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Abstract—To date, there are several measurement meth-

ods for evaluating human kinematics based on inertial DNN vs non DNN methods RGB MoCAP
sensors or vision systems. However, a comprehensive com-
parison has not been undertaken to determine which of these
systems offers the most appropriate accuracy for clinical
or sports evaluations. This study conducted a comparative
analysis of different motion measurement systems: opto-
electronic system (OS), inertial measurement units (IMUs),
and vision-based methods, including deep neural network
(DNN) and non-DNN approaches. Ten healthy subjects were
involved, performing walking (W.) and running (R.) tests at
various speeds (3.5, 5.0, and 7.0 km/h). The measurement of
human kinematics was conducted by taking video images
via two RGB cameras, together with an IMU-based system
and an OS as the gold standard. Comparative analysis was
conducted on a set of measurement methods, including
IMU, a method based on blob analysis (BA), and DNN algo-
rithms: Alphapose (AP), TC former (TC), RTMPose (RTM),
and MediaPipe (MP). Data analysis involved triangulation and
measurement of lower limb joint angles. Results showed that vision systems do not allow ankle joint measurement, and
IMUs outperformed other methods in terms of RMSE and absolute error of range of motion (¢goym)- RTM and MP exhibited
results similar to IMUs, especially for the hip and knee joints, with the minimum absolute error reporting values of
(3.1° £ 1.8°) and (3.5° £ 1.9°) for the hip joint and (4.0° £ 3.7°) and (4.8° + 4.3°) for the knee joint, respectively.

Index Terms— Comparative analysis, inertial measurement unit (IMU), kinematics measurements, markerless system,
sensors.
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clinical evaluation [1]. Identifying movement abnormalities
and measuring their severity aid in the early detection of
neuromuscular diseases, such as Parkinson’s [2] and systemic
sclerosis [3] or in the rehabilitation process of individuals
with cerebral palsy [4]. The gold standard for the evaluation
of human kinematics is the OS. It consists of a set of
infrared cameras that track reflective markers attached to the
subject’s body segments according to specific biomechanical
models, such as the plug-in gait [5]. Despite its high accuracy,
this system has several drawbacks. It is costly, confines the
assessments to indoor environments, and demands expertise
for precise marker placement and postprocessing to assure the
repeatability and reproducibility, and it is susceptible to soft
tissue artifacts [6]. Currently, IMUs are validated tools [7]
for estimating human kinematic parameters and can be a
cost-effective alternative to OS. Following a specific setup
and calibration, IMUs can compute 3-D joint angles of lower
limbs [7], full-body kinematics [8], and perform human gait
recognition [9]. Due to their wearability, they can be used for
indoor or outdoor environments; however, the setup may be
compromised in several ways. IMUs could suffer from drift,
their orientation could be influenced by ferromagnetic distur-
bances when equipped with a magnetometer, and their use
with noncooperative subjects is challenging. Other validated
wearable systems that do not suffer from ferromagnetic distur-
bances, using FBG sensor [10] or piezoresistive sensors [11],
[12], have been developed for joint angle estimation. A non-
invasive alternative approach to estimate human kinematic
parameters relies on feature detection and extraction using the
image processing techniques. Among them, several research
efforts have been devoted to the development and validation
of marker-based tracking algorithms [13]. A thresholding
technique, known as BA, discerns the 2-D coordinates of
human joints by employing a color filtering approach, utilizing
color markers with an RGB camera positioned in the subject’s
sagittal plane [14]. However, this classical processing tech-
nique was overtaken by the advent of DNN [15]. The potential
of these markerless video-based systems is promising [16],
as they are inexpensive, noninvasive, are not influenced by soft
tissue artifacts, and require simple setups. However, they rely
on two crucial aspects: training datasets and pose estimators.
Training datasets consist of a series of images/videos labeled
according to a certain topology of human annotation. To date,
several databases exist in the literature. Some of them present
a limited number of annotations, whereas others report a
complete skeleton labeled with foot annotations necessary for
a quantitative assessment of human kinematics [17], [18], [19].
It has to be noted that these datasets have some inherent
pitfalls [20], such as 1) misalignments and offsets during
the labeling process, which includes manual and semi-manual
annotations [21]; 2) they are often task-specific and provide
poor pose prediction when applied to other tasks [22]; and
3) many of them are not open source, including datasets
focused on indoor gait [23]. The pose estimators are DNNs
trained on the previously mentioned datasets, and the estimated
pose depends on the labeled skeleton model. Openpose [24] is
one of the most widely whole body pose estimators used in the
literature for indoor gait analysis [25]. Other pose estimators

have recently been gaining popularity, such as Alphapose
(AP) [18], Blazepose (BZ) [17], TC [26], and RTMPose
(RTM) [27], as they were often trained on newer and larger
datasets [17], [19]. Open-source initiatives, such as OpenMM-
lab [28] and AP [18], help to use and test these pose estimators
in a real-world scenario by providing user-friendly toolboxes
and pretrained pose estimators. To date, several studies have
compared some of these pose estimators, both for the assess-
ment of 2-D and 3-D kinematics. Regarding the 2-D kinematic
estimation, Menychtas et al. [29] performed a comparative
analysis of three methods, two DNN methods (MP, OpenPose),
and a non-DNN manual annotation tool (Kinovea) with respect
to an OS system. The DNN methods did not show consistent
trajectories for the ankle dorsiflexion angle. Moreover, hip
and knee sagittal joint angles exhibited for both DNN and
non-DNN methods a notable offset in comparison to the output
angles from the OS. Furthermore, Van Hooren et al. [30]
compared a custom-trained DNN method (DeepLabCut) and
Openpose, with respect to an OS. They focused on lower limb
joints in treadmill R. tests, particularly on the sagittal plane.
After removing the offset between DNN and OS, the results of
DeepLaabCut showed RMSEs for hip and knee joint angles
of (5.1° £ 2.5°) and (7.9° + 3.4°), while for Openpose of
(4.9° 4+ 2.2°) and (6.5° £ 2.4°), respectively. Using Openpose,
Wade et al. [31] evaluated the joint kinematics of the lower
limbs of the visible and occluded lower joints in the sagittal
plane, reporting the errors of the range of motion (ROM) of
(—3.6° £ 4.6°) for the hip and (1.5° £ 4.1°) for the knee for
the visible side. For the 3-D kinematic evaluation, after obtain-
ing 2-D poses from one or more views, a 3-D gait analysis can
be performed using various methods [32]. Among them, direct
linear triangulation (DLT) is one of the most commonly used
in the literature. Following this approach, D’ Antonio et al. [33]
calculated 3-D joint coordinates in three different stereo cam-
era configurations using Openpose as a backbone, and 3-D
sagittal angles extracted were compared with those of the
inertial sensors, showing absolute errors of (1.6° £ 0.3°)
in an optimal setup condition. Instead, Vafadar et al. [34]
trained and evaluated a DNN method [32] on a private custom
gait dataset (ENSAM [23]). Their results showed a relative
error in the ROM of hip, knee flexo-extension, and ankle
dorsiflexion angles of (4.5° £ 8.2°), (—3.0° £ 2.7°), and
(1.1° £ 4.7°), respectively. Despite the considerable interest in
the development of such measurement methods, the limitations
of vision-based methods remain unclear. It is unclear whether
such measurement systems can be used for clinical evaluation
where methods with high accuracies and errors less than 5°
are required, as in the case of inertial systems [7]. In addition,
understanding whether better accuracies are achieved with
the use of DNN-based methods for 3-D kinematic evaluation
than with non-DNN-based methods, such as BA, is still an
open question, never explored in literature. The objective of
this study is to compare vision-based methods using different
DNN-based algorithms and non-DNN, along with a wearable
system based on inertial sensors already validated for clinical
use. Our purpose was to investigate the accuracy of such
methodologies for the evaluation of human kinematics in
comparison with an OS, used as the gold standard.
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Fig. 1. Experimental setup with six infrared cameras (IRcam), two RGB
cameras (cam), and the treadmill.

Il. MATERIALS AND METHODS

A. Participants

Ten young and healthy male subjects (mean age + standard
deviation: 25 & 4 years old and mean height £ standard
deviation: 175 £+ 7 cm) were involved in this study. None
of the subjects wore orthopedic insoles, had any pre-existing
neuromuscular or musculoskeletal conditions, or presented any
intellectual, motor, or inner ear deficit. Subjects with joint
pathologies, bones lesion, and orthopedic and/or neurological
surgery history in the last three years were excluded. All
participants presented normal vision with or without glasses
and were able to walk and run independently. All participants
provided their written consent to take part in the study and
the protocol was in line with the guidelines outlined in the
Declaration of Helsinki.

B. Experimental Design and Equipment

The experiments took place in the Laboratory of Mechanical
Measurements and Experimental Biomechanics at the Uni-
versity of Tuscia, Viterbo, Italy. For the comparison of the
measurement systems, a treadmill placed at the center of the
laboratory was used, as shown in Fig. 1.

The gold standard was the OS Vicon Vero2.2, GPEM, Italy,
equipped with six infrared cameras. As shown in Fig. 2(a),
39 reflective markers were attached to subjects according to
the plug-in gait full-body model [5]. The 3-D trajectories
of the reflective markers were recorded at 120 Hz. Video
acquisition was carried out with two Logitech BRIO 4k Stream
Edition webcams, positioned as shown in Fig. 1. Each camera
was set with a resolution of 1920 x 1080 px and a frame
rate of 60 Hz. All cameras pointed toward the origin of
the laboratory reference frame CSg. CSp was oriented as
the reference frame CS, of the OS, as depicted in Fig. 1.
Synchronization between camera recordings was managed via
OBS studio software. Six passive green markers were placed
on the subject at the joint centers of the left limb according
to [13], [14], and [35] and Table I and Fig. 2(b).

In addition, eight IMUs (MTws Xsens Technologies,
Enschede, The Netherlands) were attached 1) to the sternum,
between the two posterior iliac spines; 2) in midway between
the pelvis and the center of the knee joint on the lateral side
of the thighs; 3) to the lateral side of the lower legs aligned

TABLE |
BA MARKERS PLACEMENT

Joint Centers BA marker placement

Hip Great Trochanter

Knee Lateral epicondyle of the left knee
Ankle Distal end of the left fibula

Heel Left Calcaneus
1° met. Over the first metatarsal head
5° met. Left side of 5° metatarsal
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Fig. 2. (a) Complete sensors setup on the subject: 39 reflective
markers, six passive green markers, and eight IMUs, including one
on the chest. (b) Sagittal view of lower limb sensors setup: green
squares represent the passive markers setup, instead orange rectangles
represent the IMUs.

Fig. 3. Camera views during the calibration process of (a) OS origin
and (b) RGB cameras.

with the fibula above the lateral malleolus; and 4) above the
midfoot with appropriate elastic bands, as shown in Fig. 2(a).
The sampling rate of the IMUs was set to 60 Hz.

C. Camera Calibration

For the origin calibration of the OS, the active wand was
placed, as reported in Fig. 3(a). The same active wand place-
ment was used to estimate CS¢ from each RGB camera. One
stereo calibration was performed between the two cameras
using the camera calibration tool of MATLAB (v.2022b, The
Mathworks Inc., Natwick, USA): the Stereo Calibrator app
(Computer Vision Toolbox 10.3) based on Zhang’s [36] cal-
ibration algorithm. For the stereo calibration, a checkerboard
(8 x 10) with squares 20 mm long [see Fig. 3(b)] was moved
on the calibration volume. A total of 100 paired checkerboard
images were captured and fed into the Stereo Calibrator
app. Throughout the calibration process, stereo pairs with a
reprojection error greater than 0.4 pixels (0.39 mm) were
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Fig. 4. (a) Input image, (b) green HSV color filter applied to the input
frame, and (c) stick diagram based on blob detection.

discarded. For the stereo calibration, the resulting average
reprojection error was lower than 0.15 pixels (0.15 mm).

D. Experimental Protocol

Before the experimental session, each participant was asked
to perform a static calibration and a functional calibration
(FC) procedure for the body-to-IMUs alignment. The static
calibration consisted in standing for 5 s at the center of
the OS calibration volume, while maintaining a T pose. The
FC consisted of a standing and sitting task, as reported
in [7]. Participants were then asked to perform three different
motor tasks for two minutes: 1) W. at 3.5 km/h (W3.5);
2) W. at 5.0 km/h (W5.0); and 3) R. at 7.0 km/h (R7.0). Two
trials were performed for each motor condition. The order of
tasks was randomized across subjects to prevent bias in results
due to similar task sequences.

E. IMU-Based Method

For the analysis of the human joint angles, we used the
biomechanical model described in [7]. The body-segment ref-
erence frames are defined as follows: the y-axis directed along
the direction of progression, the z-axis vertically directed and
pointing upward, and the yz-plane parallel to the sagittal plane.
Joint angles were obtained by considering a Cardan-angle
notation between consecutive body segments. Further details
on the definition of joint axes and angles can be found in [7].

F. Video-Based Methods

Five approaches based on RGB cameras were used in
this study. The first approach was marker-based and relied
on a color threshold filter; along with BA, the other four
were markerless and relied on DNN-based pose estimators.
In particular, were tested: AP, TC, RTM, and MP. These
pose estimators are based on a method called the “top—down”
algorithm that uses a detector to locate the subject on a
bounding box from which a pose estimator identifies the 2-D
keypoints. As the choice of different detectors can affect the
accuracy of pose estimation [19], a state-of-the-art pretrained
detector YOLOX-X was used [37] for AP, TC, and RTM.
In order to work properly, MPmethod needs, instead, to use
its own detector.

1) Marker-Based Method: BA Method: A simple color
threshold technique in the HSV color space was used to
identify the six-green passive markers [see Fig. 4(a)]. All

(a) (b) (©

Fig. 5. Skeleton model composed by the 2-D keypoints for the
video-based method DNN (a) Halpe full body, (b) COCO-whole body
model, and (c) BZ model.

thresholds were set considering the room lighting and the
scene background. After the HSV filter, the result was a
monochrome image, with six different areas to be individ-
uated on a black background [see Fig. 4(b)]. Then, the BA
technique, validated in [14], was used to identify marker areas
and determine their respective centers [see Fig. 4(c)]. For this
method, the MATLAB app Color Threshold (Image Processing
Toolbox 11.6) was used to create a mask color filter. BA has
been carried out only for knee and ankle joints.

2) Markerless Method: AP Method: AP [18] offered many
pretrained models and in this study, FastPose-DCN was used.
ResNet-152 [38] is used as the “backbone,” which acts as an
encoder and feature extractor, and three dense upscaling con-
volution layers [39] are used to provide enhanced upscaling.
The model was trained on the Halpe whole body dataset [18],
which is composed of 50000 images derived from the
HICO-DET [40] dataset. The AP skeleton model is composed
of 136 2-D keypoints: 20 were associated with the body, six
with the feet, 42 with the hands, and 68 with the face. The
HALPE 26 model annotation used in this study includes both
body and foot annotations, as shown in Fig. 5(a).

3) Markerless Method: TC Method: TC [26] stands out as a
token clustering transformer that employs a unique approach
after the pose decoder. It divides the compressed image into a
grid of tokens and sets the 2-D keypoints accordingly. Instead
of utilizing deconvolution layers for upsampling, TC employs
an attention transformer capable of combining tokens that
are not pertinent to the task, such as the background, while
preserving high resolution for tokens that contain high-level
information. A pretrained TC model on the COCO-whole body
dataset was used due to the OpenMMLab project that offers an
open-source tool for pose estimation, MMPose. COCO-whole
body dataset [26] is composed of 250k images that are labeled
for each person with 133 2-D keypoints (17 for body, 6 for
feet, 68 for face, and 42 for hands). Body and feet annotations
were represented in Fig. 5(b).

4) Markerless Method: RTM Method: OpenMMLab also
provides RTM [27]. With its open-source toolbox, such
as MMpose and MMdeploy, RTM was deployed in the
TensorRT framework to increase inference speed without
losing accuracy. RTM predicted the 2-D keypoints using a
SimCC [41]-based algorithm that treats keypoint localiza-
tion as a dual classification task. This setup allows separate
predictions for the x-axis and y-axis coordinates, effectively
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determining the horizontal and vertical positions of the 2-D
keypoints [47]. In this study, RTMPoseL, a pretrained model
on both Halpe (RTMH) and COCO-Wholebody (RTMC) was
selected.

5) Markerless Method: MP Method: Google offers MP as an
open-source machine learning toolbox, and for pose estimation
tasks, BZ is considered [17]. BZ follows a top—down approach
(detector/tracker) for the first frame, while it switches to a
bottom—up approach for subsequent frames, where only the
tracker predicts the 2-D keypoints. BZ inference pipeline has
also proposed a new person detector. Starting from a face
detector, it encloses a person on a circular bounding box,
like the Vitruvian man. BZ offers three pretrained models:
lite, full, and heavy. The latter was chosen for its accuracy,
although it requires more resource requirements. BZ is trained
on a private Google dataset and consists of 85k images, 25k of
which show fitness activity. The BZ skeleton model consists of
33 annotations [see Fig. 5(c)], with only four points dedicated
to the feet (heels and first metatarsals). The training process
is not public.

6) Data Analysis for Video-Based Methods: As the BA
method did not estimate the centroids of the joint centers, but
only the position of the markers on the skin, no triangulation
was performed to compute the 3-D joint trajectories. The
angles calculated by the BA method were therefore estimated
using only 2-D images taken by the camera parallel to the
sagittal plane. As regard the markerless methods, instead,
they provide an estimation of the joint trajectories in two
dimensions. The estimation of the 3-D coordinates was then
carried out by means of stereo triangulation. MATLAB Cam-
era Calibration Toolbox was used to evaluate the intrinsic and
extrinsic parameters and to estimate the radial and tangential
distortion parameters that minimized the reprojection errors.
The accuracy of DLT can be affected by lens distortion [42].
All video footage was corrected by removing the lens distor-
tion in postprocessing as reported in [43], in order to improve
the accuracy of DLT [42]. Then, 2-D keypoints in pixels
were extracted and triangulated using DLT. The resulting
3-D trajectories were finally and processed and expressed in
terms of the global reference system. To extract lower limb
joint angles from the skeleton models, thigh, shank, and foot
coordinate systems were modeled. Their origins were set up
on the pelvis, left knee, and left foot, respectively. Considering
the global coordinate system CSg, thigh, shank, and foot
coordinate systems (CSw, CSgh, and CSg) were defined with
the z-axis, as the line connecting the two joints of each
body segment pointing upward. The x-axis was defined as
the line parallel to x# of the global reference system CSg
starting from their origins, whereas the y-axis has been defined
as orthogonal to the third dimension, along the direction of
progression [33]. Once computed CSy,, CSqn, and CSy, the
rotation matrices P! Ry, M Ry, and Y Ry, relative to the adjacent
body segments were expressed as follows:

PRy = (SRp)" &Ry (1)
®Rgy = (SRi)" ¢ Ryn )
MRy = (SRan)" 4Ry 3)

The 3-D joint angles were computed from the previous
matrices, considering the xyz Cardan sequence. A second-
order Butterworth filter with a cutoff frequency of 10 Hz
was used in the postprocessing for all methods [44]. All
data were synchronized with the OS by means of an initial
squat movement and through a cross correlation algorithm that
used the sagittal knee angle as a reference. Using the 3-D
trajectories of reflective heel markers from the OS, the heel
strike events were identified by determining all minimum heel
marker height values. All data were divided into gait cycles
by considering two successive heel strike events. Then, joint
angles related to each cycle were normalized at 100 samples.

G. Evaluation Parameters

In this study, the transversal and frontal planes were not
investigated, because the analyzed video-based methods do
not allow 3-D tracking of body segments, but only of joint
centers. The joint angles of the lower limbs for all gait cycles
were calculated discarding the first three and the last three
gait cycles to avoid the acceleration and deceleration phases.
Using the results of the OS as the ground truth, data from all
other methods were compared. ROM, defined as the absolute
difference between the maximum and the minimum of the
joint angle, was calculated for each gait cycle. The RMSE
was computed between the normalized joint angles for each
n gait cycle, considering the OS as the reference system, along
with erom. For the analysis of the RMSE, offset among tested
methods and reference system was removed for both hip and
knee joint angles. Offset was computed considering the mean
value across each gait cycle

~ 2
RMSE = \/ > @ )

eroM = [ROMgs — ROM,|. )

All data were tested for normality with the Shapiro—Wilk
test. Mean values across the gait cycle of RMSE and
erom Vvalues were analyzed using two-way repeated mea-
sures ANOVA tests, with methods (seven levels) and tasks
(three levels) as within-subject factors. When significant dif-
ferences were found, a Bonferroni test was performed. The
Greenhouse—Geisser correction was adopted when Mauchly’s
test was significant, and the assumption of sphericity was
violated. Otherwise, the p-value of sphericity was considered.
If the interaction effect methods x tasks was significant, the
interactions were broken down, comparing methods and tasks
separately. More specifically, the main effect methods was
tested considering three one-way repeated measures ANOVA
for each task, while the main effect task was tested considering
seven one-way repeated measures ANOVA for each method.
The significance level was set at 0.05 for all the tests.

[1l. RESULTS
The analysis carried out on angles in the sagittal plane
showed that algorithms based on vision techniques were not
able to measure the ankle angle consistently. As illustrated in
Fig. 6, the angles derived from video-based systems may not
accurately represent the actual joint angles.
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TABLE II
MEAN AND STANDARD DEVIATION OF THE ABSOLUTE RANGE-OF-MOTION ERROR (°) OF THE SAGITTAL PLANE ANGLE OF THE HIP JOINT AND
KNEE JOINT FOR ALL METHODS AND ALL MOTOR TASKS. *** INDICATES p < 0.01 BETWEEN THE IMU METHOD AND THE VISION METHOD

IMU BA AP TC RTMC RTMH MP
a W3.5 28+1.1 / 6.0+2.9 52+32 6.8+3.5 38+2.1 35+1.9
= W5.0 38+1.3 / 6.0+3.4 6.0+t4.1 74+34 4.1+3.7 51+34
R7.0 33+1.3 / 5.9+3.0 3.6+2.5 6.3+2.8 3.1+1.8 3.8+2.8
° W3.5 3.7+35 10.2 £ 4.4%** 14.5 + 6.7%** 9.2 4+ 3.5%%* 24.3 £ 8.9%** 4.0+3.7 5.6 £ 3.1%%*
= W5.0 33+£25 11.2 £4.3%** 14.0 £4.4*%** 137+ 10.5%*¥*% 257 +£9.,0%** 43+£35 5.1 £ 2.7%%*
M R7.0 34+2.1 14.4 £ 6.8%** 12.3 £4.2%** 10.6 + 4.5%** 15.6 & 7.1%%* 43+£2.6 4.8 + 4 3%**
40 08 RTMIT The lowest error value was observed for the IMU method
30| —— MU MP for both the hip and knee joints. The highest error values were
5 I observed for the knee joint for the AP and RTMC methods,
E 20 with errors of up to (14.5° & 6.7°) for AP in the W3.5 task and
:::‘0 10 /{ (25.7° £ 9.0°) for RTMC in the W5.0 task. Although the BA
= 41 ~ \ vision method was not the one with the greatest inaccuracy,
‘E 0 RN / s it reported considerable errors (14.4° £ 6.8°) for the knee joint
5 Ne? / during task R7.0. Video-based methods that exhibited lower
é -10 / absolute errors were the RTMH and the MP methods, with
20l error values reaching (3.1° £ 1.8°) and (3.8° &£ 2.8°) for the
hip joint and and (4.0° & 3.7°) and (4.8° £ 4.3°) for the knee
-30 joint, respectively.
0 20 40 60 80 100

Gait Cycle (%)

Fig. 6. Ankle joint angles measured by OS, IMU, MP, TC, and RTMH
methods over a gait cycle in a W5.0 trial.

While it can be observed in the figure that the articular
ranges for RTMH and MP are consistent with those of the
reference system, their waveforms exhibit different trends.
Therefore, it is inadvisable to employ these methodologies for
the assessment of the kinematics of the ankle joint. Ankle joint
kinematics could only be measured correctly by the IMU-
based system, which reported the RMSE values of (2.1° &
0.7°), (2.7° £ 2.0°), and (2.8° £ 1.3°) for W3.5, W5.0., and
R7.0 tasks, respectively.

Fig. 7(a) and (b) illustrates the angles without offset
removal in the sagittal plane of the hip and knee joint for the
left limb, averaged over all subjects and trials for all methods
employed in the execution of W5.0 task. Fig. 7(c) and (d)
depicts the hip and knee angles in the sagittal plane, averaged
over the subjects, without offset removal of the methods
with less RMSE, i.e., IMU, MP, and RTMH methods, for
W5.0 task. In these figures, a notable offset between the DNN
methods and OS was observed, especially for the hip joint
angle [see Fig. 7(a)]. A qualitative analysis revealed that the
IMU-based method yielded better results in terms of waveform
quality for both the hip and knee joints. Regarding vision
systems, it has been observed that the BA method generated
a flatter waveform than the reference method. Among other
methods based on vision systems, the MP method and the
RTMH method showed waveforms more similar to those of
the OS reference system, as shown by the RMSE values in
Fig. 7(e) and (f). It can also be observed that the RMSE
values on the hip were lower than those on the knee for almost
all methods and tasks. Table II presents the mean values and
standard deviation of erom of the joint angles for all methods.

A. Results of the Statistical Analysis

For the RMSE of the hip joint, the two-way repeated
measures ANOVA reported a statistical difference for the main
effect method (p < 0.01). No statistical differences were found
for the task effect and the interaction effect. Considering the
Bonferroni tests among different methods, the following pairs
of methods resulted statistically different: IMU in comparison
with AP (p < 0.01) and RTMC (p < 0.01) methods; AP in
comparison with TC (p < 0.01), RTMH (p < 0.01), and MP
(p < 0.01); TC in comparison with RTMC (p < 0.01); and
RTMC in comparison RTMH (p < 0.01) and MP (p < 0.01).

For the RMSE of the knee joint, the interaction effect
was statistically significant and the two-way repeated mea-
sures ANOVA was divided into three one-way repeated
measures ANOVA for each task and seven one-way repeated
measures ANOVA for each method. Considering sepa-
rately the task, each one-way repeated measures ANOVA
reports a statistical difference among main effect methods
(» < 0.01). Considering the Bonferroni tests, statistical dif-
ferences were found among the following pair of methods:
IMU in comparison with BA for W3.5 (p = 0.03) and
R7.0 (p = 0.01), IMU in comparison with AP for all the
tasks (p < 0.01), IMU in comparison with TC for all
the tasks (p < 0.01), IMU in comparison with RTMC for
all the tasks (p < 0.01), IMU in comparison with MP for all
the tasks (p < 0.02), BA in comparison with RTMH for the
W3.5 (p = 0.04) and R7.0 (p = 0.02), AP in comparison with
TC for the W3.5 (p = 0.01), TC in comparison with RTMH
(p < 0.02), RTMC (p < 0.02), and MP (p < 0.02) for all the
tasks, RTMC in comparison with RTMH (p < 0.01) and MP
(» < 0.01) for all the tasks, and RTMH in comparison
with MP for the W3.5 (p = 0.01). Considering separately
the methods, one-way repeated measures ANOVA reports
statistical differences among tasks for the following methods:
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(d) knee angles in the sagittal plane with mean and standard deviation from subjects for the W5.0 task without offset removal. RMSE values for
(e) hip and (f) knee all methods and tasks. *** indicates p < 0.01 and ** indicates 0.01 < p < 0.05.

IMU (p < 0.01), TC (p = 0.03), RTMC (p < 0.01), and RTMH
(p = 0.02).

For the ROM of the hip joint, the interaction effect was
not statistically different, and the multicomparison between
methods reported a statistical difference between TC and the
RTMH (p = 0.04).

Similarly, for the RMSE of the knee, the interaction effect
between methods and tasks of the ROM of the knee joint
resulted statistically significant. Breaking down the ANOVA,
the following statistical differences were found: IMU was
found statistically different with all the methods (»p < 0.01)
for all the tasks, except with the RMTH, BA was found
statistically different with IMU (p < 0.01) and RTMH

(»p < 0.01) for all tasks; AP, TC, and RTMC report a similar
trend showing a statistical difference with IMU (p < 0.01)
and RTMH (p < 0.02) for all tasks; RTMH was statistically
different with all the methods (p < 0.02) and all task, expect
for the IMU; MP was found statistically different with IMU
(p < 0.01), RTMC (p = 0.02), and MP (p < 0.02) for all
tasks. Considering separately the methods, one-way repeated
measures ANOVA reports statistical differences among tasks
only for the RTMC method (p < 0.01).

The statistical analysis showed that the IMU had a signifi-
cantly lower RMSE and eropm than the other methods for both
the hip joint and the knee joint, except for RTMH. The RTMH
and MP methods also exhibited statistically lower values than
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most other methods for both RMSE and absolute error in
both hip and knee joints, indicating a comparable level of
measurement accuracy to that of IMUs.

IV. DISCUSSION

This study aimed to compare several vision-based methods,
both DNN and non-DNN based, along with an IMU system,
against an OS considered as the gold standard. The exper-
imental results demonstrated that while some video-based
methods can accurately measure hip and knee joint angles,
they faced challenges in accurately capturing ankle joint
kinematics. The poor performance of these DNN methods
in estimating sagittal ankle kinematics has been reported in
several studies [29], [30], [31], [33]. Also, in the results
reported by D’antonio et al. [33], it is observed that a
DNN-based method (Openpose) failed to accurately track the
ankle dorsiflexion angle during both W. and R. in healthy
subjects. Using the same DNN method, Wade et al. [31]
performed an Altman—Bland analysis on over ground W. and
found limits of agreement for ankle dorsiflexion angles too
high for clinical applications (412°). IMU-based systems
outperformed vision-based in terms of accuracy, particularly
for ankle joint measurements. Regarding the hip and knee
joint angle, among the vision-based methods, those utilizing
deep learning algorithms, such as RTMH and MP, showed
better performance compared to other video-based methods
along with marker-based techniques, such as BA. In com-
parison with the results presented by Menychtas et al. [29],
MP outperformed. In their study, MP showed significant errors
for hip and knee joint angles with a Bland—Altman mean
difference of —26.3° and —17.8° with limits of agreement
of more than 15°. This disagreement could be due to the
fact that the MP needs to process the whole person on the
screen. In contrast to our previous work [45], which focused
on a half lower body figure W. on a treadmill, MP showed
better results in our current analysis, where the whole human
figure was captured. In comparison with the DNN methods
compared by Van Hooren et al. [30], only MP and RTMH got
better results. RMSE values found in our study for R7.0 were,
regarding the hip, (3.4° + 1.6°) for RTMH and (3.5° + 1.5°)
for MP and (4.9° £ 2.6°) for RTMH and (4.7° £+ 1.7°) for
MP for the knee. The offset removed in the results could be
due to a mismatch between the biomechanical model noted in
the dataset, which has inherent pitfalls, and the biomechanical
model used as a reference. In this study, the RMSE values
assessed align with the findings reported in the literature.
In comparison to the results obtained by Vadafar et al. [34],
only the results on the hip joint were better with minimum
values achieved by MP method of (3.5 & 1.5)° in comparison
with (—4.5° £ 8.2°). The AP, TC, and RTMC methods
gave good results with an absolute error between 4° and 8°.
However, errors below 4° were observed on both the knee
and ankle, although this may be attributed to the fact that
the DNN method was trained and tested on the same dataset,
which limits its generalizability to other types of environments.
Regarding the knee joint angle, our DNN method performs
worse. Only RTMH and MP are comparable with respect to
the literature results, achieving errors between 4° and 6° for

each trial. One potential explanation for the greater accuracy
of the MP and RTMH methods could be the backbone training
method, as they have used heatmap-based methods that have
been shown to increase the accuracy [27]. In our results, the
non-DNN method performed worse than some DNN methods
(TC, MP, and RTMH) and was not robust to uncontrolled
lighting environments. For some subjects, the BA method
was able to achieve acceptable errors of ROM, as previously
reported [35]. However, considering the entire sample and a
measurement condition with uncontrolled light, the evaluation
of passive markers by applying color filters was found to be
poor with errors even greater than 20°. These results can
be attributed to the thresholding nature of the HSV color
filters, which, in some trials, only detect a portion of the
passive markers, depending on the luminosity of the scene
and how the light is reflected upon them. Furthermore, the
recorded scene and the change of even a small element of the
surroundings could explain the different results obtained with
the same method or the same dataset for video-based methods.
In addition, it is important to note that different camera
orientations [33] and positions [46] could affect video framing
along with the accuracy of the results. In the assessment of
the hip and knee flexo-extension angle, the MP and RTMH
methods could offer a cost-effective alternative to IMUs and
OSs in subjects who may be uncooperative. These methods
may also be useful in the classification and identification of
gait irregularity patterns in patients with cerebral palsy and
spastic diplegia [47]. Furthermore, considering an appropriate
setup for both cameras and scenes, they could be the core of a
telemedicine homecare application for telerehabilitation [48].

V. CONCLUSION

This study compared vision-based methods, including DNN
and non-DNN approaches, and an IMU system against the
gold standard, an OS in measuring the kinematics during
locomotion. Experimental results indicated that IMU system
outperforms vision-based methods, especially for ankle joint
measurements. Among vision-based methods, those employing
DNN algorithms performed better, such as RTM and MP.
For these methods, particularly concerning the hip and the
knee joint, comparable measurement errors to those obtained
by inertial systems are noted. Thus, it can be reported that
in clinical or sports assessments where an inaccuracy not
higher than 5° is required, these methods could serve as a
viable alternative to IMU. In addition, it is not negligible the
potentiality of the video-based analysis for the application in
which the real-time evaluation is required, as, for example,
the avatar tracking in the videogames or any entertainment
scenario. This study highlighted the strengths and limitations
of each system, guiding future research toward improving
accuracy and applicability in human kinematic analysis. Fur-
ther research is warranted to address the remaining challenges
and improve the performance of vision-based systems, par-
ticularly in accurately capturing ankle joint kinematics and
achieving higher measurement accuracy in comparison with
IMU-based systems. Through this aim, the main future efforts
must include both hardware and software updates. For exam-
ple, considering the hardware, it is mandatory to understand
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whether the use of additional cameras totally focused on the
feet would help to perform a better kinematic analysis of
the lower limbs. Moving to the software, the increment of
training data variety should be considered helping the model
to better generalize the results, as well to use transfer learning
techniques to adapt pretrained models to new specific data due
to a continuous fine-tuning of the algorithm parameters.
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