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The adoption of motor-rehabilitative therapies is highly demanded in a society where the average age
of the population is constantly increasing. A recent trend to contain costs while providing high quality of
healthcare services is to foster the adoption of self-care procedures, performed primarily in patients’ envi-
ronments rather than in hospitals or healthcare structures, especially in the case of intensive and chronic
patients’ rehabilitation.

This work presents a platform to enhance limb functional recovery through telerehabilitation sessions.
It relies on a sensing system based on inertial sensors and data fusion algorithms, a module to provide bio-
feedback tailored to the users, and a module dedicated to the physicians’ practices. The system design had to
face several cyber-physical challenges due to the tight interaction between patient and sensors. For instance,
integrating the body kinematics into the sensory processing improved the precision of measurements, sim-
plified the calibration procedure, and made possible to generate bio-feedback signals. The precision of the
proposed system is presented through a set of experiments, showing a resolution below one degree in moni-
toring joint angles. A validation of the proposed solution has been performed through a medical trial on 50
patients affected by osteo-articular diseases.

The presented framework has been designed to operate in other application fields, such as neurological
rehabilitation (e.g., Parkinson, Stroke, etc.), sports training, and fitness activities.
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1. INTRODUCTION
By 2050, the growing number of elderly people will have a significant impact on social
assistance and health care institutions [Iarlori et al. 2014; Calvaresi et al. 2016]. Med-
ical advances enable the population to live longer in good health than in the past, but
much more is still needed for disease prevention and home care [Calvaresi et al. 2014].
One of the main factors that progressively reduces the mobility of elderly people is the
onset of osteo-articular diseases of the skeletal system. Currently, these problems are
treated by drugs as far as possible; however, surgery is emerging with innovative and
more effective techniques that are less and less invasive.

Nevertheless, the postoperative rehabilitation is often very long and the occurrence
of complications is quite common, even after several weeks or months after the surgery,
leading to a significant increase in public health cost, or to a reduced quality of service
because of lack of adequate resources.

To cope with such growing needs, it would be desirable to manage the rehabilitation
in a more efficient and effective way, by reducing the access time to the structures by
patients and allowing the personnel to follow a greater number of patients maintaining
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or even increasing the quality of service [Cesarini et al. 2015]. Telemonitoring enables
the possibility of transmitting some interesting parameters to a remote location for
the clinical evaluation of patients who require continuous monitoring of their health
conditions [Hailey et al. 2011].

Tele-rehabilitation is one of the special fields of telemedicine’s application and indi-
cates the remote use of rehabilitation services using telecommunications technology
as the service delivery medium [Russel 2007], thereby minimizing the barriers of dis-
tance, time, and cost. More specifically, telerehabilitation can be defined as “the ap-
plication of telecommunication, remote sensing, and operation technologies, and com-
puting technologies to assist with the provision of medical rehabilitation services at a
distance” [Cooper et al. 2001]. The diffusion of telerehabilitation systems would lead
to a number of advantages, both for the patient and the hospital structure [Benettazzo
et al. 2014; Calvaresi et al. 2015], in terms of cost, time, and services.

To achieve these advantages, the objective of a telerehabilitation program is to de-
velop and validate advanced ICT systems and clinical protocols for delivering remote
rehabilitation treatments (i.e., home-based rehabilitation programs), thus improving
both the objective and subjective results of patients, increasing accessibility to reha-
bilitation services and creating the least restrictive environment.

Another fundamental aspect regards patients’ adherence and acceptability, which
may be limited by motor (e.g., endurance), non-motor (e.g., fatigue, pain, dysautonomic
symptoms) motivational, and cognitive deficits. To overcome these pitfalls, a program
of exercising has to be easy to reach daily, exciting and has to promote motivation
and adherence. Moreover, it is remarkable that, in order to be effective, rehabilitation
has to be meaningful, task-oriented, intensive, and context interactive (e.g., through
virtual reality). Moreover, the exercise has to be quantifiable and monitored in real-
time in order to provide useful feedback to the patient [Giantomassi et al. 2014]. For
patients affected by multiple disabilities, a multi-modal feedback (e.g., visual, haptic,
and auditive) may be necessary to still be effective [Cesarini et al. 2016].

Another crucial challenge that must be addressed to fruitfully apply telerehabilita-
tion is related to the wearing phase necessary to position the sensors on the limbs to
be monitored. In fact, if the patient is not supported in the dressing phase, errors in
the sensors placement can jeopardize the final measures. Such a phase posed serious
limitations for an effective adoption of telerehabilitation solutions.

Satisfying all the requirements defined for users, clinical personnel, and security
needs entails different challenges in the development of a telerehabilitation frame-
work.

Contributions
This paper makes the following novel contributions:

— It proposes a telerehabilitation framework with a high degree of customization for
supporting therapists and patients from the pre-surgical condition to the rehabili-
tation phases. The adoption of such a framework allows identifying and monitoring
the patient’s conditions during all the surgical and rehabilitation phases. The frame-
work also allows the physician/therapist to define the set of exercises needed for the
therapy program and configure the system to provide the proper feedback according
to the specific exercises and patient needs. The presented framework is an extension
of the one proposed in [Cesarini et al. 2014].

— It presents an innovative low-cost wearable device with sufficient accuracy, easy con-
nectivity, and long battery lifetime, overcoming the major limitations of existing sen-
sors on the market that hinder or limit the spread of telerehabilitation. The sen-
sor illustrated in this paper represents the second generation of the one described
in [Buonocunto and Marinoni 2014].
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— It describes ReHapp, an Android application for integrating the data produced by the
sensors and present them to the patient and the physician through distinct graphical
user interfaces.

— It presents a self-calibration algorithm to support the user in the wearing phase
and compensates positioning errors by an adaptive algorithm that takes into account
the body kinematics to detect the actual sensors placement. Once the anatomical
joints are identified, the rehabilitation program can start, and the algorithm provides
anatomical angles of interest for the specific exercise.

Paper structure
The rest of the paper is organized as follows. Section 2 illustrates the framework

architecture and its main components. Section 3 presents the sensors developed within
the context of the proposed framework. Section 4 presents the devised technique to
detect the actual sensors placement and the data fusion algorithm to measure the
rehabilitation performance. Section 5 presents the user interface designed to provide
the feedback to the patient. Section 6 reports some experimental results carried out on
the system to characterize its behavior. Finally, Section 7 states our conclusions and
future work.

2. TELEREHABILITATION FRAMEWORK
The integration of sensing devices within a more comprehensive framework is crucial
to exploit all their capabilities and enable their use in a real clinical environment.

The proposed system is characterized by the seamless integration of physical compo-
nents and their cyber models with computation and communication elements. It is thus
classifiable as a proper cyber-physical system (CPS) [Calvaresi et al. 2017a], integrat-
ing a distributed sensing system (wearable sensors) and a computing platform (tablet
and cloud-based services), designed taking into account physical characteristics (body-
kinematics models and constraints) and human-machine interactions (with physicians
and patients) [Rajkumar et al. 2010]. This section describes the main components of
a telerehabilitation framework to support the patient and the therapist during lower
limbs functional recovery. This framework aids patients in the execution of rehabili-
tation exercises by monitoring the limb movements using a set of wearable nodes and
providing them with multi-modal bio-feedback (e.g., visual, haptic, and auditive) to im-
prove the quality of the performed activities. The system is also designed to assist the
therapist during the definition of the exercises, which can be tailored to the patient.
The information collected during the session is uploaded to a cloud infrastructure for
storage and further analysis. The result of the analysis can then be accessed by the
therapist to follow the patient’s progress and possibly tune the therapy.

The proposed telerehabilitation framework is illustrated in Figure 1 and consists of
three main components, described in detail in the rest of this section: a patient support
module, a physician support module, and a set of cloud based services.

2.1. Patient support module
The main purpose of this module is to aid the patient in wearing the sensors and
support him/her during the execution of the rehabilitation exercises. It consists of a
set of wearable sensing nodes, a bio-feedback generation unit, and a data processing
software running on a mobile device. Note that, in the specific case study of knee re-
habilitation considered in this paper, the system makes use of two wearable sensing
nodes, placed as shown in Figures 1(b) and Figure 6.

Sensing module. The main concept behind the sensing subsystem is the acquisition
of the information needed to evaluate the exercise without changing how the patient
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Fig. 1. The proposed telerehabilitation framework: (a) Patient Support Module, (b) Cloud-based Services,
and (c) Physician Support Module.

executes it. To obtain such a result, the sensor has to be small, lightweight and com-
fortable to wear. Moreover, the setup procedure performed before the session must be
simple and assisted by a software guiding the patient during sensors placement. This
is a crucial step to obtain meaningful and accurate data for the analysis.

Exercise performance evaluation. This software module analyzes the sequence of
data recorded during the execution of the exercise, evaluating its performance with
respect to a reference trajectory executed with the supervision of the therapist. The
analysis produces a number of performance indices that will later be assessed by the
physician to establish the progress of the patient and possibly updates the therapy.

Bio-Feedback. The bio-feedback is a very important aspect to be considered during
the execution of an exercise, because it provides information back to the patient to
promptly correct possible erroneous movements. Thus, guiding the patient towards the
execution of the intended motion, while correcting him/her through a mix of stimuli is
of paramount importance. Different types of feedback can be conveniently conveyed
by the mobile device through the screen, the speakers, or the vibrating component. As
telerehabilitation systems are not mechanically hindering or guiding specific motions,
the design of the most adequate Bio-Feedback methodology is not an easy task [Sigrist
et al. 2013].

The mobile application. Data transmitted from different nodes are integrated into
a mobile app, running on the Android-based device which also incorporates a visual
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interface, an auditive feedback generation module, and an auto-calibration and sensor
data integration module. This interface will be presented in details in Section 5.

2.2. Physician support module
The proposed framework supports the physician during both the therapy definition
and the telerehabilitation phase.

During the therapy definition, the physician is supported by a computer-assisted
therapy definition software (Figure 1 (c)) coupled with the sensing system (Figure 1
(a)) in defining the sets of exercises for the telerehabilitation. In particular, the pa-
tient executes the rehabilitation exercises under the supervision of the physician, who
defines the relevant physical ranges and reference execution speeds. The feedback sub-
system can also be configured by the physician according to the specific exercise and
patient needs.

During or after the telerehabilitation session, the physician can access the recorded
data and visualize a set of desired variables as a 2D plot or as a 3D avatar, exactly
reproducing the patient’s limbs motions. Moreover, the physician can remotely adjust
the therapy by changing the exercise series (order of execution of movements, number
of repetitions, quality of execution goals, etc.).

2.3. Cloud Services
As shown in Figure 1(b), the cloud infrastructure, is in charge of managing all the
services related to the definition, the execution, and the analysis of specific exercises
for each patient. The main services the cloud could provide are:

— A set of tools to manage the archive containing all the possible exercises that the
physicians can prescribe;

— A support tool to define and monitor the exercise set assigned to each patient;
— Storage support of all data coming from all the ReHapp instances. This module is

in charge of managing a reliable and secure data transmission with the app, main-
taining the whole storage available with backup/restore activities, and providing an
interface for performing specific queries guaranteeing the correct privacy level;

— An analysis module to automatically evaluate the evolution of the rehabilitation path
for a specific patient. This allows to highlight criticalities and trigger predefined
alarms if critical situations arise;

— An inter-patient elaboration module to compare how different patients evolve in re-
sponse to the prescribed rehabilitation therapies, in order to improve future rehabil-
itation and telerehabilitation practices; and

— Finally, in line with the current security policies, the communication involving pa-
tient, physician, and cloud-based services modules (see Figure 1) are characterized
by the SSL encryption, and the access to the profile (for both patients and physicians)
is protected by the username and a strong password (i.e., one that satisfies multiple
criteria to be accepted).

3. THE SENSING SYSTEM
Motion tracking is becoming one of the most crucial arising tasks in general medicine,
rehabilitation or even sports scenarios. When technology gets in contact with the hu-
man body, the system becomes inherently cyber-physical, since the characteristics of
the human structure strongly affect the performance of the monitoring system and
they must be taken into account to improve the precision of measurements and cor-
rectly reconstruct postures and actions. Most of the available solutions on the market
are expensive, do not meet the medical requirements, or are too invasive to be au-
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tonomously used by the patient at his/her home (see [Hadjidj et al. 2013] for a review
of existing limb tracking systems).

The motion tracking system presented in this section is based on a set of low-cost
wearable inertial measurement units (IMUs) coordinated as a wireless body area net-
work. Body movements are tracked by integrating angular information acquired from
a set of nodes, each monitoring a single rigid limb segment. The rest of this section
presents the functional and technical requirements that had driven the hardware de-
sign and illustrates the various features of the platform.

3.1. Requirements
The sensing device has been designed according to a set of requirements derived from
a tight interaction with physicians and therapists, the most crucial ones are reported
below.

— Resolution. When monitoring body movements, a crucial aspect is to guarantee
measurements with a given resolution, which depends on the monitored joint and
the type of exercise. For example, in knee telerehabilitation applications, the flex-
ion/extension angle must be typically monitored with an error below 1 degree.

— Low-power consumption. Sensor nodes should provide a good balance between
lifetime and dimensions. In some applications is not possible to stop the activities to
recharge the sensor or change batteries. However, large battery packs increase the
overall sensor size and reduce the quality of the user experience.

— Real-time processing. If the monitoring system provides a feedback to the patient,
or generates warning and alarm signals, it is crucial to process data in real-time to
guarantee a delay of approximately few hundred milliseconds between movement
and visualization. In other applications, as sport training or gaming, such a delay
may reduce to a few tens of milliseconds.

— Configurability. To avoid redesigning the sensing unit for slightly different applica-
tions, it is desirable that the platform is configurable to track, for example, different
body parts, allowing different settings, such as sampling frequency, type of outputs
(row data or quaternions), and online storage capabilities.

— Usability. Considering that sensors for rehabilitation are meant to be worn and used
by inexperienced patients, they should be designed to be mounted easily and quickly
on the body, in such a way they do not move during the execution of the exercises.
Thus comfort and wearability are important design objectives.

3.2. Hardware platform
The sensing platform consists of a set of wearable nodes that send data to a central
unit (master), which performs data integration to reconstruct the required information
and visualize it in a proper form. In the current implementation, the central unit is a
high-end system that runs the application under the Android operating system [Google
2014]. The number of sensor nodes depends on the number of joints to be monitored.
Figure 2 illustrates a block diagram of the main logical components in a node.

Every node is operated by an ultra low-power Nordic nRF52822 microcontroller
based on a 32-bit ARM Cortex-M4F CPU with 512 kB flash and 64 kB RAM, in-
corporating a rich selection of analog and digital peripherals, including a 2.4 Ghz
transceiver [Nordic Semiconductor 2015] that supports Bluetooth Low Energy (BLE)
version 4.2, as well as 2.4 GHz raw radio transmissions. The microcontroller is tar-
geted for low-energy applications and supports several low-power operating modes,
whose consumption ranges from 420nA in deep sleep to 5.5 mA in RX mode.

The inertial measurements unit (IMU) is an InvenSense MPU-9250 that combines a
3-axis MEMS gyroscope, a 3-axis MEMS accelerometer, a 3-axis MEMS magnetometer,

ACM Transactions on Cyber-Physical Systems, Vol. 0, No. 0, Article 0, Publication date: 2017.



A Limb Tracking Platform for Tele-Rehabilitation 0:7

CPU
Cortex-M4F

Bluetooth 4.2
Low energy  
Transceiver

2nd gen 
9-Axis IMU

Interface
(leds, buttons, 

buzzer)

Li-Po 
Battery

Qi 
WIRELESS 
charger

On-board 
256MB flash 

memory

Bluetooth 2.0 
Transceiver

Power manager 
(monitor and 

regulator)

NFC
Near Field 

Communication

Fig. 2. Block diagram of the main node components.

and a DMP hardware accelerator engine. The DMP acquires data from all sensors and
computes the quaternion representing the chip orientation with respect to Earth fixed
frame with a selectable output frequency up to 200Hz.

Aiming at simplifying the dressing procedure (avoiding the manual selection of the
devices), the microcontroller has also been equipped with a Near Field Communication
(NFC) peripheral. Exploiting a short distance information exchange, NFC technology
enables a “touch-to-pair” functionality, allowing the user to connect a specific device
by only putting it near the smartphone/tablet for a short period of time, during which
the Bluetooth connection information and encryption keys are exchanged [NFCForum
2014]. In this way, a node can be associated with a specific limb through a simple
gesture and without knowing its network address.

The power supply is provided by a single cell LiPo battery that guarantees more than
40 hours of continuous use and can be charged using both USB or wireless recharge.

The device also features 3 LEDs, 2 buttons and a buzzer for providing the user an
auditory feedback. To comply with a specific requirement coming from the doctors and
therapists, the power button requires a long-press to avoid accidental pressing, thus
increasing the easy of use and functional robustness.

The case has been designed so that the sensor can be self mounted on a limb through
an elastic band. The sensor includes a wireless charging module so that it can easily
be recharged without cables putting it on its proper pad. The device weights about 30g
and its dimensions are 4*3*0.8 cm. The node’s internal circuitry and the closed node
are shown in Figures 3.

3.3. Software
In complex embedded devices like the one described in this section, the system must
be able to execute several concurrent activities, some of which are subject to strict
timing constraints, while allowing a modular and flexible development cycle. For in-
stance, IMU data are acquired with a sampling period that can be set between 5 and
20 milliseconds, while data transmission and data storage tasks can be triggered with
a lower frequency and have lower criticality. For example, the data storage function is
necessary to save motion data when the connection is not available.

To ensure a timely execution of the different activities and perform an off-line guar-
antee of the timing properties of the application, the software on the sensing module
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Fig. 3. The sensor node.

has been developed on top of the ERIKA Enterprise real-time kernel [Gai et al. 2000],
which allows achieving high predictable timing behavior with a relatively small run-
time overhead and memory footprint. On the used platform and kernel configuration
context switch times are lower than 10 microseconds and the kernel footprints is 1047
bytes.

3.4. Time synchronization
In a sensing system like the one described in this paper, the information of medical
interest is reconstructed by integrating data samples received from different nodes
of the network. To contain the error on the reconstructed joint angles, it is crucial to
guarantee a timing coherence of the integrated samples, especially when monitoring
dynamic physical variables, as in limb motion tracking. In fact, the amplitude of the
error increases with the temporal misalignment among the samples to the signal.

Since the samples coming from different nodes can be received by the master node
at different times, in order to correctly realign them, each data message has to be
associated with a time stamp assigned at the acquisition time by the operating system
running on the sensor node.

However, the time reference inside each node may differ due to local clock drift. Such
a drift is due to several causes, including the poor quality of clock generators, possi-
ble variations in the supplied voltage, and changes of the environment temperature.
For a given clock source, the maximum clock drift rate ξsync is expressed in parts per
million (ppm). The typical accuracy found on commercial, low-quality, clock oscillators
ranges from 40 to 80 ppm [Syed and Heidemann 2006]. For example, a clock with an
accuracy of 40 ppm produces a clock skew of 40 microseconds per second. Given an op-
eration time of an entire day, the resulting clock offset would result to be in the order
of seconds.

Consider the example illustrated in Figure 4, where a joint angle is computed as the
difference between two signals f1(t) and f2(t) produced by two corresponding nodes.
As show in the figure, a time difference ∆t in the node local clocks may produce an
angular error θerr proportional to the slope of the signals. In the worst case in which at
time t the signals vary in opposite directions at the maximum speed ωmax, the angular
error is given by

θerr = 2ωmax∆t. (1)

Considering that in a telerehabilitation scenario the angular speed of the knee joint
is no greater than ωmax = 100 deg/s, and a measurement error θerr = 1 deg is sufficient

ACM Transactions on Cyber-Physical Systems, Vol. 0, No. 0, Article 0, Publication date: 2017.



A Limb Tracking Platform for Tele-Rehabilitation 0:9

t

 s
ig

n
al

 a
m

pl
it

u
de

f1(t)

t

t

∆t ∆t

f2(t)

Fig. 4. Effect of time synchronization errors.

for the purpose, the maximum acceptable synchronization error results to be:

∆t =
θerr

2ωmax
=

1 deg
200 deg/s

= 5 ms. (2)

To contain the synchronization error, a clock synchronization algorithm is adopted
to align local clocks on different nodes.

To run the synchronization protocol, a bandwidth reservation mechanism has been
implemented on the sensor nodes [Marinoni et al. 2017], so that a fraction of the band-
width is used by the nodes to send sampled data to the master using the BLE pro-
tocol [BT4 2014] and another fraction is used to exchange synchronization messages
using a real-time protocol. The use of a second protocol is necessary because the BLE
does not provide support for timing guarantees and requires a multi-hop path for a
communication between two non-master nodes. Moreover, not all devices provide an
implementation of the full standard to reduce the footprint and power consumption.
Typically, the companies producing the transceivers do not provide the code for the
network stack, but only a library in binary format (e.g., Nordic SoftDevice [Nordic
Semiconductor 2015]) that works as a black box. For this reason, a bandwidth reser-
vation mechanism has been implemented to assign each node a slot of Q time units
every P time units. Thus, P denotes the reservation period, while Q denotes the bud-
get reserved in every period to real-time traffic.

To enable bandwidth reservation, some radio devices (as the Nordic, used in this
paper) provide a mechanism for using the radio device in raw mode in specific time
slots, interleaved with the BLE traffic. Such time slots, however, are provided with a
variable delay δ, which is necessary to complete the ongoing operation and release the
radio device leaving the BLE protocol in a consistent state. Figure 5 shows an example
of access sequence to the radio device by the two protocols.

3.5. Sensing nodes coordination
The proposed approach is centralized regarding both the network topology and the

estimation algorithm.
The network topology is organized as a star, as mandated by version 4.x of the BLE

protocol, which also limits the maximum number of nodes to seven peripheral slaves
plus a central device master. Note that such limitations can be relaxed with the upcom-
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ing version 5.0 of BLE, which allows adopting a mesh topology with a higher number
of nodes.

The estimation algorithm has been designed according to a centralized approach,
taking into account the star topology imposed by the BLE 4.x protocol. In fact, a dis-
tributed solution would less effective due to an increased network traffic, overhead,
and delay. Having identical nodes also simplifies the system development and its us-
age (i.e., a node is assigned to a limb during the dressing phase). Moreover, performing
only the sensing part in the node allows reducing cost, weight, and energy consump-
tion. One of the problems of making the algorithm fully distributed is that nodes lo-
cated on different limbs could require specific software modules and a proper underly-
ing infrastructure must be provided to maintain the flexibility in the user experience.
A possible solution for managing a distributed implementation could be designing the
framework based on the multi-agent paradigm [Calvaresi et al. 2017b]. However, the
advantages of a distributed estimation algorithm concerning cost, size, weight, battery
consumption, etc. strongly depend on the application scenario that must be analyzed
individually.

Regarding performance of the current solution, the maximum sampling frequency
depends on the BLE throughput and the number of connected nodes. Multiple BLE
connection parameters affect the throughput, but the most important one is the Con-
nection Interval, which defines how often a BLE communication will occur. According
to the BLE specification, the minimum valid Connection Interval is 7.5 ms. There can
be a maximum of six packets sent in each Connection Interval, and the packet payload
has a limit of 20 bytes.

Therefore, the maximum BLE throughput can be computed as:

Throughput =
6 ∗ 20 bytes
7.5 ∗ 10−3 s

= 128 kb/s. (3)

Considering that each sample transmitted by a node fits in a single BLE packet (20
bytes), each node requires a bandwidth of 16 kb/s. Hence, the maximum number of
nodes sampling at a frequency of 100 Hz is 128/16 = 8, which is even above the limit
imposed by the current topology limit.
4. ANATOMICAL JOINT ESTIMATION AND TRACKING ALGORITHM
Monitoring the articular joints during rehabilitation requires the integration of the
data produced by the nodes located on the patient limbs. Each node provides the raw
data acquired from the IMU and an attitude information through a quaternion, repre-
senting the rotation of the frame attached to the sensor (sensor frame) with respect to
a reference frame (Earth frame) [Mahony et al. 2008; Madgwick et al. 2011]. Compared
to other techniques, like rotational matrix and Euler Angles, quaternions improve com-
putational efficiency and avoid singularities problems (e.g., gimbal lock).

Since raw data coming from the IMU are highly corrupted by noise, drift and tissue
artifacts [Tehrani 1983; El-Sheimy et al. 2008; Leardini et al. 2005], a proper filtering
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technique is essential for achieving a posture estimation. Besides, measurements are
related to the sensor frame, which is translated and rotated with respect to the ideal
articular joint frame: considering the structural differences between patients and the
manual procedure for positioning the sensors, such frame displacement is in general
unknown. Many approaches in the literature leave this issue unsolved [El-Gohary and
McNames 2012; Yun and Bachmann 2006; Zhang et al. 2011].

This section describes a self-calibration algorithm that exploits the kinematics con-
straints of the human articular structure [Seel et al. 2014] to estimate the orientations
of the knee joint, modeled as a rotoidal hinge joint. The estimation phase requires the
patient to perform some general movements that are used to identify the position of
the joint axes. While the joint tracking algorithm is performed using quaternions, the
kinematic joint estimator is developed using the raw data produced by the IMU, due
to the unknown attitude of the sensors. Each inertial sensor is assumed to be rigidly
connected to a different body link, as depicted in Figure 6.
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Fig. 6. Anatomical frames positioning and sensors wearing on the leg.

We denote:

— {F} as the inertial earth-fixed-frame reference;
— {Es}, s = 1, . . . , S as the sensor-fixed-frame reference;
— {Bi}, i = 1, . . . , I as the articular joint-fixed-frame reference.

Limbs articulations are approximated as spheroidal or rotoidal joints assuming that
the frames {Bi} and {Bi+1} are kinematically constrained and the articular link be-
tween assumes the notation {Li+1}.

4.1. Knee joint axes estimation algorithm
The kinematic constraints of the knee joint are used to estimate the direction and the
position of the knee flexion/extension axis in the local frames of the sensors attached
to the upper leg and the lower leg ({E1} and {E2}, respectively). The nodes located to
the limbs provide the acceleration vectors a1(k),a2(k) ∈ R3 and angular speeds around
the sensor frame axes ω1(k),ω2(k) ∈ R3, where k is the discrete time. Position and
orientation of the inertial sensors on the respective links are assumed to be unknown.

The algorithm uses a training data set to estimate the versors v1 and v2 ∈ R3 of
the flexion/extension axis of the knee in the local sensor frames. Note that v1 and v2
are constant and only depend on the orientation of the IMUs with respect to the joint
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[Seel et al. 2014]. Since sensors are not rigidly attached to the bones, disturbances are
due to the soft tissue artifact [Leardini et al. 2005; Peters et al. 2010]. In this work,
this issue is not addressed because the accuracy typically reached in the estimation of
kinematic joints has the same order of magnitude of the tissue artifacts.

The angular rates ω1(k),ω2(k) of the gyroscopes expressed in the joint frame {E1}
and {E2}, respectively, depend only by a time-variant rotation matrix and the knee
joint angle rate. Considering that the projection of the gyroscopes angular rates
ω1(k),ω2(k) on the plane normal to the joint axis have the same amplitude at each
time, we can write that:

‖ω1(k)× v1‖2 − ‖ω2(k)× v2‖2 = 0 ∀k. (4)

Note that Equation (4) holds regardless of the inertial sensors position and orien-
tation. To estimate versors v1 and v2, Equation (4) is used to define a minimization
problem following the approach in [Seel et al. 2014]. Therefore, replacing v1 and v2
with their estimation v̂1 and v̂2 the following estimator function is obtained:

‖ω1(k)× v̂1‖2 − ‖ω2(k)× v̂2‖2 = e(k) ∀k, (5)

where e(k) is the error that should be minimized. In order to obtain a proper estima-
tion of the versors v̂1 and v̂2, a coordinate transformation from cartesian to spherical
representation is performed with unitary radial distance as:

v̂1 =
[
cos φ̂1 · cos θ̂1, cos φ̂1 · sin θ̂1, sin φ̂1

]

v̂2 =
[
cos φ̂2 · cos θ̂2, cos φ̂2 · sin θ̂2, sin φ̂2

]
,

(6)

where φ̂i and θ̂i, i = 1, 2 are the elevation and azimuth angles, respectively.
By defining the state as χ =

[
φ̂1, θ̂1, φ̂2, θ̂2

]
, the function to be minimized can be

expressed as:

minimize
χ

N∑

k=1

e2(k). (7)

The cost function in Equation (7) has four minima that correspond to the sign com-
binations. This work follows the approach proposed in [Seel et al. 2014] to find the
correct combination of signs. The minimization problem expressed in Equation (7) can
be solved by a gradient descent algorithm, like BFGS or Newton’s methods [Gill et al.
1981; Kelley 1999].

Once the knee joint axis direction is identified in both the sensor frames, the flex-
ion/extension knee angle can be computed. As specified in Figure 7, the IMUs provide
a stable estimation of the quaternions representing the orientation of each sensor with
respect to the fixed reference frame. In this approach, the knee flexion/extension angle
βkneefe is computed as:

βkneefe = ^3d(R̂1(k) · (v̂1 × c), R̂2(k) · (v̂2 × c)), (8)

where ^3d is the angle between two vectors in three-dimensional space and R̂1(k) and
R̂2(k) are the rotation matrices provided by the two IMUs, respectively.

5. USER INTERFACE
The user interface has been implemented as an Android application, named ReHapp,
developed with the aim of supporting patients and doctors during rehabilitation ses-
sions. It helps patients during the execution of the exercises, as well as doctors and
therapists in prescribing activities to patients and evaluating their performance.
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4.1. Human kinematic joint estimation algorithm
The kinematic constraints of the knee joint are used to estimate the direction and the
position of the knee flexion/extension axis in the local frames of the sensors attached
to the upper leg and the lower leg ({E1} and {E2}, respectively). The nodes located to
the limbs provide the acceleration vectors a1(k),a2(k) 2 R3 and angular speeds around
the sensor frame axes !1(k),!2(k) 2 R3, where k is the discrete time. Position and
orientation of the inertial sensors on the respective links are assumed to be unknown.

The algorithm uses a training data set to estimate the versors v1 and v2 2 R3 of
the flexo/extension axis of the knee in the local sensor frames. Note that v1 and v2

are constant and only depend on the orientation of the IMUs with respect to the joint
[Seel et al. 2014]. Since sensors are not rigidly attached to the bones, disturbances are
due to the soft tissue artifact [Leardini et al. 2005; Peters et al. 2010]. In this work,
this issue is not addressed because the accuracy typically reached in the estimation of
kinematic joints has the same order of magnitude of the tissue artifacts.

The angular rates !1(k),!2(k) of the gyroscopes expressed in the joint frame {E1}
and {E2}, respectively, depend only by a time-variant rotation matrix and the knee
joint angle rate. Considering that the projection of the gyroscopes angular rates
!1(k),!2(k) on the plane normal to the joint axis have the same amplitude at each
time, we can write that:

k!1(k) ⇥ v1k2 � k!2(k) ⇥ v2k2 = 0 8k. (3)

Note that Equation (3) holds regardless of the inertial sensors position and orien-
tation. To estimate versors v1 and v2, Equation (3) is used to define a minimization
problem following the approach in [Seel et al. 2014]. Therefore, replacing v1 and v2

with their estimation v̂1 and v̂2 the following estimator function is obtained:

k!1(k) ⇥ v̂1k2 � k!2(k) ⇥ v̂2k2 = e(k) 8k, (4)

where e(k) is the error that should be minimized. To obtain a proper estimation of ver-
sors v̂1 and v̂2, a constraint on the amplitude should be included, otherwise it is possi-
ble to perform a coordinate transformation from cartesian representation to spherical
with unitary radial distance as:

v̂1 =
⇥
cos �̂1 · cos ✓̂1, cos �̂1 · sin ✓̂1, sin �̂1

⇤

v̂2 =
⇥
cos �̂2 · cos ✓̂2, cos �̂2 · sin ✓̂2, sin �̂2

⇤
,

(5)

where �̂i and ✓̂i, i = 1, 2 are the elevation and azimuth angles, respectively.
Thus it is possible to define the variable state as � =

h
�̂1, ✓̂1, �̂2, ✓̂2

i
and the function

to be minimized accordingly:

minimize
�

NX

k=1

e2(k). (6)

The cost function in Equation (6) has four minima that correspond to the sign com-
binations. This work follows the approach proposed in [Seel et al. 2014] to find the
correct combination of signs. The minimization problem expressed in Equation (6) can
be solved by a gradient descent algorithm, like BFGS or Newton’s methods [Gill et al.
1981; Kelley 1999].

Once the knee joint axis direction is identified in both the sensor frames, the flex-
ion/extension knee angle can be computed. As specified in Figure 7, the IMUs provide
a stable estimation of the quaternions representing the orientation of each sensor with
respect to the fixed reference framesystem. In this approach the knee flexion/extension
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The cost function in Equation (6) has four minima that correspond to the sign com-
binations. This work follows the approach proposed in [Seel et al. 2014] to find the
correct combination of signs. The minimization problem expressed in Equation (6) can
be solved by a gradient descent algorithm, like BFGS or Newton’s methods [Gill et al.
1981; Kelley 1999].

Once the knee joint axis direction is identified in both the sensor frames, the flex-
ion/extension knee angle can be computed. As specified in Figure 7, the IMUs provide
a stable estimation of the quaternions representing the orientation of each sensor with
respect to the fixed reference framesystem. In this approach the knee flexion/extension
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Fig. 7. Block diagram of the joint estimation and tracking algorithm.

During the rehabilitation sessions, patients are supported by a 2D graphics, as well
as by a 3D human avatar. The 2D graphics shows the angular values of the knee joint
in real time and visualizes the discrepancy between the pre-stored trace and the move-
ments measured by the sensors during the exercise. Once the session is concluded,
statistics are reported and stored. The more intuitive 3D Avatar is used at the begin-
ning to show the precise series of movements to be executed. Moreover, it replicates
the actual patients’ actions during the exercise.

The app also provides a real-time audio feedback to inform the patient about the
quality of the execution performance. Such an audio feedback plays the role of a “ther-
apeutic evaluation”, which is very helpful to increase the patient motivation. Normally,
in fact, after the first days at home without a guide the motivation drops, as well as
the number and the quality of the exercises carried out.

The features of the app are presented below, illustrating how the users can interact
with it.

5.1. Selecting and executing an exercise
Before starting a rehabilitation session, both the patient and the exercise must be
selected. By tapping a specific button on the main screen, a dialog with the list of reg-
istered patients is displayed. When selecting a patient, the list of the exercises entered
by the therapist is presented. For each exercise the therapist can specify the type of
exercise, the range of extension, the number of repetitions of the movements and how
many times the exercise should be repeated. Once the desired exercise is selected, the
patient is ready to start the rehabilitation session supported by the interface depicted
in Figure 8.

The human-like 3D avatar visualized on the left-hand side (a) can be positioned in
one of the predefined configurations (e.g., sitting, standing), depending on the selected
exercise, and replicates the movements of the monitored limbs. The interface on the
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Fig. 8. Screenshot related to a specific exercise execution.

right-hand side has the purpose of guiding the patient in correctly performing the
movements requested by the current exercise. In particular, referring to Figure 8:

— The area denoted by (b) indicates (vertically) the range within which the knee angle
should stay during the exercise;

— The dark dot (c) shows the target reference value that has to be reached to complete
the current movement;

— The horizontal line (d) indicates the current angular position and translates up and
down following the movements performed by the patient.

5.2. Statistics
At the end of the session, ReHapp enables the visualization of patient’s performance
and results. After selecting the desired patient from the list, the screen shown in Fig-
ure 9 is displayed. For every saved exercise, three bars with different colors are dis-
played:

— The blue bar (a) represents the number of correctly performed repetitions, that is,
the ones where the patient successfully reached the maximum and the minimum
extensions;

— The yellow bar (b) represents the number of repetitions in which the patient exceeded
the prescribed extension range while staying within the tolerance range;

— The red bar (c) represents the number of repetitions in which the patient exceeded
both the prescribed extension range and the tolerance range.
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Fig. 9. Screen of the statistics of the recorded exercises.

By selecting a specific exercise, the screen shown in Figure 10 is displayed. The inter-
active plot contains all recorded angles of the knee extension during the exercise, the
prescribed range and, on the bottom side of the screen, a report with statistics.

6. EXPERIMENTAL RESULTS
This section presents some experimental results carried out to evaluate the effective-
ness of the sensing system in measuring orientations and providing timely data. Fur-
thermore, a set of tests is presented for validating the kinematic anatomical joint es-
timation algorithm. Finally, a preliminary feedback is reported from a clinical trial in
progress in a rehabilitation center.

6.1. Orientation accuracy
The orientation errors of the sensor node were evaluated with respect to a reference
given by a Polhemus Patriot system [Polhemus 2010], which provides the position and
orientation of a mobile probe with respect to a fixed reference station. In particular,
the fixed reference station emits a tuned electromagnetic field that is measured by the
mobile probe. This procedure avoids performing hybrid data merging via software. The
resulting resolution is about 0.03 mm and 0.01 degrees, whereas the static accuracy is
of 1.5 mm RMS for the position and 0.4 degrees RMS for the orientation.

In the performed test, both the Polhemus and the inertial sensor node have been
mounted on a rotating link, as illustrated in Figure 11(a), to avoid any measurement
error caused by misalignments.
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Fig. 10. Detailed statistics for a specific recorded exercise.
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Fig. 11. a) Experimental setup used to evaluate the sensor accuracy; b) Distribution of the angular error.

The orientation accuracy of the sensor node was measured by converting quater-
nions to Euler angles and directly comparing them to the ones given by the Polhemus.
Only the angles around X and Y axes were measured, because rotations around the
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Z-axis rely on magnetometers, which are strongly affected by the magnetic field gen-
erated by the Polhemus.

Figure 11(b) shows the IMU measurement error distribution with respect to the Pol-
hemus reference. Note that the error mean is 0.8685 degrees and its RMS is 0.9871
degrees. Considering the lower cost of the inertial sensor with respect to the Polhe-
mus (i.e., tens of euros compared to thousands of euros) the achieved results are quite
satisfactory.

6.2. Synchronization error evaluation
A set of experiments has been performed to test the effectiveness of the clock synchro-
nization protocol described in Section 3.4 to align local clocks within a desired error.
These tests have been carried out using two nodes: each node notifies its requests on
a digital output and requests from both nodes are acquired with a logic analyzer to
make the measurement error negligible.

In the first experiment, the nodes execute the synchronization procedure during
the initialization phase and then operate for an interval of 30 minutes without re-
synchronizing their clocks. Figure 12 shows that the relative clock error (∆T ) increases
linearly, as expected, thus justifying the need for a synchronization protocol.
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Fig. 12. Drift between slot requests performed by two nodes with initial synchronization only.

In the second experiment, nodes were synchronized with a period Psync = 8 minutes.
Figure 13 shows the relative clock error of the two nodes. As clear from the plot, the
synchronization protocol can bound the drift by a constant that depends on the drift
rate, the synchronization period, and the execution time of the SoftDevice interrupt
routine. With the adopted experimental configuration, the measured synchronization
error fully respects the constraint given by Equation (2) in Section 3.4. Note that the
spikes are caused by the execution delay of the timer interrupt handler, which prevents
the synchronization protocol to totally reset the clock error between the two nodes.
However, such an error does not affect the accuracy of the measurements, which only
requires a bound on the maximum value of the drift.

6.3. Joint angle estimation
To show the effectiveness of the anatomical joint estimation algorithm presented in
Section 4, a simulation test has been performed by imposing a combination of sinu-
soidal movements to a mannequin for replicating the motion of the proximal and distal
links of the leg. In this way, leg movements are completely defined and known in the
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Fig. 13. Drift between slot requests performed by two nodes when the synchronization is repeated every 8
minutes.

anatomical frames described in Figure 6. The IMUs measure the motion inducted to
their respectively frame and by means of gyroscopic data.

Two seconds of movements were simulated and sampled at 100 Hz: the position of
the proximal link is identified by the frame {B0} and the distal one is identified by
{B1}.
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Fig. 14. Anatomical joint motion imposed to the stick model: a) flexion/extension, abduction/adduction
and internal/external angles position of Root joint; b) flexion/extension, abduction/adduction and inter-
nal/external angles position of Distal joint.

Figure 14(a) depicts the set of flexion/extension, abduction/adduction, and inter-
nal/external rotation angle positions, with respect to the time samples, imposed to
the joint frame {B0} and relative to the proximal link {L1} defined in Figure 6. Fig-
ure 14(b) shows the set of rotation angle positions for the distal joint {B1}. As clearly
visible from the plot, only the flexion/extension has non zero values, compatibly with a
knee joint.

The motion performed by the mannequin is captured as angular velocities measured
by the IMU’s gyroscopes. Figure 15(a) depicts the angular velocities measured by the
IMU gyroscope {E1} attached to link {L1} around its axes ωα, ωβ , and ωγ . Figure 15(b)
depicts the angular velocities measured by the IMU gyroscope {E2} attached to link
{L2} around its axes ωα, ωβ , and ωγ .
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Fig. 15. Angles rates of 3-axis gyroscopes: a) sensor attached to link L1 with reference frame E1; b) sensor
attached to link L2 with reference frame E2.

The minimization of the functional given in Equation (7) is obtained by a Newton’s
method in less than 20 iterations as shown in Figure 16. Each state element converges
to the real value highlighted by the diamonds in the graph. The estimation algorithm
requires that the initial movements stimulate the gyroscopes in all directions to avoid
non-observable states and ill-conditioned data matrices.
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Fig. 16. Spherical coordinates φ̂1, θ̂1, φ̂2, θ̂2 of the knee joint as a function of the estimation algorithm
iterations.

Once the estimation of v̂1 and v̂2 is performed, the knee flexion/extension angle
tracking can be performed according to the procedure depicted in Figure 7 and de-
scribed in Section 4.1. From the estimated quaternions q̂1 and q̂2 and knee joints di-
rections v̂1 and v̂2, the knee flexion/extension estimation is obtained by Equation (8)
with a very high accuracy, as shown in Figure 17.

6.4. Clinical validation
The presented platform has been validated in a clinical trial carried out at the “Ver-
silia” Hospital in Viareggio, Italy, aimed at evaluating the system performance and
usability. Such a trial started in September 2015 and lasted one year, providing sup-
port to doctors and therapists to keep track of patients, exercises, and improvements.

To provide significant outcomes, the trial was designed to involve at least 50 patients
for about two months each. Balancing the men/women composition, the patients have
been properly selected by the medical personnel, among those who experienced a total
knee replacement.
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Fig. 17. Estimated flexion/extension knee angle compared with the actual value.

To provide a framework supporting the telerehabilitation best practices, the whole
process (system design, and development) has been carried out in continuous collab-
oration with medical practitioners, therapists, and caregivers. This approach allowed
refining and tailoring functional and non-functional requirements to different operat-
ing scenarios.

A subset of 28 out of 50 patients have been interviewed in a post-trial system evalu-
ation, together with the medical staff involved in this study. The patients were asked
to fill a detailed online questionnaire to evaluate the expectations, the functionality,
and the overall experience. At the end, the potential benefits, already manifested by
the patients in a preliminary evaluation of the system, have been confirmed. Patients
and physicians unanimously agreed in confirming that all the requirements defined
for the system under evaluation have been met. Aiming at guaranteeing the patients
anonymity, the outcomes have been summarized as follows.
Regarding the patients’ experience, the most appreciated features have been:

— auto-calibration: Considering patients who experienced the system with and without
the sensors auto-calibration, an extremely positive feedback have been recorded for
such a feature;

— user-interface: Performing repeatedly (and sometimes painful) movements for sev-
eral minutes can be discouraging and boring. However, having such a stimulating
interface made those minutes/hours of therapy flew away;

— small nodes size: the small dimensions of the sensors and the wireless technology has
not been perceived too cumbersome during the therapy execution;

— nodes wearability: No complex setups are required. Hence, in a few simple steps the
sensors are in place and ready to work.

Concerning the medical staff, the relevant outcomes have been:

— long-press functionality: It has ensured that no unintentional button presses could
hamper the session anyhow;

— auto-calibration: It has simplified the wearing phase, ensuring data correctness even
in the presence of sensors misplacement;

— battery life-time: The autonomy of more than 48 hours (with data streaming at 100
Hz) made possible to continuously monitor patients without any annoying interrup-
tion for changing/re-charging the sensors and preventing data loss due to sudden
energy interruption;

— measure accuracy: It has been considered satisfactory and beyond medical expecta-
tions, thus enabling detailed analysis and better understanding;
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— follow-up boost: The proposed system fastened the process of recording and adapting
patients therapies;

— monitoring boost: The possibility to analyze both raw and pre-elaborated data al-
lowed creating historical data supporting the decision-making process in future di-
agnosis and therapy definition/adaption/suspension.

— therapy adherence: The central role of the patients in the rehabilitation process made
them more responsible and proactive during the therapy. Moreover, having an intu-
itive real-time feedback as a 3D avatar worked as an extremely motivating factor for
improving their performance.

Finally, ReHapp has been presented at a national fair on ICT for disabilities1 and
received positive comments by both users and rehabilitation practitioners on the intu-
itiveness of the user interface.

7. CONCLUSIONS
This paper presented a CPS framework for supporting patients and therapists in the
setup, execution, and evaluation of exercises required for rehabilitation purposes, ex-
perimented and validated for the case of knee telerehabilitation.

The work highlighted interesting cyber-physical design challenges originated by the
tight interaction of the monitoring system with (i) the physical characteristics of the
monitored body limbs (inner loop, patient-tablet) and (ii) the physician platform guid-
ing the rehabilitation process (outer loop, patient-physician). As shown in the paper,
dealing with the kinematic constraints of the human body allows achieving not only a
significant reduction of the errors in the sensor measurements but also a compensa-
tion of the uncertainties due to the imprecise positioning of the sensors on the limbs.
In addition, a joint estimation algorithm has been proposed to derive a self-calibration
procedure that can easily be performed by patients during a setup phase to increase
the robustness of the measurements. A possible direction to further improve the sen-
sor nodes involves the use of upcoming devices embedding support for the new version
5.x of the Bluetooth Low Energy protocol. In this way, it will be possible to adopt less
restricted network topologies and remove the limitations in term of the number of
nodes.

A crucial component of the proposed system is represented by the wearable sensor,
purposely designed to balance cost, accuracy, energy-consumption, real-time process-
ing, and simple interface to comply with the requirements specified by the therapists
and overcome the actual limitations of the sensors existing on the market. Accuracy
in the reconstructed motion is also achieved thanks to a dual-protocol communication
support, which has been developed to combine BLE data transmissions towards a mo-
bile device with an intra-node real-time communication used for synchronizing local
clocks to reduce time drifts and align data samples in time.

The achieved results, including the clinical trial, have been extremely encouraging
and in line with the initial expectations. The feedback received from physicians and
patients during the trial offered interesting insights to improve the functionality of the
app and further enhance the entire system. For instance, the graphical user interface,
perceived as a simple videogame, could be further improved toward providing a gami-
fication path to improve the patients’ experience. Currently, a follow-up of the trial is
under evaluation to test the cloud-based component of the framework and the related
synergies of the outer feedback loop.

The presented framework has been considered by [Calvaresi et al. 2017b] to propose
an agentification of the platform to improve its functionality, and flexibility, thus prov-

1HANDImatica2014, Bologna, Italy, organized by ASPHI.
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ing its general suitability for targeting a broader set of stakeholders requiring physical
(e.g., hip, shoulder, neck, and back) or cognitive (e.g., post stroke or traumatic brain
injury) rehabilitation. The presented framework is also expected to be employed for
pre-frailty assessment [Gill et al. 2002]. Finally, non-biomedical scenarios (e.g., beach
tennis, golf, biking, curling) can be also addressed by the proposed approach. Since
regulated by less stringent safety normative, the main challenge in these applications
is to focus on the user interface to enhance the user experience.
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