
Chapter 7

Mobile robotic platform for human

gait analysis in practical scenarios

“The art of life is a constant readjustment to our surroundings”

Kakuzo Okakaura

This chapter is a continuation of chapter 5 where a straight-line follower robot was
proposed. This new approach presents the basis for the design of the mobile robotic
system for the analysis of human gait in practical scenarios, i.e. outside the laboratory.
The chapter opens by introducing the mechanical design of the robot and covers the
design of the controllers implemented in the system for autonomous navigation and path-
following while analyzing the human gait. Some tests performed with the system in clinical
environments with Multiple Sclerosis (MS) patients are also presented. Finally, a tool for
robot operation, gait data management and post-processing is presented. This tool allows
medical staff to operate the mobile robotic system accurately, without the need for training
sessions or technical expertise. The autonomous mobile robotic system developed in this
chapter represents a makerless, cost-effective approach that can be used to analyze human
gait in clinical scenarios. Measurements are more natural because the tests are performed
in real environments, in contrast to the use of a dedicated laboratories.

7.1 Introduction

Despite the fact mobile robotic platforms have made inroads in the rehabilitation area as
gait assistance devices, they have rarely been used for human gait monitoring and analysis.
For this reason, during the review of the state of the art, several difficulties were presented
when trying to find studies based on mobile robotic platforms for human gait analysis.
The few studies that were found have no exposed results. Most related studies using
mobile robotic platforms are dedicated to path planning, or walking assistance [Ko and
Agrawal, 2010,Ko et al., 2013a,Cifuentes et al., 2016], rather than human gait analysis.
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For example, from several studies such as the presented in [Bonnet et al., 2015,Doisy
et al., 2012,Papageorgiou et al., 2016,Saegusa, 2017,Cifuentes and Frizera, 2016, Jäschke
et al., 2018] focused on mobile robotic platforms for human gait analysis, only Bonnet
et al. [Bonnet et al., 2015] reported results for kinematic joint angles. In another study,
Scheidig et al. [Scheidig et al., 2019], have developed a robotic platform very similar to
the one presented in the current study. This is a mobile robotic platform developed for
rehabilitation and gait analysis purposes. Unfortunately, it can be observed that the
author places joint kinematic signals that do not agree with the waveforms described in
the literature [Perry and Burnfield, 2010].In addition, the velocity of the platform (lower
than 0.9m/s) is somewhat limited when considering, for example, the average walking
speed of a patient with multiple sclerosis (MS) [Grobelny et al., 2017]. Applications
more closely related to the current study have been developed by Doisy et al. [Doisy
et al., 2012] and in the previously referenced study of Bonnet et al. [Bonnet et al., 2015].
However, many differences can be noticed, mainly in the person following configuration.
In these studies, the robot follows the path of the person while analyzing its gait from the
back. This is an option that was evaluated prior to the development of the current study.
However, capture skeleton data from the back view, is not appropriate because the nature
of gait in which the major movements are of flexion and internal rotation, which produces
occlusion of the limbs when capturing the gait from behind. On the contrary, this study
continued with the strategy for person following from the frontal part in contrast with
the current approaches. In addition, the mobile robotic platform has been tested in real
environments, and the analysis of the applied configurations for navigation and person
following was always compared with the quality of the joint kinematic signals.

7.2 Mechanical design and components

The mechanical structure of the robot consists of six components labeled in Fig. 7.1. At
the bottom, there is a mobile platform that provides the motor functions and allows the
robot to move precisely (1). The mobile base is connected to an external battery and a
CPU, which reside in aluminum cabinets (2). A LiDAR sensor sits on top of the cabinets,
providing the robot with the ability to detect obstacles in the environment and navigate
safely around them (3). Also, over the CPU cabinet, a set of adjustable aluminum brackets
regulate the height of the motion capture system (4). At the top of the robot there is
a structure specially designed for the servoing system (5). Finally, the main sensor, an
Obbec Astra RGBD camera, is integrated as the head of the robot, which is responsible
for the task of skeleton tracking (6).

The mechanical structure of the servoing system requires a particular design that
allows it to support the camera, eliminate vibrations, and rotate around the servomotor
axis. This system is shown in Fig. 7.2. Due to the height at which the RGBD sensor (1)
is positioned, it can easily be exposed to oscillations and vibrations that affect the data
acquisition. For this reason, the integration of a damping device (2) is necessary. The
RGBD camera rests on a plate supported at its corners by a set of four rubber dampers.
These dampers sit on a second plate that is directly coupled to a servomotor (3) responsible
for the rotation of the camera.

The lower plate that holds the dampers is placed on top of a two-piece rotary joint (4)
that operates similarly to a bearing. It is used to allow rotation around the vertical axis
and achieve a better fit. The top piece moves over the bottom piece through a thin rail as
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Figure 7.1: An overview of the mechanical design of the mobile robotic system.

shown in Fig. 7.2. This increases friction very slightly, but greatly reduces the complexity
of the design.

In addition, the rotation capability of the RGBD camera is limited by the rotation
range of the servo motor. As a result, the servoing system ranges from 0 degrees to 180
degrees, where 90 degrees is the central position in which the camera remains parallel to
the frontal plane of the robot. The servomotor used is an Hitec HS-755HB.

7.3 Navigation and Control during walking experiments

The mobile robotic system uses an open-source robotic platform based on Robot Oper-
ating System (ROS). It is equipped with the ROS Melodic distribution and the Ubuntu
18.04 (Bionic) release. Processes in ROS are executed in a node-based approach. The
implemented ROS architecture and data flow in the mobile robotic platform is presented
in Fig. 7.3. As can be appreciated in this figure, the mobile robotic system has six nodes
of special relevance, which are described as follows:

• Slam gmapping or map server nodes. The gmapping node publishes the /map
topic containing the navigation map. In case of using a previously built map, the
map server node is executed instead. The functions of both nodes are similar.

• Move base node/teb local planner. The move base node provides the global plan for
navigation while the teb local planner node works as a plug-in to the ROS move base
package and is responsible for providing the local plans for navigation (those used
for obstacle avoidance).

• Firmware node. The firmware node publishes the status of the motors, sensors,
and odometry of the robot.

• RV iz node. It is used for visualization and also as an interface for sending navigation
goals.
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Figure 7.2: Sectional view of the mechanical design of the servoing system. The figure
shows the Obbec Astra RGBD camera (1), the damping device (2), the servomotor Hitec
HS-755HB (3), and the rotary joint (4).

• Nuitrack body tracker node. This node is responsible for skeleton tracking using
the Nuitrack SDK.

• Person follower and Lane Keeping node. This node executes two control tasks.
It is responsible for keeping the robot-person distance and for maintaining the tra-
jectory during navigation.

As mentioned above, to build the map and localize the robot on it, the slam gmapping
node of the gmapping package is used. This package provides simultaneous mapping and
localization (SLAM) using the laser sensor data from the robot. To do this, it takes the
sensor msgs/LaserScan messages and builds a map that is published in a /map topic with
the nav msgs/OccupancyGrid message type.

Once the mapping is complete, the system is ready to perform autonomous localization
and path planning. The task of path planning for a mobile robot consists of determining
the sequence of maneuvers that the robot must perform to move from the starting point
to the destination while avoiding collision with obstacles. In ROS it is possible to plan a
trajectory based on Occupancy Grid Mapping, i.e., by subscribing to the map published
by the slam gmapping node. This planner is a node named move base, from the ROS
move base package. Although this planner provides a global and local plan for navigation,
there are other local planners that can provide better results and can be added as a plug-
in to the move base node. As mentioned above, in this study, the teb local planner has
been used as a plug-in for local planning. The local plan is essential in a system that is
used in a real environment because it allows replanning the trajectory during execution,
providing the system with the ability to avoid unexpected obstacles. The teb local planner
implements the Timed Elastic Band (TEB) algorithm proposed in [Rösmann et al., 2012,
Rösmann et al., 2013]. This algorithm locally optimizes the robot trajectory with respect
to execution time, obstacle avoidance and compliance with the kinematic constraints of
the robot.

In summary, once a navigation goal is set on the map, the move base node provides
a global navigation plan and the teb local planner provides the local plan for obstacle
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Figure 7.3: Data flow on the mobile robotic platform following the ROS pub-
lisher/subscriber communications protocol.

avoidance.

To perform the experiments properly with real patients, it must be taken into account
that they will have different locomotor skills based on their disease. Therefore, some will
walk slower and others faster. Therefore, the robot will have to set its speed to that of
the patient, adapting to their pace. This ensures not only the use of the system for the
analysis of different pathologies, but also a better data capture since the capture distance
remains constant. During this process the robot also cannot be allowed to alter the global
trajectory too much in order to avoid an obstacle, because extreme situations can arise
that spoil the experiments. In this context, the following strategies and boundaries that
allow navigation to be coupled to a gait experiment are established:

• Two operating zones are defined according to the lateral deviation (LD) from the
given global plan: Safe Zone and Reinsertion Zone (Fig. 7.4). In the Safety Zone,
the local plan provides the steering points for driving the robot. In the Reinsertion
Zone, the global plan is the one that provides the steering points to drive the robot.

• Considering the robot is used in a walking experiment and not for free navigation
in an environment, obstacle avoidance must be limited to prevent the robot from
totally deviating from the global plan. The limit of the safe zone was established
to 0.70 meters on each side of the global navigation. This is the area where the
robot is allowed to avoid obstacles. This zone was set to fit with the size of medium
obstacles such as trash cans, chairs, or the presence of a person. Within the safe
zone a steering point of the local plan is used. This corresponds to the third point
of the navigation plan generated by the local planner. In that sense, in the presence
of an obstacle, the robot follows the local plan to execute the avoidance task, but
this task is limited to be executed only within the safe zone. This avoids spoiling
the experiment by an excessive deviation of the robot. The lower image of Fig. 7.4
illustrates how this controller condition works.
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Figure 7.4: Schematic diagram of operation of the lane keeping controller.

• Outside the Safe Zone is the Reinsertion Zone. In this zone the robot is driven using
steering points calculated with data from the global plan (not from the local plan).
This is a zone that is more adaptable to the system dynamics and velocity changes
during the experiment. Within the reinsertion zone the robot defines a trajectory
that allows it to reinsert into the safe zone. Once the robot has entered into the safe
zone, the robot continues with the lane keeping task following the global plan in the
normal way. The limit of the reinsertion zone was 1.40 meters from the global plan.
This is a value that was established experimentally. If the distance from the robot
to the path is greater than this value, the system executes an emergency stop. The
upper image of Fig. 7.4 illustrates how this controller condition works.

• Regarding the tracking of the person during the navigation, while an obstacle avoid-
ance task is executed, or even at any instant of the walking experiment, the robot
may lose the person. In this case the “confidence” parameter from the Nuitrack
SDK is used. This parameter is used to quantify the quality of the skeleton track-
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ing. Any joint confidence below a certain value will be too noisy or unavailable. Any
joint confidence above this certain value will be good enough to be used. This con-
fidence level gives feedback on whether the person is well tracked. In the algorithm
implemented in the mobile robotic system, if the confidence is lower than 0.5, the
controllers implemented in the robot continue driving the robot by making use of the
last well captured value from the skeleton. This gives the robot the opportunity to
recover the tracking of the person. If this low confidence situation endures for more
than one second, the experiment is aborted, and the robot is stopped for security.

Regarding the design of the robot motion controllers, during the walking experiment,
the linear velocity of the robot is provided by a control loop that keeps the relative distance
to the person. The angular velocity is provided by a lane-keeping control loop. Fig. 7.5
shows the control scheme implemented in mobile robotic system. The person follower
controller was already explained in chapter 5 of this thesis, therefore, this section will focus
on the implementation of the lane keeping controller and the servoing system controller.
These controllers have an important role to achieve a successful walking experiment.

Figure 7.5: Person tracking and lane keeping controller.

In Fig. 7.5, the lane keeping controller is responsible for following the planned trajec-
tory. Fig. 7.6 gives an overview of the proposed strategy for this controller. In this strategy
it is considered the relationship between three coordinate frames: the map frame(FM ), the
camera frame (FC) and the robot frame (FR). The target for the lane keeping controller
corresponds to the angle that the robot must rotate to be aligned with the steering point.
This target angle θT(FM)

, was calculated as follows:

θT(FM)
= θs(FM)

− θr(FM)
(7.1)

Where θr(FM)
represents the angular position of the robot in the map frame, and

θs(FM)
represents the angular position of the steering point also in the map frame. The

first and second points of the navigation plan were discarded to be used as the steering
point because the angular difference between the robot frame and these points is minimal.
Then, the steering point was chosen as the third point of the navigation plan generated
by the local planner. This point is located at a distance of about 30 centimeters from the
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Figure 7.6: Points of interest for the calculation of the desired angle during the lane
keeping task.

center of the footprint of the robot.

The output for the control law represents the angular speed of the robot θ̇r. A first
approach to compute the speed command was to implement a proportional controller as
follows:

θ̇r = Kp.θT(FM)
= Kp(θs(FM)

− θr(FM)
) (7.2)

Considering the rotational model of the robot as an integrative process, the controller
gain Kp can be estimated according to the following equations:

Gc(s) = Kp;Gp(s) =
1

s
(7.3)

Gcc(s) =
Gc(s)Gp(s)

1 +Gc(s)Gp(s)
=

1

( 1
Kp

)s+ 1
=

1

Ts+ 1
; (7.4)

where T = 1
Kp

is the time constant of the closed-loop system. A widely used criterion
for choosing the value of the constant T is that it should be at least 10 times the controller
sampling time. In the current application, the controller frequency is 30Hz, that corre-
sponds to the sample frequency of the Nuitrack SDK. Therefore, the controller sample
time is Tc = 33.3ms. With this, the gain for the proportional controller is:
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Figure 7.7: Robot behavior with lane keeping controller. The figure shows seven set points
emulated sequentially ±0.52 rad, ±0.35 rad, ±0.17 and 0 rad.

In order to evaluate the effectiveness of this controller, an experimental test was carried
out. Using ROS tools, a series of steering points were emulated. These points emulate the
steering angles given by the local planner. At the same time, the response of the robot to
reach these targets was measured using an inertial sensor MPU-9250.

The results of this experimental stage are shown in Fig. 7.7. The figure shows seven
set points sent sequentially: ±0.52 rad, ±0.35 rad, ±0.17 and 0 rad. Fig. 7.7 shows how
the controller corrects the steering angle of the robot. When the robot rotates from +0.52
rad -0.52 rad, it performs an angular rotation of 1.04 rad which is one of the highest
values of steering angle expected during the lane keeping task. To make this correction,
the control signal generated is approximately 3 rad/s. This value is far less than the limit
of the angular velocity of the robot (7.33 rad/s). This means that the controller gain can
be further increased to achieve a faster correction, however the angular acceleration of the
robot prevents us from forcing the control action excessively since the system can become
unstable, i.e., once the robot reaches the set-point it may not stop, which would cause the
robot to start spinning. An attempt was made to incorporate a derivative action to the
controller to make a speed correction, but the results were very similar.

Further experiments will be carried out in the experimental section of this study to
evaluate the error of the lane keeping controller in a real trajectory.
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7.4 Servoing system controller.

The purpose of the servoing system controller is to keep the camera always pointing in
the direction of the person tracked. For this purpose, what is controlled is the angular
position of the person in the camera frame θp(FC)

. This angle can be observed in Fig. 7.6.
The spine base coordinates retrieved from the skeleton tracking application are used to
calculate the angle θp(FC)

as follows:

θp(FC)
= tan−1

(
Yperson(FC)

Xperson(FC)

)
(7.6)

A first approach to compute the control law was to implement a proportional con-
troller using the angular position of the person in the camera frame θp(FC)

as the actual
measurement and a 0◦angle as the target. The output of the control law is the final an-
gular velocity of the servomotor calculated on the basis of the person deviation and the
controller cycle time as follows:

θ̇camera = Kp.θp(FC)
= Kp.(θp target(FC)

− θp(FC)
) (7.7)

It is important to mention the constraints of each of the parameters related in this
control law. The maximum rotational speed of the servo motor Hitec HS-755HB is 3.74
rad/s, this is the saturation vale of this controller. On the other hand, the manufacturer
of the Orbbec Astra sensor states a field of view (FOV) of the following magnitudes:
(1.05H x 0.86V) radians. When analyzing the horizontal FOV, it can be deduced that the
maximum angular deviation that the person can experience with respect to the camera
frame is ±1.05 radians. This is the maximum error expected in the control law. If the
person deviates from the camera frame more than this value, the camera loses the person
and thus the skeleton tracking application fails. Those are important features that are
used to adjust the controller. Therefore, it is possible to try that at 1.05 radians the
controller uses the maximum speed of 3.74 rad/s. By relating these two values, the gain
of the controller is: Kp = 3.56.

The friction of the rotating mechanism, the weight of the damping system and the
weight of the camera can cause the servo not reaching the maximum speed of 3.74 rad/s.
This prevents from forcing the behavior of the controller too much. On this way, to set
the value of the controller gain Kp, two alternatives were tested: Kp = 1.5 and Kp = 3.0.

The servomotor system is a fundamental part that influences the quality of the skeleton
tracking. Therefore, the evaluation of which of the two controller gains gives better results
will be further developed by evaluating it in conjunction with the quality of skeleton
tracking.

7.5 System testing in real world environments

Two studies were conducted to evaluate the performance of the mobile robotic platform
in real world environments. The first consists of a system adjustment carried out in the
corridors of a university. The second study focuses on the behavior of the platform during
experiments with patients walking in clinical environments.
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7.5.1 System testing to fine-tune the control systems.

Before testing the system in a real clinical environment, preliminary tests were carried
out in the corridors of the Universidad Politécnica de Madrid. These corridors resemble
those of a clinic or hospital. These experiments were carried out to fine-tune the control
systems. This adjustment was made on the basis of two criteria: the quality for following
the planned trajectory and the quality for capturing the kinematic gait signals.

The map has combinations of straight lines and curves through which the platform
moves while recording the gait data from the participant. Using ROS tools for data
acquisition, the planned trajectory was collected, as well as the trajectories followed by
the person and the robot during the gait experiment.

For experiment 1, a servoing system controller gain of Kp = 1.5, and a following
distance of 2.5 meters were set. The left image in Fig. 7.8 shows the planned path, and
the real path followed by the robot and the person. The right image of Fig. 7.8, on the
other hand, shows the kinematic signals of flexion/extension of knee and hip during the
experiment. This figure contains timestamps that allow to know the position of the robot
and the person and the corresponding kinematic signals along the trajectory. Additionally,
this figure shows the angular position of the person in the camera coordinate system.

Figure 7.8: Experiment 1. Servoing system gain Kp = 1.5 and following distance of 2.5
meters. The left figure shows the planned path and the real path followed by the robot
and the person. All of them are plotted on the map. The right figure shows the kinematic
joint signals (knee and hip flex./ext. in the entire experiment) in addition to the angular
position of the person in the camera coordinate system.

The experiment lasted approximately 50 seconds and a total of 26 consecutive gait
cycles were recorded. When analyzing Fig. 7.8, it can be noted that in the straight
sections of the trajectory, the kinematic signals are similar to the waveform described in
the literature ( [Perry and Burnfield, 2010]). Not surprisingly, in the curved sections this is
not the case. Focusing on the range between 24 and 33 seconds, where the robot is passing
through a corner, it can be seen how the kinematic signal of knee flexion is affected. The
signal is attenuated and sometimes deformed both by the change in the point of view
of the camera and by the maneuver itself. No affectations were observed in any other
gait kinematic signal. When analyzing the deviation of the person with respect to the
camera coordinate system shown in Fig. 7.8, it can be easily inferred that in this section
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the correction performed by the servoing system is very slow. Consequently, the system
allows an excessive deviation of the person and the effects caused by occlusion between
the limbs and loss of camera focus are very noticeable.

Another variable that can affect capture in these sections is the following distance of
the person. During this experimental stage it was noticed that the greater the distance
between the robot and the person, the more difficult it is to capture the skeleton in a
curved section. This is because in corners the relative rotation increases, and the camera
practically observes the person standing sideways. During the experiment it was observed
that there is even a high risk of the robot losing the person because the wall blocks the
line of sight.

Based on the results obtained in experiment 1, it was decided to make changes in the
experimental setup. The purpose of these modifications was to achieve improvements in
the signals in curved sections (specifically in the corners).

These changes focused on the servoing system and the following distance. An increase
in the gain value of the servoing controller can achieve a faster correction of the angular
position of the person in the camera coordinate system. Therefore, the gain value was
changed from Kp = 1.5 to Kp = 3.0.

Regarding the following distance, it was previously set at 2.5 meters. This parameter
was slightly reduced at 2.0meters to keep the robot closer to the participant. This helps
to prevent the camera from looking sideways at the participant in corners.

Figure 7.9: Experiment 2. Servoing system gain Kp = 3.0 and following distance of 2.0
meters. The left figure shows the planned path and the real path followed by the robot
and the person. All of them are plotted on the map. The right figure shows the kinematic
joint signals (knee and hip flex./ext. in the entire experiment) in addition to the angular
position of the person in the camera coordinate system.

Experiment 2 was conducted on the basis of these changes. This experiment was
developed with the same participant and in the same environment as experiment 1. The
experiment lasted approximately 49 seconds and a total of 26 consecutive gait cycles were
recorded. Results are shown in Fig. 7.9. This figure also contains timestamps that allow
to know the position of the robot and the person, and the corresponding kinematic signals
along the trajectory.

When analyzing the kinematic signals between 23 and 31 seconds (when the robot is
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Table 7.1: Robot deviation from the planned trajectory

Average
Deviation(m)

Standard
Deviation(m)

Max.
Deviation(m)

Min.
Deviation(m)

Experiment 1 0.0446 0.0368 0.1420 0.0018

Experiment 2 0.0427 0.0363 0.1837 0.0021

moving around the corner), the difference with respect to Fig. 7.8 can be noticed. The
illustration of the angular deviation of the person with respect to the camera coordinate
system shown in Fig. 7.9 suggests improved person tracking. As a result, the kinematic
signal of knee flexion/extension has improved its waveform. It can also be noted that
the hip flexion/extension has some attenuation, but its levels are still within acceptable
values.

Regarding the quality for following the planned trajectory, the global plan data was
compared with the real trajectory followed by the robot during an experiment. The
comparison between these trajectories is made somewhat difficult because the planned
trajectory is a vector with 2D coordinates while the trajectory followed by the robot is
reported as a time series. It was then decided to make the comparison based on the
position of the coordinate point on the map. That is, given a position of the robot on
the map, it is compared with the nearest coordinate of the planned path vector. This is
a fair and quite realistic comparison. The comparison was performed using the Euclidean
distance and results are shown in Table 7.1.

Results are satisfactory, the average deviation distance from the path is less than
0.05 meters. The maximum deviation of the robot from global plan occurs just after the
robot moves around the corner (according to what is observed in Figs. 7.8 and 7.9). This
maximum deviation is less than 0.20 meters. This means that the lane keeping controller
works properly and keeps the robot within the safe zone.

To conclude the design of the controllers, and after the experimental results obtained, it
was decided to set the controller values as follows: KpLaneKeeping = 3.0, KpServoing = 3.0
and the following distance robot-to-person to 2.0 meters.

7.5.2 System testing in clinical environments with MS patients.

During the experiments, patients with Relapsing-Remitting Multiple Sclerosis (RRMS)
underwent a gait test. These tests were not intended to analyze the functional status of
the patients, nor the progress of the disease, nor the deviation of the gait pattern from
normal. These topics will be discussed in a future work. The purpose of these tests was
to analyze the effectiveness of the lane keeping controller and to extract the gait patterns
from the patients to verify that the resulting waveforms correspond to what is described
in the literature.

The only variable controlled during the experiment was the interaction with dynamic
obstacles. The environments in which the tests were conducted presented a higher degree
of complexity than the environment used for the preliminary tests. Doors, glass walls and
narrow corridors found in these clinical environments made testing a challenge. The clinical
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Figure 7.10: Walking experiments with MS patients in clinical environments. The upper
part shows the trajectories, the lower part shows the kinematic signals of knee and hip
flexion/extension.

environment “A” was the Getafe Multiple Sclerosis Association, the clinical environment
“B” was the University Clinic of the Rey Juan Carlos University.

Fig. 7.10 shows the results of this experimental stage. In The upper part of Fig. 7.10,
the planned path, and the real path followed by the robot and the MS patient are shown.
The images in the lower part of Fig. 7.10 show the averaged and normalized (0-100%)
gait pattern obtained for knee and hip flexion/extension. As can be seen, the waveforms
resulting from the experiments are consistent with those described in the literature of
[Perry and Burnfield, 2010]. Regarding the lane keeping task, Table 7.2 summarises the
robot deviation from global plan during the experiments. When looking at the dimensions
of the planned paths, it can be seen that the path of environment “A” is shorter than the
rest. This is because this clinical environment is smaller than the other environments.
Navigation in narrow spaces is highly difficult because the robot needs a higher reaction
speed to be able to execute fast corrections of its trajectory. This is why the robot deviation
from path in environment A is slightly higher than in environments “B1” and “B2”.

Table 7.2: Robot deviation from the planned trajectory. Experiments in clinical environ-
ments.

Average
Deviation(m)

Standard
Deviation(m)

Max.
Deviation(m)

Min.
Deviation(m)

Clinical
environment A

0.0869 0.0829 0.3193 0.0015

Clinical
environment B1

0.0505 0.0476 0.2715 0.0025

Clinical
environment B2

0.0389 0.0302 0.1929 0.0004
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Finally, since the experiments performed in this stage were conducted in more complex
environments, the maximum robot deviation (which in one case reached 0.3193 meters) was
considerably higher than in the preliminary experiments described in the former section
(where the maximum deviation was 0.1837 meters). However, in none of the cases the
robot left the safe navigation zone.

7.5.3 Evaluation of results.

The use of mobile robots for human gait monitoring and analysis is a field generating
a great deal of interest in the medical community. All studies focused on this topic are
looking for alternatives to expensive photogrammetric systems. The purpose of this section
is to discuss the differences between the mobile robotic system designed in this study with
the most current approaches.

In the study presented by Cifuentes et al. [Cifuentes et al., 2016], a robot for walking
assistance and analysis was developed. The author performs two types of experiments to
evaluate the system. The first experiment executes an S-shaped trajectory with the robot
working without traction. This means that the human guides the robot with his arms.
The second experiment performs the same S-shaped trajectory when the robot follows the
human without physical interaction. Evidently, the second experiment performs a study
more related to the current configuration presented in this study. The main concern when
analyzing the study of [Cifuentes et al., 2016], is that the tests were performed at two
walking speeds, 0.25 and 0.5 m/s, for validation of the proposed methodology. The user
claims that the selected speeds are consistent with the slower gait typically performed by
people with disabilities. This is fully refutable, since the gait speed in people with MS has
been measured to be 1.65±0.34 m/s [Grobelny et al., 2017].

On the contrary the platform presented in this study has a maximum speed of 1.00 m/s.
This is at least enough to replicate normal gait in patients with Relapsing-Remitting Mul-
tiple Sclerosis (RRMS). This maximum speed would also be appropriate for self-selected
speed capture in patients with secondary progressive multiple sclerosis (SPMS) and pri-
mary progressive multiple sclerosis (PPMS).

Continuing with the analysis of [Cifuentes et al., 2016], the patient has an IMU sensor
attached to the pelvis, which feeds back the rotation of the person to provoke a rotation in
the robot. This is certainly very interesting because it shortens the test setup time since
the robot does not need to map the environment. However, the use of a blind system,
which unknown the navigation environment, and does not have an obstacle avoidance
controller, makes the risk of the platform described in [Cifuentes et al., 2016] quite high.

In another study, B. Jäschke et al. [Jäschke et al., 2018], have developed a robotic
platform very similar to the one presented in the current study. This is a mobile robotic
platform developed for rehabilitation and gait analysis purposes and not for gait assistance
as in [Cifuentes et al., 2016]. In this study, no distance control is established between the
robot and the person, and therefore during the walking test, the person must adapt the
walking speed to that of the robot. The author sets up a series of tests with a static
system (only the camera placed in front of the person) and with the dynamic system
(the mobile robot), but the tests with the dynamic system are very limited. In Scheidig’s
article [Scheidig et al., 2019] it is shown the continuation of the latter research. This study
already includes the design of a distance controller. However, the author places hip flexion
and knee flexion signals that do not agree with the waveforms described in the literature
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of [Perry and Burnfield, 2010].

Regarding the person following algorithm and path following algorithm, that involves
two tasks, person tracking and safe robot navigation, it is interesting to discuss the sudy of
Doisy et al. [Doisy et al., 2012]. In this study, the robot reproduces the path of the person
in the environment. This is an option that was evaluated prior to the development of
the current study. However, because in this configuration the robot follows the person, it
captures the skeleton data by viewing it from the rear. It significantly affects the estimation
of the kinematic gait signals due to the occlusion that occurs between the joints during
walking. This configuration is similar to the one adopted by Bonnet et al. [Bonnet et al.,
2015]. Contrary to these proposals, the idea of the current study is to achieve a frontal
capture of the person while the navigation task is performed.

In addition, in both studies [Doisy et al., 2012] and [Bonnet et al., 2015], a Kinect sensor
was used to perform the skeleton tracking task. In the current study, before deciding to
use the Orbbec Astra camera, other sensors such as the KINECT V2 sensor and the
INTEL RS D415 sensor were considered. The main problem with INTEL sensors is that
the skeleton capture freezes as soon as the sensor moves. This generally happens with
stereo technology working in a dynamically changing environment. On the other hand,
the Kinect sensor is too large and heavy and requires a dedicated power supply. Besides,
using the Kinect sensor would mean a technical failure because the Kinect sensor is no
longer manufactured. The Orbbec Astra sensor was chosen for this study because of its
size and weight, but also because it can record the skeleton at 30 fps at a very stable
recording rate.

7.6 Human-machine interface for robot operation, gait data

management and post-processing

The mobile robotic system designed in this chapter is part of the ROBOGait project.
ROBOGait is a system designed for human gait analysis in clinical environments. The
professional profiles that will control ROBOGait will be those dedicated to the areas
of medicine, nursing, or care of the elderly people. These profiles are not particularly
interested in programming, nor are they usually trained in this discipline. Thus, the
ROBOGait development line is bifurcated into two complementary subsystems: the first
is the one in charge of gait analysis, and the other is the tool in charge of controlling the
robot. The aim of this section is to present the development of an application for tablets
and mobile devices to control the ROBOGait system. The purpose of this application is
to enable medical staff and caregivers to operate ROBOGait accurately, without the need
for training sessions or technical knowledge, immediately and remotely.

ROBOGui (Fig. 7.11) is an application for tablets that allows remote control of ROBO-
Gait, through a modern, simple graphical interface, without the need for prior program-
ming knowledge. The application focuses on making all robot activities easier (motor
functions, data collection and data processing), so that the user can focus on what is
essentially useful to him: determining if the patient is suffering a gait disability.
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Figure 7.11: An overview of the ROBOGui application that is used to operate the ROBO-
Gait system.

7.6.1 Development framework: Xamarin

One of the main reasons why it was decided to implement the robot’s control interface in
a mobile application format (app) was the high probability that the user already owns an
electronic device to control it, thus avoiding the unjustified economic and material expenses
of manufacturing new control devices and democratizing the general public access to this
new technology.

It was precisely because of this democratizing design consideration, that an attempt
was made to develop a software tool with maximum compatibility with the devices. Since,
given the diversity of consumer electronic device manufacturers on the market, it cannot
be assumed that all potential RoboGait end users (doctors, nurses, assistants, and other
specialists) will have the same mobile phone or tablet.

Nonetheless, and as it is always the case in digital product development, the optimal
balance between maximum compatibility and development costs must be sought when
designing an application.

After conducting an investigation of possible application development frameworks, an
option with an excellent “compatibility - development efforts” ratio was found: cross-
platform development with Xamarin.

Xamarin is a framework that allows developers to program a single application using
C# as logic code and XAML as its design language (that is, like the so-called “ASP.NET”
Microsoft apps), and this will be automatically compiled for the most popular operating
systems on the market: Windows, Android, and iOS.

The great advantage of multiplatform development and, therefore, of a framework like
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Xamarin, is that it avoids code duplication. With native development, it is necessary
to write a different code file, in a different language, for each platform for which the
application wants to be launched. This advantage of cross-platform development not only
represents a significant economization of work for developers, but also makes it possible
to manage the versions of an application in a significantly more effective manner: when
making any change in the application, it is no longer necessary to remember to update it
in the versions of other platforms, but it is updated automatically, promoting a dynamic
and iterative application development process, in tune with the principles of contemporary
product design methodologies.

The disadvantage of multiplatform development is, however, the limited access to the
so-called native libraries. Native libraries are a set of functional implementations, made
available to developers by the manufacturers of the devices that run the native system, to
access specific functionalities of the native system. Since the functional requirements of
the application did not imply the use of any specific tool of an operating system, it was
considered appropriate to proceed with this type of development.

Returning to the specific advantages of Xamarin, it was decided to make use of this
development framework and not others (like React Native, Flutter, etc.) for a personal
reason: each of these Frameworks uses a language for its universal code files and since
the developers of this interface already have previous experience in the development of
ASP.NET applications, Xamarin was chosen because it allows programming in C#.

7.6.2 System compatibility of Xamarin: Android and iOS.

Xamarin allows development for iOS, Android, and Windows. However, although it does
not imply a relevant additional development cost to develop an app for all these platforms
(nothing more than the debugging and testing efforts of the application on each platform),
it was considered unnecessary to develop it for Windows, having determined that the robot
would be controlled from a mobile device (phone or tablet), and this operating system has
a very low market share in this device sector (only 0.02%). The application would therefore
be developed for the iOS and Android platforms because of their high market share as
shown in Fig. 7.12.

Figure 7.12: Mobile O.S. market share, as of February 2021.

When it comes to choosing the minimum supported version for each system, Xamarin
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offers support for versions as old as Android 4.4 (2013) or iOS 8 (2014). Finally, it was
determined that the application would offer compatibility with versions of Android 5.0
and higher (2015) and with iOS 8 and higher (2014). Android 4.4 was not selected due to
slight limitations in the interface design of this version that made it difficult to cross-code
between platforms and required specific alterations for this system.

The choice of compatible versions was verified after checking that, with this decision,
the software would be accessible from 97.61% of all active mobile electronic devices as of
February 2021 (98.21% of Android devices, and 98.79% of iOS devices). Fig. 7.13 shows a
circle chart of Android versions market share, compatibles with ROBOGui, as of February
2021.

Figure 7.13: Android versions market share, compatibles with ROBOGui, as of February
2021.

It should be noted that, although the application would be compatible with this high
percentage of mobile devices (no matter phones, tablets, and convertibles), the design
of the application is optimized for use in tablets, especially with regards to the drawing
trajectories functionality. However, these are mere recommendations as they would allow
the user to be more comfortable, enjoying a greater screen space and use through mobile
phones is also possible.

7.6.3 Woking principle

The biggest challenge in developing this control tool was investigating how an iOS /
Android type electronic device could be connected to the robot’s CPU:

Communication with a ROS system is simple if done from another device running an
OS compatible with it, i.e., preferably a UNIX-based system. If this were the case, it
would only be necessary to declare the new control machine as part of the ROS system,
and it would already be able to see and execute nodes, just indicating with the <machine>
tag the target machine of the order. This type of internal system communication is what
takes place between the Intel NUC and the robot’s CPU.

However, as it was determined that, to maximize ease of use, the control interface
would run on a smart phone or tablet device, communication with the robot becomes
more complex, as these devices can no longer be considered as internal machines of the
ROS system.

After a search for related articles and projects, the possibility of achieving this com-
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munication through a ROS package called Rosbridge was envisioned. As indicated in the
description of this package on its official website: “Rosbridge provides a JSON API to
ROS functionality for non-ROS programs”.

In other words, Rosbridge establishes a communication channel through messages writ-
ten in JSON, through an application programming interface (API), between a program
that is not part of the ROS system, and that system. In this case this communication is
established between ROBOGui and ROBOGait.

Obviously, for this communication to work, it is necessary that, on the one hand, the
ROS system has the Rosbridge package installed; and, on the other hand, that the external
program has access to the API. To give access to the program written in C# to the API,
a NuGet package called RosbridgeNet was used. It allows ASP.NET-like applications to
communicate with Rosbridge. Fig. 7.14 shows the outline of the operating principle of
this communication, which is established through a WiFi connection.

Figure 7.14: Operating principle of communication in ROBOGui, using Rosbridge with
the RosbridgeNet library.

As Fig. 7.14 shows, the connection through Rosbridge is carried out through JSON
messages to a Rosbridge node, which in turn has the ability to publish and subscribe to
topics of the ROS system, like any other node. In this way, the tablet application manages
to act as one more node of the system. However, this implies a series of limitations:

• First, a ROS node is not capable of interacting directly with other nodes in the
system, but can only publish and subscribe to topics. This implies that, in principle,
this Rosbridge node does not have ability to start or terminate nodes in the system.
Therefore, using Rosbridge alone, it is not possible to manage the life cycle of the
system nodes. This is a major limitation for controlling the robot from the tablet,
considering that manual access to the CPU is not desired frequently.

• Secondly, since for the JSON messages to reach the system, the Rosbridge node must
be active, then if the application only communicated with the robot by Rosbridge
it would be necessary to first access the robot manually to open the node, and then
control it with the tablet, each time the application wanted to be used. This, surely,
would be a great inconvenience for the user.

These limitations required to research other forms of connection, which were finally
implemented as auxiliary communication methods so that the application could function
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completely independently from the robot (i.e., to control everything from the app, without
having to access the robot’s computer manually):

• To solve the first problem, a topic was enabled in the ROS system to send terminal
messages, and a node was created to listen to them. Unlike nodes, shell messages do
have the ability to start and terminate system nodes. Therefore, if Rosbridge sends
messages written in shell code to a topic destined for these messages, a node that
receives these messages could forward them to the terminal through the Python com-
mand (subprocess.call(comando, shell = True)). Thus, the first problem is solved:
nodes can be activated and killed from Rosbridge, as long as the terminal publisher
node is active.

• To ensure that both the Rosbridge node and the terminal publisher node are active
whenever they are needed, without having to access the robot’s computer, two design
solutions were considered:

Initially, the possibility of automatically starting these two nodes at startup was
considered. This idea caused problems in its implementation, since operating systems
put many limitations, for security reasons, when allowing custom processes to be
executed at the beginning of the system.

Finally, after the failure of the first option, it was also observed that this first ap-
proach was not entirely efficient: the Rosbridge nodes were being started at system
boot-up, whether they were necessary or not. Thus, the team started to look for a
way to start the nodes when required: when the user opened the tablet application
to control it. It is at that moment when, truly, it is necessary that the Robridge
node and the publisher node of the terminal are active.

The way to achieve this was through a connection via SSH (Secure Shell Script), a
remote administration protocol that allows the robot to be controlled using an au-
thentication mechanism. This would allow the application to send messages directly
to the terminal, without having to start the terminal’s publisher node beforehand.

After investigating possible ways to achieve this connection over SSH, a library for
ASP.NET applications (another NuGet package) was found, called SSH.Net. The
principle of operation of this library is shown in Fig. 7.15.

Figure 7.15: Principle of operation of the SSH.Net library, for connection over SSH.

139



CHAPTER 7. Mobile robotic platform for human gait analysis in practical scenarios

In this way, the application works as follows: when started, it sends a message by
SSH ordering the activation of the ROS master node (roscore), the Rosbridge node, and
the terminal publisher node. Once the system is ready to communicate on Rosbridge,
communication continues on that channel.

It should be mentioned that the SSH connection is also used in a different circumstance
at the beginning of the application: to examine which maps the robot has saved in the
system and broadcast them through the tablet, showing them to the user graphically. This
action could not be performed by Rosbridge either, since a node does not have access to
the list of contents of a folder on the system.

7.6.4 Functional development

In order to determine the tools that the application would offer, a functional analysis of
the robot was first performed. This analysis began by identifying the basic needs of the
end user (the clinician or specialist):

• Controlling the movement of the robot through the spaces of the clinical center.

• Manage the initiation and save the patient gait experiment data.

These requirements were then translated into a series of functions and sub-functions
to be performed by the ROBOGui application. In the first case, for example, the need to
control the movement of the robot through the rooms of the clinical center was translated
into a global function of the application whereby it would be able to process a trajectory
that the user would indicate on the map. In this context, the most interesting methods of
establishing a trajectory in ROBOGui are:

• Set a final goal: The user marks on a map the point he/she wants the robot to
reach, and the robot calculates the optimal trajectory using the relevant trajectory
planning nodes.

• Draw a specific trajectory: The user draws on the map the trajectory to be followed.
The application verifies that the trajectory is feasible (there are no obstacles) and
sends the trajectory directly to the planning nodes.

Logically, for the user to be able to draw a trajectory on the map, it will be necessary
to have the map available first. The interface contemplates this functionality allowing the
user to build a map of the experimental environment. In order for the robot to map a
specific area, the user should have a tool to maneuver the robot in that area. In this way
ROBOGui incorporates a function of direct control via joystick that allows the user
to control the robot as a teleoperated vehicle. Finally, going deeper into the functional
analysis, ROBOGui has a function to establish connection and communication with the
robot (its operating principle has already been explained in the previous section). Thus,
this functional description concludes by defining the interactive scheme of the application,
which is illustrated in the flowchart shown in Fig. 7.16.
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Figure 7.16: ROBOGui flowchart of the application’s distribution of pages and functions.

7.6.5 User-Application-Robot interaction

The nature and principle of operation of each of the actions resulting from the user-
application-robot iteration are the main guide in the development and implementation of
this project. Each of the actions that can be performed in this iteration are documented
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in the following sequence diagrams:

• Action 1: Direct control of the robot - see Fig. 7.17.

• Action 2: Save a map - see Fig. 7.18.

• Action 3: Start and save the recording of gait data -see Fig. 7.19.

• Action 4: Set a goal position and orientation - see Fig. 7.20.

• Action 5: Set a specific trajectory by drawing on the screen - Fig. 7.21.

• Action 6: Setup the robot’s connection -see Fig. 7.22.

Figure 7.17: Sequence diagram of the user-application-robot interaction in the process of
directly controlling the robot through ROBOGui.
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Figure 7.18: Sequence diagram of the user-application-robot interaction in the process of
saving an environment map (such action is carried out within the direct control page, after
carrying out the actions listed in the previous figure).

Figure 7.19: Sequence diagram of the user-application-robot interaction in the process of
starting and saving gait analysis data.
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Figure 7.20: Sequence diagram of the user-application-robot interaction in the process of
indicating a goal position and orientation of the robot.
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Figure 7.21: Sequence diagram of the user-application-robot interaction in the process of
indicating a trajectory by drawing on the screen.
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Figure 7.22: Sequence diagram of the user-application-robot interaction in the process of
setup the robot’s connection.

7.6.6 Page and controls distribution

First Use screen and IP Configuration screen

The First Use screen (Fig. 7.23, left) appears only when the application is opened, and
the user has not yet connected it to any robot. This page invites the user to go to the
IP configuration page to establish the connection with the robot and save their data for
the future. The user could choose not to connect any robots at the moment. It could be
useful if the user wants to explore the application’s functions before connecting anything,
but the application will have no practical utility until it is connected.

The IP configuration screen (Fig. 7.23, right) is accessed from the First Use screen or
from the application’s Home Screen and allows the user to connect to the robot for the
first time. It is also useful to reconfigure the connection if the IP of the robot has changed.
The page has a simple configuration, exposing nothing more than a text box to enter the
IP, with a help button to explain to the user where to find it.

When the user types something in the text box, the tablet automatically checks if
it is a valid IP address format, and if so, it displays a verify connection button. If the
connection is successful, the user will be indicated in a small message and will be invited
to return to the home page. If there are any errors, these will also be displayed to the
user.
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Figure 7.23: First use screen (left) and IP configuration screen (right).

Home Screen and Map Origin Selection screen

The Home Screen (Fig. 7.24, left) welcomes the user to the application and gives him
access to the three basic blocks of functions that it offers:

• Functions related to the direct control of the robot.

• Functions related to mapping and trajectory planning.

• Functions related to the connection configuration.

Figure 7.24: Home screen (left) and Map Origin selection screen (right).

The Map Origin selection screen (Fig. 7.24, right) page appears after choosing the
option “Plan trajectories” from the start menu, giving the user the possibility of:
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• Make the robot explore an unknown environment to save it as a map and start
planning trajectories.

• Load the map of the environment in which the robot is located, if the user had
previously registered said map.

Direct Control screen

The Direct control screen (shown in Fig. 7.25) offers two basic functionalities: directly
control the robot’s movements and simultaneously explore the environment, and then
save the map and use it in the trajectory planning page. For this reason, this page can
be accessed from two points in the application: from the home screen (direct control),
and from the map source selection screen (explore new map). This double access point
redundancy is established to ensure that the user always has this page at hand when
required. The page space is divided into two panels: the control panel and the display
panel.

Figure 7.25: Direct Control screen.

The control panel includes a joystick, capable of sending precise orders to move the
robot, together with a small text indicator that shows the speed order that is being sent.
The joystick sends higher speeds the further the control circle is positioned from the center
of the joystick. In addition, a steering lock functionality is incorporated, whereby if the
user presses the directional triangles or moves the control circle outside the limits of the
non-locking control area, the maximum speed will be set in one of the main directions.
i.e., fully forward movement (0◦), fully reverse (180◦), pure left turn (90◦), and pure right
turn (270◦).

The display panel, on the other hand, allows the user to see the estimated position of
the robot, the regions of the environment registered (indicating in white the free zones, in
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black the zones with obstacles, and in bluish gray the unknown zones) and the controls to
save the map and to restart the data collection of the environment.

Path Planning screen

Path Planning screen (shown in Fig. 7.26) includes the key project functions: those that
give the user the ability to describe the path the robot will move followed by the patient,
collecting joint movement data in the process.

In this page, it is especially important to optimize the screen real estate so that the
map is displayed large enough to easily give directions on it. For this reason and given
the number of controls that this page must present, many of these controls are hidden in
the lower expandable sheet.

Figure 7.26: Path Planning screen.

The lower expandable sheet gives access to all the functions related to trajectory
planning, through controls accompanied by explanatory text labels. As will be seen later,
these functions will also be accessible when the bar is minimized, but through simplified
controls without text. Therefore, this bar fulfills a function fundamentally of explanatory
support for the user, to remind the user what each icon means and how it is used.

The controls provided by this sheet with respect to trajectory planning are as follows:
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• Button to indicate the position of the robot: allows the user to give the starting
position of the robot on the map, starting from which it will orient itself in its future
movements. If at any time the robot becomes disoriented, the user can always use
this button again to correctly indicate where it is on the map. The position is defined
by indicating the position vector of the robot (i.e., location and orientation point),
the way of which is specified is explained later.

• Planning mode switch button: since, as already indicated above, the robot can be
guided either by indicating the final goal, or by explicitly drawing the desired path,
this button allows to switch between both path planning modes. The “Set Goal”
mode prompts the user to indicate the desired final position vector (target position),
while the “Draw Path” mode allows the user to draw by dragging their finger or a
stylus on the map.

Given the significant screen space this bar uses when maximized, it is important that
it only occupies it when necessary. Therefore, as soon as the user selects one of the options
listed above, the bar is automatically minimized to offer the user the most space to draw
or touch on the map.

In addition, the lower expandable bar has an additional control, visible even when the
bar is minimized: the map selection control. This is a drop-down box that allows the user
to select among all the maps stored in the robot’s memory.

Figure 7.27: Global and local paths dynamically drawn on the path planning page.

On the other hand, this page has the display panel or main panel: a space that contains
the map for the user to determine the trajectories on it with the mode they have selected,
and to manage the collection of joint data. This panel has flexible dimensions to adjust
the map to the largest possible space at all times, becoming smaller when the bottom bar
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is expanded, and occupying the entire screen when it is minimized. In any case, the map
is always displayed in its entirety.

As mentioned before, the viewing panel has, in its upper right corner, the same controls
as the expandable lower bar, but this time in a much more simplified and compact format,
showing only its icons, so that the user can avoid resort to expanding the bottom bar once
you are familiar with these commands.

On the other hand, the panel shows, dynamically, the trajectories that the planner
has calculated for the experiment, as shown in Fig. 7.27. The trajectories are shown on
the map, allowing the user to see, roughly, the path that the robot has to travel to reach
its goal (global trajectory) and to know the movements that the robot plans to do next
(local trajectory). More specifically, the meanings of the global and local trajectories are
as follows:

• The global trajectory is the trajectory that the planner computes first. If the appli-
cation is in the “Set Goal” mode, it is the theoretical path that the planner considers
optimal with the knowledge that it has of the presence of obstacles and the size (or
footprint) of the robot, and applying parameters for optimization of times and dis-
tances adjustable by code. On the other hand, if the application were in the “Draw
trajectory” mode, the global trajectory would be the one drawn by the user.

• The local trajectory defines the short-term objectives of the robot, established by
the orders of the global trajectory, but taking into account the mobile capabilities
and current position of the robot.

Finally, this display panel has, in its lower left corner, a button that allows starting the
data collection of the joints and saving said file on the robot’s computer for processing. The
data collection is carried out first indicating the name of the file to be saved. Therefore,
as soon as the user enters the file name, the start recording button appears and the robot
can start recording the data in the specified file.

7.6.7 Data Management and Post-Processing tool

Once the gait experiment is completed, a .csv file containing the gait data is stored in
the root directory of the on-board computer. This is the raw data containing the three-
dimensional points of the joints. This data is used for the calculation of the kinematics of
the joints. Subsequently these kinematic signals are post-processed using neural networks
(that were designed in the chapter 6 of this thesis), which allow to improve the accuracy
of the measurements. The resulting signals are used to generate a gait experiment report.
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Figure 7.28: Data management and post-processing tool.

The aim of the Data Management and Post-Processing tool (shown in Fig. 7.28) is to
handle this process. This interface has a check box group that allows the user to choose
the type of post-processing in this way:

• Apply ML to kinematic signals. The kinematic gait signals are post-processed by the
neural networks. With these data, the gait events and parameters are calculated.

• Apply ML to the running events. The gait events are calculated based on the raw
data and then post-processed with the neural networks prepared to process gait
events.

It is recommended to apply both types of post-processing in order to ensure the vali-
dations presented in Table 6.2 and Table 6.3 introduced in the chapter 6 of this thesis.

7.6.8 Gait analysis report

The report is presented in an .xlsx format, with three sheets which are described below:

• The “KINEMATIC” sheet: This sheet contains perhaps the most important data
of the experiment since the kinematic signals during the whole trajectory are con-
tained here. The clinician can use these signals to evaluate the gait, but also the
variability of a certain event or parameter, which is extremely important in gait
analysis. The report presented in this sheet contains 12 kinematic signals orga-
nized as follows: Elbow flex/ext.(◦), Knee flex/ext.(◦), Hip flex/ext.(◦), Shoulder
flex/ext.(◦), Trunk tilt(◦), Pelvis tilt(◦), Hip add/abd.(◦), Shoulder add/abd.(◦),
Trunk rotation(◦), Pelvis rotation(◦), and the Inter Ankle-distance(m). These sig-
nals have already been post-processed using the neural networks designed for this
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purpose and the accuracy of the system in measuring these signals has been shown
in Table 6.2 of chapter 6 of this thesis. An example of this report sheet is shown in
Fig. 7.29.

Figure 7.29: Report of kinematic gait signals.

• The “NORMALIZED KINEMATIC” sheet: The kinematic signals are divided
into gait cycles. All complete gait cycles, performed during the whole experiment,
are averaged and then normalized from 0-100% of the gait cycle.

Figure 7.30: Report of kinematic normalized kinematic signals.

The normalized gait cycle is particularly useful to obtain the gait pattern of the
patient and then compare it with other patterns. It is also useful to get a quick
approximation of the kinematics during gait phases, because by definition, initial
contact occurs between 0-2% of the gait cycle, loading response 2-10%, mid stance
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10-30%, terminal stance 30-50%, pre-swing 50-60%, initial swing 60-73%, mid swing
73-87%, and terminal swing 87-100%. As mentioned, this is only an approximation
of the analysis by gait phases since a deeper analysis should be performed on the
basis of the foot contact events: heel strike (HS), flat foot (FF), heel rise (HR) and
toe-off event (TO), as was explained in the chapter 2 of this thesis. An example of
this report sheet is shown in Fig. 7.30.

• The “GAIT EVENTS” sheet: This sheet contains the 27 kinematic events and
spatiotemporal parameters of gait obtained during the experiment in this order: step
width (m), left stride length (m), right stride length (m), left stride time (s), right
stride time (s), right step time (s), left step time (s), right cadence (steps/min), left
cadence (steps/min), percentage of foot stance (%), percentage of foot swing (%),
trunk max. tilt (◦), trunk min. tilt (◦), pelvis max. tilt (◦), pelvis min. tilt (◦),
hip max. adduction (◦), hip min. abduction (◦), pelvis max. rotation (◦), pelvis
min. rotation (◦), hip max. extension during stance (◦), hip max. flexion during
swing (◦), hip max. flexion during stance (◦), knee initial contact position (◦), knee
position at toe-off (◦), knee max. flexion in load response, knee max. flexion during
swing (◦), and the knee max. extension before heel strike (◦).

The accuracy of the system in estimating these kinematic and spatio-temporal pa-
rameters has been shown in Table 6.3 of chapter 6 of this thesis. An example of this
report sheet is shown in Fig. 7.31.

Figure 7.31: Report of kinematic events and spatiotemporal parameters of gait.

7.7 Conclusion.

In this study it have been shown the design process of a mobile robotic platform to perform
human gait analysis in clinical environments. The study was focused in the design of the
controllers and the navigation strategy implemented in the mobile robotic platform.

During the experimental stages, the tests were dedicated to evaluate the accuracy of the
lane keeping controller and the quality of the skeleton capture system in real environments.
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This experimental stage revealed that in curved sections, especially in the corners of a
map, the knee joint is affected by occlusion and the deviation of the person in the camera
reference system. This problem was greatly improved by adjusting the servoing system
and the following distance.

The professional profiles that will control the robot will be those dedicated to the areas
of medicine, nursing, or care of the elderly people. These profiles are not particularly
interested in programming, nor are they usually trained in this discipline. Therefore, the
need arose to develop a tool for robot operation, gait data management and post-processing
that allows medical staff to operate the mobile robotic system accurately, without the need
for training sessions or technical expertise. For this purpose, a cross-platform development
with Xamarin was developed. This allowed the control of the robotic system from tablets
and mobile devices.
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Chapter 8

Pathological gait pattern

evaluation and classification.

Comparison of the mobile robotic

system and an inertial sensor

system.

“The only way to discover the limits of the possible is to go beyond them into the
impossible”

Arthur C. Clarke

This chapter analyzes normal and pathological gait patterns using the mobile robotic
system and an inertial sensor system. Within the pathological gait, Spastic CP, Cerebellar
ATAXIA and Relapsing-Remitting MS are analyzed. Differences between patterns are
identified on the basis of joint kinematics and the main descriptors of gait. At the end,
the performance of the systems to classify normal and pathological patterns is compared.
In this way, it is possible to test the mobile robotic system in a wider range of walking, while
comparing it with a commercial system working under the same experimental conditions.

8.1 Introduction

The mobile robotic system designed in this thesis is part of the ROBOGait project. The
mobile robotic system ROBOGait is designed to analyze human gait in real environments,
typically in corridors that resemble a common clinical environment. Until now, the ROBO-
Gait system designed in this thesis has only been compared for validation purposes in a gait
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analysis laboratory, where the walkway has a maximum length of about 4 meters. Which
is the typical walkway length for gait laboratories based on photogrammetric systems.
In contrast to photogrammetric systems, systems based on Inertial Measurement Units
(IMUs) have the advantage of being able to track the skeleton in larger environments.

Although IMUs sensors have proved to be very accurate when measuring body segment
orientations, they also have limitations that were already mentioned in chapter 3 of this
thesis. Among them it can be mentioned that the accuracy of systems based on inertial
sensors is highly dependent on the calibration. In fact, the precision depends on how
accurately the patient or participant performs the motion and static poses during the
calibration process. Some studies have addressed this problem, for example in the study
of Seel et al. [Seel et al., 2014], a method was proposed that used arbitrary motions and
identified the sensor-to-segment mounting by exploiting kinematic constraints. Root mean
square errors (RMSE) of the knee flexion/extension angles were found to be less than 3 ◦.
In the same study, deviations of about 3 ◦ were observed because of the skin and muscle
motions. Movements of the skin and muscles reveal another disadvantage of these systems.

IMUSs must necessarily include magnetometers to improve the segment orientation
estimation. However, sensitivity to magnetic disturbances can also affect their accu-
racy [Robert-Lachaine et al., 2017]. In [Robert-Lachaine et al., 2017], the accuracy for
measuring joint angles with IMUs under different timing of magnetic disturbance was an-
alyzed. The greatest affectations were observed in rotations about the longitudinal axis
and during the longest perturbations.

The system to be used in this study is a wireless XSENS system. Which is a highly
commercial system based on inertial sensors. It was decided to use this system because
it employs far more advanced sensors than other systems. The motion trackers used
by XSENS contain: 3D linear accelerometers, 3D rate gyroscopes, 3D magnetometers,
and a barometer. Additionally, each motion tracker contains an internal battery, which
allows removing wiring. However, due to the limitations of inertial systems mentioned
above, the XSENS system is not used as an absolute reference (or the ground truth in this
study). The aim of this study is to analyze normal and pathological gait with both systems
simultaneously to subsequently identify the differences between gait patterns detected by
each system. In this way it is possible to analyze human gait with the robot in a wider
range of walking, while comparing it with a commercial system working under the same
experimental conditions.

8.2 Test preparation

The current study was approved by the Human Research Ethics Committee (HREC) of
the Faculty of Technology, Policy and Management of the Delft University of Technology
(TU-Delft) located in Delft, The Netherlands.

The experiments were performed in the corridors of the second floor of the Pulse
building. This is an educational building situated between the Faculty of Industrial Design
Engineering (IDE) and the Faculty of Mechanical, Maritime and Materials Engineering
(3mE). It is a central place bringing students and lecturers together to make contacts,
collaborate, acquire knowledge, and develop themselves. Fig. 8.1 shows the experimental
environment in this place.

This study was exploratory, and gait data was collected from 11 healthy participants
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Figure 8.1: An overview of the experimental setup in the Pulse building at Delft University
of Technology (TU-Delft), The Netherlands. The participant has given written informed
consent to publish this picture.

(4 male and 7 female, Table 8.1).The experiment lasted two hours per each participant
and therefore one or maximum two participants were recruited per day.

The conditions to measure were: normal and simulated pathological gait. Within
the pathological gait, Spastic CP, Cerebellar ATAXIA and Relapsing-Remitting MS were
simulated. For ease of reference, from this point on, these will be referred as CP, ATAXIA
and MS.

The participants were trained by a specialized professional, who has an in-depth knowl-
edge of the gait disorder caused by these pathologies. At the beginning it was estimated to
collect at least 5 trials per participant (2 NORMAL, 1 CP, 1 ATAXIA, 1 MS) but finally
some additional experiments were collected from participants with more time availabil-
ity. A total of 68 gait experiments were performed between normal and pathological gait.
Table 8.2 summarizes the data collection process per gait pattern.

For the comparison between the systems the RMSE, standard deviation and corre-
lation were measured between the systems. For this purpose, 10 kinematic signals were
compared: knee flexion/extension, hip flexion/extension, shoulder flexion/extension, trunk
tilt, pelvis tilt, hip adduction/abduction, shoulder adduction/abduction, trunk rotation,
pelvis rotation, and the inter-ankle distance.

In addition, some specific parameters of gait were compared: step width, left stride
length, right stride length, left stride time, right stride time, right step time, left step
time, right cadence, left cadence, percentage of foot stance, percentage of foot swing,
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Table 8.1: Demographics.

Participant Age (years) Gender (M/F) Height (cm) Weight (kg)

1 51 M 173.0 71
2 24 M 169.0 68
3 24 F 178.0 70
4 24 F 181.0 80
5 23 F 174.5 70
6 21 F 171.2 54
7 27 F 167.0 60
8 24 F 154.2 74
9 27 M 175.7 85
10 33 M 192.3 90
11 28 F 171.0 57

Statistics 28±8 (4M,7F) 173±9.4 71±11.2

Table 8.2: Data Collection. Number of experiments per pattern.

Gait Pattern Number of Experiments

NORMAL 29
CP 11

ATAXIA 13
MS 15

TOTAL 68 experiments

trunk max. tilt, trunk min. tilt, pelvis maximum tilt, pelvis minimum tilt, hip maximum
adduction, hip minimum abduction, pelvis maximum rotation, pelvis minimum rotation,
hip maximum extension during stance, hip maximum flexion during swing, hip maximum
flexion during stance, knee initial contact position, knee position at toe-off, knee maximum
flexion during stance, knee maximum flexion during swing and knee maximum extension
before heel strike.

A two-sample t-test was used to detect the significance level of each feature. Statistical
significance was defined as a p-value of less than 0.05. The challenge of this comparison
was:

• Search statistically significant differences between gait patterns with the data re-
trieved by the XSENS system.

• Search for statistically significant differences between gait patterns with the data
retrieved by the ROBOGait system.

• Compare both results and determine which statistically significant differences were
detected by the XSENS and, on the contrary, were not detected by the ROBOGait
system.

8.2.1 The inertial system

The XSENS MVN inertial motion capture system is an easy to use, cost efficient system
for full-body human motion capture. MVN is based on XSENS’ state-of-the-art miniature
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inertial sensors and wireless communication solutions combined with advanced sensor fu-
sion algorithms, using assumptions of biomechanical models. There are two versions of
the hardware, the wired version (MVN Link) and the wireless version (MVN Awinda).
The MVN BIOMECH AWINDA version was used in this study, which includes 17 wireless
inertial units (or motion trackers). This system can perform full body tracking at a sam-
pling rate of 60 Hz. There are multiple suit configurations possible in MVN. In this study,
it was applied the “Full Body no hands” suit configuration (shown in Fig. 8.2) consisting
of 15 motion trackers with a sampling rate of 60 Hz.

Figure 8.2: MVN Suit Configuration “Full Body no hands”. Markers colored in green are
included in this configuration, markers in blue are not included.

The MVN system is controlled by a software application called MVN Analyze/Animate.
Inside the MVN Analyze/Animate (prior to a sensor to segment calibration), it is nec-
essary to input some anthropometric measurements. In this study, just body height and
foot length (shoe length at the time of the measurement) were measured in order for MVN
Analyze/Animate to calculate other segment lengths (based on an anthropometric model).
This is an alternative provided by this software.

During the experiments, the participant was required to wear a T-shirt of the appro-
priate size provided by XSENS, as it had to be fitted. In addition, the participant was
provided with a set of mounting straps for the pelvis, upper legs, lower legs, upper arms,
and forearms. These straps are used to attach the motion trackers to the body. The
trackers were placed at strategic locations on the body, to measure motion of each body
segment. Table 8.3 describes the positioning of the motion trackers.

Finally, before starting a recording with the XSENS system it was necessary to perform
a calibration process. Segment calibration is the step required to align the motion trackers
to the segments of the subject. During calibration the person held an N-pose for about 4
seconds, then walked forwards and backwards in a normal fashion. Generally, a “good” or
“acceptable” quality indication is sufficient. As mentioned above, the calibration process
highly influences the accuracy of the system. Therefore, during the experiments, the
calibration was repeated with each participant as many times as necessary until a “good”
quality indication was obtained.

Regarding joint kinematics, XSENS MVN provides joint angles directly using joint
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Table 8.3: Positioning of the motion trackers in “Full Body no hands” suit configuration
of MVN.

Body Segment N. Trackers Abbreviation Position

Foot 2 FOOT Middle of bridge of foot
Lower leg 2 LLEG Flat on the shin bone
Upper leg 2 ULEG Lateral side above knee
Pelvis 1 PELV Flat on sacrum
Sternum 1 STERN Flat, in the middle of the chest
Shoulder 2 SHOULD Scapula (shoulder blades)
Upper arm 2 UARM Lateral side above elbow
Fore arm 2 FARM Lateral and flat side of the wrist
Head 1 HEAD At the back of the head

Total of sensors 15

definitions based on ISB recommendations [Wu and Cavanagh, 1995,Wu et al., 2002,Wu
et al., 2005] for standardization in reporting kinematic data [Schepers et al., 2018]. There-
fore, the angles exported from the MVN Analyze/Animate software were used directly for
comparison. However, the MVN Analyze/Animate software does not allow to calculate
nor export the kinematic events and spatiotemporal parameters of gait (step length, step
width, among others). The detection of these parameters was performed following the
same guidelines as for the robot, which were were explained in chapter 6 of this thesis.

8.2.2 The mobile robotic system

Before starting the experiments, it was necessary to perform some previous steps with the
ROBOGait system, which are described below:

• Mapping the place: the robot must build the map of the place in order to be able
to navigate during the experiments. There were some inconveniences during the
mapping process mainly due to the fact that most of the corridors were glass-walled.
This material is not detected by the lidar sensor used by the robot and therefore
it was not possible to build the map of the site directly. To solve this drawback,
reference landmarks were used during the mapping process, which later allowed to
complete the map manually.

• Walking path: The operator chooses the trajectory that the robot will follow during
each walking experiment. It was attempted to set the same trajectory during all
experiments.

• Walking experiment: The person walked together with the robot along the trajectory
defined for the experiment and once the robot reached the goal, it stopped smoothly,
and the operator indicated to the participant that the test finished.

• Skeleton tracking: The person following distance was preset to 2 meters. For each
trial, 15 joint trajectories were recorded at a sampling frequency of 30 Hz. The data
processing, data analysis and inverse kinematics are the same as those applied in
the chapter 5 of this thesis. The process followed for the detection of kinematic and
spatio-temporal parameters of gait were explained in chapter 6 of this thesis.
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8.2.3 Synchronization

The XSENS MVN system is equipped with a module that controls the reception of syn-
chronized wireless data from all the motion trackers. This is the MVN Awinda Station.
On the back of the Awinda Station there are four BNC ports, two Sync In ports and two
Sync Out. To synchronize the XSENS with the robot these ports were configured to re-
ceive (Sync In) a TTL pulse of 3.3 volts. This pulse was sent from the robot using a BNC
adapter. The pulse was sent at the instant the robot’s skeleton capture system detects
the person standing in front of it. From this point on, the BNC adapter was disconnected,
and the person started the walking experiment.

8.3 Evaluation of systems performance

In order to have a reference of the accuracy of both systems (especially the XSENS system,
which has not been used in the previous chapters), the systems were compared with
a conventional photogrammetric system. A Qualisys system composed of 14 infrared
cameras was used (12 Oqus 700+ cameras and 2 Oqus 200c cameras). As shown in
Fig. 8.3, the tests were conducted on a motorized treadmill, keeping the robot static, both
because of space and reflections over the robot, that could influence the performance of
the Qualisys system .

Figure 8.3: GaitLab, Delft University of Technology (TU-Delft). Preliminary comparison
of XSENS-QTM-ROBOGait.

Calibration of the Qualisys system yielded a tracking residual of 0.819±0.31 millime-
ters. The marker set consisted of 22 reflective markers placed at anatomical landmarks
on the lower body, following the Conventional Gait Model. Three walking sequences were
performed, each lasting approximately 2 minutes. Regarding the synchronization, once
the ROBOGait system detects the person, a trigger signal was sent to synchronize it with
the other two systems. Therefore, the Qualisys and XSENS systems were configured to
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receive an external trigger input signal, which started and stopped the recording. The
kinematic signals of knee flex/ext, hip flex/ext, pelvis tilt and the inter-ankle distance
were analyzed. Table 8.4 summarizes the results obtained in these experiments.

Table 8.4: Results of the Xsens-QTM-ROBOGait comparison. The XSENS system is
represented by X, the Qualisys by Q and the ROBOGait system by R. RMSE values are
presented in degrees, except for the inter-ankle distance, which is in meters.

Pearson Correlation RMSE
(mean± SD) (mean± SD)

Q vs R Q vs X X vs R Q vs R Q vs X X vs R

Knee flex/ext. 0.98+-0.00 1.00+-0.00 0.98+-0.00 5.62+-0.44 3.98+-0.11 8.44+-0.56
Hip flex/ext. 0.95+-0.01 0.99+-0.00 0.95+-0.01 9.75+-0.94 5.28+-0.60 5.51+-0.12

Pelvis tilt 0.65+-0.05 0.64+-0.04 0.58+-0.08 1.28+-0.06 1.4+-0.12 1.28+-0.28
Inter-ankle distance 0.998+-0.00 0.996+-0.00 0.997+-0.00 26.31+-1.37 39.83+-0.72 49.91+-2.05

It can be seen that for the XSENS system, the kinematic of pelvis tilt had a low
correlation with the Qualisys. The same was true for the ROBOGait system. This revealed
the great influence that biomechanical models have when detecting joint motion. Despite of
this, the correlation was high for hip, knee, and inter-ankle distance. Like the ROBOGait
system, the XSENS system may also present problems related to the biomechanical model.
Therefore, the statistical analysis of this study is not aimed at finding significant differences
between the XSENS and ROBOGait systems. Instead, this study is aimed to identify the
differences between the gait patterns that each system can detect separately, using its own
biomechanical model.

8.4 Detection of gait patterns
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Figure 8.4: Planned trajectory (black), followed by the robot (blue) and followed by the
participant (green). This is an example of the trajectory followed during a NORMAL
walking test.
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The gait experiments were conducted in an environment that resembled the corridors
of a typical clinic. Fig. 8.4 shows the trajectory followed in one of the walking experiments,
specifically belonging to participant 5 walking in a NORMAL condition.

This trajectory was similar in all the experiments. In general, about 50 meters were
walked, in which approximately 27 gait cycles were detected. In Fig. 8.4, the planned
trajectory was designed based on the map. However, the real trajectory followed by the
robot could have varied depending on the conditions of the environment. For example,
the presence of new objects that have been placed in the corridor and that were not there
on the day of the mapping process, or the crossing of pedestrians during the experiment.

Table 8.5 summarizes the RMSE error between the XSENS and ROBOGait systems
for the 68 walking experiments. Due to the differences between the gait models employed
in both systems, the normalized n-RMSE error has been calculated from the signals with
the mean component removed. Also, because the joint ranges of motion have different
amplitudes, it has been calculated the error rate %-RMSE, which is the normalized n-
RMSE weighted by the range of motion observed at each joint.

Table 8.5: The root-mean-square error (RMSE) and the Pearson Correlation (r) between
the XSENS and ROBOGait. n-RMSE represents the normalized RMSE, %-RMSE repre-
sents the error rate. Values are displayed in the format mean±SD.

RMSE n-RMSE %-RMSE CORRELATION (r)

mean±SD mean±SD mean±SD mean±SD

Knee flex/ext.(◦) 6.64±1.81 4.09±1.30 9.98±2.39 0.96±0.03

Hip flex/ext.(◦) 3.08±1.99 1.98±1.00 7.12±3.18 0.98±0.02

Shoulder flex/ext.(◦) 11.35±5.44 1.34±0.33 9.61±3.15 0.98±0.01

Trunk tilt(◦) 6.60±6.51 0.55±0.22 23.72±8.68 0.79±0.18

Pelvis tilt(◦) 3.52±2.06 0.44±0.09 20.97±4.04 0.67±0.21

Hip add/abd.(◦) 2.21±0.96 2.08±1.11 21.31±8.08 0.78±0.17

Shoulder add/abd.(◦) 8.82±4.4 0.77±0.46 21.03±14.43 0.74±0.33

Trunk rotation(◦) 1.56±0.4 1.45±0.30 19.97±5.29 0.87±0.20

Pelvis rotation(◦) 1.24±0.6 1.10±0.67 13.98±6.09 0.95±0.05

Inter Ankle-distance(m) 0.06±0.01 0.06±0.01 6.89±1.62 1.00±0.00

To understand results presented in Table 8.5, the joint kinematics detected by each
system have been plotted in Fig. 8.5. These waveforms are the average of all observations
belonging to the NORMAL walking condition. The mean component was removed in
these signals to facilitate the observation of the results.

Continuing with the comparison, the next is to investigate the gait patterns detected by
each system for the different gait conditions: NORMAL, CP, ATAXIA and MS. Unlike the
previous figure, in this case it was preferred to analyze each system separately. Fig. 8.6
shows the results obtained. In this figure, the NORMAL walking pattern was plotted
together with the standard deviation to identify similarities with other conditions. It can
be quickly noticed that the CP condition is more easily identified than the others. In
this condition, knee and hip joint appear flexed during all the gait cycle. In contrast,
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Figure 8.5: Gait patterns retrieved with ROBOGait and XSENS systems for NORMAL
walking condition. Signals were averaged for all iterations performed in this condition.
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Figure 8.6: Gait patterns retrieved with ROBOGait and the XSENS system for Normal,
CP, ATAXIA and MS. Signals were averaged for all iterations performed for each gait
pattern.
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ATAXIA and MS are more difficult to identify. Especially at the hip joint, ATAXIA and
MS look very similar to each other and often overlap with the NORMAL gait pattern. It
is very interesting to note how the walking patterns look similar between the XSENS and
ROBOGait systems.

8.5 Identification of differences between normal and patho-

logical gait

A series of gait parameters were measured from the gait patterns. Specifically, this study
has focused on the main descriptors of pathological gait. The first step was to calculate
the parameters in the NORMAL condition, and then compare them statistically with each
of the other conditions.

A two-sample t-test was used to detect the significance level of each feature. Statistical
significance was defined as a p-value of less than 0.05. Table 8.6 presents the results of
this analysis. These results allow us to determine which differences were detected by the
XSENS and, on the contrary, were not detected by the ROBOGait system.

In general, most of the differences found by the robotic system agree with those found
by the inertial system. The systems mostly match for the CP condition. However, there
were also differences where the systems did not agree, mainly in the ATAXIA and MS
conditions. As is mentioned in the literature, patients with MS walk with a larger stride
length and longer step time, a wider base of support and a prolonged double support
period [Kalron et al., 2011]. Regarding the XSENS system, it was able to detect a wider
base of support (0.10m for NORMAL,0.17m for MS) with significant difference. Also,
the ROBOGait was able to detect this feature (0.11m for NORMAL,0.20m for MS) with
significant difference. In addition, the XSENS system was able to detect a significant
difference in left and right stride length, while the ROBOGait was unable to detect this
difference.

The literature shows that in spastic patients with CP, stance is longer than in NOR-
MAL, and gait velocity and stride length are lower than NORMAL [Norlin and Odenrick,
1986]. The findings of a more recent study presented in [Kim and Son, 2014], showed
lower velocity (60%), lower cadence (77%), lower stride length (73%), and higher step
width (160%) than patients with normal development. The XSENS system detected the
longer stance phase (50% for NORMAL, 51% for CP) but it was not a significant dif-
ference. ROBOGait did not detect this difference either. But most of the rest of the
differences mentioned in spatio-temporal parameters were successfully detected by both
systems. For example, there was detected lower stride length in both systems (1.00m
NORMAL, 0.76m CP in XSENS; 1.06m NORMAL, 0.89m CP in ROBOGait), and this
difference was significant. Also, the increased step width (0.10m NORMAL, 0.26m CP in
XSENS; 0.11m NORMAL, 0.29m CP in ROBOGait) was detected as a significant differ-
ence in both systems.

In addition, spasticity, or contractures of muscles in patients with CP can cause flexion
of hip, knee, and ankle. In the study of [Lucareli et al., 2007] there were observed three
groups of CP patients with limited extension: those with maximum knee extension less
than 15◦; patients with moderate limited extension (maximum knee extension between
15◦and 30◦) and patients with crouch gait (maximum knee extension in stance more than
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30◦). Fitting with this, most of the kinematic parameters in CP condition were detected
with significant difference. These features showed increased values (greater flexions) in
the XSENS system and ROBOGait, demonstrating the typical posture of a patient with
CP.

Table 8.6: Statistically significant differences of CP, ATAXIA and MS with respect to the
NORMAL condition. The cells marked with light red color represent significant differences
detected by the XSENS system. The cells marked with light blue color represent significant
differences detected by the ROBOGait system. The values in the cells show the average
of the observations in each gait pattern.

GAIT KINEMATIC NORMAL CP ATAXIA MS
DESCRIPTORS XSENS ROBOGait XSENS ROBOGait XSENS ROBOGait XSENS ROBOGait
trunk max. tilt (◦) 5.46 2.42 32.48 16.57 10.37 4.45 8.02 4.06
trunk min. tilt (◦) 2.14 1.22 29.05 12.29 5.99 2.63 4.38 2.18
pelvis max. tilt (◦) 5.70 2.74 20.34 13.59 8.03 4.01 7.08 3.95
pelvis min. tilt (◦) 2.98 0.56 16.53 10.25 3.95 2.30 2.77 2.09
hip max. adduction (◦) 5.62 1.14 3.05 2.69 6.71 4.44 7.03 2.49
hip min. abduction (◦) -7.03 -5.14 -4.05 -5.44 -3.20 -2.03 -4.33 -2.70
pelvis max. rotation (◦) 4.61 3.14 6.66 3.12 4.60 2.81 4.62 2.92
pelvis min. rotation (◦) -3.63 -3.02 -4.29 -2.40 -3.98 -2.22 -2.46 -2.27
hip max. extension
during stance (◦)

-6.53 -7.15 28.20 35.26 -0.89 0.82 -3.15 -3.50

hip max. flexion during
swing (◦)

27.55 26.64 49.40 56.05 28.76 27.64 28.07 27.15

hip max. flexion during
stance (◦)

23.76 25.78 48.21 54.22 26.20 26.55 21.98 24.56

knee initial contact
position (◦)

5.77 12.36 34.83 24.64 15.34 17.11 4.87 13.74

knee position at toe-off
(◦)

14.52 24.03 47.41 49.46 21.13 29.22 11.78 22.99

knee max. flexion in load
response (◦)

11.79 16.42 48.08 46.79 22.84 22.55 10.92 16.72

knee max. flexion during
swing (◦)

61.28 56.12 67.89 63.53 49.81 53.68 52.64 55.55

knee max. extension
before heel strike (◦)

5.80 12.34 34.65 24.69 15.31 17.14 4.87 13.79

SPATIO-TEMP. NORMAL CP ATAXIA MS
DESCRIPTORS XSENS ROBOGait XSENS ROBOGait XSENS ROBOGait XSENS ROBOGait
step width (m) 0.10 0.11 0.26 0.29 0.23 0.24 0.17 0.20
left stride length (m) 1.00 1.06 0.76 0.89 0.90 1.00 0.89 1.01
right stride length (m) 1.00 1.06 0.76 0.89 0.90 1.00 0.89 1.01
left stride time (s) 1.41 1.44 1.17 1.21 1.65 1.65 1.47 1.59
right stride time (s) 1.40 1.41 1.16 1.17 1.65 1.64 1.47 1.57
right step time (s) 0.70 0.74 0.59 0.60 0.84 0.83 0.74 0.80
left step time (s) 0.72 0.73 0.59 0.61 0.81 0.83 0.74 0.79
right cadence
(steps/min)

86.97 82.53 103.57 100.33 73.33 74.55 83.99 78.05

left cadence (steps/min) 85.04 84.25 103.40 100.76 77.34 75.37 82.63 77.92
percentage of foot stance
(%)

0.50 0.52 0.51 0.51 0.52 0.51 0.51 0.51

percentage of foot swing
(%)

0.50 0.48 0.49 0.49 0.48 0.49 0.49 0.49

Regarding the ATAXIA condition, the literature reports strong evidence that patients
with Cerebellar Ataxia walk with a reduced walking speed and cadence. Shorter step
length, stride length and swing phase are also reported. Also, an increased walking base
width, stride time, step time, stance phase and double limb support phase with increased
variability of step length, stride length, and stride time [Buckley et al., 2018].

XSENS reported a reduced right cadence (from 86.97 steps/min for NORMAL, to 73.33
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steps/min for ATAXIA), and a reduced left cadence (from 85.04 steps/min for NORMAL
to 77.34 steps/min for ATAXIA). However only right cadence showed significant difference.
The ROBOGait system fits with this report, both for right cadence (from 82.53 steps/min
for NORMAL to 74.55 steps/min for ATAXIA) and for left cadence (from 84.25 steps/min
for NORMAL to 75.37 steps/min for ATAXIA). However, these differences were not signif-
icant for the ROBOGait system. Also, an increased walking base width (0.11m NORMAL,
0.23m ATAXIA in XSENS; 0.11m NORMAL, 0.24m ATAXIA in ROBOGait) with sig-
nificant difference was found by both systems. The rest of the differences such as shorter
left and right stride length and increased left and right stride time were reported by both
systems as significant differences. Finally, the XSENS reported increased stance phase
and decreased swing phase with significant differences. In contrast, ROBOGait failed to
find significance in these features.

The variation in magnitude of the features (increase or decrease with respect to the
NORMAL condition) were well reported by the ROBOGait and XSENS systems, however
there were certain features that were not marked as significant in the ROBOGait system,
especially when analyzing ATAXIA and MS. This fact may lead to confuse these conditions
with NORMAL condition. Despite this, the great majority of the features and their
significance were correctly reported by both systems. This was especially true for CP,
where both systems matched almost completely with the literature.

8.6 Classification of normal and pathological gait.

Finally, two classifiers ware designed (one for each system) to identify each of the walking
conditions. The results of these classifiers are presented in the form of confusion matrices.
The classifiers are trained models exported from Classification Learner R2018b, using the
Discriminant Subspace Model. This model creates an ensemble of discriminant classifiers
using the Random Subspace algorithm. The classifiers were validated using a 4-fold cross-
validation and 4 response classes: NORMAL, CP, ATAXIA and MS. The 27 predictors
shown in Table 8.6, and a total of 68 observations were used. Fig. 8.7 shows results of this
process.

Figure 8.7: Confusion matrices for classification of gait conditions using ROBOGait and
XSENS systems.

For the XSENS system, the rates for identification of patterns were: 100% NORMAL,
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91% CP, 46% ATAXIA and 53% for MS. Results for XSENS system shown in Fig. 8.7 are
best interpreted as follows:

• A NORMAL subject is identified as that in 100% of cases.

• A subject with CP is identified as that in 91% of the cases, while in 9% of the cases
it is identified as a subject with ATAXIA.

• A subject with ATAXIA is identified as that in 46% of the cases, while in 8% of the
cases it is identified as a NORMAL subject and in the other 46% as a subject with
MS.

• A subject with MS is identified as such in 53% of the cases, while in 20% of the
cases it is identified as a NORMAL subject and in the other 27% as a subject with
ATAXIA.

For the ROBOGait system, the rates for identification of patterns were: 100% NOR-
MAL, 91% CP, 69% ATAXIA and 80% for MS. Results for ROBOGait system shown in
Fig. 8.7 are best interpreted as follows:

• A NORMAL subject is identified as that in 100% of cases.

• A subject with CP is identified as that in 91% of the cases, while in 9% of the cases
it is identified as a subject with ATAXIA.

• A subject with ATAXIA is identified as that in 69% of the cases, while in 8% of the
cases it is identified as a subject with CP and in the other 23% as a subject with
MS.

• A subject with MS is identified as such in 80% of the cases, while in 20% of the cases
it is identified as a subject with ATAXIA.

The confusion between ATAXIA and MS in both systems is completely normal. This
is because ATAXIA is not a neurological disease as such, it is rather a gait disorder. In
fact, ATAXIA is a gait disorder that occurs in patients with MS. This is because MS
often affects the cerebellum, which contributes significantly to clinical disability and the
appearance of ATAXIA symptoms. One of the most important aspects shown in Fig. 8.7
is the distinction of NORMAL gait pattern from those belonging to pathological gait. In
this regard, the robotic system was able to distinguish patients in NORMAL condition.
In the case of the XSENS system some subjects with abnormal condition were classified
as NORMAL subjects.

8.7 Conclusion

In this chapter, normal and pathological gait has been analyzed simultaneously using
two gait analysis systems: a system based on inertial sensors and the mobile robotic
system proposed in this thesis. In pathological gait, there were investigated two common
neurological diseases: CP and MS. Additionally, a typical gait disorder present in several
neurological diseases was included in the analysis: the Ataxic Gait. The aim of this study
was to identify the differences between gait patterns detected by each system. In this way
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it was possible to analyze human gait with the robot in a wider range of walking, while
comparing it with a commercial system working under the same experimental conditions.
The results showed that the systems can detect the significant differences mentioned in
the literature for these gait patterns. Although ATAXIA and MS were confused during
classification, this is completely normal because ATAXIA is a gait disorder that occurs
in patients with MS. Finally, it should be emphasized that, the mobile robotic system
proposed in this thesis was able to differentiate NORMAL from pathological gait and
most of the features that identify CP, ATAXIA, and MS gait patterns.

171



CHAPTER 8. Pathological gait pattern evaluation and classification. Comparison of
the mobile robotic system and an inertial sensor system.

172



Chapter 9

Conclusions and Main

Contributions

“There are no secrets to success. It is the result of preparation, hard work, and learning
from failure”

Colin Powell

9.1 Conclusions

This thesis has analyzed the viability of using a cost-effective and non-invasive mobile
robotic platform for human gait analysis and established the basis for the design of a
new prototype based on depth cameras and optimized by machine learning algorithms to
perform the analysis of human gait in practical scenarios. Each chapter has ended with
some conclusions summarizing the main points of the chapter. In this section an overall
conclusion is going to be given.

The lack of portable, accurate and cost-effective gait analysis systems has given rise to
the initiation of this thesis. We started by describing some anatomical concepts of interest,
followed by concepts related to human gait. In this theoretical review normal gait pattern
on the basis of some experimental data collected in this thesis was explained. The main
concepts related to pathological gait and the main gait disorders present in a number of
common but serious neurological diseases were also addressed. After introducing these
concepts, the state of the art in the current approaches of technologies of gait analysis and
the inclusion of robotics in this field were presented.

On the basis of clear criteria, important for clinical practice, the possibilities of one or
more depth cameras were investigated in different measuring set-ups. The first method
proposed the use of one depth camera to analyze walking over a treadmill; the second
one proposed the use of several depth cameras in a multi-sensor configuration, with the
cameras placed in a row; and the third one proposed the integration of one depth camera
on a mobile robot. The last two methods deal with overground gait analysis.
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All these configurations (treadmill, multi-sensor, and robot) were implemented and
tested by means of an experimental phase developed in each of them. The treadmill gait
analysis configuration was discarded mainly because its use alters the gait pattern. The
multi-sensor configuration was much more effective, however it was discarded because its
use involves a very extensive calibration process, sensors capture the gait from the sides
(which is not optimal for these sensors) and the system requires a too large working space
which conflicted with the philosophy of portability that was proposed for the system.

Regarding the third method in which the use of a robotic system was proposed, a review
of the state of the art allowed us to determine the tendency towards the development of
two types of mobile robotic systems for human gait analysis: walker robots and follower
robots. Follower robot configuration was more appropriate for the development of this
thesis because in this configuration it is established a distance between the robot and the
person, which enables the system to perform a full body tracking. For the principles of
working of the sensor used in the system, it was decided to capture gait data from a frontal
view of the person. To perform this, it was necessary to design an strategy for person
following and lane keeping.

In addition, following the experience acquired in the previous studies, certain short-
comings of the depth sensors in the analysis of human gait were detected. Therefore, it
became necessary to work on a sensor accuracy improvement stage. To this end, a large
data collection stage together with the robot and a Vicon certified system was developed.
Then, using machine learning algorithms, supervised learning was applied by using the
data from the Vicon system to train neural networks capable of improving the accuracy of
the sensor in gait analysis. In this way the accuracy of the sensor improved significantly
and most of the discrepancies between the biomechanical gait models applied by the robot
and by the Vicon system disappeared.

Parallel to the construction of the robot, an interface for robot operation, gait data
management and post-processing was developed. This was a cross-platform application
for tablets and mobile devices that allowed medical staff to operate the mobile robotic
system accurately, without the need for training sessions or technical expertise

The next step was to make the robot suitable for use in an actual practice setting, i.e.,
outside a lab environment. This required, besides mapping the environment and defining
a trajectory, adequate tracking of both the trajectory and the subject. While addressing
these requirements physical possibilities and constraints of the robot and the environment
in which the robot should be able to function had to be considered. For this, newest
insights in the field of environment mapping, lane keeping, and person following were
applied. First clinical tests with patients with Multiple Sclerosis gave an initial impression
of the applicability of the instrument in patients with abnormal walking patterns. Further
validation followed in which different typical gait abnormalities were analyzed and results
were compared to an inertial sensor system. During this latter study, the main differences
between normal and pathological gait were identified based on joint kinematics and the
main descriptors of gait. In this study it was concluded that the mobile robotic system
proposed in this thesis is able to differentiate normal from pathological gait and most of
the features that identify CP, ATAXIA, and MS gait patterns.

In summary, the integration of the depth camera into the mobile robot had several
advantages: it was a cost-effective, non-invasive method with an unlimited detection range
and with the ability to adjust to the environment; the system analyzes gait properly thanks
to the frontal capture of it; the robot could even be used outside a laboratory environment;
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and only one depth camera was needed.

9.1.1 Evaluation of the Hypothesis

This dissertation started from an original and clinically interesting question, namely, how
can technology contribute to the objective assessment of the gait pattern of
patients in clinical practice. In the search for an answer to this question, current
knowledge was evaluated, different scenarios were devised, and the following hypothesis
was formulated: “By using depth cameras, a mobile robotic platform and learn-
ing algorithms, it is possible to design a system for the acquisition of gait
kinematics in practical scenarios that is suitable to carry out the required
measurements for the evaluation of human gait”.

To test this hypothesis, different experimental studies were developed. In chapter
4, section 4.2, the gait of a group of participants was evaluated using a treadmill and a
multi-camera configuration. It was determined that treadmill walking presents statistically
significant differences in spatio-temporal parameters by decreasing stride length, increasing
stride time, with a consequent reduction in gait cadence. Significant differences of treadmill
walking were also found in the kinematic parameters of gait mainly in those related to
pelvis rotation and hip and knee flexion-extension. This proves that treadmill walking
modifies the overground gait pattern showing significant differences in the main kinematic
and spatio-temporal parameters of gait.

The comparison of the multi-camera configuration and the robotic system was made
based on the analysis of the accuracy demonstrated in different gait experiments. The
accuracy of the robotic system was higher than the accuracy of the multi-camera system.
This was mainly since in the robotic system an Orbbec Astra sensor captures gait from the
frontal plane to the person, which is more suitable, avoids occlusion and gives accuracy to
the measurement. In contrast, in the multi-camera system, two Kinect V2 sensors capture
the gait from the sides, which is not optimal for these sensors. This demonstrates the
superiority of the robotic system over the multi-camera system.

Once it was determined that the robotic system was the most suitable configuration
for gait analysis using depth sensors, learning algorithms were applied to improve the
accuracy of the system in gait analysis. For this purpose, neural networks were trained
by a certified Vicon system. The accuracy of the system was measured before and after
training. Results showed lower errors and higher correlations between the signals. The
accuracy to detect the main descriptors of pathological gait also showed a substantial
improvement, mainly for kinematic parameters of gait. With this, it is proved that the
application of learning algorithms can improve the accuracy of the robotic system based
in depth sensors. But also, it can correct for discrepancies in skeleton definition between
depth sensors and the Vicon reference.

Once the accuracy of the system was significantly improved, the system was used to
evaluate normal and pathological gait using a commercial system based on inertial sensors
as a point of comparison. In general, most of the statistically significant differences found
by the robotic system matched those found by the inertial system and those reported
in the literature. Thus, it was determined that the mobile robotic system proposed in
this thesis can differentiate between normal and pathological gait, as well as most of the
features that identify CP, ATAXIA, and MS gait patterns. This proves that the accuracy
of the system makes it possible to identify the differences between these gait patterns and,
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therefore, to differentiate one from other.

Despite these findings, the pathological gait patterns that were analyzed are simulated
patterns, therefore further study is required to test the system’s ability to evaluate real
pathological gait patterns.

9.2 Main Contributions of the Thesis

This thesis presents the following original contributions:

1. Comparison of different techniques of human gait analysis through the
implementation of practical experiments that allowed the selection of the
most effective technique.

This thesis has provided the scientific community interested in the use of depth sen-
sors for gait analysis with the main limitations and advantages of each configuration
used with the sensor. The findings of these experimental stages reinforce the theories
of gait analysis but also provide new insights into the use of depth sensors in gait
analysis.

2. Design, construction, and validation of a mobile robotic system for human
gait analysis in real environments. The idea to use depth cameras in combina-
tion with a mobile robot system for the objectification of gait is unique and offers
new possibilities for the user-friendly and non-invasive performance of gait analysis
in clinical practice. Through the construction and validation of the robot, the basis
for the development of this type of system has been experimentally established.

3. Control architecture designed for person following from the frontal part.

The control strategy is a contribution of this thesis. In current approaches there
is an almost total tendency for mobile robotic systems to follow the person from
the rear, capturing gait data from the back of the participant. This affects the
estimation of the kinematic gait signals due to the occlusion of the joints during
walking. In contrast with the current approaches, in this study a control strategy
was designed, in which the robot maintains the distance to the person while following
a predetermined trajectory by capturing gait from the frontal side of the participant.
This control strategy has been specifically designed for the analysis of human gait.

4. Improvement of the accuracy of depth sensors for human gait analysis
through supervised learning from a Vicon system.

To the best of the knowledge, machine learning, supervised by a certified system, has
never been used to improve the accuracy of a depth sensor in human gait assessment.
In this thesis, a database of 37 participants was collected, with 207 gait sequences,
from which neural networks were trained to correct the measurements provided by
the sensor, based on the measurements provided by a Vicon system.

5. Design of an application for tablets and mobile devices that allows medical
staff to operate the robot

By itself, the cross-platform interface for robot control is another contribution,
thanks to the ROS architecture, the application is completely independent from
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the rest of the robotic system. Therefore, any robotic gait analysis system could
work with it.

6. Identification of the main differences in normal and pathological patterns
on the basis of joint kinematics and the main descriptors of gait.

The possibility of differentiating normal and pathological gait patterns using a cost-
effective and markerless mobile robotic system is also a contribution. It allows
for pathology monitoring, treatment, and progressive assessment of the disease by
medical staff.

9.2.1 Related publications

Throughout these years of research, the following publications related to the thesis have
been produced.

Journal Articles

• “Non-Invasive Multi-Camera Gait Analysis System and its Application
to Gender Classification”. Guffanti, D., Brunete, A., & Hernando, M. (2020).
IEEE Access, 8, 95734-95746. https://doi.org/10.1109/ACCESS.2020.2995474.

• “The Accuracy of the Microsoft Kinect V2 Sensor for Human Gait Anal-
ysis. A Different Approach for Comparison with the Ground Truth”.
Guffanti, D., Brunete, A., Hernando, M., Rueda, J., & Navarro Cabello, E. (2020).
Sensors, 20(16). https://doi.org/10.3390/s20164405.

• “Development and validation of a ROS-based mobile robotic platform for
human gait analysis applications”. Guffanti, D., Brunete, A., & Hernando, M.
(2021). Robotics and Autonomous Systems, 145, 103869.
https://doi.org/10.1016/j.robot.2021.103869.

• “ROBOGait. Mobile robotic platform for human gait analysis in clinical
environments” Guffanti, D., Brunete, A., Hernando, M., Rueda, J., & Navarro Ca-
bello, E. (2021). Sensors, Special Issue “Human-Gait Analysis Based on 3D Cameras
and Artificial Vision”. (Under review - first round)

Book Chapters

• “Human Gait Analysis Using Non-invasive Methods with a ROS-Based
Mobile Robotic Platform”. Guffanti, D., Brunete, A., & Hernando Gutierrez,
M. (2021). In G. Rauter, P. C. Cattin, A. Zam, R. Riener, G. Carbone, & D. Pisla
(Eds.), New Trends in Medical and Service Robotics (pp. 309-317). Cham: Springer
International Publishing. https://doi.org/10.1007/978-3-030-58104-6 35.

Conference Proceedings

• “PLATAFORMA ROBÓTICA MÓVIL PARA ANÁLISIS DE LA MAR-
CHA HUMANA ROBOGAIT”. Guffanti,D.; Brunete,A.; Hernando Gutierrez,
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M.; Rueda,J., Navarro Cabello, E. (2021). Libro de actas del XII Simposio CEA
de Bioingenieŕıa. Escuela de Ciencias Experimentales y Tecnoloǵıas (ESCET) de la
Universidad Rey Juan Carlos. pp. 20 – 25. ISBN:978-84-7484-196-1.

9.2.2 Merits

Technaid “Best Contribution Award” at the XIIth CEA Bioengineering

Symposium

Winner of the “Technaid Award for the best contribution presented by a doctoral student”
at the XII CEA Bioengineering Symposium celebrated on June 3 and 4, 2021 in Madrid
(Spain). Company TECHNAID S.L. CIF: B-84056498. C/ Cabo de la Nao, N.2, Nave 12,
28500, Arganda del Rey (Madrid).
https://burjcdigital.urjc.es/handle/10115/17868
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Appendix A

System drawings

The following diagrams show the drawings that were used for the construction of the
robotic system presented in this thesis. The dimensions of the drawings are presented in
millimeters. The materials used were 1.5 mm aluminum machined and bent as indicated
in the drawings, and ABS plastic filament 2.85 mm printed using an Ultimaker 3D Printer.
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T. (2013). Efficient trajectory optimization using a sparse model. In 2013 Eur. Conf.
Mob. Robot., pages 138–143.

[Saegusa, 2017] Saegusa, R. (2017). Human-interactive robot for gait evaluation and nav-
igation. In 2017 IEEE Int. Conf. Syst. Man, Cybern., pages 1693–1698.

[Sakoe and Chiba, 1978] Sakoe, H. and Chiba, S. (1978). Dynamic programming algo-
rithm optimization for spoken word recognition. IEEE Trans. Acoust., 26(1):43–49.

[Salzman, 2011] Salzman, B. (2011). Gait and balance disorders in older adults. Am.
Fam. Physician, 82(1):61–68.

[Scheidig et al., 2019] Scheidig, A., Jaeschke, B., Schuetz, B., Trinh, T. Q., Vorndran, A.,
Mayfarth, A., and Gross, H.-M. (2019). May I Keep an Eye on Your Training? Gait
Assessment Assisted by a Mobile Robot*. In 2019 IEEE 16th Int. Conf. Rehabil. Robot.,
pages 701–708.

[Schepers et al., 2018] Schepers, M., Giuberti, M., Bellusci, G., and Others (2018). Xsens
mvn: Consistent tracking of human motion using inertial sensing. Xsens Technol, pages
1–8.

[Schlagenhauf et al., 2018] Schlagenhauf, F., Sreeram, S., and Singhose, W. (2018). Com-
parison of Kinect and Vicon Motion Capture of Upper-Body Joint Angle Tracking. In
IEEE Int. Conf. Control Autom. ICCA, volume 2018-, pages 674–679. IEEE Computer
Society.

[Schwartz and Rozumalski, 2008] Schwartz, M. H. and Rozumalski, A. (2008). The Gait
Deviation Index: a new comprehensive index of gait pathology. Gait & Posture,
28(3):351–357.

[Seel et al., 2014] Seel, T., Raisch, J., and Schauer, T. (2014). IMU-Based Joint Angle
Measurement for Gait Analysis. Sensors, 14(4):6891–6909.

[Sharma, 2008] Sharma, N. (2008). Parkinson’s Disease. Biographies of disease 1940-
445X. Greenwood Press.

[Shi et al., 2019] Shi, L., Duan, F., Yang, Y., and Sun, Z. (2019). The Effect of Treadmill
Walking on Gait and Upper Trunk through Linear and Nonlinear Analysis Methods.
Sensors (Basel)., 19(9):2204.

206



BIBLIOGRAPHY

[Shiratsu and Coury, 2003] Shiratsu, A. and Coury, H. (2003). Reliability and accuracy
of different sensors of a flexible electrogoniometer. Clin. Biomech., 18(7):682–684.

[Shrivastava et al., 2021] Shrivastava, S., Bharti, J., and Pateriya, R. K. (2021). Machine
learning based gait abnormality detection using Microsoft Kinect sensor. Mater. Today
Proc.

[Smith et al., 2002] Smith, L., Lelas, J., and Kerrigan, D. C. (2002). Gender differences in
pelvic motions and center of mass displacement during walking: Stereotypes quantified.
J. Womens Heal. Gender-Based Med., 11(5):453–458.

[Sofuwa et al., 2005] Sofuwa, O., Nieuwboer, A., Desloovere, K., Willems, A.-M., Chavret,
F., and Jonkers, I. (2005). Quantitative Gait Analysis in Parkinson’s Disease: Compar-
ison With a Healthy Control Group. Arch. Phys. Med. Rehabil., 86(5):1007–1013.

[Soltaninejad et al., 2019] Soltaninejad, S., Cheng, I., and Basu, A. (2019). Kin-FOG:
Automatic simulated freezing of gait (FOG) assessment system for Parkinson’s disease.
Sensors (Switzerland), 19(10).

[Speciali et al., 2014] Speciali, D. S., Oliveira, E. M., Cardoso, J. R., Correa, J. C. F.,
Baker, R., and Lucareli, P. R. G. (2014). Gait profile score and movement analysis
profile in patients with Parkinson’s disease during concurrent cognitive load. Brazilian
J. Phys. Ther., 18(4):315–322.

[Springer and Seligmann, 2016] Springer, S. and Seligmann, G. (2016). Validity of the
Kinect for Gait Assessment: A Focused Review. Sensors, 16(2).

[Staranowicz et al., 2013] Staranowicz, A., Brown, G., and Mariottini, G.-L. (2013). Eval-
uating the accuracy of a mobile Kinect-based gait-monitoring system for fall prediction.
In Proc. 6th Int. Conf. pervasive Technol. Relat. to Assist. Environ., PETRA ’13, pages
1–4. ACM.

[Stark et al., 2015] Stark, C., Hoyer-Kuhn, H.-K., Semler, O., Hoebing, L., Duran, I.,
Cremer, R., and Schoenau, E. (2015). Neuromuscular training based on whole body
vibration in children with spina bifida: a retrospective analysis of a new physiotherapy
treatment program. Child’s Nerv. Syst., 31(2):301–309.

[Stephen Hauser, 2010] Stephen Hauser, S. J. (2010). Harrison’s Neurology in Clinical
Medicine, Second Edition. McGraw-Hill Professional, 2 edition.

[Stief, 2018] Stief, F. (2018). Variations of Marker Sets and Models for Standard Gait
Analysis. In Handb. Hum. Motion, volume 1-3, pages 509–526. Springer International
Publishing, Cham.

[Stief et al., 2013] Stief, F., Böhm, H., Michel, K., Schwirtz, A., and Döderlein, L. (2013).
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