to apply markers on
subjects’ skin, making the experimental session faster and
easier. In addition, they allow to perform a gait analysis
even outside of the laboratory, which is particularly useful for
those sport applications that require a biomechanical analysis,
as well as for the quantitative assessment of patients with neu-
romotor dysfunction, during daily life activities [2]. Markerless
technologies for motion capture have advanced dramatically in
recent years, spacing from depth cameras, such as Microsoft’s
Kinect or Stereolabs Zed camera, to integrated multicamera
devices [17]. Although the recent technical developments in
markerless hardware and software, their use in biomechanical
or clinical applications is still scarce. Several authors [18], [19]
analyzed the performance of Kinect camera, showing that its
accuracy in kinematic gait analysis is not sufficient for precise
and accurate biomechanical analyses. In addition, the short
range of depth cameras, the lower framerate and the need of
light-controlled environment preclude their application in sport
biomechanics [20]–[22].

Multicamera systems combined with stereo reconstruction
algorithms for 3D pose estimation could be a valid alter-
native to depth cameras [23]. Corazza et al. [15][24] and
Sandau et al. [14] have achieved high accuracy with mark-
erless motion capture compared to marker-based systems.
However, the robustness of multicamera approach was strictly
related to the number of cameras used, i.e. generally greater
than seven, and to the biomechanical model used for human
body representation. Several previous approaches, which mod-
elled human body as rigid segments, had problems with
the accurate identification of joints and the resulting 3D
kinematics [17], [25], [26].

Recent progress in the field of computer vision, advanced
image features and modern machine learning could provide
a solution for reducing the required number of cameras,
increasing the number of people who can be simultaneously
tracked and avoiding the articulated modelling of the human
body [27], [28]. In particular, open-source Convolutional
Neural Networks (CNN) have emerged as potential method
for 2D single and multi-person pose estimation, such as
OpenPose (OP) [29] and PoseNet [30]. These networks, which
are trained with data obtained from monocular images, detect
firstly the joints or limbs and then aggregate them into the
human body. In particular, OP is able to identify, by means
of a commercial webcam, not only the joint centers but also
the orientation of vectors between two joints. By combining
multiple calibrated 2D images, OP can perform a 3D tracking

of human body that could allow the computation of the 3D
lower limb kinematics. Despite the potential of OP, the design
of a reliable markerless system for the capture of human body
movement is still an open challenge [17]. Previous authors
analyzed the performance of OP in the computation of lower
limbs angles with a single camera [31], [32], by comparing
the results with marker-based technologies. However, only
Zago et al. [33] characterized OP performance in the compu-
tation of spatiotemporal gait parameters, when multiple points
of view are integrated. The system composed by two cameras,
OP and a triangulation algorithm was validated by means of
a comparison with an optoelectronic motion capture system.
They showed that OP underestimated the step length of about
1.5 cm while no significant differences were found for the
measurement of the swing and stance times. The feasibility
of performing a gait analysis with a low cost markerless
system was confirmed, but the accuracy in the 3D detection of
anatomical landmarks and in the 3D estimation of joint angles
during human gait need to be characterized.

In our previous works [34], [35] we developed a low-cost
markerless system, consisting of OP tracking, two webcams
and a linear triangulation algorithm. The system kinematic
accuracy has been characterized by a comparison with IMUs in
a walking session on a treadmill, at comfortable speed and in a
single camera configuration. The purpose of the present study,
instead, is to generalize the results by a deepening kinematic
characterization analyzing different camera positions and loco-
motion activities, on a larger number of subjects. In particular,
we recorded two synchronized videos of six healthy subjects
in three webcam configurations, in a walking session, and in
a running session, both performed on a treadmill. The gait
kinematics was compared with the one obtained by inertial
sensor data, in order to compute system accuracy in the
detection of sagittal angles of knee, hip and ankle. Since in
clinical gait analysis the majority of assessment occurs in the
sagittal plane, which is also the one in which typical walking
movements are mainly performed [36], the 3D coordinates
over time of anatomical landmarks have been used to compute
the joint angles in that specific anatomical plane [37]. That
procedure allowed us also to assess OP ability in the detection
of body anatomical landmarks.

II. METHODS

A. Participants and Experimental Design
This methodological study was designed to evaluate the

metrological performance in kinematic gait assessment of
a low-cost system composed by OP, two webcams and a
linear triangulation algorithm. The study involved six healthy
subjects (age 27.6 ± 3.4 (Mean ± STD), 1 female). On the
day of testing, participants were healthy and did not suffer
from any lower limb musculoskeletal injuries or neurological
problems that could compromise the data. The volunteers were
informed about the aims and benefits of the study and they
signed a written informed consent for the participation in the
experiment. The protocol was in accordance with the Helsinki
Declaration.

The workflow required for the estimation of 3D body joint
coordinates and the validation of system kinematic accuracy
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Fig. 1. Workflow for the estimation of 3D joints coordinates and validation of kinematic accuracy.

is described in Fig.1. It consisted of five main steps: Data
Acquisition, Camera Calibration, 3D Joint Detection, Manual
Camera Calibration Validation and Joint Kinematic Accuracy.
Data acquisition comprised the technical requirements and
the process that enables video capture. Camera calibration
allowed to estimate the camera pose parameters necessary for
the reconstruction of the 3D space. Manual camera calibration
validation concerned the estimation of triangulation accuracy.
3D joint detection was the step in which the 2D points
provided by OP were triangulated in order to obtain the
3D coordinates of the body joints. Finally, we estimated the
kinematic accuracy by performing a comparison with IMUs.
The five steps are described in detail in the following sections.

B. Data Acquisition
The experimental setup consisted of two identical high-

definition webcams (Logitech brio 4k stream edition) placed
around a motorized treadmill. The cameras were synchronized
and operated at 60 frames per second, with a resolution
of 720 × 1280 pixel. The cameras’ frame rate was chosen
in order to not limit the acquisition of dynamic movement
considering that the 99 % of the signal power during gait is
preserved for frequencies up to 15 Hz [38], and that previous
authors [31], [33], [39] showed how a frame rate equal to
30 Hz is yet suitable for performing gait analysis. In the
current study, we increased the camera frame rate to 60 Hz
in order to be suitable also for the running activity. The
contrast and brightness were automatically selected by the
software provided by the manufacturer. In order to investigate
the contribution of the cameras’ point of view on the estimated
gait parameters, the webcams were placed in three different
positions (Fig.1):

• Back-Back (BB): cameras placed 1 m apart symmet-
rically behind the treadmill, pointing the back of the
subject, reproducing the classic stereoscopic camera
configuration.

• Latero-Lateral (LL): both cameras placed 1 m apart
laterally to the treadmill, pointing the left side of the
subject, like the point of view of 2D single camera
applications.

• Back-Lateral (BL): one camera pointing the back of
the subject and one pointing his left side. The distance
between the two cameras optical centers was equal to
1 m.

The three configurations were chosen to (i) optimize the
visibility of body joints, minimizing the triangulation errors,
as described in the Manual Camera Calibration Validation
section; (ii) maximize the volume occupied by the subjects
and, (iii) reproduce the camera configurations usually adopted
with depth cameras [18], [40], [41] or 2D acquisitions [42],
[31].

In all positions, cameras were anchored on aluminum bars
perpendicular to the walking direction at a height of 1 m,
framing the subject vertically.

An IMU system (MTws Xsens Technologies, Enschede,
The Netherlands) was used as the reference system for the
estimation of kinematic accuracy. This decision was driven
by previous studies showing a comparable reliability of IMUs
with respect to the optoelectronic system for measuring kine-
matic gait parameters [11], [43]. When combined with sensor
fusion algorithms, the IMU’s accuracy in measuring sagittal
angles ranges between 0.2◦ and 2.9◦ [44].

Before the experimental session, the IMUs were aligned
outside at least 3 m away from metallic objects in order to
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avoid ferromagnetic disturbances. Seven IMUs were placed
on shank, thigh and foot, for both sides, and on mid pelvis
by means of suitable elastic belts in order to avoid relative
movements between each sensor and the relative body seg-
ment. Each subject was asked to perform the IMUs Functional
Calibration procedure consisting in a standing and sitting task,
lasting 10 s, for body-to-sensors alignment [45]. The IMUs
sampling frequency was set at 60 Hz.

For each camera configuration two different locomotion
activities were recorded: (i) Walking at comfortable speed
(3.5 km/h); (ii) Running at a speed of 7.5 km/h. The time
duration of each trial was 60 s.

C. Camera Calibration
The camera set used in this study can be described by the

epipolar geometry [46], which is essentially the geometry of
the intersection of the image plane with the epipolar planes
containing the baseline. This model consists of two kinds of
parameters, called Intrinsic and Extrinsic parameters, encoded
by the Essential matrix and the Fundamental matrix. Intrinsic
parameters represent the optical center and focal length of
the camera and determine the linear projection of 3D points
on the image plane. The Extrinsic parameters represent the
location of the cameras in the 3D scene and relative position
of one camera in relation to the other. The estimation of
these parameters, which allows the calibration of the stereo-
scopic system, was performed within Matlab (vR2016b, The
Mathworks Inc., Natwick, USA) by means of the Stereo
Camera Calibration App, which uses the calibration algorithm
of Zhang Z. [47]. A planar 7 × 9 grid checkerboard pattern,
consisting of black and white 30 mm × 30 mm squares was
framed by the two cameras while moving the pattern into the
working volume. For each camera configuration, 45 paired
images of the checkboard were acquired and then imported
in the Matlab toolbox (Fig. 2). The paired pictures for which
the reprojection error was larger than 1.5 pixel (0.23 cm) were
removed by the calibration. Furthermore, we acquired a paired
picture of the checkboard pattern placed on the treadmill
surface and oriented such that the global coordinate system
X-Z plane was parallel to the floor.

D. 3D Joints Detection
Videos, synchronously acquired by the two webcams, were

processed within OP to extract the 2D position, in pixel,
of lower limbs joints, for each frame in JSON format. OP
is an open source processing framework for real-time multi-
person 2D joints detection, released by a research group from
the Carnegie Mellon University [29]. OP is written in C++
programming language, using OpenCV and Caffe and it can be
freely adapted to various operating systems. OP takes as input
colour images from simple webcams and, by using a two-
branch multi-stage convolutional neural network (CNN) [48],
produces as output the 2D location of 18 anatomical keypoints
for each person in the image. First, a feedforward network
simultaneously predicts a set of 2D confidence maps of body
part locations and a set of 2D vector fields that encode the
location and orientation of limbs over the image domain [28].

Fig. 2. Example of a paired picture of the checkboard pattern used for
the stereo camera calibration.

Each confidence map is a 2D representation of the probability
that a particular body part occurs at each pixel’s location.
Furthermore, for each pixel OP provides a 2D vector rep-
resenting the position and orientation of the limb. Finally,
the confidence maps and the affinity fields are associated
by greedy inference to output the 2D keypoints for all the
people in the image. The CNN is trained on COCO (Common
Objects in Context) keypoint dataset [49] plus a foot dataset
composed of 15,000 annotations out of the COCO dataset.
These datasets include RGB images representing several real-
world scenarios [28]. The 2D data provided by OP from each
video image were triangulated using the calibration outcomes,
in order to obtain the 3D cartesian coordinates of anatomical
landmarks with respect to the reference system of one camera.
This computation was performed using the Matlab Computer
Vision System Toolbox Matlab (vR2016b, The Mathworks
Inc., Natwick, USA).

E. Manual Camera Calibration Validation
A 3D joint is placed on a ray going from each camera center

of projection to the location of the point on the image plane.
The 3D joint coordinates are provided by the intersection of
each camera ray. Due to the error in estimating the camera
intrinsic and extrinsic parameters, the two back-projected rays
do not, in general, intersect exactly at the real joint position.
Therefore, the joint location is typically approximated by find-
ing the midpoint between rays [50], [51]. The accuracy in 3D
coordinates estimation is based both on OP ability in detecting
body joints position on the two image planes and on the errors
in the camera model. If the two rays from the camera centers of
projection to the target point are parallel, they cannot intersect
and no solution can be found. If the two cameras are placed
perpendicularly, the triangulation error is negligible [52] but
the target cannot be viewed from the two cameras. Based on
Rahimian and Kearney [53], to assure that all the joints were
visible by the two webcams with camera rays sufficiently non-
parallel, we selected the convergence angle between the two
cameras in a range from 40◦ and 50◦, minimizing also the
triangulation errors. Indeed, when 2D coordinates provided
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Fig. 3. Epipolar geometry and reprojection error d. X is the point in the
3D world; XR and XL are the real point position on the two camera planes;
Xm represents the point provided by OP from one camera. eR and eL
represents the epipolar lines.

by OP from one camera do not match with the ones obtained
from the other camera, linear triangulation fails. As a result,
we have an error in the detection of body joints coordinates
that can be characterized in terms of the reprojection error (d),
computed as the distance between the matched point (Xm)
provided by OP and its epipolar line (eR) obtained by the
fundamental matrix (Fig.3). The manual camera calibration
validation was performed firstly estimating the accuracy in
the measurement of anatomical landmarks positions and then
differentiating the contribution of triangulation errors. This
evaluation has been performed on a single subject since it
depends on the abilities of OP, which is trained on monocular
images with different scenarios and it has been shown to
maintain efficiency with several body poses, even as the
number of people increases [29]. The accuracy in body joint
detection was defined as the Root Mean Square Error (RMSE),
in a complete gait cycle, of the reprojection error d:

εep = RM SE (d) (1)

The pixel coordinates of the top left vertex of the IMU
sensor placed on mid pelvis and on right shank were manually
acquired, in the BB camera configuration, from the frames of
a complete gait cycle to analyze the amount of error due the
stereoscopic reconstruction.

F. Kinematic Accuracy
The estimation of OP kinematic accuracy consists in a first

computation of 3D joint angles, which represent the rotations
between two body segments, encoded in the joint rotation
matrices. Given two body segments bi and b j and the ground
reference frame CSg, we can express the rotation matrix b j Rbi

between the coordinate systems C Sbi and C Sb j relative to the
two segments, as follows:

bi Rb j = (g Rbi

)T g Rb j (2)

The 3D joints coordinates, obtained after the triangulation of
the 2D points provided by OP, were originally expressed in a
reference system C Sc located in the optical center of one of the
cameras, oriented as the camera itself. This coordinate system

Fig. 4. Example of the biomechanical models, obtained for OP (Left)
and IMUs (Right) data, for a generic video frame n, for the camera
configuration BB, in a subject. In black is represented the checkboard
pattern while in red the two webcams. Checkboard and cameras.

was moved to the new reference frame C Sg , having the origin
to the ground level and the X-Z axes parallel to the ground and
directed as those of the IMUs system, aligning OP and IMUs
reference systems. In this way, the rotation matrices g RO P

bi

and g RO P
b j

relative to the two body segments bi and b j can

be computed in the ground reference system C Sg
O P . Then,

the rototraslation matrices g H O P
bi

and g H O P
b j

were computed
considering the transformation among the coordinate systems
C SO P

bi
and C SO P

b j
. In addition, the x, y and z axes of the

reference frames C SO P
bi

relative to the body segment of pelvis,
thigh and shank were defined as follows:

• g yO P
bi

axis parallel to the line joining the two joints that
bounded the body segment, pointing upwards;

• the plane g yzO P
bi

, parallel to the frontal plane, with g zO P
bi

axis pointing rightward.

Finally, the foot segment reference frame was defined with
the g xO P

bi
axis parallel to the line joining the two points that

bounded the foot segment and the g xzO P
bi

plane parallel to the
transverse plane.

The rotation matrices g R I MU
bi

and g R I MU
b j

related to the
IMUs system were computed by applying an already vali-
dated biomechanical model [45]. The biomechanical models
obtained for OP and IMUs data, for a generic video frame n,
for the camera configuration BB, in a single subject is shown
in Fig. 4.

From the rotation matrices b j RI MU
bi

and b j RO P
bi

we com-
puted the trajectory of the sagittal joint angle, which is the
angle between two body segments projected into the walking
plane (zg yg). Although the system is capable of providing
joint angles along the three anatomical planes, the transverse
and frontal ones were not examined since during walking
angular rotations for lower limbs occur primarily in the sagittal
plane [54]. From the raw data of OP and IMUs, sagittal
angles were calculated for hip, knee and ankle joints of
both lower limbs (Fig. 5). No kind of filter was applied
at any computation step. Since a physical trigger for the
synchronization of the cameras with the IMUs system was not
available, the trajectories provided by the two systems were
synchronized by software using a cross-correlation algorithm,
which detected the lag between two signals. Each signal
was further partitioned into strides, following the algorithm
proposed by Salarian et al. [55], which consisted in the
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Fig. 5. Skeleton tracking provided by OP and computed angles in a single
frame of the video recorded by two cameras in the configuration LL.

identification of the heel strike instant by analyzing the shank
angular velocity detected by the IMU sensor. Then, a gait
cycle was defined as the time interval between two consecutive
heel strikes of the same foot. The first and the last strides
were discarded from the successive analysis to guarantee the
stabilization of subject walking speed, avoiding effects due to
the acceleration and deceleration phase [56]. A total of 15 gait
cycles were analyzed for the walking activity and of 20 for the
running. Such values are in line with the findings proposed by
previous authors who assessed 15-20 strides as robust enough
to guarantee a reliable gait/running analysis [57], [58].

The kinematic accuracy of the system composed by OP, two
webcams and a linear triangulation algorithm was evaluated
considering the following gait parameters for each gait cycle:
(i) absolute maximum (MAX) of angles, as indicator of the
joint peak flexion; (ii) absolute minimum (MIN) of angles,
as indicator of the joint peak extension; (iii) range of motion
(ROM) of joint angles. The mentioned parameters were deter-
mined, using a custom Matlab script for OP and IMUs and
then compared. OP performance in kinematic evaluation was
quantified as the mean absolute error (ε), across the N strides,
of the differences between joint angle parameters, related to
each gait cycle as follows:

εM AX =
N∑

i=1

abs(M AX O P − M AX I MU )

N
(3)

εM I N =
N∑

i=1

abs(M I N O P − M I N I MU )

N
(4)

εRO M =
N∑

i=1

abs(M AX RO M − M AX RO M )

N
(5)

Furthermore, we calculated the signed error as the mean
over the gait cycles of the signed difference between the joint
angles parameters computed by the two systems. It indicated
the tendency of OP system to overestimate or underestimate
the gait parameters, and it was defined as follows:

εsigned_M AX =
N∑

i=1

M AX O P − M AX I MU )

N
(6)

εsigned_M I N =
N∑

i=1

M I N O P − M I N I MU

N
(7)

Fig. 6. Angular trajectories over time for the right and left ankle,
in the three camera configurations and for the walking activity, in a
single subject. OP displacements appear as solid blue lines and IMUs
displacements appear as dotted orange lines. Ankle joint coordinates
were lost in a wide number of frames.

εsigned_RO M =
N∑

i=1

M AX RO M − M AX RO M

N
(8)

Normality of the data was assessed using Shapiro-Wilk test,
and sphericity condition for repeated measures analyses of
variance (rANOVA) was assessed using the Mauchly test. The
two-way rANOVA test was used to examine the effects, on the
dependent variables (εM AX , εM I N , εRO M ), averaged across
the strides, of different webcam configurations and movement
speeds, using as within-subjects factors: (i) ‘camera position’
(3 levels: BB, BL, LL) and ‘activity’ (2 levels: walking
and running) and their interaction, independently for each
examined joint. A post-hoc analysis was performed using the
paired t-tests to evaluate the significant pairwise differences
between each webcam position and activity. For all tests,
the level of statistical significance was set at 0.05, except for
post-hoc analysis, where the significance level was reduced
at 0.008, for Bonferroni correction. Statistical analysis was
conducted by using IBM SPSS Statistics 23.

III. RESULTS
For all the camera configurations and for the two examined

activities, OP was not able to record reliable ankle trajecto-
ries. In particular, for the BB and BL camera configuration,
the system lost foot coordinates for most frames (Fig. 6 a–6c),
while for the LL configuration the high variability precluded
the detection of the flexo-extension peaks (Fig. 6b). A similar
result was obtained also for the running activity.

Our results are limited to the analysis of the hip and
knee joints, for which OP recorded angular displacement
representative of normal gait, similar to the one computed
by IMUs, but more variable than IMUs displacements. Fig. 7
shows, as example, the right hip and knee angles obtained in
the camera configuration BB, for a single subject.

A. Over-and Under-Estimation of the Gait Parameters
Table I reports the mean differences (εsigned_M AX ,

εsigned_M I N , εsigned_RO M ) between the computed gait
parameters, considering their sign, averaged among the
subjects and the related standard deviations.

For the right knee, in all camera configuration and locomo-
tion activities, we found the following outcomes: (i) the peak
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TABLE I
SIGNED ERRORS FOR THE PEAK FLEXO-EXTENSION AND ROM

Fig. 7. Example of sagittal angles for the right hip and knee, for the
BB camera configuration, during the walking activity, in a single subject.
OP angle trajectory appears as solid blue lines while IMU trajectory
appear as dotted orange lines. Small triangles highlight OP peak flexion
and extension data, while small circles highlight IMU peak flexion and
extension data. Vertical grey lines highlight gait cycles.

flexion values measured by OP resulted smaller than those
measured by IMUs; (ii) the peak extension values, instead,
measured by OP for the right knee, resulted larger than the
one obtained by IMUs; (iii) the right knee ROM computed by
OP resulted lower than the one evaluated by IMUs.

For the left knee, the peaks flexion and the ROM provided
by OP were lower than the ones computed by the Xsens sys-
tem, during the walking activity, while they were higher during
the running. On the contrary, the peak extension measured by
OP for the left knee, was lower than the one estimated by
IMUs during the running activity, while it was larger during
the walking.

A different result was found for the right and left hip: OP
overestimated the peak extension in all configurations with the
exception of LL in the running activity, for the right hip, and
BL and LL in the run activity, for the left hip. Furthermore,
the mean peak flexion and the ROM obtained for the right
hip was always lower than the one measured by IMUs with
the exception of the camera configuration LL and BL for the
walking activity. The maxima computed by OP for the left hip
were always smaller than the ones computed by IMUs with
the exception of the camera configuration BL in the walking
activity. Finally, OP underestimated the ROM, for the left hip,
in all camera configurations and speeds.

B. Kinematic Accuracy
In order to investigate the effects of camera configurations

and walking speeds on the kinematic accuracy (εM AX , εM I N ,
εRO M ) a statistical analysis was performed.

As regards the right knee peak flexion, rANOVA showed
a significant effect of the camera position (‘camera position’
effect: F = 20.683, p<0.001) and its interaction with the loco-
motion activity (‘camera position∗activity’ interaction effect:
F = 31.091, p<0.001). In the case of the right knee peak
extension, we found a significant effect of the camera position
(‘camera position’ effect: F = 43.323, p<0.001), the locomo-
tion activity (‘activity’ effect: F = 23.353, p = 0.005), and
their interaction (‘camera position∗activity’ interaction effect:
F = 8.068, p = 0.008). For the right knee ROM, rANOVA
showed a significant difference of the camera position (‘cam-
era position’ effect: F = 23.306, p<0.001), and its interaction
with the locomotion activity (‘camera position∗activity’ inter-
action effect: F = 37.660, p = 0.001). A similar result has
been found for the left knee, where rANOVA showed: (i) for
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the peak flexion, a significance difference of camera position
(‘camera position’ effect: F = 8.280, p = 0.008), and its inter-
action with the locomotion activity (‘camera position∗activity’
interaction effect: F = 94.720, p < 0.001); (ii) for the peak
extension, a significant effect of camera position (‘camera
position’ effect: F = 6.186, p = 0.018) and activity (‘activity’
effect: F = 34.695, p = 0.002). In the case of left knee ROM
we found an effect of the camera position (‘camera position’
effect: F = 32.936, p<0.001), and its interaction with the
walking speed (F = 17.253, p = 0.001).

In the case of the right hip peak flexion, we found a signi-
ficative effect of the camera position (‘camera position’ effect:
F = 17.611, p = 0.001), the locomotion activity (‘activity’
effect: F = 21.680, p = 0.006), and their interaction (‘camera
position∗activity’ interaction effect: F = 22.014, p < 0.001).
For the hip extension only the interaction between camera
position and activity showed a significant difference (‘camera
position∗activity’ interaction effect: F = 6.371, p = 0.016).
In the case of the right hip ROM we found a significant
effect of camera position (‘camera position’ effect: F =
6.120, p = 0.018), and its interaction with the locomotion
activity (‘camera position∗activity’ interaction effect: F =
5.281, p = 0.027). For the left hip peak flexion rANOVA
showed a significant difference between the camera config-
urations (‘camera position’ effect: F = 8.280, p = 0.008),
and the speed interaction with the camera position (‘camera
position∗activity’ interaction effect: F = 94.720, p < 0.001).
In addition, for the left hip extension peak we found signif-
icant differences between the camera configuration (‘camera
position’ effect: F = 6.186, p = 0.018), and the movement
speed (‘activity’ effect: F = 34.695, p = 0.002). Finally,
for the left hip ROM rANOVA showed a significant differ-
ence between the camera configurations (‘camera position’
effect: F = 13.329, p = 0.002), the movement speeds
(‘activity’ effect: F = 44.686, p = 0.001), and a significant
effect of the interaction between camera and activity (‘camera
position∗activity’ interaction effect: F = 32.747, p < 0.001).

Figures 8, 9 and 10 show the kinematic accuracy obtained
for the peak flexion, peak extension and ROM, respectively,
and the statistical differences obtained from the post-hoc
analysis among the different camera configurations and loco-
motion activities, for each examined joint.

The paired t-tests results showed that the camera config-
urations influenced the kinematic accuracy in the measure-
ment of flexion/extension peak and ROM of the right knee.
In particular, the mean absolute error resulted lower in the
LL configuration during the walking activity (εM AX = 3.1 ±
0.4◦, εM I N = 2.5 ± 0.5◦, εRO M = 4.5 ± 0.33◦), while it was
larger in the BL configuration during the run activity (εM AX =
6.1 ± 0.7◦, εM I N = 5.5 ± 0.2◦, εRO M = 10.3 ± 1.7◦).

A similar result has been found for the left knee peak
flexion, where the mean absolute error decreased in the LL
configuration (εM AX = 3.3±1.0◦) during the walking activity,
while it increased in the BL configuration during the run
activity (εM AX = 5.6 ± 0.7◦). Furthermore, in the BL and
LL positions we found a significant difference between the
two movement activities, with a larger error in the case of the
run, for the BL camera configuration (p = 0.005), and during

Fig. 8. Mean absolute error for the peak flexion values of the knee and
hip, for both left and right side, obtained by OP system in the different
camera configurations and movement speeds. Statistical differences
between OP and IMUs pairs are starred.

Fig. 9. Mean absolute error for the peak extension values of the knee
and hip, for both left and right side, obtained by OP system in the different
camera configurations and movement speeds. Statistical differences
between OP and IMUs pairs are starred.

Fig. 10. Mean absolute error for the ROM values of the knee and hip, for
both left and right side, obtained by OP system in the different camera
configurations and movement speeds. Statistical differences between
OP and IMUs pairs are starred.

the walking for the BB camera configuration (p<0.001). The
left knee εRO M also increased in the BL configuration, during
the running activity up to 10.1 ± 1.3 ◦.

A different result has been found for the right hip peak
flexion, where the largest error has been found for the camera
configuration BB, during the running activity (εM AX = 7.04 ±
0.76◦). The kinematic accuracy significantly improved respect
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TABLE II
LOWER AND HIGHER ACCURACY VALUES FOR EACH GAIT PARAMETER

to the BB camera position, up to 2.9 ± 0.6◦ in the BL config-
uration (p <0.001) and 2.3 ± 0.5◦ in the LL one (p<0.001).
On the contrary, during the walking activity, the right hip peak
flexion error in the BB configuration decreased in respect to
the running activity up to 2.2 ± 1.2◦ (p<0.001). For the right
hip peak extension in the LL configuration, the kinematic
accuracy was found to increase than the BB configuration
(p = 0.003), during the low-speed movement up to 3.1 ±
0.7◦. Instead in the case of the right hip ROM measurement,
no statistical differences were found.

The largest error has been found for the BB configuration,
in the measurement of the left hip ROM, during the running.
In this case, the kinematic accuracy significantly decreased
up to 14.1 ± 1.8◦. A similar trend has been found for
the left hip peak extension and flexion, with an absolute
mean error larger in the BB configuration, during the running
activity.

Considering all camera configuration and locomotion activ-
ities the markerless system we developed showed an absolute
error ranging from 1.6 ± 0.3◦ to 14 ± 1.8◦. The lower and
higher accuracy values for each gait parameter are shown in
the Table II.

C. Accuracy in Body Joints Detection
The results related to OP accuracy in detecting body joints

position on the two image planes and on the errors in the
camera model showed that the RMSE for the top left vertex
of the IMU on the mid pelvis, in the BB configuration was
equal to 1.28 pixel, which are equivalent to 0.19 cm. The
RMSE error for the top left vertex of the IMU placed on the
right shank was equal to 11.0 pixels, which are equivalent
to 1.65 cm. The RMSE error for the points provided by OP
was equal to 21.7, 9.9, 15.9, 10.6 pixel, which are equivalent
to 3.26, 1.49, 2.39, 1.59 cm, for right knee, right hip, left
knee and left hip respectively. Fig. 11 shows the distances
between the epipolar lines and the detected points of the
IMUs on the pelvis and on the right shank, for a specific
frame.

Fig. 11. Epipolar lines related to the pixel coordinates of the top left
vertex of the IMU placed on the mid pelvis and on the right shank.

IV. DISCUSSION

In this study, a low-cost markerless system, consisting in
two RGB cameras and a linear triangulation algorithm, has
been developed and validated in terms of lower limb gait
analysis by means of an IMU system, used as reference.
In general, the angular traces provided by OP were similar
to the ones computed by IMUs, in terms of waveform, but
system inaccuracy affected mostly the computation of the gait
parameters producing error up to 14 ± 1.8◦. In addition,
the system was not able to track foot coordinates for the most
of frames and for all the camera positions.

Previous studies on markerless gait analysis resulted in
errors generally larger in the ankle than the other joints [24],
[59]. Since the ankle angular displacement resulted from the
relative rotation between the foot and the shank, the inability
to track this joint depended on the following factors: (i) the
foot segment was hardly visible by the cameras, being smaller
than the pelvis, thigh and tibia segments, used for the com-
putation of the knee and hip angles; (ii) the angle between
feet and camera direction did not allow a good triangulation.
This problems could be solved by using additional cameras
focusing exclusively on the subject’s feet, as it was shown
by Surer et al. [60], who highlighted that a single camera
is sufficient to estimate the sagittal ankle angle of one leg,
if the camera frames the sagittal view of the shank and the
foot.

Our findings confirm the one reported by Zago et al. [33]
who evidenced the limitations of OP when used to compute
spatiotemporal gait parameters, using two RGB-cameras. They
highlighted how the occlusion of body joints can lead to
an erroneous reconstruction of 3D body joints, since the
estimation of the hidden landmarks, provided by OP produce
large errors in the 3D pose reconstruction. In our work we
demonstrated that OP computed mismatched points on the
two image planes, by means of a manual camera calibration.
In the BB configuration, we found that the RMSE related to
the known point on the pelvis was equal to 0.19 cm, since this
point was properly framed by the cameras during the whole
task execution. Considering also that all the paired pictures for
which the reprojection error was greater than 0.23 cm were
removed from the stereo camera calibration inputs, the RMSE
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error obtained for the right and left hip joints, depended
mainly on the mismatch between the points provided by OP
on the two image planes. The point on the right shank led
to a lower triangulation accuracy since it was hidden to the
cameras during several gait phases. In this case, the amount
of error due to the stereoscopic reconstruction added to the
one due to OP mismatching, led to a decrease of the accuracy
in body joints detection up to 3.26 cm. Hence, the decrease
of kinematic accuracy was primarily due the lack of a robust
correspondence between points on two perspective images that
caused the wrong reconstruction of 3D coordinates [61]. The
error in the estimation of the body landmarks could be also
related to the use of CNN for the classification of the joint
center positions, which implies the absence of a model for
the definition of anatomical points. In fact, OP detects the
anatomical landmarks by predicting a set of 2D confidence
maps of body part locations and a set of 2D vector fields
that encode the location and orientation of limbs over the
image domain [28]. The joint computation is based on the
probability that a particular body part occurs at each pixel’s
location. The limitation due to the lack of the body modelling
was highlighted in previous studies which showed how the
wrong localization of body landmarks could lead to an error
up to 13◦ in the orientation of the anatomical axes with an
overestimation of joint angles [62]–[64].

The kinematic accuracy of our system depended on the
camera configuration, which influenced the visibility of body
joints during the task, and on the locomotion activity. The
lower error with respect to the reference value has been
found for the BL webcam position and the walking activity,
in the measurement of the minimum amplitude of the right
hip angle. Although the BL was the optimal arrangement
for the right hip joint, it resulted in the worst configuration
for several conditions, such as the right knee flexion peak.
Overall, the LL configuration led to the highest performance
for several conditions with an absolute mean error ranging
from 2.0 ± 0.4◦ to 7.1 ± 1.3◦. In this configuration cameras
pointed to the left side of the subject and consequently
his right joints were not always visible to the cameras. It
is clear that different camera positions cannot improve the
overall kinematic accuracy of the system but act according
to the individual considered joint. Considering that most of
the markerless systems use more than 7 cameras [14], [24],
increasing the number of cameras used simultaneously could
improve the overall accuracy. To overcome the limits related
to the occlusion of body joints, the use of 4 cameras (two
pointing to the right side of the subject and two pointing to
the left side of the subject) could allow a complete kinematic
gait analysis. The system here tested is unsuitable for the
overall measurement of joints flexion or extension, since for
gait analysis, error values greater than 5◦ mean a signifi-
cant alteration of kinematic information [65]. However, our
results showed that the OP-based system is suitable for all
those applications where the assessment of a specific lower
limb joint angle is needed, such as knee rehabilitation after
stroke or trauma injuries [66], [67]. To address this issue,
further studies integrating triangulation matching algorithms
and a larger number of cameras are needed to improve the

overall accuracy, in a way that opens up the possibility to
perform a complete quantitative gait/running analysis. The
angular error obtained in our study is generally lower to
the one obtained by Pfister et al. [18], who investigated the
accuracy and repeatability of Microsoft Kinect in performing a
body tracking, by a comparison with an optoelectronic system.
They showed that Kinect performance decreased when the
walking speed increased. In our study, the locomotion activity
influenced the performance of the OP-based system. In the
BB webcam positions the run activity led to a lower accuracy
in the peak extension, flexion and ROM estimation of the left
hip, and the peak flexion of the right hip, in particularly under-
estimating the full range of motion. This result, which could
be related to the decrease of the number of frames recorded
for each gait cycle (≈ 80 frames, for the walking; ≈ 40 for
the running), has been found also by Castelli et al. [42] who
highlighted the importance of a sufficiently high frame rate
in order to obtain reliable data in a bidimensional markerless
gait analysis.

The simplicity of the setup presented here, which is mainly
based on commercial webcams, offers the opportunity to use
the system also outside a gait laboratory in free walking,
running or exercise activities without the need of a treadmill.
Since kinematic patterns during overground gait have been
showed to be similar to the ones obtained on a treadmill,
in both walking [68] and running [69] activities, we can
assume that our results would not change during experimental
sessions performed in free walking, within the field of view
of the cameras.

V. CONCLUSION

This study aimed to perform a metrological characterization
of a novel low-cost markerless system composed by OpenPose,
two webcams and a linear triangulation algorithm, in the
context of quantitative gait analysis.

Our outcomes showed that the observed differences between
the OP-based system and IMUs depended on the ability of
OP in measuring the joint center coordinates, the locomotion
activity and the camera position that can lead to the occlusion
of the body joints during the gait cycle. Two cameras in the
BL or LL configuration can provide a sufficient accuracy for
those applications, like videogames or virtual reality rehabil-
itative trials, in which visual information should change in
real time according to the movements of user’s body. The
BB position, on the contrary, resulted the worst condition,
with the highest underestimation of left range of motion, and
it cannot be used for a complete real time pose estimation
of all the lower limbs joints. Although the BB configuration
complied with the convergence angle condition, so that the
camera rays could properly intersect, the camera view point
led to the occlusion of body joints in multiple stages of the
gait cycles, resulting in a higher inaccuracy in the stereoscopic
reconstruction.

The system here presented could be useful for assessing a
specific lower limb joint angle or for human-body tracking
in those applications where a real-time body tracking is
required, i.e. video games, entertainment setups or virtual
reality rehabilitative trials. Nevertheless, the current system
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accuracy is not adequate for a complete human body kinematic
analysis.

Further studies with the integration of matching algorithms
and a higher number of cameras are necessary to improve
accuracy, which is intrinsically poor in markerless systems.
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