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Abstract

Background. Marker-less systems based on digital video cameras and deep learning for gait analysis
could have a deep impact in clinical routine. A recently developed system has shown promising results in
terms of joint center position but has not been yet evaluated in terms of gait outcomes.

Research question. How does this novel marker-less system compare to a marker-based reference
system in terms of clinically relevant gait parameters?

Methods. The deep learning method behind the developed marker-less system was trained on a
dedicated dataset consisting of forty-one asymptomatic and pathological subjects each performing ten
walking trials. The system could estimate the three-dimensional position of seventeen joint centers or
keypoints (e.g., neck, shoulders, hip, knee, and ankles). We evaluated the marker-less system against a
marker-based system in terms of differences in joint position (Euclidean distance), detection of gait events
(e.g., heel strike and toe-off), spatiotemporal parameters (e.g., step length, time), kinematic parameters
(e.g., hip and knee extension-flexion), and inter-trial reliability for kinematic parameters.

Results. The marker-less system was able to estimate the three-dimensional position of joint centers with
a mean difference of 13.1 mm (SD = 10.2 mm). 99% of the estimated gait events were estimated within
10 milliseconds of the corresponding reference values. Estimated spatiotemporal parameters showed
zero bias. The mean and standard deviation of the differences of the estimated kinematic parameters
varied by parameter (for example, the mean and standard deviation for knee extension flexion angle were
-3.0° and 2.7°). Inter-trial reliability of the measured parameters was similar to that of the marker-based
references.

Significance. The developed marker-less system can measure the spatiotemporal parameters within the
range of the minimum detectable changes obtained using the marker-based reference system. Moreover,
except for hip extension flexion, the system showed promising results in terms of several kinematic
parameters.

Keywords — human pose estimation, marker-less, gait analysis, convolutional neural network, deep
learning.


mailto:laurent.gajny@ensam.eu

1 Introduction

Marker-less motion capture systems have the potential to provide efficient, cost-effective, and easy-to-
use motion capture devices [1]-[5] that may help spread the use of gait analysis for clinical applications.
Meanwhile, Clark et al., [1] in a literature review demonstrated that the validity of depth cameras for most
kinematic parameters was limited (r<0.75) [5]. In recent years, digital video cameras combined with deep
learning-based human pose estimation methods have demonstrated significant progress [6]—[9]. Most of
these methods estimate the joint centers’ three-dimensional or two-dimensional positions from digital
images. These methods can be utilized with different camera configurations to develop marker-less
systems for various applications such as occupational safety [10] and clinical gait analysis [2], [11].

Deep learning has recently attracted a lot of interest in the biomechanics community for marker-less
motion capture. For instance, Cronin claims in a recent study that existing marker-less systems may
already be suitable for some applications like coaching or rehabilitation [12]. In more detail, Ota et al., [2]
assessed the validity and reliability of joint kinematics, using a deep learning-based human pose
estimation called OpenPose [6], for bilateral squat and treadmill walking movements. Meanwhile,
OpenPose could only estimate the two-dimensional position of joint centers. Kanko et al. [3], [4] assessed
the performance of a marker-less system in terms of spatiotemporal and kinematic parameters, mainly
for treadmill walking. The marker-less system consisted of eight digital video cameras and could estimate
the three-dimensional position of several keypoints on the human body using deep learning-based human
pose estimation methods.

Exploring the potential of using fewer cameras, we developed a marker-less system based on novel deep
learning-based pose estimation methods [7] (https://git.io/JVYos), four digital cameras, and a new dataset
(ENSAM dataset) for clinical gait study [11]. The pose estimation method was previously trained on
Human3.6M [13]. The training set of the ENSAM dataset was utilized to fine-tune the pose estimation
method via transfer learning [12]. This dataset was well suited for gait study while other existing datasets
(e.g., [13]) were less effective for this objective due to the small number of subjects, errors introduced by
placing markers on regular clothing, and their homogeneity (young asymptomatic adults). The ENSAM
dataset contained the walking trials of thirty-one asymptomatic and pathological subjects. Biplanar X-ray
images were acquired by the EOS system (EOS imaging, Paris, France) to reduce the errors related to
marker misplacement [14], [15] in the synthetically generated annotations of joint centers and landmarks
from the marker-based motion capture system. To our knowledge, this dataset was the first and only one
collected by digital video cameras, a marker-based system, and a medical imaging system.

Evaluation of the proposed marker-less system was performed on the test set of the ENSAM dataset in
terms of joint position differences indicating the Euclidean distance between the estimated and the
marker-based value of joint centers. The mean joint position difference was 1.4 cm and demonstrated the
potential of the marker-less system for gait analysis. Nonetheless, no clinically relevant gait parameter
was compared against the marker-based reference system. In this study, after expanding our dataset from
thirty-one to forty-one subjects, we assessed the performance of the marker-less system in terms of gait
outcomes. In addition, we updated the pose estimation method to also estimate the three-dimensional
position of toes.
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2 Materials and methods

2.1 Extended ENSAM Pose dataset

The extension of the ENSAM dataset [11] was done following the exact same setup and experimental
protocol, including biplanar X-rays acquisitions, motion capture with a marker-based (VICON system,
Oxford Metrics, UK) and a custom marker-less system (see [11] for details), from thirty-one to forty-one
subjects. The marker set for the marker-based system was based on [16], [17]. The frame rate of the
cameras (Vicon and marker-less system) was 100 Hz, and the resolution of digital cameras was 1920 x
1080 pixels. It consisted of twenty-four asymptomatic adults, two adults with a spinal disorder and fifteen
children or teenagers suffering from X-Linked Hypophosphatemia (XLH). All subjects or their parents
signed an informed consent. Their inclusion in this study was approved by the relevant ethics committee
(CPP 06036 and CPP 06001, Paris VI).

The marker-less system recorded only videos. The annotation data for these videos (test and training set)
were generated synthetically using the marker-based and EOS data [14], [15]. The marker-based data
were processed and cleaned (e.g., gap fillings) using VICON Nexus software. A two-step visual quality
check was performed for the annotation of each subject’s videos. First, for each gait trial and camera, the
detected reflective markers were projected onto several video frames in the middle of the gait trial. We
carefully checked if the projections lied within 2 pixels of the marker in video frames. This step would
verify the synchronization and calibration of the marker-less system with the marker-based one. Second,
for each gait trial, every 50 frames (0.5 seconds), the annotations (body landmarks) were projected to the
four camera views. We checked all four views simultaneously if the landmarks were correctly placed.

The extended ENSAM dataset was then randomly split into train and test sets. The training set was used
to fine-tune [12] the pose estimation method of the marker-less system which had already been trained
on the Human3.6M dataset. Then, the performance of the marker-less system was assessed on the test
set. The training set (~75 000 3D poses) consisted of twenty-five subjects (13 female, 12 male), who were
on average 21 years old (range: 8 —41), mean height was 160 cm (range: 123 — 188), mean body mass was
56 kg (range: 23 — 86), and mean body mass index was 21.0 kg/m? (range: 15.2 — 25.4). The test set
(~48 000 3D poses) consisted of sixteen subjects (5 female, 11 male), who were on average 22 years old
(range: 6 — 44), mean height was 162 cm (range: 126 — 199), mean body mass was 60 kg (range: 28 — 90),
and mean body mass index was 21.9 kg/m? (range: 15.6 — 29.4). More details are provided in
supplementary material.

2.2 Auxiliary dataset

This dataset consisted of sixty-six asymptomatic subjects (age range: 18—60 years; weight: 71.3+15 kg;
height: 170+10 cm). The marker-based motion capture system (VICON system, Oxford Metrics, UK)
consisted of seven cameras. The markers were positioned following the Plug-in-Gait method [16] and
biplanar X-ray images were acquired using the EOS system in a standard static posture. Then, the subjects
were asked to walk at their chosen comfortable speed. This dataset was used only as a-priori knowledge
for the calculation of kinematic parameters using the marker-less system.



2.3 Human pose estimation method

In [11], the marker-less system estimated the three-dimensional position of fifteen body keypoints —head,
neck, shoulders, elbows, wrists, pelvis, hips, knees, and ankles — for the ENSAM test set (more information
on the definition of joint centers is provided in supplementary materials). In this study, we updated the
pose estimation method to also estimate the position of toes. The estimated joint centers were further
used to measure the clinically relevant spatiotemporal and kinematic gait parameters. The workflow of
this study is shown in Figure 1.
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Figure 1. Workflow of study. (a) Data collection and processing by the marker-less (four colorful digital video cameras) and
reference systems (a bi-plane X-ray image system and the VICON system); (b) Evaluation — joint position error as the Euclidean
distance between the estimated three-dimensional joint centers and the corresponding reference values; (c) Evaluation — gait
events and spatiotemporal parameters error as the difference between the estimated and corresponding reference parameters;
(d) Evaluation — kinematic parameters error. The auxiliary dataset is used at only this level to help form the anatomical frames for
the marker-less system.

2.4 Gait event detection and spatiotemporal parameters

Detection of heel strike and toe-off is essential for measuring spatiotemporal parameters. We estimated
these gait events without force platforms. The gait event detection algorithm was adapted from [18], [19].
In [18], the algorithm was based on sacral and heel (or toe) markers’ coordinates. We modified the
algorithm to fit the marker-less system. The coordinates of the ankle and pelvis centers were used instead
of the marker coordinates. Additionally, the joint centers were filtered using a zero-phase fourth-order
Butterworth filter with the cutoff frequency of 7 Hz, as proposed in [19].



The measured spatiotemporal parameters were stride length (cm), gait speed (m/sec), step length (cm),
step width (cm), step time (sec), stance time (sec), swing time (sec), cadence (steps/sec).

2.5 Kinematic parameters

The marker-less system estimated the three-dimensional position of body keypoints and for the
derivation of gait analysis data, including kinematic parameters, no reference data (marker-based or EOS
data) were incorporated. The marker-less system estimated two centers for each body segment — hip and
knee centers for femur, knee and ankle centers for tibia. Therefore, the bony segments’ anatomical frames
were not mathematically observable and could not be determined. To resolve this issue, two different
approached were implemented.

First, a priori knowledge was incorporated to define the anatomical frames. For ‘the anatomical frame of
each body segment, an axis was directly determined by the data estimated by the marker-less system. For
instance, for the pelvis anatomical frame, the Z-axis was defined as the line connecting the left and right
hip joint centers. On the other hand, using the auxiliary dataset (subsection 2.1.2) and the Cardan
convention [20], an average profile to represent the orientation of anatomical frames of the body
segments with respect to the laboratory's global coordinate system is obtained for a single gait cycle.
These average profiles were used as a priori knowledge of the orientation of the anatomical frames in the
gait cycles. Therefore, to form an anatomical frame, for example for the pelvis, since the Z-axis was already
obtained using the marker-less system, the Y-axis was approximated from the a priori knowledge to
complete the anatomical frame. In this approach, the evaluated kinematic parameters are hip extension-
flexion, knee extension-flexion, abduction-adduction and rotation of pelvis [21].

Second, two kinematic parameters, knee and ankle extension-flexion, were computed based on joint
centers — called Joint-center Based (JB). JB knee extension-flexion is the angle between the vectors
connecting the knee to the hip and the knee to the ankle. The JB ankle extension-flexion vectors were
formed by connecting ankle to knee and ankle to toe.

2.6 Evaluation

The marker-less system estimated seventeen joint centers and keypoints for the sixteen subjects in the
ENSAM test set. The differences in joint position, i.e., the Euclidean distances between the estimates of
joint centers from the marker-less and marker-based systems, were measured.

Concerning gait event detections, two tests were performed. First, the modified algorithm was used only
for the marker-based system and compared to the original algorithm to assess the validity of this variant.
Second, the modified algorithm was used for comparison between the marker-less and marker-based
systems.

The evaluation metrics for assessing the agreement between the marker-less and the marker-based
systems in terms of spatiotemporal and kinematic parameters, were the mean difference (bias), the
standard deviation of difference, and the Bland-Altman 95% confidence interval limits of agreements.

The inter-trial reliability of kinematic parameters was also assessed using [22]. First, for each subject, the
mean of the kinematic parameters over all walking trials was obtained. Then, the differences of
parameters from the mean were computed for all walking trials. Thus, the inter-trial reliability was
obtained by computing the standard deviation of the differences for all walking trials.



3 Results
3.1 Joint centers estimation

The differences in joint position are presented in Table 1. The ankles and shoulders were the joints with
respectively the lowest (mean, 7.3 mm) and largest (mean, 18.5 mm) differences between the two
systems. The mean position difference across all joints was 13.1 mm. Also, the 2SD and RMS values for
the ankle were the lowest (2SD, 10.9; RMS, 9.1), the highest were for the wrists (2SD, 34.6; RMS, 23.6).

Table 1. Joint position error (mm) across all subjects of the extended ENSAM pose dataset.

Joint toes ankles knees hips pelvis neck head wrists elbows Shoulders

Mean 9.0 7.3 11.0 16.5 13.0 10.2 13.5 16.1 14.8 18.5
25D 13.9 10.9 10.9 15.6 11.7 10.9 14.1 34.6 214 23.4
RMS 11.3 9.1 12.3 18.3 14.2 11.6 15.2 23.6 18.2 21.9

2SD: 2 standard deviation, RMS: root mean square

3.2 @Gait event detection

In the first test, we compared the original and modified gait event detection algorithm only on the marker-
based system. The mean difference between gait events was less than 1 millisecond demonstrating near-
zero bias. The maximum difference was 20 milliseconds, and 98% of the differences were within 10
milliseconds.

In the second test, we implemented the modified algorithm to compare the agreement between the
marker-less and the marker-based systems in detecting gait events. The mean differences, for all gait
events, including right and left heel strike and toe-off, were less than 1 millisecond. 99% of gait events
differences were within 10 milliseconds, and the maximum absolute difference was 20 milliseconds.

3.3 Spatiotemporal parameters

The difference between the spatiotemporal parameters measured by the marker-less and marker-based
systems is presented in Table 2. The mean differences (biases) were close to zero. For example, the biases
for stride length, step length, and step width were within 0.06 cm, and for step, stance, and swing time
were within 1 millisecond.

Table 2. Difference between the spatiotemporal parameters determined using the marker-less and marker-based systems.

Parameter MD SD LLoA ULoA MaxD
gait speed (m/sec) 0.00 0.00 -0.01 0.01 0.02
stride length (cm) -0.06 0.81 -1.65 1.52 2.75
step length (cm) -0.02 0.85 -1.69 1.64 3.00
step width (cm) -0.04 0.39 -0.80 0.73 1.45
step time (msec) 0 6 -13 12 20
stance time (msec) 1 7 -13 15 20
swing time (msec) 1 7 -15 12 20
cadence (steps/sec) 0.00 0.02 -0.04 0.04 0.10

MD: mean difference, SD: standard deviation, LLoA: lower limit of agreement, ULoA: upper limit of agreement, MaxD: maximum
difference



3.4 Kinematic parameters

The difference between the kinematic parameters measured by the marker-less and marker-based
systems is presented in Table 3. The mean difference in the other kinematic parameters demonstrated a
bias lower than 5° in absolute value. The biases for pelvis ab-adduction and JB parameters were limited
to 1° or less. Considering the Normalized Standard Deviation (NSD), i.e., standard deviation divided by the
range of motion, of the kinematic parameters, knee extension-flexion showed the smallest deviation while
pelvis ab-adduction showed the highest deviation.

Table 3. Difference (deg) between the kinematic parameters determined using the marker-less and marker-based systems.

Parameter MD SD LLoA ULoA RoM NSD
pelvis ab-adduction -0.4 2.6 -5.6 4.7 4.0 0.65
pelvis rotation 2.9 2.8 -2.6 8.3 8.0 0.35
hip extension-flexion 4.5 8.2 -11.6 20.7 29.3 0.28
Knee extension-flexion -3.0 2.7 -8.4 2.4 57.8 0.04
JB knee extension-flexion -0.2 2.6 -5.2 4.9 56.2 0.05
JB ankle extension-flexion 1.1 4.7 -8.1 10.3 32.2 0.15

MD: mean difference, SD: standard deviation, LLoA: lower limit of agreement, ULoA: upper limit of agreement, RoM: range of motion,
NSD: normalized standard deviation

3.5 Inter-trial reliability of kinematic parameters

The inter-trial reliability of the kinematic parameters, for both systems, is presented in Table 4. The
maximum difference between the inter-trial reliability of marker-less and marker-based systems was 1.2°,
which was for JB ankle extension-flexion. Except this parameter, the inter-trial reliability was similar.

Table 4. Inter-trial reliability (deg) of kinematic gait parameters

Parameter Marker-less Marker-based
system system
pelvis ab-adduction 0.8 0.8
pelvis rotation 1.6 2.1
hip extension-flexion 1.4 1.3
Knee extension-flexion 2.6 2.5
JB knee extension-flexion 2.3 2.3
JB ankle extension-flexion 3.0 1.8

4 Discussion

In this study, we assessed a novel marker-less system introduced in [11] against a marker-based system
in terms of clinically relevant spatiotemporal and kinematic gait parameters.

Gait event detection is of essential importance for determining gait cycles and measuring spatiotemporal
gait parameters. Since we aimed to compare the marker-less system with the marker-based one, we
modified and adapted a gait event detection algorithm [18] to be applicable for both systems. First, we
assessed the modified algorithm, and demonstrated that the modifications caused negligible changes.
Indeed, the mean difference between the modified algorithm and its original version was 1 millisecond,
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and 98% of difference were less than 10 milliseconds. Then, we implemented the modified algorithm to
compare the marker-less system against the marker-based one. The mean difference was 1 millisecond
and 99% of differences were less than 10 milliseconds. Then, the spatiotemporal parameters were
estimated based upon the detected gait events.

Performance evaluation of marker-less systems, in terms of spatiotemporal parameters, compared to
marker-based systems can be accomplished using Minimum Detectable Changes (MDC) in spatiotemporal
parameters measured by marker-based systems. MDC is the lowest change that identifies a true change
exceeding the measurement error [23] and inherent variability of parameters. MDC values for
spatiotemporal parameters have been measured for different populations, including children [24],
healthy adults [25], older adults [26], people with chronic low back pain [27], and with Alzheimer’s disease
[28], ranged from 0.12 to 0.17 m/sec for gait speed, 3 to 10 cm for stride length, 5 to 6 cm for step length,
2 to 3 cm for step width, 30 to 50 msec for step time, 30 to 70 msec for stance time, 30 to 40 msec for
swing time, and 0.04 to 0.1 for cadence. The Bland-Altman lower and upper limits of agreement of
spatiotemporal parameters were smaller than or equal to MDCs. For instance, the limits of agreement for
step length were -1.69 cm and 1.64 cm, whereas the smallest MDC was 5 cm. Therefore, we conclude that
the developed marker-less system can measure spatiotemporal parameters within the range of minimum
detectable changes obtained using marker-based reference systems.

The agreement between the novel marker-less and marker-based systems was also studied in terms of
kinematic parameters. In [29], the authors stated that errors less than 5° are “likely to be regarded as
reasonable in gait analysis errors.” Assuming that 5° is the acceptable limit, the Bland-Altman limits of
agreements for kinematic parameters showed that the difference between the marker-less system and
the reference system for hip extension-flexion and JB ankle extension flexion is above the acceptable limit.
However, pelvis ab-adduction and JB knee extension-flexion lied within this limit. Pelvis rotation and knee
extension-flexion were close to be, but they were affected by a 3°-bias. This bias could be the result of the
a-priori knowledge used when computing these parameters.

a0 40
rker-base

==
£
s
28
2 8
g

z=z
gz
28
¢ 2
4

rke
30 30

201 201

Hip Extension-Flexion (degree)

Hip Extension-Flexion (degree)
R L

E 5 o

T

A
S

S
T

fo
S
T

10 20 30 40 50 80 70 80 a0 100 h 10 20 30 40 50 80 70 80 a0 100
Gait cycle (%) Gait cycle (%)

Figure 2. Hip extension-flexion measured by marker-less and marker-based systems for two different subjects across ten gait
cycles. The lines and shaded bars represent respectively the mean and standard deviation values across ten gait cycles.

Kinematic parameters were computed based on anatomical frames and joint centers. For parameters
based on anatomical frames, this inconsistency was generally due to the fact that the use of a mean axis
for anatomical frame formation for all subjects resulted in a bias between marker-less and marker-based
systems. For instance, Figure 2 shows hip extension-flexion measured by the marker-less and marker-
based systems for two different subjects over 10 gait cycles. For one subject, the bias between the marker-
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less and marker-based systems is much smaller than for the other. Knee extension-flexion and hip
extension-flexion of all subjects of the ENSAM test set measured by the marker-less and marker-based
systems are provided in the supplementary materials. In terms of joint center-based parameters, knee
extension-flexion was almost within the acceptable limit of 5° (Bland-Altman limits of agreement were -
5.2° and 4.9°), however, this was not true for ankle extension-flexion. For the latter, since one of the
vectors is formed by connecting the ankle to toe, and these two centers, especially in children, are close
to each other, even a small error in estimating the joint center resulted in a substantial error in ankle
extension-flexion.

This study shows the potential of marker-less systems, based on digital video cameras and deep learning,
for gait analysis in clinical applications. Meanwhile, the performance of the developed system is
comparable to state-of-the-art marker-less systems [3], [4]. For instance, the root mean square difference
for knee extension-flexion in our study was 4.1°, while in [3] it was 3.3°. Moreover, in terms of
spatiotemporal parameters, both studies showed zero bias. The Bland-Altman limits of agreement for
step length and swing time in [4] were 6.95 cm and 40 msec, whereas in our study they were 1.69 cm and
15 msec. It should be noted that the same method [18] was utilized for gait event detection in both
studies. Despite similarities in the results, the developed marker-less systems had several differences. The
number of cameras in our system was limited to four, compared to eight cameras. However, in our study,
the training and test datasets were collected in the same laboratory environment. Finally, several subjects
in our database did have gait disorders while in [3, 4], only healthy subjects were analyzed. As the results
are encouraging, more effort should now be done to investigate various patterns of gait abnormalities.

This study has several limitations. First, the developed marker-less could estimate only two points for each
body segment, for instance, the hip and knee joint centers for the thigh. Therefore, the anatomical frames
are mathematically unobservable. We formed the anatomical frames by incorporating a priori knowledge
on the movements of body segments that led to bias for kinematic parameters of some of the subjects
and may fail in the case of severe gait disorder. Second, only the inter-trial reliability was investigated,
while the reliability of a marker-less system should also be assessed by inter-session reliability. Work is
underway to overcome these limitations. Regarding the first limitation, we may estimate a higher number
of keypoints for each body segment or fit a multi-body model to the estimated keypoints. Third, marker-
based systems are the reference systems for clinical gait analysis, but they do not provide ground truth
data. The annotation data were generated synthetically using the marker-based and EOS data for the train
or test set. Thus, the marker-less system, which learned to mimic the annotation data, also learned to
mimic the soft-tissue artifact. Hence, the marker-less system outputs are still affected by the soft-tissue
artifact. Finally, the ENSAM dataset, used for training and test, was collected in a single laboratory
environment using one set of camera positions. Accordingly, for a single subject, consecutive three-
dimensional poses were similar. Testing data from other environments are then required to appreciate
the potential generalizability of this approach.

5 Conclusion

This study evaluated the developed marker-less motion capture system [11] in terms of clinically relevant
spatiotemporal and kinematic gait parameters. The marker-less system was developed based on four
digital video cameras, a deep learning-based human pose estimation method, and a dedicated dataset for
gait study. It could estimate the three-dimensional position of seventeen joint centers with an average
difference of 1.3 cm from the reference system. Evaluation of the marker-less system in terms of gait



outcomes demonstrated promising results. The marker-less system can measure the spatiotemporal
parameters within the range of minimum detectable changes obtained by marker-based systems.
Although the results indicated a lack of agreement for some kinematic parameters, in terms of inter-trial
reliability, the marker-less system was as reliable as the marker-based system. This study is a proof-of-
concept that shows the strong potential of marker-less systems for clinical gait analysis. Further studies
are needed to investigate the applicability of the developed system for different gait pathologies and in
various clinical environments.
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