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Abstract—This paper presents a wearable virtual reality system with a wire-
less network of inertial sensors for lower limb monitoring. The system comprises
seven sensor nodes sending data wirelessly to a master node. The information is
then collected, organized, and sent to a screening device via a serial interface. An
application executed either on a smartphone or a personal computer features an
avatar which represents the received data and mimics the sensed movements of
the patient, providing online feedback during and after the execution of a ther-
apy. The data resulting from the therapy execution can be uploaded to a web
server to facilitate the assessment and decision-making by health profession-
als. A pendulum featuring a rotary optical encoder is used for sensor functional
behavior validation. In addition, the orientation angles measured by the proposed
system are compared with respect to measurements from the motion analysis
software Kinovea. The delay between the patient’s body movement and the ava-
tar is 33 ms, which is acceptable for visual feedback. This system is portable,
inexpensive and enables a patient to complete physical therapy sessions at home
or anywhere, with the advantage of enabling visual feedback through an avatar
during rehabilitation therapy and allowing the reproduction of a therapy session
for further analysis.

Keywords—wearable sensor, body sensor network, smart device, avatar,
virtual reality

1 Introduction

Gait analysis is a research field that studies human locomotion and several musculo-
skeletal disorders affecting the ability to walk. The gait cycle is a pattern of movement
that repeats continuously. Through human gait analysis, kinetic and kinematic param-
eters can be determined, and the gait phase can be detected. Gait analysis results have
been used to evaluate athlete performance [1], [2], monitor patient progress in rehabil-
itation processes [3]-[6], and to diagnose gait pathologies [7]-[10].
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Conventional human motion analysis is performed in closed laboratory environ-
ments with force plates and multi-camera motion capture systems [11], [12]. These
laboratory systems have a high information processing capacity but are costly and com-
plex to operate. They require long patient preparation times, lengthy post-processing,
and highly trained personnel. Another significant limitation is that closed environments
imply spatial restrictions, which limit access to this technology in routine clinical prac-
tices or in places far from urban centers.

Continuous development of new signals that can be measured, and new informa-
tion processing and transmitting technologies, have facilitated the arrival of new meth-
ods for gait analysis. To characterize gait parameters, video game controllers, e.g.,
Microsoft Kinect, have been adapted based on artificial vision and treadmills [13].
A brain-machine interface based on cortical potentials has been designed to detect the
intention to start walking [14]. To detect and monitor symptoms of Parkinson’s disease,
a smartphone application has been designed to measure contact time and the start of
stimulus and response, as well as posture and gait events using a voice recorder, spatial
accelerations and x-y strike coordinates [15]. All these developments require high data
processing frequency and are only performed in the sagittal plane.

Among recent technologies used to analyze human gait in the anatomical planes,
i.e., the sagittal, frontal and transverse planes, inertial sensors have emerged. An
inertial sensor is an electronic device consisting of accelerometers, gyroscopes and
magnetometers which measure accelerations, velocities, and orientations. Inertial
sensors have gained relevance in the area of gait measurement and, since they can be
miniaturized, inertial sensors have turned into low-cost microelectromechanical sys-
tems (MEMS). The fusion of the data delivered by these sensors enables reliable kine-
matic data to be obtained for gait analysis [16]-[21].

Communication technologies such as the internet and mobile devices offer ample
opportunities to facilitate access to rehabilitation processes at a reduced cost. New
developments in tele-rehabilitation and tele-medicine have emerged and their usability,
reliability, validity and effectiveness in comparison to traditional methods have been
evaluated [22]-[28]. Taking full advantage of the operational potential in smartphones,
applications for consultation and guidance as well as for measurement and monitoring
have been designed [29]-[34]. Moreover, visual feedback with avatar systems have
been developed aiming at making a physical activity or rehabilitation session more
enjoyable [35], [36].

In the case of physical therapies aimed to improve functional mobility after an injury
or illness, also known as active kinesiotherapy activities, rehabilitation exercise rou-
tines are usually performed by patients without continual supervision by specialists and
without monitoring equipment or, in fact, simply at home. As a result, physiotherapists
do not know whether patients comply with the specified frequency of assigned exercise
routines. Additionally, there is no simple way to correct discrepancies in the completion
of assigned tasks nor to quantitatively evaluate the success of the rehabilitation process.
Physiotherapists and patients do not have instant feedback from the performed activi-
ties, preventing them from actively making improvements or corrections.

1JOE — Vol. 19, No. 08, 2023 39



A considerable amount of research has been conducted around gait analysis. Never-
theless, little research has been dedicated to integrating new, low-cost and ambulatory
technologies with visual feedback capabilities to improve patient progress and support
physiotherapists’ efforts. Therefore, new flexible, accurate and reliable tools for human
movement analysis in any environment, equipped with data communication via the
internet, are not only convenient but a necessary aid for the analysis of lower limb
movement and therapy. The widespread availability of such tools would be a step for-
ward in ambulatory therapy.

This article presents a smartphone-based wearable monitoring system for the lower
limbs based on wireless inertial sensors to analyze human gait. A designed smartphone
application provides the user with visual feedback on their movement through an avatar
and also enables them to observe the kinematic signals of their lower limbs online. The
measured signals are also uploaded to a web server and can be downloaded to another
smartphone or a personal computer anywhere. A physiotherapist can then monitor and
analyze the tasks performed by a patient to assess a patient’s progress or modify the
exercises assigned. The proposed system can supply information and data from gait
rehabilitation sessions to a physiotherapist, quantifying parameters such as accelera-
tion, angular velocity, and angular positions. This supports decision-making, either for
the correction of therapy or to determine treatment completion.

This paper is organized as follows: Section 2 describes the presented lower limb
monitoring system including inertial sensors and a smartphone, besides illustrating
the data flow and the algorithms used to obtain reliable measurements from the raw
data sent by the integrated sensor nodes; the sensor validation and evaluation of the
designed lower limb monitoring system with an execution session test are presented in
Section 3, while concluding remarks are presented in Section 4.

2 Materials and methods

The proposed system consists of seven wearable inertial sensors, which are attached
to the patient’s lower limbs. These inertial sensors (or nodes) acquire measurements
and send data to a master node (acquisition hardware). The master node then sends
the information to a smartphone. An application in the smartphone receives and pro-
cesses the patient’s measurements and generates a moving avatar image allowing the
patient to observe their own movements and improve their performance on assigned
tasks. When a session is finished, the processed information is uploaded to a web server,
where the patient and the specialist can access it for further review and analysis. This
information can be downloaded to another smartphone or personal computer anywhere.
Physiotherapists can use the designed application to check previous sessions of any
patient, observing their movements through an avatar and signal plots. These signal
plots include accelerations, angular velocities, and angular positions. Such information
can be analyzed by a physiotherapist, who is then able to provide feedback to the patient
or modify the exercises to be performed. The system overview is presented in Figure 1.
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Fig. 1. Data acquisition

2.1 Data acquisition hardware

The data acquisition hardware is based on seven wearable inertial sensor nodes.
Each sensor node contains an inertial measurement unit (IMU) equipped with a triaxial
accelerometer, a triaxial gyroscope, a triaxial magnetometer sensor, and an integrated
microprocessor (BNOOSS5 sensor). It also contains a development board (Feather MO0),
a wireless radio-frequency communication module (nRF24L01+ from Nordic Semi-
conductor) and a 3.7 V lithium polymer battery. Using elastic belts, the sensor nodes
are fixed on the patient’s lower limbs, as shown in Figure 1a, with a reference sensor
node on their pelvis.

A microprocessor at each node executes sensor fusion algorithms and estimates
the absolute orientation in Euler angles and quaternions. A development board han-
dles the data acquired from the IMU and sends it to the master node via a wireless
radio-frequency communication module with a sampling frequency of /00 Hz. The
radio-frequency module is a low-power radio-frequency transceiver able to handle data
transfers of up to 2 Mbps through the 2.4 GHz band.

As shown in Figure 1b, the data acquisition hardware is complemented with a master
node and a target device (smartphone or personal computer). The master node manages
data requests from each of the seven nodes and sends the received data to the target
device via a USB interface. The master node has the same components as each of the
nodes minus an inertial sensor.

2.2 Software

There are three software applications operating in the wearable virtual reality system
for lower limb monitoring presented: an Android application, a PC application, and a
web server. Both Android and PC applications are designed and implemented using
Unity’s multiplatform gaming engine [37], [38].
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Android application. The Android application runs on Android smartphones with
an Application Programming Interface (API) level higher than 16. This application’s
execution is shown in Figure 2a.
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Fig. 2. Graphical user interface of the developed application

The application is divided into three sessions: the user session, the supervision ses-
sion, and the review session.

In the user session, users can register on the web server or log into the smartphone
application using a previously registered username and password. This session is
shown in Figure 2a. After logging into the application, if the user is a patient, they will
be asked to select the serial port to which the master node is connected. If the user is a
physiotherapist, the application lists all patients’ information, and the physiotherapist
can decide whether to create a new session or check information from a previous ses-
sion by running the supervision session or the review session they need.
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Fig. 3. Sensor status panel and session

The supervision session is the application’s main activity. This session allows the
user to acquire information from a patient’s physical activity session. The session plots
four acquired signals and displays the avatar representing the patient’s movements.

As can be seen in Figure 2b, the supervision session contains two plots showing
two signal red values in each, which each user can freely select. On the left half of the
screen, the patient’s name, session date and time, the session control buttons and avatar
are displayed. The avatar’s view can be changed from the sagittal plane to a frontal or
perspective view. This session also allows the user to check the status of the inertial
sensors by checking first if a sensor is online, second if its battery level is sufficient and
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third its calibration status. The sensor status panel replaces one of the signal graphs on
the screen’s right mid-plane, as shown in Figure 3a. Once the data acquisition is com-
plete, the user can save the retrieved data and upload it to the web server.

Finally, the review session allows the user to check a previously saved session, as
shown in Figure 3b. A review session can be executed immediately after a supervision
session has ended and the data has been uploaded, or when a physiotherapist needs to
examine a previous session. The review session’s display is similar to that of the super-
vision session. It has a panel to check the status of the inertial sensors and allows the
user to play, pause or stop the avatar movement.

Personal computer application. The designed application for Personal Computer
(PC) has the same functional features as the smartphone application explained above.
While the smartphone application uses Android programming language, the PC appli-
cation only runs on a Windows-based operating system. The PC application aims to
facilitate the physiotherapist’s work and enables them to acquire or visualize infor-
mation from a patient’s current or previous session. A remarkable advantage of the
presented application is its simplicity and ease of use.

PC ™y
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Fig. 4. Web server scheme overview

Web server. User information and data acquired from patients during each phys-
ical therapy session are stored on a web server. This web server contains a relational
MySQL database and nine PHP scripts that together enable Android and PC applica-
tions to interact with the database using web services.

An overview of the web server schema is shown in Figure 4. Both Android and PC
applications must connect to the server via internet. However, this connection need
not be continuous. These applications establish a connection to the server during user
registration, login, data upload and data download.

When a participant of this virtual reality system needs information from the data-
base, the corresponding PC application sends a request to a PHP script hosted on the
server. This PHP script sends a query to the MySQL database, processes the response,
and delivers a response to the application.

The MySQL database includes two tables: a table of users and a table of therapy
sessions. The user’s table includes data such as their name, email, password, and a
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Boolean indicating whether or not the user is a physiotherapist. The table of therapy
sessions includes the date and time of each session, the respective acquired informa-
tion, and the username associated with that session.

2.3  Data acquisition and processing

This section explains the data acquisition process performed by the proposed lower
limb monitoring system. First, the interaction between the master node and the sensor
nodes is explained. Second, the algorithms used to acquire data from the sensors are
presented.

Master and sensor nodes interaction. As discussed in Section 2, each of the sensor
nodes contains an IMU, a microprocessor and a wireless communication module. The
IMU already has a sensor fusion algorithm in place to estimate orientation from raw
accelerations, angular velocities and magnetic field strength measurements. All data
acquired by the IMUs are stored in multiple registers, one byte per register.

A microprocessor then reads the data registers including the accelerometer, gyro-
scope, magnetometer, and orientation data represented in the quaternions, as well as the
sensor’s calibration information. These data are organized in a 28-byte grid as shown
in Table 1.

Table 1. Content of the node data frame and its position in bytes

Bytes Content
1 Node information
2 Node calibration
3-8 Accelerometer data (x, y and z axes)
9-14 Magnetometer data (x, y and z axes)
15-20 Gyroscope data (x, y and z axes)
21-28 Quaternion (X, y, z and w components)

Data flow. When a user initiates a physical therapy session, the proposed applica-
tion starts reading all acquired data through the serial port of the smartphone or PC.
This data acquisition is executed in parallel through a dedicated thread. In each loop,
this application waits until it receives 210 bytes, comprised of 30 bytes of data from
each of the seven sensor nodes. The first 210 bytes are taken as the initial condition
of acquisition. In each of the seven nodes, the application obtains data such as node
status, calibration information, angular acceleration, angular velocity, magnetic field,
and orientation data. Based on an identification number found in each subframe, the
application assigns this subframe to a lower limb segment.

Calibration of the sensor placement. Based on kinesiological conventions reported
in [39], the articular angles of a patient in the anatomical position are zero. Therefore,
the coordinate system of each sensor node of the lower limb segments is aligned with
the vertical axis, as shown in Figure 5.
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Fig. 5. Execution of the supervision

To initialize the lower limbs monitoring system, a patient must be in an anatomi-
cal position. In this condition, the quaternion of the initial orientation ¢, is calculated.
Using this initial calibration, node orientation with respect to the anatomical position
can be calculated accurately, despite registering deviations in the location of the nodes.

The node calibration process begins when the user checks the status of the nodes and
verifies that all nodes are online. If the nodes are connected and calibrated correctly,
a green checkbox is displayed and the session can be started. But if the checkboxes of
the nodes are red, the system has a connection or calibration problem. To fix this prob-
lem, it is recommended to check the connections and reboot the system.

Based on [19], g, is defined with respect to the coordinate system of the hip node,
which is the reference node. The z axis of the hip node coordinate system z), can be
calculated as follows:

2, =105, I,1lq,, ®10 z]"®q,,] (1

where ® is the quaternion product, z, = [0 0 1]” is an orthogonal vector, orthogonal
to the transversal plane and pointing upward, 0,  is a matrix filled with zeros, 7, , is the
identity matrix, ¢, is the quaternion orientation of the hip node, and g iy is its conjugate.

The projection of z, on the transversal plane is defined as

=Mz, 212, 2

Zhip—rrans - Zhip hip
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where - is the dot product.

The forward direction of the patient x, is then calculated as a normalized vector with
opposite direction to 2 iptrans Thus, the angle 6 between the vector X, and the global axis
x,=[100]"is set as

0 = -1 xn )
=tan| —L—"— (3)

z,(x, % xp) ’
where x is the cross-product. Then, the initial orientation quaternion is defined as
q,=cos(0 _/2)+sin(0 /2)-z,. @)

Finally, the segment quaternions g estimated by the IMU is rotated according to
the sensor nodes’ initial position. Thus, each calibrated segment quaternion ¢, is set as:

qcal :qj'eg ®q0 (5)

The linear acceleration a,, of each segment is then obtained by rotating the accelera-
tion vector a,, around ¢_, and subtracting the value of gravity on the z axis as

a[in :(qcal .aseg)_[o 0 g]T (6)

Where g is 9.807 m/s>.

The quaternions of the lower limb joint deviations 4,,, are calculated based on the
quaternions of the distal and proximal segment, q, and g, , being the nearest and the
furthest segment to the trunk respectively, then:

rox

qjaint = qdis! ® q;mx : (7)

3 Results and discussion

In this section, the designed wearable virtual reality system for lower limb monitor-
ing is tested to check its performance and evaluate its accuracy. The orientation angles
measured by the inertial sensors are compared with the angles measured with a rota-
tory optical encoder and the motion analysis software Kinovea. The rotatory encoder
has 3600 pulses per revolution with a resolution of 0.7° [40], and it is used here as a
measurement pattern. The Kinovea software has been used as a benchmark in multiple
projects [41]-[43].
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3.1 Sensor validation

A pendulum is used to validate the functional behavior of the wearable virtual reality
system for lower limb monitoring. Figure 6 shows the experiment developed, which
includes the measurement pattern sensor (rotary encoder: OMRON E6D-C 3600 PPR)
which is attached to the rotation axis of the pendulum. Two sensor nodes are used to test
the system: one located on the end of the pendulum and the other on the chassis sup-
porting the pendulum. The sensor node is located according to the anatomical planes
previously defined. The two sensor nodes in their initial positions form a 90° angle.
To compare the measurements made by the inertial sensors with the video analysis
software Kinovea, a digital 13-megapixel camera with an f/2.4, 1/3” sensor size and
a 1.12 u pixel size camera, /080 p resolution and a frame rate of 30 fps are used. The
camera is placed on a tripod, perpendicular to the pendulum’s plane of rotation at a dis-
tance of 0.47 m and a height of 0.93 m above the floor. To measure the three rotational
degrees of freedom (on the sagittal, frontal, and transverse planes), the sensor nodes are
manually rotated to position the line of gravity along the axial planes.

Measurements

nattenﬁ

Encoder

MU

Camera

Measurements
software
Kinovea

Measurements

System
developed

Anatomical planes
Frontal
sagittal
Tranverse

Fig. 6. Experimental setup

To start the experiment, the end of the pendulum is placed at an angle of 90° with
respect to the vertical and the pendulum is released. The pendulum angle is measured
with the encoder, sensor nodes 1 and 2 and the video camera. Figure 7 shows the signal
value generated by the encoder, the sensor node, and Kinovea. It also shows the error
between the encoder and sensor node, and the error between the encoder and Kinovea
for the sagittal plane. Figure 8 shows an enlargement of the signals that are shown in
Figure 7 during the first 1.5 seconds. Similar figures were made for the frontal and
transverse planes but are not shown here for the sake of brevity.
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Fig. 7. Angles and errors in the sagittal plane

The maximum sensor node error is defined as the maximum error between
the encoder and the sensor node divided by the maximum encoder amplitude during
the experiment. The maximum Kinovea error is defined as the maximum error between
the encoder and Kinovea divided by the maximum encoder amplitude during the exper-
iment. Table 2 shows the maximum sensor node error and the maximum Kinovea error
with respect to the pattern sensor (rotatory encoder) during the experimental evaluation.
Errors are computed for sagittal, frontal, and transverse planes.
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Fig. 8. Enlargement of the angles and errors in the sagittal plane
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Table 2. Maximum error between the encoder and sensor node, and encoder and kinovea

Sagittal % Frontal % Transverse %
Sensor node error 1.989 2.339 1.879
Kinovea error 4.465 0.644 1.894

As can be seen in Table 2, the maximum sensor node error is less than the maximum
Kinovea error in the sagittal plane while the maximum sensor node error is larger than
the maximum Kinovea error in the frontal plane. In the transverse plane, the maximum
sensor node error is similar to the maximum Kinovea error. Measurements made using
Kinovea’s software have greater error dispersion. This dispersion is associated with
the camera calibration process and the manual processing of images during the marker
tracking process.

To analyze the error behavior of the sensor nodes and Kinovea, a histogram is plot-
ted for the transverse plane from the total experimental data, as shown in Figure 9. Sim-
ilar figures have been obtained for sagittal and frontal planes but are not shown here for
the sake of brevity. Using the error information from Figure 9, the standard deviation
of sensor node error and Kinovea error for the sagittal, frontal and transverse planes are
computed, as shown in Table 3. The mean of sensor node error and Kinovea error are
zero, which shows that both measurement systems are unbiased.

20 T ; :
: : Il Sensor node error

0.25 0.2 0.15 0.1 0.05 0 0.05 0.1 0.15 0.2 0.25

20 . . . !
: : : ‘| Il Kinovea error

0.25 0.2 0.15 0.1 0.05 0 0.05 0.1 0.15 0.2 0.25

Fig. 9. Histogram of error signals for transverse plane

Table 3. Standard deviation of error signals for the sagittal, frontal and transverse planes

Sagittal Frontal Transverse
Sensor node error 0.003 0.007 0.002
Kinovea error 0.012 0.002 0.003
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As can be seen in Table 3, the standard deviation of sensor node error is less than the
standard deviation of Kinovea error in the sagittal plane while the standard deviation
of sensor node error is larger than the standard deviation of Kinovea error in the frontal
plane. In the transverse plane, the standard deviation of sensor node error is similar to
the standard deviation of Kinovea error. The means calculated for both sensor node
error and Kinovea error are zero.

In general, it is possible to conclude that the maximum errors estimated by the sys-
tem’s sensor nodes are similar to those generated by using Kinovea. Our advantage
is that the estimated data processing time through the sensor nodes is considerably
less compared to the estimated data processing time needed by the Kinovea software.
Furthermore, sensor nodes can be used anywhere with few tools required for data
processing.

3.2 Supervision session test

For the supervision session test, the pelvis sensor node is placed on the patient’s
lower back, the thigh and leg sensor nodes are placed on the outer thighs and legs
respectively, and the foot sensor nodes are placed on the upper part of each foot. The
design of the sensor straps allows them to adapt to the contours of the limbs of the
human body, in a comfortable and practical way, without affecting blood flow or joint
movements. The sensor straps are adjustable, with a width of 5 cm and a length suitable
for each limb contour. The material used in the straps is elastic and Velcro. The sensors
are calibrated each time they are turned on or a new exercise session is started. The
location of the sensor nodes on the patient is shown in Figure 10b and the method for
angle measurement is shown in Figure 10a.

b

Fig. 10. Set of two subfigures of the location of the sensor nodes on the patient

The master node’s processing time to acquire data from the seven nodes averages
9.67 ms and has a standard deviation of 0.056 ms. Drawing on information from the
master node, which uses angular measurements from the seven sensor nodes, an ava-
tar is set to move on a PC or smartphone display showing the patient’s sagittal plane
only. There is a 33 ms delay between the real body movement and that of the avatar.
This delay is acceptable for visual feedback purposes since the human eye can per-
ceive movements from images with a sampling time of 13 ms. The implemented virtual
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reality system for lower limb monitoring ensures accurate measurement of the lower
limbs’ joint angles with low error magnitudes. Using an avatar as a visualization tool
during physical therapy sessions is suitable for visual feedback purposes. After the
user has performed an exercise session with the smartphone or PC, the final data will
be available on the MySQL web server so that the user can visualize his progress or
the specialist can view the user’s evolution as many times as necessary, recreating the
avatar’s movements and the angular measurements of the lower limbs’ joints.

4 Conclusion

In this paper, a system for human gait monitoring for lower limb rehabilitation has
been developed. The system uses wireless wearable devices (inertial sensors), a smart-
phone or a PC, and software applications for data processing and on-site visual feed-
back by means of an avatar that recreates the movements of a patient’s lower limbs.
The developed system has seven sensor nodes which send information of joint angular
changes from quaternions to a master node wirelessly. The developed system was val-
idated using a high-resolution rotary encoder coupled to a pendulum as a reference
or pattern. Experimental results show that the developed monitoring system has high
accuracy, with maximum errors of 2% with respect to the maximum signal excur-
sions in the transverse and sagittal planes, and 2.3% with respect to the maximum
signal excursions in the frontal plane. If we compare the developed monitoring system
and the Kinovea software with the pattern, the maximum error of the developed system
in the sagittal plane is less than half the error obtained by the Kinovea software, while
the maximum error of the developed system in the frontal plane is four times the error
obtained by the Kinovea software, and the maximum error of the developed system
in the transverse plane is similar to the error obtained by the Kinovea software. It is
possible to conclude that the maximum errors estimated by the developed monitoring
system are similar to those obtained by the Kinovea software. Our advantage is that
the estimated data processing time through the sensor nodes is considerably less com-
pared to the estimated data processing time needed by the Kinovea software. Further-
more, sensor nodes can be used anywhere with few tools required for data processing.
The designed system uses a sampling rate of /0 ms with delays of 33 ms between the
patient’s body movement and the avatar’s movement, being an acceptable delay for
visual rehabilitation purposes. The developed system is portable and allows a patient to
complete physiotherapy sessions at home or anywhere, with the advantage of allowing
visual feedback through an avatar during on-site rehabilitation therapy. It also allows
the physiotherapist to visualize the patient’s progress as often as needed remotely on
their PC or smartphone. This makes therapies more accessible to patients and enables
an expert to create personalized therapy plans that can be reviewed online. Future work
can include a gait evaluation with patients using the developed system and traditional
systems.

Despite having a practical and useful monitoring system, there are limitations that
could generate deviations of the kinematic variables, such as: the drift effect caused
by some measured signals, which appear in cases of prolonged exercise sessions; or
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inaccurate measurements due to incorrect grip of the sensor node on the patient’s limb
by the user; or the interference of magnetic fields that affect the measured signals,
generating erroneous measurements. Additionally, the sensors require rechargeable bat-
teries for their operation.
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