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1. Introduction

The application of wearable electronics in the biomedical research and commercial fields has
been gaining great interest over the last several decades. Small-sized, lightweight monitoring systems
with low-power consumption and, of course, wearability allow for the collection of physiological and
behavioral data in ecological scenarios (e.g., at home, during daily activities or sleep, during specific
tasks, etc.) with a minimal discomfort for the end user [1]. As a result, outpatient-monitoring
care can be associated with improved quality of life, especially for patients with chronic disease,
possibly preventing unnecessary hospitalizations and reducing direct and indirect healthcare costs.

To this extent, research efforts have been focusing on the development of innovative sensors
(e.g., smart-textile or contactless electrodes) and sensing platforms, as well as effective algorithms
for embedded signal processing and data mining. Furthermore, significant endeavors have been
related to small-scale integration of analog/digital sensor signal conditioning and energy harvesting,
especially in the case of wireless body area/sensor networks.

The high impact of wearable technology in the frame of multidisciplinary scientific research is
also confirmed by the significant number of studies published throughout the last several decades.
By searching the keywords “wearable”, “monitoring”, and “human” in the Scopus database, taking into
account article title, abstract, and keywords, a total of 2531 entries have been found, starting with less
than 10 articles per year before 2001 and reaching more than 200 articles per year since 2011.

2. The Present Special Issue

In the frame of wearable electronics and embedded computing systems for biomedical
applications, this Special Issue of Electronics includes a total of 14 papers, including two review papers
and twelve research articles [2–15]. The issue spans a wide range of topics, including smart sensing
footwear systems, human-body hydration monitoring, textile-based ECG monitoring in human and
horses, biotelemetry and telemedicine, support for surgical navigation, wearable autonomic nervous
system activity monitoring, and hand posture and tactile pressure sensing [2–15].

More specifically, Carbonaro et al. [7] propose a sensorized shoe for gait analysis. The shoe
has built-in force sensors and a triaxial accelerometer, and is able to transmit sensor data to the
smartphone through a wireless connection. Experimental results confirmed a reliable detection
of the gait phases. Boehm et al. [5] propose a sensorized T-shirt able to acquire a long-term,
multichannel electrocardiogram (ECG) with active electrodes, therefore avoiding the use of adhesive
gel electrodes. Experimental results validated the proposed wearable monitoring system as compared
with a commercial Holter ECG in healthy volunteers during movement phases of lying down, sitting,
and walking. De Marcellis et al. [9] propose a pulsed coding technique based on optical ultra-wideband
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modulation for wireless implantable biotelemetry systems with low power consumption. The overall
architecture implementing this optical modulation technique employs sub-nanosecond pulsed laser
as the data transmitter and small sensitive area photodiode as the data receiver. Guidi et al. [12]
propose a textile-based, wearable system for heart rate variability (HRV) monitoring in humans and
animals, aiming to study human–horse interaction. Experimental results compared the performance
of the proposed wearable system with a standard system in terms of amount of movement artifact.
A support vector machine classifier showed the discrimination of three distinct real human–animal
interaction levels.

Farooq et al. [10] present a method for the automatic quantification of chewing episodes captured
by a piezoelectric sensor system. Experimental results were related to the estimation of the number of
chews as compared to manually annotated chewing segments, and an artificial neural network-based
automatic classification of “food intake” or “no intake” classes. In the context of surgical navigation
systems, Cutolo et al. [8] propose an algorithm suitable for wearable stereoscopic augmented reality
(AR) video see-through system. The video-based tracking relies on stereo localization of three
monochromatic markers rigidly constrained to the scene. This approach provides a viable solution for
the implementation of wearable AR-based surgical navigation systems. Caldara et al. [6] developed
a potentially implantable blood pressure telemetry system, based on an active Radio-Frequency
IDentification (RFID) tag, aiming to continuously measure the average systolic and diastolic blood
pressure of small/medium animals. RFID energy harvesting has also been investigated. The authors
present an experimental laboratory characterization and in vivo tests. Greco et al. [11] propose
a wearable system for monitoring the electrodermal activity (EDA) signals during emotional elicitation.
EDA was studied at different frequency sources through data gathered from healthy subjects
undergoing visual affective elicitations. The authors conclude that the frequency of the external
electrical source affects the accuracy of arousal recognition. Saponara et al. [15] present a scalable
remote model for telemedicine scenarios using wireless biomedical sensors, an embedded local unit
(gateway) for sensor data acquisition/processing/communication, and a remote e-Health service
center. The use of a mix of commercially available sensors and new custom-designed ones was also
presented. Bianchi et al. [4] propose an integrated sensing glove combining a low number of knitted
piezoresistive fabrics to reconstruct both hand posture and tactile pressure sensing. To this end, a priori
information of synergistic coordination patterns in grasping tasks was employed. In the frame of
a wireless body area network, Liao et al. [14] derive an analytical and accurate 2.45 GHz model based
on a 3D heterogeneous human body model. The proposed approach outperforms other modulation
techniques, enabling the support of a 30 Mbps data transmission rate up to 1.6 m and affording
more reliable communication links when the transmitter power is increased. Finally, Asogwa et al. [2]
propose a non-intrusive method for tracking hydration rates with a resolution of 100 mL of water.
The authors state that the real-time changes in galvanic coupled intrabody signal attenuation can be
integrated into wearable electronic devices to evaluate body fluid levels on a particular area of interest
and can aid the diagnosis and treatment of fluid disorders such as lymphoedema.

Concerning the review articles included in the special issue, Hegde et al. [13] compare
footwear-based wearable systems, focusing on embedded sensors and electronics. This review
article describes key application scenarios (including gait monitoring, plantar pressure measurement,
posture and activity classification, body weight and energy expenditure estimation, biofeedback,
navigation, and fall risk applications), utilizing footwear-based systems with critical discussion on
their merits. Furthermore, energy-harvesting issues are also discussed. Bianchi et al. [3] review
fabric-based approaches for the development of wearable haptic systems. Particularly, some examples
of fabric-based systems that can be applied to different body locations and can elicit different haptic
perceptions are presented, along with critical perspective and future developments of this approach.
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3. Conclusions and Prospective Future Research Directions

The topic of wearable electronics and related embedded computing has been investigated for
more than two decades, and has been exploited for a huge variety of biomedical applications. To this
end, reliable solutions to collect informative, possibly long-term psycho-physiological, behavioral,
and biomechanical data in ecological scenarios have been achieved. Overall, considering the
sensor technology, textile-based monitoring, as well as smart-watches for cardiovascular and activity
monitoring, represents a milestone for the development of these systems, maximizing comfort and
usability for the end-user. Of note, a recent focus on wearable monitoring applications for animals has
been successfully pursued.

Nevertheless, besides substantial benefits and widespread use in many research fields,
wearable systems may be seriously affected by movement artifacts. More generally, many wearable
monitoring systems have not entered the biomedical market due to certification issues and related
high costs.

Much more effort is thus required to ensure that wearable monitoring systems for biomedical
applications reach a proper level of reliability and compliance with strict local regulations.

From a technological point of view, we envisage that future research directions will be directed
toward contactless monitoring systems (e.g., UWB).
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Abstract: Gait analysis and more specifically ambulatory monitoring of temporal and spatial gait
parameters may open relevant fields of applications in activity tracking, sports and also in the
assessment and treatment of specific diseases. Wearable technology can boost this scenario by
spreading the adoption of monitoring systems to a wide set of healthy users or patients. In this
context, we assessed a recently developed commercial smart shoe—the FootMoov—for automatic gait
phase detection in level walking. FootMoov has built-in force sensors and a triaxial accelerometer and
is able to transmit the sensor data to the smartphone through a wireless connection. We developed a
dedicated gait phase detection algorithm relying both on force and inertial information. We tested
the smart shoe on ten healthy subjects in free level walking conditions and in a laboratory setting
in comparison with an optical motion capture system. Results confirmed a reliable detection of the
gait phases. The maximum error committed, on the order of 44.7 ms, is comparable with previous
studies. Our results confirmed the possibility to exploit consumer wearable devices to extract
relevant parameters to improve the subject health or to better manage his/her progressions.

Keywords: wearable technology; gait phase; gait cycle, accelerometers; force sensors; walking;
smart shoe

1. Introduction

In the last decade, many groups have carried out research and development on wearable
electronics and sensors for unobtrusive, ambulatory and daily-life monitoring of human subjects.
The results obtained have shown the possibility to use personal wearable devices to assist and support
chronic patients [1–7], elderly people [8,9], emergency operators [10,11] and also healthy subjects
for sports, wellness and prevention [12–14]. At the same time, the wearable technology market has
exploded and is expected to further increase over the next few years, as proved by the growing interest
of big players such as Google, Apple and Samsung.

The current trend is to augment objects worn on the body—e.g., watches, glasses, bracelets—with
information and communications technology (ICT) to enable a bi-directional data exchange with a
smartphone. These wearable devices or simply wearables have been initially conceived as technological
gadgets but have the potential to support the user in the self-management of his/her health and wellness.
Indeed, smart bracelets and/or watches can include physiological (e.g., photoplethysmography,
electrodermal activity) or inertial (accelerometers, gyroscopes) sensors able to perform real-time
monitoring of subject’s health parameters and movement/physical activity. Recent studies have
reported the first attempts to employ smart watches/bracelets in e-health applications [15–19] and
many more are expected in the years to come.

Another trend, less explored but not less promising, is to embed ICT devices inside the shoe.
The shoe is the ideal place to integrate sensors and communications technology: it has enough space

Electronics 2016, 5, 78 1 www.mdpi.com/journal/electronics



Electronics 2016, 5, 78

for the micro-devices and it is the object that every one wears for most of the day. This last aspect is
the key factor to enable user’s acceptance, as the user does not have to wear additional items and the
technology can be completely hidden and transparent for him/her. The integration of inertial and force
sensors in the shoe may enable a wide number of applications, ranging from simple activity/fitness
tracking (e.g., activity classification, step count, burned calories) fragile people assistance (e.g., fall
detection, pedestrian navigation) to complex biomedical assessment and gait analysis.

Gait analysis is the study of human locomotion, and it is used to assess and treat patients
with conditions affecting their walking activity [20]. The way we walk consists of consecutive
gait cycles. Each gait cycle includes a predefined sequence of phases (Heel-strike HS, Stance ST,
Heel-off HO, Swing SW; see Appendix A for a reference on the adopted terminology). Both temporal
and spatial gait parameters are important to assess a disease and/or a traumatic event, and also to
define and optimize the treatment (e.g., rehabilitation, physical therapy). The temporal and spatial
gait parameters are used in many biomedical and e-health applications, such as assessment of the
recovery in stroke patients [21,22] and gait-cycle-based control of functional electrical stimulators (FES)
for drop foot compensation [23–25]. In the robotic rehabilitation field, the quantitative evaluation
of the gait parameters allows the quantification of the improvements of the gait patterns [26].
In addition, the spatial gait parameters, such as stride length, can be associated with fall risk [27],
or elaborated for foot motion localization in applications such as emergency operator rescue and
pedestrian navigation [28–31].

The reviews from Rueterbories et al. [32] and from Taborri et al. [33] provide a full overview
of the gait phase detection methods and technologies. Many research works performed gait phase
detection through inertial sensors (accelerometers, gyroscopes, inertial measurement units - IMU)
applied to different body segments (pelvis, thigh, shank, foot) [34–38]. As a recent relevant example,
the work of Van Nguyen et al. [39] focuses on an IMU sensor for an accurate estimation of foot position,
velocity and attitude. Many other works were focused on on-foot sensors. Most of the on-foot systems
dealt with force based methods, employing foot-switches or force sensitive resistors (FSRs) to measure
the body/ground force interaction [40–42]. Force based methods have reliable performance, but are
unable to discriminate walking activities from load changes (i.e., in foot drop control, this implies the
user turning off the detection/control system at the end of the walking activity). To solve this issue,
Pappas et al. [43] combined force and inertial sensors to obtain a reliable gait phase detection system,
able to discriminate walking activities from load shifting in static tasks. They employed three FSRs
(one under the heel and two under the fore-foot region) and a gyroscope attached to the back side of
the shoe (above the heel). Force sensors detected the foot loading/unloading, while the gyroscope
estimated the foot inclination and rotational velocity. In their work, Pappas et al. [43] detected four
gait phases through a state machine whose transitions were governed by a rule based algorithm
applying predefined thresholds on the parameters extracted from the sensors (foot loading/unloading,
inclination, rotational velocity). Other examples of force and inertial sensors combination can be
found in [44,45]. As underlined in [33], gait phase partitioning algorithms can be divided into three
main classes. Threshold-based methods—such as the above reported from Pappas et al. [43]—which
apply predefined or adaptive thresholds to the sensor signals, are simple and are often suitable for
integration in embedded systems. Machine learning methods and in particular Hidden Markov Models
(HMM) are more complex than threshold based methods but have shown improved performance in
gait phase detection. As a relevant example, Mannini and Sabatini [37] developed an HMM classifier
which detected four gait phases from an uni-axial foot-mounted gyroscope, and achieved significantly
better performace than the threshold-based method applied to the same dataset. A more recent trend
is to apply hierarchical decision to the output of two or more HMMs. As reported in the work from
Taborri et al. [38], hierarchical methods provide excellent performance and are compatible with real-time
implementation.

In-shoe sensor systems have been commonly developed for real-time detection of gait parameters
and walking patterns with applications in the assessment of specific foot pathologies (e.g., flat foot [46],
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diabetic foot [47]) and posture/activity recognition for healthy subjects [48–50] or people affected
by neurological conditions such as stroke [51,52] or celebral palsy [26,53]. In-shoe sensor systems
are generally based on movable pressure sensing insoles and/or inertial sensors, combined with
an external electronic module (signal acquisition/pre-elaboration, data transmission). Examples of
in-shoe systems can be found in the works from Edgar et al. [41] and Bae et al. [54].

Commercial products are limited to professional instruments for clinical evaluation and to a
few consumer devices for sports and training of healthy users. Professional products include the
F-scan [55] (Tekscan Inc., Boston, MA, USA) and the Pedar [56] (Novel Inc., Munich, Germany) systems
that are sensing insoles for the monitoring of dynamic temporal and spatial pressure distributions.
Example applications of professional products are gait stability analysis [57], gait phase detection [58]
and analysis of the gait characteristics during running [59]. Despite the reliable performance and the
high spatial resolution, the professional systems are not suitable for long-term monitoring in daily life
conditions: both systems are expensive (on the order of several kEuros) and use electrical wires to
connect the insole to the waist-worn acquisition system. The consumer products are generally made
by applying an external measurement and transmission unit to a dedicated shoe (e.g., Adidas miCoach,
Nike + iPod). The common aspect is the reduced number of sensors (typically only one inertial sensor)
and the interaction with the smartphone in which a dedicated app can deliver special information to
the users (e.g., workout time, velocity, distance travelled, calories), engaging them for reaching higher
performance during physical activity.

In the current paper, we assessed a recently developed commercial smart shoe for automatic gait
phase detection in level walking. The prototype we employed is the FootMoov smart shoe [60] produced
by the Italian shoe factory Carlos srl (Fucecchio, Firenze, Italy). FootMoov was originally designed as
a mobile game controller and for simple physical activity training and coaching. FootMoov can be
interfaced with the smartphone through a WiFi connection and has built-in force sensors (heel and
forefoot), triaxial accelerometer (forefoot), chargeable battery and acquisition/transmission module.
We chose to assess and develop the gait phase detection algorithm for FootMoov since, unlike the
current professional and consumer products, all of the hardware—including sensors and electronics—is
integrated inside the shoe, and no external modules or application of additional parts are needed.

On the other side, FootMoov is a consumer product. Thus the sensor number and locations are not
optimized for gait analysis. In addition, the precise sensor locations and orientation inside the shoe is
unknown. In accordance with the current trends in wearable technology, the aim of this work is to
show the possibility to employ a low cost smart shoe as a tool for biomedical and e-health applications,
allowing the continuous and long-term monitoring of users/patients in daily life. To the best of our
knowledge, the assessment of such a wearable product does not exist in the current literature.

In particular, we assessed the smart shoe for the real-time quantification of the temporal
parameters of gait. We developed a dedicated gait phase detection algorithm that combines the
information extracted from the force and accelerometer sensors of the FootMoov smart shoe. In a first
experiment, we collected data on ten healthy subjects in free level walking conditions to perform a
preliminary and qualitative assessment of the system and algorithm performance. In this test, the
algorithm recognized 5925 strides over the total amount of 6000 strides (98.7%). In a second test,
we performed a quantitative evaluation of the system in comparison with a reference gait phase signal
obtained by an optical motion capture instrument. We evaluated the time difference in the onset of
the detected gait phases with respect to the reference (mean error of 44.7 ms) and the error in the
estimation of the single phase durations (minimum error of 0.036 s for Heel Strike , with a maximum
error of 0.11 s for Heel Off).
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2. Material and Methods

2.1. FootMoov

FootMoov is an innovative smart shoe with sensors and an electronic unit fully integrated inside
the footwear, below the insole. The wireless (WiFi) connection enables the use of dedicated smartphone
or tablet apps for the acquisition and elaboration of the sensor data.

The smart shoe includes two force sensors and one triaxial accelerometer. As shown in Figure 1,
the force sensors are located approximately in the center of the heel and forefoot regions, while the
accelerometer is positioned below the insole in correspondence of the shoe tip. FootMoov has a built-in
battery, chargeable through a mini-USB connector placed in the rear part of the shoe, below the turn
on/off switch. Sensors and electronics are integrated in the right shoe only. Inclination and foot
movement could be estimated from accelerometer data, while the foot mechanical interaction with the
ground can be extracted from the force sensors.

za

ya

xa

Fh Ff
Figure 1. The FootMoov prototype. The green arrows indicate the location of the heel and forefoot
force sensors (output Fh and Ff respectively). The local reference frame of the calibrated accelerometer
(outputs ax, ay, az) is reported in red (xa, ya, za). In the rear part of the shoe it is possible to see the
on/off switch and the mini-USB connector for battery charging.

The accelerometer integrated in the FootMoov system is a tri-axial digital sensor with low power
consumption, ultra-compact dimension and 12-bit resolution for a dynamic full scale range of ± 2 g.
Force sensors are analogue force sensitive resistors (FSRs) in which a variation of the electrical resistance
is generated when a pressure in the sensing area is applied. The output characteristic of the FSRs
is inversely proportional to force. When the sensor is unloaded the resistance is higher than 2 MΩ.
Then, when applied load increases, the electrical resistance decreases. An inverting analog circuit
amplifies the FSR output before it is digitally converted. The core of the FootMoov electronics is a
low-power and low-cost microcontroller. This device manages sensor data acquisition and wireless
transmission. In particular, the microcontroller provides the analog-to-digital conversion of force
sensors signal and the digital I/O ports for the acquisition of the digital accelerometer data. A WiFi
module is integrated in the FootMoov hardware for the transmission of the sensor data packet to remote
devices such as smartphones, tablets or PCs. The transmitted packet is composed of the timestamp
(microcontroller internal time reference), the accelerometer data (expressed in logical values) and by
two more values related to the front and rear force sensor, respectively (logical values corresponding
to the converted force signals). By knowing the packet structure and its transmission protocol (i.e.,
information supplied by the FootMoov producer), we developed a dedicated app to allow the wireless
connection and data exchange with FootMoov. This app is able to retrieve, store and visualize in
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real-time the sensor signals. The app is based on the TCP/IP protocol in which the FootMoov shoes
act as the server while the mobile devices (smartphones, tablets or PCs) are the clients. The client
(user) sends a query to the server (FootMoov system) and once the server answers through the client
IP address, the connection is established. Then, a “Start” button turns on, and the user can launch the
data acquisition session. FootMoov samples and streams the logical values of the converted sensors
data to the smartphone (25 Hz).

2.2. Gait Phase Detection

To develop our gait phase detection algorithm, we started from a revision of the existing methods.
Since FootMoov is endowed with force and inertial sensors (see Section 2.1), we were inspired to
create our gait detection algorithm from the one of Pappas et al. [43]. In particular, we employed a
similar state machine with four states corresponding to the four gait phases described in Section 1.
As described in Section 2.2.1, we pre-processed the FootMoov sensor data to obtain the quantities for
the rule based transitions between the machine states. More specifically, we calibrated and processed
the triaxial accelerometer signal to extract the foot inclination (the yaw angle ψ) and the inclination
velocity (the yaw time derivative ψ′), and we acquired the heel and fore-foot loading signals from
the FootMoov force sensors (Fh and Ff respectively). Finally, Section 2.2.2 describes the gait phase
detection algorithm applied to pre-processed FootMoov signals.

2.2.1. Signal Pre-Processing

We pre-processed the accelerometer signal to estimate the foot inclination (yaw angle ψ), required
by the phase detection algorithm described in Section 2.2.2. We converted the raw accelerometer signals
from logical values to the measured acceleration expressed in units of g. Note that the orientation of
the accelerometer inside the shoe is unknown and not necessarily aligned with the reference frame
reported in Figure 1 (i.e., due to internal shoe conformation and/or fabrication tolerance). This aspect
implies an offset in the detected inclination (i.e., the inclination is not zero when the shoe lies on
an horizontal plane). To avoid the inclination offset, we conceived a dedicated calibration phase.
The accelerometer calibration is a two-step procedure derived from the one described in our previous
work [61]. In the first step, we measured the accelerometer output when the user was standing upright
in a natural position to align the z-axis of the accelerometer with the axis Za (in the upright position,
Za is supposed parallel to the absolute vertical, see Figure 1). In a second step, starting from the
same up-right position, asked the subject to perform a simple foot movement (three consecutive
dorsi-flexions of the ankle). This second measurement allows us to obtain the final alignment by
applying the transformation (rotation along Za) that minimizes the variation of the accelerometer
x component. Triaxial accelerometers measure both inertial acceleration and local gravity. In static
conditions, only the gravity is present and the inclination of the accelerometer with respect to the
vertical is known. In these conditions, the Euler angle ψ (ZYX convention [62]) can be obtained in
terms of the accelerometer components:

ψ = atan2(ay, az), (1)

where atan2 is the four quadrant inverse tangent and ax, ay,and az are the calibrated accelerometer
components expressed in units of g. In dynamic conditions, the estimation of ψ by the accelerometer
components (Equation (1)) is not reliable due to the effect of the inertial acceleration. It is well known
that the inclination estimation error increases as the activity intensity increases (e.g., running, jumping).
In literature, to overcome this issue, low pass filtering with very low cut-off frequencies [63] or
complex Kalman filter based techniques [64] were applied. These techniques can introduce delays
that are not compatible with gait phase detection. Considering the accelerometer inside the FootMoov
prototype (Figure 1), the yaw angle represents the rotation angle of the foot around the accelerometer
x-axis (positive for anti-clockwise rotations). In our application, we can suppose having quasi-static
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conditions when the foot is in contact with the ground (from the Heel-strike to the end of the Heel-off
phase) and dynamic conditions when the foot is flying forward (Swing phase). As we will describe
in Section 2.2.2, our gait phase detection algorithm exploits the inclination information to detect the
transitions between Heel-strike to Stance and Stance to Heel-off. In these situations, we can consider the
accelerometer in quasi-static conditions and directly apply Equation (1) to the calibrated accelerometer
components to obtain the yaw angle (ψ).

For the force sensors, we simply scaled the outputs (logical values) to obtain the Fh and Ff signals
with the following characteristics: (i) Fh = 0 and Ff = 0 when the sensors are unloaded and (ii) Fh ≈ 1
and Ff ≈ 1 when the sensors are fully loaded. We determined the scale factor after a preliminary
experimental session in our laboratory. We recorded data from three subjects requested to walk for
60 s. In this preliminary walking trial, we evaluated the scale factors as the mean of the relative
maximum of the force signals (SFh = 1405 and SF f = 2003 for the heel and front sensors, respectively).
We also evaluated the baselines of Fh and Ff as the sum of the mean and the standard deviation of the
un-loaded sensors (bFh = 0.008 and bFf = 0.005 for the heel and front sensors, respectively).

2.2.2. Detection Algorithm

The state machine is reported in Figure 2. Four state transitions (Ei, i = 1, ..., 4) are allowed and
correspond to the gait events of the normal walking.

Heel  
strike

Stance

Heel 
off

Swing

E1

E2E3

E4

Figure 2. Gait phase detection algorithm.

The state transitions are governed by the following rules:

• E1 (Heel-strike to Stance): in the Heel-strike state, Stance is detected when both heel and fore-foot
sensors are loaded or the foot rotational velocity is close to zero ( [Fh > thFh AND Ff > thF f ]
OR |ψ′| < δψ′ );

• E2 (Stance to Heel-off): in the Stance state, Heel-off is detected if the heel sensor is unloaded and
the foot inclination angle (ψ) exceeds a certain threshold (Fh < thFh AND ψ > thψ);

• E3 (Heel-off to Swing): in the Heel-off state, Swing is recognized if heel and fore-foot are
unloaded and the rotational velocity turns from positive to negative ([Fh < thFh AND Ff < thF f ]
AND ψ′ < 0);

• E4 (Swing to Heel-strike): in the Swing state, Heel-strike is detected as the heel touches the ground
and the heel sensor is loaded (Fh > thFh).

We also evaluated the stride period as the temporal distance between the onset of two consecutive
Heel-strike phases and, accordingly, the cadence as the number of strides per minute. The state
machine has the same working frequency of the FootMoov sampling rate (25 Hz).

We set the thresholds of the force sensors as two times their baselines (see Section 2.2.1). We fixed
thψ = 0.035 rad and δψ′ = 0.52 rad/s in accordance with the literature values from [43,65]. The 60 s
preliminary walking trial was also useful to verify these parameters.
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2.3. Experiments

To assess the FootMoov system and the gait phase detection algorithm, we conceived two different
experimental tests.

2.3.1. Free Walking Experiment

The first test aimed at a qualitative assessment of the prototype and the gait detection algorithm in
daily life level walking conditions. Ten healthy subjects were recruited and were asked to walk on level
ground. The subjects walked in outdoor conditions in an open space free of obstacles. The subjects
had no physical or neurological impairments that affect the characteristics of their walking activity.
The subject characteristics were different for age, weight and height, and are reported in Table 1. They
were instructed to choose the cadence of a normal walking activity. We requested the subjects to wear
the FootMoov shoes and to execute a fixed number of strides (150 strides) repeated for four times.
During each session, number of strides, distance traveled and time elapsed were manually stored as
useful information for the evaluation of the system and the algorithm developed. Through the app
described in Section 2.1, we collected the FootMoov raw data (force sensors and accelerometer) that
were transmitted and stored in the smartphone that was kept in the subject’s pocket during the walking
trials. Data were elaborated off-line in Matlab by applying the pre-processing algorithms of Section 2.2.1
and the gait phase detection algorithm of Section 2.2.2. Here—to obtain a preliminary qualitative
evaluation—we compared the number of strides detected by the algorithm (i.e., as occurrence of two
consecutive heel strike phases) with the total number of strides (150 for each trial).

Table 1. User characteristics.

Age (Mean ± Std) [Years] Weight (Mean ± Std) [kg] Height (Mean ± Std) [m]

26.75 ± 3.1 76.875 ± 8.5 1.768 ± 0.06

2.3.2. Motion Capture Experiment

The second test aimed at a quantitative evaluation of the smart shoe and the detection algorithm.
We evaluated the FootMoov prototype and our gait phase detection algorithm in comparison with
a reference gait phase signal obtained through an optical motion capture device. We adopted a four
camera optical motion capture system (Smart DX100 produced by BTS Bioengineering [66]). Two
passive markers were applied to the FootMoov shoe, as shown in Figure 3, in correspondence with
the tip and heel area. The absolute position of the markers was acquired by the BTS system with a
working frequency of 100 Hz. According to [43], we built the gait phase reference signal by applying
a rule based algorithm to the vertical positions of the heel and tip markers. Subjects were asked to
wear the FootMoov shoes (with the passive markers on) and to walk within the workspace of the
cameras (see Figure 3). At the same time, raw sensor data coming from the FootMoov system were
acquired and stored in the smartphone. The space used for this experiment was about 5 meters long
and 2 meters wide, and the subjects repeated the session four times. Data were again elaborated
off-line (pre-processing: Section 2.2.1, gait phase detection: Section 2.2.2) and were synchronised and
compared to the reference gait signal.

To synchronize the two acquisition systems (FootMoov and BTS motion capture), we generated
a reference signal to determine the time period in which the trial session occurred. The reference
signal is a step waveform signal (TTL value) which is “High” during the acquisition period, and
“Low” otherwise. This signal, activated by the smartphone app, is used to manage the BTS system
through a specific port devoted to external signal acquisition. In particular, we used this step waveform
signal as a trigger for the control of the recording session of the motion capture system. Moreover,
to double-check the correct data alignment, the subject was requested to perform a particular foot
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movement at the beginning of each session. This movement generates a significant variation in both
sensor data and marker signals, easily recognizable as a session starting point.

Figure 3. Subject performing the trials within the motion capture (BTS system) workspace. The two
markers, attached to the right FootMoov shoe at the tip and heel area, are tracked by the BTS system
during the walking activity.

The purpose of this experiment was to test FootMoov and our gait phase detection algorithm
in terms of duration of the single gait phases and time delay of their onset. We evaluated the mean
and the standard deviation of the durations of each gait phase (HS, ST, HO, SW) and compared the
values obtained with the reference phase duration statistics. In addition, we calculated the error (eij)
expressed as the phase duration difference between our algorithm (FM) and the reference (REF):
eij = ΔTFM

ij − ΔTREF
ij , where ΔT is the phase duration and i indicates the gait phase (HS, ST, HO or SW)

of the j− th step. The mean and the standard deviation of the errors (eij sequences) were also evaluated.
We performed a statistical analysis on the eij sequences to verify, for each phase, the null hypothesis
that the error in gait phase duration is a zero mean random variable. In particular, we performed a t-test on
each eij sequence. The significance level was fixed at α = 0.05. For each gait phase, the corresponding
p-value of the different samples have been computed. Calculations were performed by using the
function t-test included in Matlab R© (Mathworks, Massachusetts, MA, USA).

3. Results and Discussion

3.1. Free Walking Experiment

Figure 4 shows a typical output of the gait phase detection algorithm for two subjects
performing the evaluation test in the outdoors, and in free walking conditions (first test described in
Section 2.3.1). The force and accelerometer signals (Fh, Ff , ax, ay, az) and the detected gait phase
signal are reported. The gait phase signal has four levels corresponding to the four gait phases:
(1) Heel-strike; (2) Stance; (3) Heel-off; and (4) Swing. We evaluated the number of strides recognised in
comparison with the effective number of strides (150 strides, performed by 10 users for four times each,
for a total of 6000 steps registered). The algorithm recognized 5925 strides over the total amount of
6000 strides (98.7%). In all the detected steps, we observed the correct sequence of the four gait phases.
Despite this being a preliminary and qualitative evaluation (i.e., no comparison with a reference
system), it is important to underline that a reliable stride count may be important to estimate the
distance travelled, as demonstrated by the study of Truong et al. [67]. Note that, even if we performed
an off-line processing, our algorithm can be suitable for real-time implementation (i.e., mandatory
for applications such as the drop foot control). To this aim, we estimated the computational load as
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the mean time spent by the algorithm (both pre-processing and gait phase detection) to estimate the
current state. The value obtained was 0.9 ms and is compatible with real-time implementation.
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Figure 4. Typical output of the gait phase detection algorithm for two different subjects. Each subfigure
- (a) and (b) - reports the sensor signal and the gait phase detection for one subject. In the top graphs, the
force value Fh and Ff are reported. The middle figures report the calibrated accelerometer components
(ax, ay, az). The bottom traces are related to the detected gait phases.

3.2. Motion Capture Experiment

Figure 5 shows a typical comparison between the FootMoov gait phase detection and the reference
signal obtained by the optical motion capture system (second test described in Section 2.3.2).

For a first quantitative evaluation, we calculated the average time delay that affected the onset
of the gait phase detection. The average delay among the four phases was 44.7 ms. This delay was
comparable with the results of previous studies such as [43]. Note that the low sample frequency
(25 Hz) of Footmoov introduces a time resolution of 40 ms, comparable with the error committed.
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Figure 5. Comparison of our gait phase detection algorithm and the reference gait phase signal. In the
top graph, the force value Fh and Ff are reported. The middle figure reports the calibrated accelerometer
components (ax, ay, az). In the bottom figure, the reference gait phase signal is reported in red while
the signal obtained by FootMoov elaborated with our detection algorithm is reported in blue.

In addition, Table 2 summarises the performance of the sensing shoe and our gait detection
algorithm in terms of duration of the single gait phases detected (for each phase, we extracted the
mean and the standard deviations of REF and FM and the related error as defined in Section 2.3.2).
For all the four phases, the t-test performed on the eij sequences indicated that the null hypothesis
(i.e., the error sequence distribution has zero mean ) cannot be rejected. The corresponding p-values are
reported in Table 2. The mean values of the detected and the reference phase durations are comparable.
The minimum error (mean + standard deviation) is in the HS phase (0.036 s) while the maximum is
in the HO phase (0.11 s). These errors, always lower than 3 times the time resolution, may be due
to the fixed system of thresholds (defined in Section 2.2.2) that could not be tailored to the specific
characteristics of all the subjects.

Table 2. Mean and standard deviation of the duration of the gait phases (REF and FM), mean and
standard deviation of errors (eij) and p-values of the statistical evaluation.

Mean [s] Std [s] p

HS
REF 0.125 0.013
FM 0.117 0.03

e 0.008 0.028 0.3

ST
REF 0.350 0.057
FM 0.310 0.098

e 0.039 0.065 0.07

HO
REF 0.293 0.061
FM 0.249 0.099

e 0.044 0.07 0.12

SW
REF 0.535 0.043
FM 0.514 0.036

e 0.021 0.050 0.25
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3.3. Study Limitations

Despite the promising performance, several limitations of our work should be mentioned.
First, we tested our algorithm for level walking conditions only, without considering other possible
typical situations such as stair ascending/descending or walking on irregular ground (i.e., in stair
ascending/descending the first contact after the swing phase is not likely to be on the heel). The second
limitation is that we tested the system and the algorithm with healthy subjects with normal walking
styles (pathological gaits can have different sensor signatures, difficult to be detected by the algorithm).
However, our study was conceived as a preliminary evaluation of the commercial wearable technology
and as a test for our algorithms to be used in daily life conditions for biomedical applications, but
a more intensive testing phase with different walking conditions would be needed. We expect that
both issues could be solved by adding new possible transitions between the machine states. Another
possible solution would be to study and develop a system of adaptive thresholds that can be tailored to
the particular subject’s physical characteristic walking style or pathology. The last limitation is related
to the reference signal obtained with the optical system. A validation against a force platform would
be more solid and will be considered in future works.

4. Conclusions

In this paper, we have reported the assessment of a consumer smart sensing shoe for the detection
of gait phases during walking activity. We developed a gait phase detection algorithm that fuses
data of inertial and force sensors built-in the FootMoov smart shoe. We tested the prototype and
the detection algorithm in free level walking conditions on ten healthy subjects and in a laboratory
setting in comparison with an optical motion capture system. The combination of force sensors and
accelerometers provided a reliable detection of the gait phases and made it possible to discriminate
walking activity from load shifting in static tasks. As a preliminary and qualitative result, the algorithm,
tested in free walking conditions, recognised 5925 strides over a total amount of 6000 strides (98.7%).
To obtain a quantitative evaluation of the performance of the wearable system and the detection
technique, we compared the gait phase signal with a reference signal obtained by an optical motion
capture instrument. First of all, we extracted the time difference between our gait phase signal and the
reference. We achieved a mean delay of 44.7 ms, comparable to previous study in this field, and mostly
limited by the low sampling frequency of the smart shoe (25 Hz). In terms of possible applications,
the achieved performance may be compatible with real time FES drop foot compensation (errors below
70 ms are considered sufficiently small [68]). We also assessed the reliability of the temporal duration
of the gait phases we detected. The mean durations of the single gait phases are comparable.

In conclusion, we have demonstrated the possibility to use a consumer and low cost wearable
device for the estimation of temporal parameters of gait. The demonstrated performance and the
characteristics of the prototype—that is a conventional shoe that can be worn without any discomfort
for the user—may boost the application of such technology in many fields. For example, it may be
possible to monitor or prevent specific gait conditions or to manage and coach the recovery from a
physical or neurological pathology. Another possible application may be to use the smart shoe as
a feedback device to train healthy subjects or athletes in the optimisation of their walking/running
behaviour. Future works will be devoted to extensive tests on a wider number of subjects (both normal
and pathological walkers) with different walking conditions. The possibility to develop a system
of subject-specific or pathology-specific thresholds will also be considered. We will also study the
detection of spatial gait parameters to complete the set of relevant parameters that can be extracted by
the wearable system.
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Appendix A. Temporal and Spatial Gait Parameters

According to the definition from Pappas et al. [43], the normal gait cycle can be divided in four
consecutive periods:

• Heel-strike: starts with the initial contact of the heel and ends when the entire foot is on the ground;
• Stance: the entire foot is in contact with the ground;
• Heel-off: the frontal part of the foot touches the ground while the heel is above the ground;
• Swing: the foot is not in contact with the ground and moves forward.

The gait events are defined as the transitions from one phase to the next. The walking cycle is the
period from heel strike to heel strike of the same foot [69].

The main temporal gait parameters are: (i) the stride period: the time from two consecutive ground
contacts of the same foot; (ii) the step period: the time from two consecutive ground contacts of different
feet; (iii) the duration of the gait phases (Heel-strike, Stance, Heel-off, Swing), normally expressed in
percentages to facilitate the comparison between subjects; and (iv) the cadence: the number of strides in
a minute. The main spatial gait parameters are: (i) the stride length: distance between two consecutive
ground contacts of the same foot; and (ii) the step length: distance between two consecutive ground
contacts of the different feet. Note that if the step length and the cadence are known, it is possible to
determine the step velocity.
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Abstract: We developed an ECG T-shirt with a portable recorder for unobtrusive and long-term
multichannel ECG monitoring with active electrodes. A major drawback of conventional 12-lead
ECGs is the use of adhesive gel electrodes, which are uncomfortable during long-term application and
may even cause skin irritations and allergic reactions. Therefore, we integrated comfortable patches
of conductive textile into the ECG T-shirt in order to replace the adhesive gel electrodes. In order to
prevent signal deterioration, as reported for other textile ECG systems, we attached active circuits
on the outside of the T-shirt to further improve the signal quality of the dry electrodes. Finally, we
validated the ECG T-shirt against a commercial Holter ECG with healthy volunteers during phases of
lying down, sitting, and walking. The 12-lead ECG was successfully recorded with a resulting mean
relative error of the RR intervals of 0.96% and mean coverage of 96.6%. Furthermore, the ECG waves
of the 12 leads were analyzed separately and showed high accordance. The P-wave had a correlation
of 0.703 for walking subjects, while the T-wave demonstrated lower correlations for all three scenarios
(lying: 0.817, sitting: 0.710, walking: 0.403). The other correlations for the P, Q, R, and S-waves
were all higher than 0.9. This work demonstrates that our ECG T-shirt is suitable for 12-lead ECG
recordings while providing a higher level of comfort compared with a commercial Holter ECG.

Keywords: ECG; unobtrusive measurement; wearables

1. Introduction

Unobtrusive sensing of vital signs, such as cardiac activity and respiration, has been increasingly
applied in the past decade. The aging of our society has resulted in an increasing demand on medical
staff, which cannot always be met. As a result, an increasing number of technical solutions, the so-called
personal healthcare systems, are being developed. They aim at enabling sick and elderly patients
to stay at home for a longer period , rather than facing prolonged hospital stays. When staying at
home, patients generally benefit from increased comfort, which may accelerate their recovery. In turn,
costs for the healthcare system will be reduced by shortening the stay in hospital. This is the main
rationale for developing long-term monitoring solutions for the home environment.

One of the established long-term cardiac monitoring devices is the Holter. This is a portable
electrocardiography (ECG) device with up to 12 leads for long-time application. These ECG recorders
are often used to diagnose cardiac conditions over the duration of several days. For this, patients wear
the device while continuing their daily routine.

Commercial Holter devices consist of a portable ECG recorder with adhesive electrodes.
However, these electrodes have one major problem: the gel that ensures good conductivity can
lead to skin allergies. Moreover, the longer the gel is applied, the greater the possibility that more
problems arise. Signal quality is deteriorated if the gel dries up, which is highly probable during
long-term monitoring. In addition, in some cases (e.g., if patients are sweating), the electrodes detach
themselves, requiring reapplication. If this occurs, the patient may not reattach them in the correct
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place. In order to address these problems and to improve patient comfort, we developed a 12-lead
ECG T-shirt with active electrodes and a portable ECG recorder.

Various textile ECG T-shirts have been investigated in the last decade. Whereas some systems were
developed mainly for research purposes only [1–4], some shirts are commercially available: CardioLeaf
(Clearbridge VitalSigns, Singapore) and hWear (HealthWatch Technologies, Kfar Saba, Israel) [5,6].
The latter type is a shirt that is compatible with a 12-lead ECG recorder.

Furthermore, textile electrodes have been used for ECG acquisition in research [7–12]. It was
discovered that certain dry textile electrodes can achieve comparable results to conventional
electrodes in resting electrocardiography but have lessened signal quality during movement [13].
However, most dry electrodes have very high contact impedances to the skin. To improve signal
quality, active circuits with buffers are used on the electrodes, forming an active electrode. An active
electrode is comprised of a sensing part (conductive textile), front-end electronics and shielding [14].
The input impedance is very high and the output impedance is low. The output can drive a long
screened cable, reducing the power line interference and cable movement.

The principle of active electrodes has been widely applied for capacitive ECGs and can be found
in multiple systems, such as ECG chairs [15], car seats [16], beds [17–20], toilet seats [21], a bathtub [22],
and clothing [8,9].

Because none of the commercially available ECG T-shirts were compatible with our design
for active electrodes, we developed a custom T-shirt with 10 electrodes. The electrode material is
an electrically conductive fabric sewn into the inside of a sports T-shirt. Our T-shirt does not require
electrode gel. Furthermore, it can be worn as an undergarment. The T-shirt is attached to a (relatively
small) hand-held ECG recording device.

This article is structured as follows: first, we describe the design of the measurement system and
the experimental design. This is followed by the results, the experimental data, a discussion of the
results, and, lastly, conclusions are presented.

2. Materials and Methods

The portable 12-lead ECG measurement system consists of a T-shirt, active electrodes and an ECG
recorder. The active electrodes of the capacitive measurement system record the potentials on the
body’s surface. The analogue signals from the active electrodes are digitalized in the ECG recorder,
which also calculates the 12 ECG leads. The signals of the leads are then processed by a microcontroller
and stored on an SD card in the ECG recorder. In terms of practicability, it would have been an option
to send the data wirelessly. The two main reasons why no wireless module was used are medical
data protection and power consumption. A wireless module would drastically reduce battery life,
especially when sending data of 12 channels at a high sample rate.

2.1. 12-Lead ECG

A 12-lead ECG requires 10 electrodes on the patient’s limbs and chest: 10 physical channels are
recorded (3 limb leads, 6 thoracic leads, 1 RL lead), as shown in Figure 1.

In Holter ECGs, the electrodes are placed only on the chest. Figure 1 shows that, additional to the
3-lead setup for Einthoven and Goldberger, 6 Wilson leads are included. Einthoven and Goldberger
leads are calculated from three electrodes forming a triangle, namely the left leg (LL), left arm (LA)
and right arm (RA), also called limb electrodes. The fourth electrode applied is the neutral or right leg
electrode. The bipolar Einthoven leads are calculated as follows:

I = LA − RA, (1)

I I = LL − RA, (2)

I I I = LL − LA, (3)

so that I I I = I I − I.
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Figure 1. Positions of the 12-lead electrocardiograph (ECG).

The regular shape of the Einthoven II lead is shown in Figure 2. The ECG can be divided
into different waves that are referred to as P to T. They reflect the stages of the electrical excitation
propagation of the heart. The P-wave is the depolarization of the atria. The QRS complex (QRS waves)
reflects the depolarization of the ventricles and the T-wave is their repolarization.

P

Q

R

S

T

Figure 2. ECG morphology.

The unipolar Goldberger leads are also recorded for the 12-lead ECG. The Goldberger leads,
denoted aVR, aVL and aVF, are augmented leads. These leads are formed using an augmented reference
electrode, which is a combination of the two other limb electrodes. This is calculated as follows:

aVR = RA − 1
2
(LA + LL), (4)

aVL = LA − 1
2
(RA + LL), (5)

aVF = LL − 1
2
(RA + LA). (6)

The Wilson leads are placed around the left side of the rib cage. Wilson leads are used to detect
local irregularities of electric cardiac function, such as infarctions. The leads are labeled V1 to V6.
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Their reference is called the Wilson central terminal (WCT). It is a reference potential that is formed by
connecting all three limb electrodes to 5 k ohm resistors resulting in their average [23].

2.2. Measurement System

2.2.1. T-Shirt

The T-shirt is a commercially available breathable sports T-shirt (Nike Legend Pro DRI-FIT,
Beaverton, OR, USA) . Ten textile patches made of electrically conductive fabric (Shieldex Med-tex
P180, Statex, Bremen, Germany) serve as electrodes. The patches (4 cm × 4 cm) are sewn into the
interior of the T-shirt (see Figure 3). This fabric is silver plated with 99% silver and has been used as
electrodes by two other groups [24,25]. While other conductive textile materials exist, silver coating was
selected. It was found that silver electrodes are advantageous even at recording low frequencies [26].

a b

Figure 3. Active electrode. (a) active circuit printed circuit board (PCB); and (b) textile electrode on the
interior of the T-shirt.

The locations are chosen according to the common 12-lead ECG setup (see Figure 1). The driven
right leg (DRL) electrode has a larger area to ensure good contact (30 cm × 5 cm). Each electrode has
a snap fastener connection, where the amplifier boards (or in the case of the DRL electrode, the cable)
that lead to the ECG recorder are fastened.

The T-shirt needs to fit relatively tightly, since signal quality improves with contact pressure of the
electrodes. Therefore, we added a few Velcro straps to “tighten” the T-shirts and keep the electronics
in place.

2.2.2. Electrodes

The textile electrodes are followed by active circuits. The aim was to improve the signal quality of
a dry or an optionally capacitive setup.

The main principle of the active electrodes is shown in Figure 4. As mentioned, the textile patches
serve as electrodes and they are connected to the outside of the T-shirt by snap fasteners. An active
circuit PCB is placed on the snap fasteners from the exterior.

More precisely, an impedance converter with OPA129U (Texas Instruments, Dallas, TX, USA)
on the PCB decouples the ECG signal at the snap fastener from the following electronics. A highly
resistive bias resistor (10 G ohm) prevents the build-up of static charge at the input on the impedance
converter. Then, the analogue output of the impedance converter is led to the ECG recorder with
a shielded six-wire cable. This cable also carries extra wires for the power supplies (see Figure 3).
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Figure 4. Electrode principle. (a) structure of the connection of the skin to the electrodes on the T-shirt;
and (b) simplified diagram of an active electrode circuit.

The tenth electrode is the so-called DRL electrode, which attenuates common mode signals
and produces a better signal-to-noise ratio. The DRL signal is generated in the ECG recorder on
an integrated chip and is fed into the electrode patch of the right leg. The T-shirt and the active
electrodes are presented in Figure 5.

a

b

Figure 5. (a) ECG T-shirt with electrodes; and (b) ECG recorder.

2.2.3. 12-Lead ECG Recorder

The 12-lead ECG recorder is a portable device with the following dimensions: 70 mm × 65 mm ×
30 mm (Figure 5) and weighs 180 g.

Figure 6 presents details of the recorder. The design is based on two ADS1298 analogue digital
converters (ADC) (Texas Instruments, Dallas, TX, USA). The ADS1298 chip is a designated ECG ADC
converter. It has eight differential ADC input channels with 24-bit resolution and a sample rate that
can be set from 250 samples per second (SPS) to 32,000. It also has the capability of calculating the
12-lead ECG and a DRL signal.
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Figure 6. Complete block diagram of the ECG recorder.

As our design consists of two ADS1298, 16 channels are available and a true 12-lead ECG can be
recorded. This means that the 12-lead ECG is recorded with 10 electrodes and is not estimated from
a smaller number of electrodes. Both chips are connected in parallel to one serial peripheral interface
(SPI) port of the microcontroller using separate chip select (CS) lines (see Figure 7). One of the ADS1298
is the master and provides its clock for synchronization and the other is the slave. They are started
with a START signal. The ADS1298 signals the microcontroller when data are available and ready to
be sent. Since both ADS1298 are synchronized, data from both chips can be retrieved. After retrieving
data from the first chip, the CS line is switched and the second one is read out. The sampling rate is set
to 500 SPS ; no other sampling rates are used.

Figure 7. Diagram of the master and slave ADS1298 with the microcontroller.
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The ADS1298 has differential inputs that can be enhanced by a gain factor. The bipolar Einthoven
leads II and III are recorded on the master ADS1298 by the differences of its respective electrodes
(see Equations (1)–(3)). The Wilson Central Terminal (WCT) is generated internally using the three
limb leads. In addition, a DRL circuitry is on board the ADS1298 using the WCT signal.

The second ADS1298 is primarily used to generate the Goldberger leads and to record the
Einthoven lead I. The augmented leads are created according to Equations (4)–(6). The reference is
formed by averaging the other two limb electrode potentials. Because only five of the eight channels
are used for Goldberger, the three remaining channels can be used for other sensors.

A microcontroller MSP430F5529 (Texas Instruments, Dallas, TX, USA) was used. This microcontroller
has low power consumption, but is fast enough to write on a micro SD with 200,000 bytes/s. Additionally,
the MSP430F5529 has an SPI to access the ADS1298 and to store the ECG data onto the microSD, with
up to 64 GB storage.

In order to run a portable device, the power is provided by two 3.7 V rechargeable lithium polymer
batteries with 1950 mAh and 1400 mAh, respectively. Two different sizes of batteries were chosen to
enable a perfect fit into the small casing. Power management had to be devised carefully, since not only
the internal components of the ECG recorder require power, but also the active electrodes. Moreover,
as the system is intended for long-time recording purposes, battery life is an important issue.

A safety circuit uncouples the battery if the voltage of the cells is below 2.7 V. A fuel gauge
BQ27441 (Texas Instruments, Dallas, TX, USA) is used to estimate the remaining battery capacity
and the state of charge. The batteries are charged via a mini USB connector on the recorder with an
external power source. The loading of the batteries is solved with a BQ24075 (Texas Instruments,
Dallas, TX, USA) chip, which can load with up to 1.5 A current and is set to 1.317 A. Charging begins
as soon as the USB port is connected.

Several power sources are required. The microcontroller needs a constant voltage supply of
3.3 V, which is provided by a TPS63030 (Texas Instruments, Dallas, TX, USA) buck-boost converter.
The two ADS1298 are supplied by a symmetrical power supply of ±2.5 V, which is generated by
TPS799 (Texas Instruments, Dallas, TX, USA) and the TPS723 (Texas Instruments, Dallas, TX, USA)
negative output linear regulator. It also needs 3.3 V digital supply.

The OPA129U chip of the active electrodes requires a minimum of ±5 V. Other than with
conventional wet electrodes, higher baselines can occur; therefore, the higher power supply would be
beneficial to avoid saturation of the amplifier through DC offsets. However, only ±5 V was chosen. This
improves battery running time and satisfies the concerns about patient safety. This ±5 V power source
was implemented by using the TPS65131 (Texas Instruments, Dallas, TX, USA) split-rail converter,
which has a positive and negative voltage output. In total, around 260 mW are needed for recording,
which leads to an estimated maximum runtime of 47 h.

2.3. Measurement Setup

The design was experimentally tested on three healthy male volunteers. The subjects were asked
to wear both the 12-lead ECG T-shirt and the reference Holter ECG BT12 (Corscience, Erlangen,
Germany) at the same time. The BT12 has a software that displays the ECG channels and the heart rate
in real-time. However, only raw data that can be exported from the software, which does not include
the RR (beat-to-beat) or heart rate information. Data collection with the ECG T-shirt hardware is as
follows: after a recording is started, the data is stored on the SD card in the recorder. The raw data can
then be transferred to a PC for further processing.

Three experimental scenarios were conducted for 5 min each: (i) lying in bed; (ii) sitting; and
(iii) walking at 1.49 mph. We hypothesized that whilst lying down, fewer movement artifacts would
occur than during the other two scenarios. In addition, heart rate at rest was expected to be lower
compared with sitting and walking.

The data were post-processed on a PC with an Intel Core i5-2500 CPU @ 3.30 GHz
(Intel Corporation, Santa Clara, CA, USA) and 8 GB RAM. The first step was to filter the obtained
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ECG data with a 3rd order Butterworth bandpass filter between 2 and 20 Hz. In order to obtain the RR
intervals (beat-to-beat intervals) , a method for beat-to-beat interval identification of multi-channel data
based on self-similarity features was applied for the reference and T-shirt data [27]. Using this method,
beat-to-beat intervals in any kind of cardiac-related data can be determined as long as a repetitive
pattern is detectable. In this way, the RR intervals of the shirt and the reference were calculated.

The data of the two systems had to be synchronized, since the devices could not be started at
exactly the same time. The idea was to make use of heart rate variability. Every healthy person has
a slight variation in heart rate over time and, thus, a variation in RR intervals. This fact was used to
match both systems by aligning intervals of the same length.

For that, a prominent sequence, which appears in the intervals of both the T-shirt ECG and the
reference ECG, was manually selected (see the vertical dotted lines in Figure 8).
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Figure 8. (a) synchronization using RR intervals; and (b) the difference between corresponding samples
xshirt(iRR)− xref(iRR) rises linearly.

Afterwards, the respective maximum was automatically detected in each of the two sequences
(see markers in Figure 8). Finally, the time shift was automatically computed using the difference
between the two maximums, and the timestamps of the T-shirt ECG and the reference ECG were
corrected accordingly.

However, the data did not yet correspond because the sampling rates of the devices were slightly
off. Despite the sampling rate of f s = 500 Hz, the data did not correspond. Therefore, the next step
was to determine the samples xref(iRR) and xshirt(iRR) of the corresponding intervals iRR = {1, 2, ..., m}
and to calculate their difference Δx = xshirt − xref. This difference increases linearly over the course
of the measurement, as can be seen in Figure 8. This linearity was used to approximate a function
Δx = p1 · xshirt + p0. The mean was p0 = 0.0025 and p1 = −296.16. We adjusted the time stamps of the
commercial device by adding Δx/ f s. This was calculated for every measurement separately. The ECG
data were matched with the new time base and could then be adequately compared. Mathematical
modeling was only done for the purpose of evaluation and for the comparison of our system to the
reference system. In future, the reference system is not intended for the use at the same time.

3. Results

The experimental data obtained from the novel device were analyzed. Extracted RR intervals as
well as the morphology of the ECG wave were compared with the reference signal.

3.1. RR Interval Analysis

The relative error for the RR intervals was computed for all three scenarios with all subjects.
The duration of each experiment was 5 min. The relative error and signal coverage (percentage of the
entire measurement time during which the signal was evaluable) were computed (Table 1). In one
experiment (S1 walking), the ECGs were exceptionally noisy: the coverage was only 49.5% with a
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relative error of 75.5%. This particular measurement was disregarded for further analysis. The mean
relative error for the RR intervals in every scenario was 0.96% and the mean coverage of the signal
was 96.6%.

Table 1. Relative error of RR intervals and coverage for RR interval determination.

Subject Scenario Relative Error Coverage Duration (s) Beats

S1 lying 0.0024 0.9942 314.75 305
S1 sitting 0.0022 0.9939 296.31 344
S1 walking * 0.755 0.4952 350.01 468
S2 lying 0.0022 0.9775 295.90 284
S2 sitting 0.0029 0.9898 297.54 323
S2 walking 0.0031 0.9938 290.57 368
S3 lying 0.0216 0.8881 300.82 295
S3 sitting 0.0208 0.949 296.31 305
S3 walking 0.0218 0.9449 296.31 365

Mean 0.0096 * 0.9664 * 304.28 340

* S1 walking was excluded from the mean.

The Bland–Altman diagram for all subjects is presented in Figure 9; the RR intervals extracted
from both devices are compared in this diagram. The RR intervals used in this section were extracted
from the Einthoven II lead with the algorithm by Brueser [27]. Furthermore, only artifact-free data
were selected for the diagram, so the mean coverage was 87.2%. The bias was at −1.9 ms and the 95%
limits of agreement were −20.1 ms and −23.9 ms.
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Figure 9. Bland–Altman diagram. The bias is at −1.9 ms, whereas the 95% limits of agreement are at
−20.1 ms and −23.9 ms, respectively. The solid line indicates the bias/mean difference and the dashed
lines indicate the 95% of limits of agreement. The mean coverage was 87.2%. S1 walking was excluded.

3.2. ECG Wave Analysis

In addition to RR interval analysis, the ECG leads were segmented into their P, Q, R and S-waves.
Data with artifacts were selected manually and subsequently discarded. Finally, the resulting ECG
waves were compared. For that purpose, a script was written to automatically identify the R, P, Q and
S-waves. Since the location of the R-wave is easily found, the other waves could be identified as peaks
relative to that position.

Figure 10 shows an excerpt from the Einthoven II lead from subject S1. The data of the T-shirt
and the reference were bandpass-filtered (2–20 Hz) beforehand. The waves are highlighted for both
ECG curves. The R-peaks of the lead and the other waves correspond.
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Figure 10. Exemplary comparison of Einthoven lead II from S1 (lying), bandpass filtered (2–20 Hz)
from ECG T-shirt and reference.

Next, a closer analysis of the P, Q, R and S-waves was performed. Tables 2–4 present the results
for the three scenarios: lying, sitting and walking. The temporal correlation of the data from both
devices was calculated for each wave separately using Pearson’s linear correlation coefficient. For each
wave, the time stamp of the prominent peak was correlated. The mean correlation of each wave
per lead is shown in Tables 2–4. The correlation signifies the matching of the waves extracted from
both devices. A correlation close to zero indicates poor correspondence of the signals, whereas a
correlation close to 1 indicates high correspondence. Additionally, the median of the time differences
tshirt(iwave)− tref(iwave) for the occurrence iwave = {1, 2, ...n} are determined for each P, Q, R and S
wave per lead. These values indicate the time difference of the estimated waves in ms. A difference
close to 0 ms is a perfect match. If this value is higher, the match is less precise.

Table 2. Data on statistics of all subjects (lying) with coverage: 86.79% ± 4.13%. Mean correlation and
median of time difference (tshirt − tref) for all subjects for P, Q, R, S, and T waves.

Lead Correlation Difference (ms)

P Q R S T P Q R S T

I 0.900 0.952 0.957 0.957 0.762 2 10 2 −4 −2
II 0.879 0.957 0.957 0.957 0.957 2 0 2 2 −2
III 0.939 0.957 0.957 0.958 0.882 2 2 2 4 0

aVR 0.947 0.957 0.957 0.957 0.863 0 -2 2 0 8
aVL 0.871 0.953 0.957 0.953 0.732 26 2 2 14 −50
aVF 0.942 0.957 0.957 0.958 0.807 2 2 2 2 4
V1 0.952 0.955 0.957 0.954 0.706 2 4 2 −4 4
V2 0.943 0.957 0.957 0.955 0.826 2 2 2 0 12
V3 0.936 0.956 0.957 0.957 0.875 −2 0 2 −2 22
V4 0.917 0.957 0.957 0.957 0.757 0 4 2 4 6
V5 0.892 0.957 0.957 0.957 0.787 0 4 2 4 8
V6 0.920 0.957 0.957 0.958 0.850 0 4 2 6 8

Mean 0.920 0.956 0.957 0.957 0.817 3 3 2 2 2

For lying down, the data of all subjects were evaluable and the overall coverage was
86.79% ± 4.13%. Mean correlation was 92.14% ± 6.05% and the time difference was 2.4 ± 0.5 ms.

For sitting, the ECG data of all subjects were evaluable and the overall coverage was 94.37% ± 3.3%.
Mean correlation was 91.1% ± 11.55% and the time difference was 0.6 ± 10.9 ms.
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For walking, the ECG data of only subjects S2 and S3 were acceptable and the overall coverage
was 83.47% ± 5.09%. Mean correlation was 76.9% ± 22.39% and the time difference was 6.6 ± 14.7 ms.

Table 3. Data on statistics of all subjects (sitting) with coverage: 94.37% ± 3.30%. Mean correlation and
median of time difference (tshirt − tref) for all subjects for P, Q, R, S, and T waves.

Lead Correlation Difference (ms)

P Q R S T P Q R S T

I 0.941 0.975 0.978 0.976 0.739 −4 4 −4 −6 130
II 0.909 0.977 0.978 0.977 0.928 −4 −6 −4 −4 −22
III 0.914 0.978 0.978 0.977 0.685 −4 −2 −4 −2 −22

aVR 0.944 0.977 0.978 0.977 0.633 −4 −10 −4 −6 156
aVL 0.874 0.975 0.978 0.968 0.808 −8 −2 −4 −2 −22
aVF 0.931 0.978 0.978 0.977 0.648 −4 −2 −4 −2 −2
V1 0.946 0.973 0.978 0.970 0.641 −6 −13 −4 −8 −6
V2 0.934 0.977 0.978 0.977 0.742 −4 −4 −4 −14 8
V3 0.928 0.974 0.978 0.976 0.827 −8 −6 −4 −4 24
V4 0.884 0.977 0.978 0.978 0.624 −4 −2 −4 0 −6
V5 0.872 0.976 0.978 0.977 0.632 −4 0 −4 0 4
V6 0.903 0.977 0.978 0.977 0.608 −8 0 −4 2 2

Mean 0.915 0.976 0.978 0.976 0.710 −5 −4 −4 −4 20

Table 4. Data on statistics of subjects S2 and S3 (walking) with coverage: 83.47% ± 5.09%. Mean correlation
and median of time difference (tshirt − tref) for all subjects for P, Q, R, S, and T waves.

Lead Correlation Difference (ms)

P Q R S T P Q R S T

I 0.739 0.901 0.920 0.913 0.580 8 8 2 −4 150
II 0.608 0.921 0.920 0.918 0.600 0 0 2 0 −10
III 0.678 0.921 0.920 0.918 0.439 2 0 2 0 0

aVR 0.739 0.920 0.920 0.918 0.397 2 −2 2 0 140
aVL 0.713 0.910 0.920 0.909 0.384 −20 12 2 14 −20
aVF 0.724 0.920 0.920 0.918 0.440 −2 2 2 2 8
V1 0.701 0.903 0.920 0.895 0.240 −16 2 2 -2 8
V2 0.731 0.893 0.920 0.890 0.274 −12 −2 2 0 30
V3 0.748 0.904 0.920 0.904 0.477 6 2 2 2 24
V4 0.663 0.913 0.920 0.910 0.296 −12 4 2 4 10
V5 0.691 0.912 0.920 0.909 0.346 −10 4 2 4 20
V6 0.704 0.908 0.920 0.907 0.368 −14 2 2 4 20

Mean 0.703 0.910 0.920 0.909 0.403 −6 3 2 2 32

4. Discussion

We have presented a 12-lead textile ECG T-shirt and portable ECG recorder. This device
was evaluated using a standard 12-lead Holter as a reference and by conducting a study with
healthy volunteers. Three experimental scenarios were devised (lying down, sitting and walking).
Evaluation was performed by extracting the RR intervals and comparing the results with the gold
standard. Finally, the ECG waves were examined in detail.

The first step was to synchronize the data of both devices. As the devices were not started
at exactly the same time, matching was necessary. Moreover, because the sampling rate of 500 Hz
produced a different amount of samples for the two devices, this also had to be taken into account.
It is most likely that the clocks in the two devices run at a slightly different rate.

By comparing the RR intervals, a very low mean relative error of 0.96% was produced with a
coverage of 96.6%. Furthermore, the Bland–Altman diagram (see Figure 9) shows accurate agreement
of both systems with a bias of −1.9 ms and 95% limits of agreement of −20.1 ms and −23.9 ms. The bias
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represents a systematic error between the devices, which equals the possible temporal resolution for
500 Hz (2 ms). Although this is only a small error, it was relevant for the comparison of the ECG waves
and the reason why the data were synchronized.

The mean RR interval length was 1.012 ± 0.071 s for lying, 0.898 ± 0.079 s for sitting, and
0.800 ± 0.047 s for walking. Although we had hypothesized that walking would produce more
artifacts, the coverage was comparable for all three scenarios. We managed to avoid artifacts by
applying sufficiently high contact pressure to the electrodes by putting adjustable Velcro on the back
of the T-shirt. At the same time, the pressure of the T-shirt was not so high as to obstruct the subjects’
breathing. However, if the T-shirt is planned to be worn by a particular group of patients, other safety
measures might be necessary to consider.

One measurement of S1 walking was unsuccessful and consisted mostly of noise. An explanation
for this could be the buildup of static charge or triboelectric effects, as explained by Wartzek et al. [28].
According to Wartzek, local triboelectric effects are the source of severe artifacts. They are mainly
caused by unmatched electrodes and a bad connection to the DRL. Unmatched electrodes decrease
the common mode rejection ratio (CMRR), while the CMRR should be as high as possible for
good measurements.

Static effects can be minimized with some arrangements. As little electrode movement as possible
is desirable to prevent charges. This is partially accomplished by maintaining sufficient electrode
contact. Furthermore, if excess charges occur, a bias resistor in the active electrode allows discharge.
Finally, the materials of the contact areas could be selected carefully [14]. An insulated electrode would
cause larger electrostatic charges than a metal electrode [28].

After inspection of the RR intervals, the ECG waves were evaluated. The highest correlation
was found for the R-waves, which were used to synchronize the data. Furthermore, in every scenario,
the Q and S-waves had correlations of over 0.9; in contrast, the T-wave had significantly lower
correlations. For lying, the correlation of the P-wave was 0.9198 and the correlation of the T-wave was
0.8171. For sitting, the P-wave still had a correlation of 0.915, but the T-wave only 0.7095. In walking,
the P-wave deteriorated to 0.7032 and the T-wave to only 0.4034. This can also be observed in the
time differences, which were high for the T-waves. A possible explanation for this is an inaccurate
algorithmic determination of the waves. Another reason could be a subpar electrode contact leading to
signal deformation, which is determined by the electrode-body interface [14,29]. Sufficient and constant
contact pressure is known to be important for textile ECG measurements [1,11,30]. Assuming that the
electrodes are the reason for the deformations, the results from Tables 2 and 3 were examined. Lead I,
aVR, aVL, V2 and V3 clearly have high time differences. Lead I, aVR and aVL all depend on electrode
RA and/or LA. Moreover, V2 and V3 seem to be affected. It is possible that these electrodes did not
have sufficient contact pressure.

The coupling of the electrode-skin interface is most likely responsible for these aberrations.
The electrode fabric is a silver plated knitted fabric with 99% pure silver. Typically, gel establishes
conductive contact and decreases the impedance between the skin and the electrode. For dry contact,
this impedance is rather high. That is why active electrodes with voltage followers are used. The input
impedance is increased, while the output impedance is decreased [14].

In our experiments, we experienced deteriorated signal quality if the shirt was too loose. In that
case, there was not sufficient contact between the skin and the electrode so that the electrode-skin
interface became both resistive and capacitive. This combination possibly created a high-pass filter
and caused signal deformation. Further challenges with dry and non-contact electrodes have been
discussed by e.g., Chi et al. [9].

The system has not been tested with moisture so far. According to Chi et al., the signal of dry
electrodes improves with moisture because it establishes a conductive contact between the electrode
and the skin [9]. Additionally, tests with more subjects need to be conducted to ensure long-term
functionality and stability. Moreover, adding extra sensors to observe the skin–electrode impedance is
recommended, as this will allow to examine morphological differences between the T-shirt ECG.
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5. Conclusions

This paper introduces a novel ECG T-shirt for 12-lead measurements with fully active and dry
electrodes. A portable 12-lead ECG recorder was developed, which is compatible with the T-shirt.
The system is portable and has a battery life of two days. To our knowledge, a 12-lead ECG T-shirt
specifically with active electrodes has not been developed before. In a study with three volunteers,
the functionality of the device was successfully compared with a commercial device in everyday
scenarios. The relative error of the RR intervals was 0.96% with a mean coverage of 96.6%. The P-wave
had a correlation of 0.703 for walking subjects, while the T-wave demonstrated lower correlations for
all three scenarios (lying: 0.817, sitting: 0.710, walking: 0.403). The other correlations for the P, Q, R,
and S-waves were all higher than 0.9. This work shows that a comfortable ECG T-shirt with active
electrodes is suitable for 12-lead ECG recordings.
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Abbreviations

The following abbreviations are used in this manuscript:

ADC analogue digital converter
aVF Goldberger lead
aVL Goldberger lead
aVR Goldberger lead
CMRR common mode rejection ratio
CS chip select line
DRL driven right leg
ECG electrocardiography
I Einthoven I lead
II Einthoven II lead
III Einthoven III lead
LA left arm
LL left leg
PCB printed circuit board
RA right arm
SPI serial peripheral interface
SPS samples per second
V1 - V6 Wilson leads
WCT Wilson central terminal
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Abstract: This paper reports on a pulsed coding technique based on optical Ultra-wideband (UWB)
modulation for wireless implantable biotelemetry systems allowing for high data rate link whilst
enabling significant power reduction compared to the state-of-the-art. This optical data coding
approach is suitable for emerging biomedical applications like transcutaneous neural wireless
communication systems. The overall architecture implementing this optical modulation technique
employs sub-nanosecond pulsed laser as the data transmitter and small sensitive area photodiode as
the data receiver. Moreover, it includes coding and decoding digital systems, biasing and driving
analogue circuits for laser pulse generation and photodiode signal conditioning. The complete system
has been implemented on Field-Programmable Gate Array (FPGA) and prototype Printed Circuit
Board (PCB) with discrete off-the-shelf components. By inserting a diffuser between the transmitter
and the receiver to emulate skin/tissue, the system is capable to achieve a 128 Mbps data rate with a
bit error rate less than 10−9 and an estimated total power consumption of about 5 mW corresponding
to a power efficiency of 35.9 pJ/bit. These results could allow, for example, the transmission of an
800-channel neural recording interface sampled at 16 kHz with 10-bit resolution.

Keywords: high data rate low power link; optical ultra-wideband modulation; pulsed coding
technique; wireless implantable biotelemetry

1. Introduction

Emerging implantable biomedical systems need to transmit large amounts of data through
skin/tissue to achieve high accuracy measurements, high dimensionality and real-time control of
complex prosthetic devices like brain machine interfaces [1–3]. These systems require wireless
biotelemetry links with high data rate, reduced power consumption, small Bit Error Rate (BER)
and good electromagnetic compliance [3–7]. Solutions that make use of carrier-based narrow-band and
Ultra-wideband (UWB) Radio Frequency (RF) links, employing Impulse Radio (IR) signal modulation,
pose significant challenges when requiring high data rates due to their low power efficiency
and electromagnetic compatibility [8–13]. Optical biotelemetry links, employing semiconductor
modulated/pulsed lasers as data transmitters and photodiodes as data receivers, allow the
performances of the RF-based systems to be enhanced [4,14–17]. In these regards, further improvements
have been obtained by increasing the laser power and by using On-Off Keying (OOK) based
modulations and large sensitive area photodiodes. However, this solution increases the laser response
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time and BER so limiting system bandwidth and data rate up to 100 Mbps with 21 pJ/bit power
efficiency [4,15].

This Paper presents a data coding technique based on optical UWB modulation employing
sub-nanosecond laser pulses with duration much smaller than the half bit period as typically employed
in OOK modulation-based solutions. In particular, the proposed approach, already investigated in
IR-UWB systems [13], implements an optical synchronised-OOK modulation allowing for the clock
recovery and a proper synchronisation between the transmitter and the receiver. In general, optical
UWB communication systems using modulated/pulsed signals have the advantages of low power
spectral density, null RF interference, immunity to multipath fading and high power efficiency, so
suitable for short-range wireless links [17–20]. Based also on these characteristics, the proposed
approach allows us to strongly reduce the system overall power consumption and the laser response
time reaching data rates up to 128 Mbps with 800 ps laser pulses, a bit period of 7.8 ns and a power
efficiency of 35.9 pJ/bit. These results have been obtained by adjusting the amplitude and duration
of the laser pulses to achieve the optimal trade-off between power consumption, data rate and BER.
Respect to the state-of-the-art, the implemented pulsed coding technique is capable to increase the
data rate (i.e., the transmission bandwidth) and, at the same time, to strongly reduce the power
consumption (i.e., better power efficiency) of the optical communication system that is mainly related
to the generation of the sub-nanosecond laser pulses. The presented architecture has been implemented
on Field-Programmable Gate Array (FPGA) and prototype Printed Circuit Board (PCB) developed
with discrete off-the-shelf components. The achieved results enable, for example, the transmission of
an 800-channel neural recording interface (i.e., extracellular electrodes) sampled at 16 kHz with 10-bit
resolution [21,22].

2. The Pulsed Coding Technique: Theory, Modelling and Methods of the Optical Approach

Figure 1 illustrates the top-level complete architecture of an optical wireless transcutaneous
biotelemetry system. The dashed black square box highlights the scheme implementing the proposed
optical pulsed UWB modulation technique performing the data coding process. The overall system
typically includes two units, implantable and external, each one consisting of a main sub-block:
the transmitter and the receiver.

 

Figure 1. Complete scheme of an optical wireless transcutaneous biotelemetry system: in the dashed
box, the architecture implementing the proposed data coding approach based on optical pulsed
Ultra-wideband (UWB) modulation technique.

The conditioning and processing circuitry block in the implantable unit handles analogue signals
related to neural signals (e.g., coming from neural recording systems) [21,22]. The analogue signals
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are converted into a serial digital data stream ST(t) to be transmitted, after its coding in pulsed
signal UT(t), from the implantable to the external unit. The receiver in the external unit provides
the decoded/regenerated serial digital data stream SR(t) to the related conditioning and processing
circuitry block. The latter, in this case, generates analogue and/or digital signals associated to
the transmitted neural analogue signals for the control of external actuators as well as for neural
data monitoring.

More in detail, the transmitter takes, as input signals, the main clock CLKT and the data stream
ST(t) to be coded and transferred, while the receiver provides the recovered clock signal CLKR and
the decoded data stream SR(t). In the transmitter, the coding system generates the analogue pulsed
voltage signal UT(t) converted by the bias and drive circuits into current pulses that generate the
laser pulses (i.e., gain switching operation of the laser). In the receiver, the photodiode provides
photocurrent pulses converted by the biasing and signal conditioning circuitry into analogue voltage
pulses UR(t) processed by the decoding system that recovers the clock CLKR and the data stream
SR(t). The transmitter uses a high speed Vertical Cavity Surface Emitting Laser (VCSEL) generating
sub-nanosecond optical pulses and the receiver employs a wide bandwidth Si photodiode.

Figure 2 illustrates an example of a timing diagram, with the corresponding laser operating
conditions, describing the proposed data coding process that allows the optical pulsed UWB
modulation performed by the transmitter to be achieved. During each bit period T, the VCSEL
driving current is maintained at a value Imin just above the VCSEL threshold current Ith (corresponding
to a minimum laser power Pmin) to provide high output power stability, few picoseconds rise times and
negligible jitter respect to the driving current pulses. In order to simultaneously transmit the CLKT and
ST(t), short current pulses with a maximum value Imax drive the VCSEL that generates optical pulses
with a power Pmax. Therefore, only during the laser pulse generation the transmitter achieves the
maximum power consumption. Depending on the receiver performances, the current pulse amplitude
and duration can be adjusted to obtain the optimal trade-off between power consumption, data rate
and BER. More in detail, referring to Figure 2, at the start of each bit period T a short laser pulse is
generated, independently from the symbol being transmitted, so allowing for the clock signal to be
simultaneously transmitted with the symbol. This is needed to synchronise the transmitter and the
receiver (i.e., the clock recovery procedure). Then, at half bit period T/2, if the symbol 1 has to be
transmitted, a second laser pulse is generated, while for the transmission of the symbol 0 the VCSEL
driving current is maintained at the value Imin. In this way, the transmitter power consumption is
mainly due to the current Imin that is constant during each bit period T, while the contribution of
the current pulses, with an amplitude equal to Imax, is minimal due to the very small duty cycle.
These operating conditions allow us to strongly reduce the system overall power consumption and the
VCSEL response time.

 

Figure 2. Example of a timing diagram describing the proposed data coding process and the
corresponding laser operating conditions.
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Figure 3 shows the logic block level implementation of the coding and decoding systems inside
the transmitter and the receiver, respectively. The coding system receives in input CLKT and ST(t)
considering the bit period T equal to the clock period (i.e., one bit transmitted at each bit period T), as
shown in Figure 2 and detailed in Figure 4a.

*

+

CLKT

ST(t)

UT(t)

PRECT(t)

PRECT(t-τ) UR(t)
CLKR

SR(t)UR(t)dt

Timer

Figure 3. Description, at logic block level, of the implementation of the coding (on the left); and
decoding (on the right) systems.

 
(a)

 
(b)

τ

Figure 4. Correlations between the signals CLKT,R, ST,R(t) and the corresponding coded data UT,R(t)
related to the coding (a); and decoding (b) systems.

Thus, the coding system generates a train of “rect” pulses PRECT (t) = ∑+∞
n=−∞

[
rectT0 (t − nT)

]
having a period T with a very small duty cycle T0 and the same signal, delayed by a time period
τ = T/2, defined as PRECT (t − τ) = ∑+∞

n=−∞
[
rectT0 (t − nT − τ)

]
. The transmitted pulsed signal UT(t)

is obtained as the combination of PRECT(t) and PRECT(t − τ) and can be expressed as follows:

UT (t) = ∑+∞
n=−∞

[
rectT0 (t − nT) + ST (t) ∗rectT0 (t − nT − τ)

]
(1)

On the other hand, UT(t) contains the constant pulses PRECT(t) used for the clock recovery and
the pulses PRECT(t − τ) related to the transmitted data ST(t) (i.e., the bit symbols 1 or 0). Inversely,
UR(t) is the input of the decoding system that operates clock and data recovery so providing the
synchronisation signal CLKR and the decoded data stream SR(t). In particular, the decoding system
integrates the signal UR(t) during a bit period T, starting from T/2 after the first synchronisation pulse
through the “Timer” block (see Figure 3), according to the following relation:

SR (t) =

⎧⎪⎨
⎪⎩

1 if
∫ T

T/2 UR (t) dt ≥ tH

0 if
∫ T

T/2 UR (t) dt ≤ tL

; Err ∀ (2)

where tH and tL are the high and low threshold levels defined by the decoding system. Consequently,
the generated output signals SR(t) and CLKR can be described as detailed in Figure 4b. More in detail,
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since the clock recovery as well as the synchronisation between the transmitter and the receiver is
a critical issue in communication systems, the “Timer” block includes a control unit. Starting from
the pulsed signal UR(t), the control unit operates the clock recovery by managing the regeneration of
the new clock signal CLKR and its synchronisation with the received pulses UR(t). Simultaneously,
the overall “Timer” block also controls the synchronisation between the recovered clock CLKR and
the integrator block that, in turn, performs the recovery and regeneration of the data stream SR(t).
In particular, the control unit accomplishes these operations by regulating the relative time delays
(i.e., the timing alignments) between the received pulse train UR(t) and the recovered clock CLKR
together with the integration window, from T/2 to T, of the integrator block to correctly recover the
data stream SR(t).

3. Implementation of the Wireless Communication System Based on the Pulsed
Coding Technique

The optical pulsed UWB wireless communication system, performing the proposed data coding
process, has been characterised by implementing the coding and decoding digital systems (see Figure 3)
on an FPGA board (Xilinx VIRTEX-6 ML605, Xilinx Inc., San Jose, CA, USA) by a hardware description
(VHDL, that is VHSIC Hardware Description Language where VHSIC means Very High Speed
Integrated Circuits) of the functional/logic blocks previously described. The FPGA was used to:
(i) supply the CLKT and ST(t) signals at the input of the coding system that generates UT(t); (ii) recover
the CLKR and SR(t) from the received UR(t) through the decoding system. The resulting digital
architecture is composed by a 2:1 multiplexer, a 1:2 demultiplexer, three D-type flip-flops and 22 logic
gates (AND, OR, NOT). The corresponding circuitry can be implemented in standard Complementary
Metal-Oxide Semiconductor (CMOS) technology as a full-custom solution with less than 150 transistors
in a Si area smaller than 1 mm2.

The employed laser is a high-speed VCSEL-850 (Thorlabs Inc., Newton, NJ, USA) with 2.2 mA
threshold current emitting at λ = 845 nm. This wavelength has been chosen considering the best light
“penetration window” of human skin that ranges between 800 nm and 1300 nm [23].

The photodiode is the Si high-speed FDS025 (Thorlabs Inc., Newton, NJ, USA) with 47 ps rise
time and 49,000 μm2 sensitive area. All analogue circuits have been implemented on prototype
PCB using high-bandwidth discrete off-the-shelf components. In particular, the VCSEL biasing and
driving current circuitry has been implemented by employing the driver ADN2871 (Analog Devices
Inc., Norwood, MA, USA) operating a voltage-to-current conversion. The output DC bias current
was set to 2.25 mA (i.e., Imin, see Figure 2) just about 2.5% above the VCSEL threshold current
Ith, while the peak value of the current pulses was regulated up to a maximum value of 4.5 mA (i.e.,
Imax = 2Imin). The photodiode biasing and signal conditioning circuitry has been implemented by using
the ultra-low noise voltage-feedback operational amplifier OPA847 (Texas Instruments Inc., Dallas, TX,
USA) configured as a transimpedance amplifier to convert the generated pulsed photocurrent into
voltage pulses (i.e., a current-to-voltage conversion). This stage is combined with ADN2915 (Analog
Devices Inc., Norwood, MA, USA) that includes a limiting amplifier and a signal level detector.

4. Experimental Results and Discussion

Experimental measurements were performed with the implemented overall system operating at
different data rates up to 128 Mbps employing a Pseudo-Random Bit Sequence (PRBS) of length 231-1
(i.e., the data stream) generated by the FPGA board with an average number of pulses transmitted
for each bit equal to 1.5 pulses/bit. Moreover, a 1.5 mm thick diffuser ED1-C20-MD (Thorlabs Inc.,
Newton, NJ, USA) was inserted between the VCSEL and the photodiode to emulate the presence of
skin or tissue [11,23]. For the considered distances between the VCSEL and the photodiode of only few
millimetres, the diffuser reduces the laser power of about a factor 10. Furthermore, the transmission
channel could be considered as a “noisy channel” and the BER has been directly evaluated through
experimental measurements since it depends on the channel condition mainly related to the employed
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diffuser. More in detail, the BER has been evaluated through the FPGA board considering the system
under different working conditions: variations of the laser pulse amplitude and duration as well
as changes of the distance between the VCSEL and the photodiode. In particular, in the operating
conditions at 128 Mbps, the bit period T is 7.8 ns and the laser pulse duration was reduced to about
800 ps corresponding to a duty-cycle T0 of 10%. This system set-up allowed us to achieve the optimum
trade-off between data rate, BER and power consumption. In principle, for a fixed data rate, the
duty-cycle T0 of the pulses (i.e., the laser pulse duration) can be reduced providing lower power
consumptions at the expenses of an increase of the BER value. On the contrary, for achieving a
minimum fixed BER value, it is possible to decrease the duty-cycle of the laser pulses providing a lower
power consumption against a reduction of the data rate that, in some case, could imply a worst system
power efficiency. In our case, at 128 Mbps transmission data rate and T0 = 10% laser pulse duty-cycle,
the highest measured BER is less than 10−9, achieved for a total maximum distance lower than 4 mm
including the presence of the diffuser, with an estimated maximum total power consumption of the
overall system of about 5 mW, the 10% of which is related to the coding and decoding digital systems.
In this regard, any clock synchronisation mismatch affecting a correct data communication has been
also taken into account in the evaluation of the BER since timing misalignments of the clock signal (i.e.,
clock synchronisation errors) provide bit errors in the decoding system. In addition, it is important to
consider that in the proposed architecture, the coding system in the transmitter block does not include
any error-correction process that further would improve the BER. In this sense, for example, Hamming
and Golay error-correction codes could be considered as suitable solutions to be implemented by an
additional low power circuitry enhancing the BER of few orders of magnitude with an additional
energy consumption of only 3–4 pJ/bit [19,20].

Figure 5 reports a picture of the overall implemented system together with the related block
scheme of the experimental set-up showing its main components. In particular, the transmitter and the
receiver blocks are connected to the FPGA board and the two XYZ translation stages allow us both
to perform the optical alignment between the VCSEL and the photodiode and change their relative
distance. Figure 6 shows an example of the main signals related to the transmitter and the receiver
blocks operating at 128 Mbps. From top to bottom: the green trace is CLKT, the yellow ST(t), the purple
UT(t) and the blue SR(t). In the insets are reported: (A) multiple acquisitions of UT(t) for the evaluation
of the amplitude and phase jitters resulting lower than 150 mV and 100 ps, respectively; (B) the UR(t)
and the related SR(t) signals; (C) the SR(t) eye diagram showing amplitude and phase jitters lower than
100 mV and 150 ps, respectively. All the measurements have been performed by using WAVEMASTER
8600A digital oscilloscope (LeCroy). Figure 6 demonstrates that the received and decoded data stream
SR(t) correctly matches with the transmitted one (ST(t)) showing a time delay of about 18 ns mainly
due to clock recovery and data decoding processes. Moreover, referring to the inset B) of Figure 6,
it has been experimentally evaluated also the overall impulse response of the transmission channel by
means of the time-domain analysis of the received pulsed signal UR(t).

Furthermore, it is important to highlight that the proposed system is not based on
IR-UWB modulation and does not employs RF electrical pulses and/or antennas to transmit the
modulated/pulsed signals. On the other hand, the duration of the generated optical pulses is lower
than 1 ns. Thus, in principle, the proposed architecture implementing the optical pulsed coding
technique complies with the standards UWB specifications on the generation of pulsed signals. In this
regards, Figure 7 reports the overall power spectrum of the transmitted pulsed signal UT(t) generated
by the coding system showing high spikes that, in principle, could affect the overall power efficiency of
the system. Nevertheless, an effective trade-off between transmission data rate, power efficiency and
BER has been achieved. In particular, the experimental data demonstrate that the pulse characteristics
and specifications comply and satisfy the standard mask defined by the Federal Communications
Commission (FCC) on the power spectrum of modulated/pulsed signals (i.e., the power emission
limits of the signals for communications) [24]. Moreover, Figure 7 shows a primary lobe with a
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bandwidth of about 1.25 GHz corresponding to the inverse of the laser pulse duration (i.e., 1/800 ps)
so validating and confirming the theoretical expectations.

Figure 5. Experimental set-up: picture of the overall implemented system and the related block scheme
showing its main components.

 
Figure 6. Main signals related to the transmitter and the receiver blocks. From top to bottom: CLKT

(green), ST(t) (yellow), UT(t) (purple), SR(t) (blue). In the insets: (A) multiple acquisitions of UT(t) for
the evaluation of the amplitude and phase jitters; (B) UR(t) and the related SR(t); (C) the eye diagram
of SR(t).

37



Electronics 2016, 5, 69

Figure 7. Power spectrum of the transmitted pulsed signal UT(t) (orange trace) and its average value
(purple trace).

Finally, in order to perform a comparative analysis with the state-of-the-art on transcutaneous
biotelemetry, Table 1 summarises the main performances of different solutions reported in literature
and those ones presented in this Paper. More in detail, in RF-based solutions, high data rates are
achieved at low power consumptions and good power efficiencies with high BER values [9,10,12].
A very low BER with a satisfactory data rate are obtained in [11,13] even if at the expenses of a strong
increase of the RF system power consumption and power efficiency. Considering now the solutions
based on optical wireless links, 100 Mbps is the highest achieved data rate with reduced power
consumptions and good power efficiencies and BER values [4,14,15]. This represents the best trade-off
among the main parameters of interest. On the other hand, the solution proposed in this paper shows
the highest data rate and the best BER value among the optical link solutions. The mean value of the
transmitter power consumption is 4.6 mW corresponding to a 35.9 pJ/bit power efficiency of the overall
implantable unit. It is worth noting that these values have been obtained by implementing the complete
architecture on prototype PCB with discrete off-the-shelf commercial components and using a VCSEL
with a relatively high threshold current. Nevertheless, the proposed optical pulsed UWB modulation
technique implemented on-chip in a standard CMOS Si technology using VCSEL with lower threshold
currents (e.g., Philips-ULM Photonics VCSEL-ULM850-10-TTN0101U with Ith = 0.5 mA [15]) could
allow the reduction of the transmitter power consumption down to about 1 mW corresponding to a
power efficiency of 7.8 pJ/bit. In this case, the estimated maximum total power consumption of the
overall system is about 1.5 mW.

Table 1. Main performances of different biotelemetry links.

Reference (Year) Data Rate (Mbps) Transmitter Power (mW) Power Efficiency (pJ/bit) BER (Bit Error Rate)

[9] (2015) 67 2 30 <10−7

[10] (2010) 136 3 22 <10−3

[11] (2004) 80 45 562.5 <10−14

[12] (2013) 135 1.4 10 -
[13] (2011) 10 1.84 97.5 -
[14] (2007) 40 4.3 107.5 <10−5

[15] (2014) 100 2.1 21 <10−7

[4] (2015) 100 3.2 32 -

This work 128
4.6 (measured with a VCSEL

having Ith = 2.2 mA) 35.9
<10−9

1 (estimated with a VCSEL
having Ith = 0.5 mA) 7.8
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5. Conclusions

The Paper reported on a data coding technique for high data rate low power optical wireless
biotelemetry using sub-nanosecond pulsed laser as data transmitter and small sensitive area
photodiode as data receiver. The implementation of this approach, based on an optical pulsed UWB
synchronised-OOK modulation, through FPGA board and prototype PCB with discrete off-the-shelf
components allowed us to achieve a 128 Mbps data rate, a BER less than 10−9 and a power
efficiency of 35.9 pJ/bit. These values have been obtained by inserting a diffuser between the
transmitter and the receiver to emulate skin/tissue barrier. The achieved results demonstrate that
the proposed approach enables, for example, the transmission of an 800-channel neural recording
interface sampled at 16 kHz with 10-bit resolution for high performances (i.e., high data rate and good
power efficiency) optical wireless implantable biotelemetry. The overall architecture that implements
the developed technique has been designed to be integrated on-chip in a compact Si footprint lower
than 1 mm2 with about 180 transistors. In this regard, a suitable design of the complete circuitry
in a proper standard technology (e.g., Bi-CMOS) and the use of fast pulsed lasers and high-speed
photodiodes, will allow us to achieve high performances wireless optical links with data rates up to
few Gbps. Finally, the presented optical pulsed coding technique can be also applied to bidirectional
transcutaneous biomedical platforms for very high data rate and ultra low power optical wireless
biotelemetry that would integrate a transmitter-receiver in the implantable unit and the corresponding
receiver-transmitter in the external unit.
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7. Vračar, L.; Prijić, A.; Nešić, D.; Dević, S.; Prijić, Z. Photovoltaic energy harvesting wireless sensor node for
telemetry applications optimized for low illumination levels. Electronics 2016, 5. [CrossRef]

8. Miranda, H.; Gilja, V.; Chestek, C.A.; Shenoy, K.V.; Meng, T.H. A high-rate long-range wireless transmission
system for simultaneous multichannel neural recording applications. IEEE Trans. Biomed. Circuits Syst. 2010,
4, 181–191. [CrossRef] [PubMed]

39



Electronics 2016, 5, 69

9. Ebrazeh, A.; Mohseni, P. 30 pJ/b, 67 Mbps, centimeter-to-meter range data telemetry with an IR-UWB
wireless link. IEEE Trans. Biomed. Circuits Syst. 2015, 9, 362–369. [CrossRef] [PubMed]

10. Jung, J.; Zhu, S.; Liu, P.; Emery-Chen, Y.J.; Heo, D. 22-pj/bit energy-efficient 2.4-GHz implantable OOK
transmitter for wireless biotelemetry systems: In vitro experiments using rat skin-mimic. IEEE Trans. Microw.
Theory Tech. 2010, 58, 4102–4111. [CrossRef]

11. Guillory, K.S.; Misener, A.K.; Pungor, A. Hybrid RF/IR transcutaneous telemetry for power and
high-bandwidth data. In Proceedings of the 2004 IEEE Engineering in Medicine and Biology Societ,
San Francisco, CA, USA, 1–5 September 2004; pp. 4338–4340.

12. Elzeftawi, M.; Theogarajan, L. A 10 pJ/bit 135 Mbps IR-UWB transmitter using Pulse Position Modulation
and with on-chip LDO regulator in 0.13 μm CMOS for biomedical implants. In Proceedings of the 2013 IEEE
Topical Conference on Biomedical Wireless Technologies, Networks, and Sensing Systems, Austin, TX, USA,
20–23 January 2013; pp. 37–39.

13. Crepaldi, M.; Li, C.; Fernandes, J.; Kinget, P. An ultra-wideband impulse-radio transceiver chipset using
synchronized-OOK modulation. IEEE J. Solid-State Circuits 2011, 46, 2284–2299. [CrossRef]

14. Ackermann, D. High Speed Transcutaneous Optical Telemetry Link. Master’s Thesis, Case Western Reserve
University, Cleveland, OH, USA, May 2007.

15. Liu, T.; Bihr, U.; Becker, J.; Anders, J.; Ortmanns, M. In vivo verification of a 100 Mbps transcutaneous optical
telemetric link. In Proceedings of the 2014 IEEE Biomedical Circuits and Systems Conference, Lausanne,
Switzerland, 22–24 October 2014; pp. 580–583.

16. Kuchta, D.M.; Rylyakov, A.V.; Doany, F.E.; Schow, C.L.; Proesel, J.E.; Baks, C.W.; Westbergh, P.;
Gustavsson, J.S.; Larsson, A. A 71-Gb/s NRZ modulated 850-nm VCSEL-based optical link. IEEE Photonics
Technol. Lett. 2015, 27, 577–580. [CrossRef]

17. Wen, Y.H.; Feng, K.M. A simple NRZ-OOK to PDM RZ-QPSK optical modulation format conversion by
bidirectional XPM. IEEE Photonics Technol. Lett. 2015, 27, 935–938. [CrossRef]

18. Chenhui, Y.; Kun, Z.; Hongyan, F.; Sailing, H. An all-optical transformer from differential NRZ data to
Ultra-Wideband pulse stream. IEEE Photonics Technol. Lett. 2011, 23, 579–581.

19. Desset, C.; Fort, A. Selection of channel coding for low-power wireless systems. In Proceedings of the 2003
IEEE Vehicular Technology Conference, Orlando, FL, USA, 22–25 April 2003; pp. 1920–1924.

20. Hannan, M.A.; Abbas, S.M.; Samad, S.A.; Hussain, A. Modulation Techniques for Biomedical Implanted
Devices and Their Challenges. Sensors 2012, 12, 297–319. [CrossRef] [PubMed]

21. Barsakcioglu, Y.D.; Liu, Y.; Bhunjun, P.; Navajas, J.; Eftekhar, A.; Jackson, A.; Quiroga, R.Q.;
Constandinou, T.G. An analogue front-end model for developing neural spike sorting systems. IEEE Trans.
Biomed. Circuits Syst. 2014, 8, 216–227. [CrossRef] [PubMed]

22. Montoye, A.H.; Dong, B.; Biswas, S.; Pfeiffer, K.A. Use of a Wireless Network of Accelerometers for Improved
Measurement of Human Energy Expenditure. Electronics 2014, 3, 205–220. [CrossRef] [PubMed]

23. Bashkatov, A.N.; Genina, E.A.; Kochubey, V.I.; Tuchin, V.V. Optical properties of human skin, subcutaneous
and mucous tissues in the wavelength range from 400 to 2000 nm. J. Phys. D Appl. Phys. 2005, 38, 2543–2555.
[CrossRef]

24. Federal Communications Commission (FCC). Revision of Part 15 of the Commission’s Rules Regarding
Ultra-Wideband Transmission Systems, First Report and Order; Federal Communications Commission:
Washington, DC, USA, February 2002; pp. 1–118.

© 2016 by the authors; licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC-BY) license (http://creativecommons.org/licenses/by/4.0/).

40



Article

A Wearable System for the Evaluation of the
Human-Horse Interaction: A Preliminary Study

Andrea Guidi 1, Antonio Lanata 1,*,†, Paolo Baragli 2, Gaetano Valenza 1

and Enzo Pasquale Scilingo 1

1 Research Center “E.Piaggio”, School of Engineering, University of Pisa, Largo Lucio Lazzarino 1,
Pisa 56122, Italy; andrea.guidi@for.unipi.it (A.G.); g.valenza@iet.unipi.it (G.V.);
e.scilingo@centropiaggio.unipi.it (E.P.S.)

2 Department of Veterinary Sciences, Laboratory of Equine Behavior and Physiology, University of Pisa,
Viale delle Piagge 2, Pisa 56124, Italy; paolo.baragli@unipi.it

* Correspondence: antonio.lanata@unipi.it; Tel.: +39-050-2217604
† Current address: Department of Information Engineering, School of Engineering, University of Pisa,

Via Caruso 16, Pisa 56122, Italy.

Academic Editor: Mostafa Bassiouni
Received: 26 June 2016; Accepted: 18 September 2016; Published: 26 September 2016

Abstract: This study reports on a preliminary estimation of the human-horse interaction through
the analysis of the heart rate variability (HRV) in both human and animal by using the dynamic
time warping (DTW) algorithm. Here, we present a wearable system for HRV monitoring in horses.
Specifically, we first present a validation of a wearable electrocardiographic (ECG) monitoring
system for horses in terms of comfort and robustness, then we introduce a preliminary objective
estimation of the human-horse interaction. The performance of the proposed wearable system
for horses was compared with a standard system in terms of movement artifact (MA) percentage.
Seven healthy horses were monitored without any movement constraints. As a result, the lower
amount of MA% of the wearable system suggests that it could be profitably used for reliable
measurement of physiological parameters related to the autonomic nervous system (ANS) activity
in horses, such as the HRV. Human-horse interaction estimation was achieved through the analysis
of their HRV time series. Specifically, DTW was applied to estimate dynamic coupling between
human and horse in a group of fourteen human subjects and one horse. Moreover, a support vector
machine (SVM) classifier was able to recognize the three classes of interaction with an accuracy
greater than 78%. Preliminary significant results showed the discrimination of three distinct real
human-animal interaction levels. These results open the measurement and characterization of the
already empirically-proven relationship between human and horse.

Keywords: wearable systems; e-textile; human interaction; biomedical signal processing;
non-stationary signal

1. Introduction

In the last few decades, the interest in decoding the human-horse relationship and interaction
(HHRI) has increased dramatically. This was guided by the strong empirical evidence of the positive
outcomes in equine assisted therapy (EAT) and horseback riding in therapeutic programs [1], as well
as the positive impact of animal companionship on human quality of life [2], where the equine
is an important element of these therapeutic practices, with its feelings and behavior. For this
purpose, the investigation of the modality in which both human and horse can communicate might
be crucial. Measuring and evaluating the impact of the interaction experience might be relevant [3].
Some studies investigated the equine perception of humans in terms of positive, negative or neutral
valence [4]. A study on how human psychological and physiological state can be perceived by horses
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was performed in [5] via the study of the heart rate. A more relaxed equine behavior was observed
when humans showed positive attitudes toward them [6,7], while an equine increased heart rate was
observed when humans were engaged in negative thinking [8]. A nervous mood can be transmitted
from humans to horses under handling and riding conditions [9]. Voice [10–12], posture [13,14],
facial expression [15,16], autonomic signals [17–19], hormones [20–23] and pheromones [24] might be
used to fruitfully describe and characterize the emotional content [25]. Non-verbal communication
between human and horse was also investigated in [26,27]. Heart rate and behavior resulted in being
sensitive and reliable indicators of fear or anxiety in horses [28,29]. Horses that are in discomfort
were observed to be more aggressive toward humans [30] or to be characterized by an increased heart
rate, motor activity and vocalizations [31]. The effect of the gender of the person interacting with
the horse was discussed in [32]. Although a recent review described a parallel behavior between
the human multi-sensorial perception and the demonstrated equine cross-modal recognition [33,34],
an interdisciplinary approach is mandatory to reach a deeper knowledge of human-horse interaction.
In fact, these achieved experimental findings pointed out complex and multidimensional aspects of
the interaction, which involve medical, bioengineering, physics and veterinary science [2,35,36]. In [9],
the heart rate of both human and horse were monitored simultaneously under different experimental
handling or riding conditions. In this study, Keeling et al. asserted that the analysis of heart rate is
an important tool to investigate horse-human interactions. Again, hormones, heart rate and some
standard heart rate variability-related indices were investigated in [20] during both training and
performance. Different feature trends were observed between human and horse when they were
obtained from ECG (electrocardiographic) recordings related to public or private sessions. A body
sensors network technology was used to real-time monitor the horse-rider dyad in [37]. The aim
of such a monitoring was evaluating the human-horse interaction. Specifically, based on a study
concerning the equine emotional response during physical activity [38], the evaluation was based
on the measurements of heart rate and physical activities via a mathematical model. Such a model
was proposed to decompose the equine heart rate into two different components. The first one
was concerning the physical component, while the second one contained information about equine
emotional state [38]. Finally, in [39], the link between horse and human was also investigated by
studying their electroencephalograph signals (EEG), revealing a higher synchronicity in EEG waves at
increasing interactions. A correlation analysis between human and equine hormone concentrations
was performed in [20,21].

Therefore, the human-horse relationship appears to be a complex interaction affected by several
psychological factors [40]. The perception of humans by horses seems to be based on experience
and repeated interactions, with horses that form a memory of humans that impacts their reactions
in subsequent interactions [5]. Hence, previous negative experiences with human contact could lead
horses toward a negative emotional reaction [7] or, vice versa, previous positive experience could lead
them toward positive feelings with humans [41].

In our hypothesis, human and horse are considered as complex systems that interact through
a coupling process. In this frame, we hypothesize that coupling can be modulated by the type and
time duration of the contact itself. Specifically, we analyzed the level of coupling by studying their
heart rate variability (HRV) time series [42] through dynamic time warping (DTW). As is well known
from the literature, HRV can be considered as a non-linear time series, in which complex oscillations
are present [43]. Therefore, we aimed at measuring this biological coupling over time [44]. DTW is,
generally, used for studying time series dynamics of non-stationary systems. It calculates the best
possible warp alignment between two time series, by selecting the one with the minimum distortion.
Specifically, DTW is also defined as a measure of similarity between two time series, and it is calculated
as the minimum mapping distance between them. DTW was widely used in many contexts, including
data mining [45], speech processing [46] and medicine [47].

In this study, DTW was adopted to evaluate how heart activities evolve in a similar or dissimilar
way. For example, if during an experiment with increasing exciting levels we detect an increasing DTW
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between human and equine HRVs, it indicates that the distance of the two HRV dynamics is increasing,
and therefore, the heart activities are following different patterns. In order to perform a continuous,
comfortable and non-invasive monitoring of the interaction in a natural environment, we developed,
and here present, a wearable monitoring system for horses. The amount of advantages that wearable
systems have brought to physiological signal monitoring for humans is well known, occupying an even
larger space in the research. Moreover, the continuous technological development and the increasing
demand of smart systems push wearables as the most used and suitable systems for ubiquitous and
pervasive investigations. In addition, their flexibility allows researchers and clinicians to face the large
variability of biomedical signals and tasks in monitoring subjects during their daily activities [48–52].
However, the biggest limitation in using wearable systems with humans and animals is due to motion
artifacts (MA) [53–58], which are the major source of noise in biomedical signal acquisition, inducing
the loss and alteration of informative content. For instance, the electrocardiographic (ECG) signal
acquired in a naturalistic environment without movement constraints can be severely affected by
important artifacts, and a great amount of data might be lost in contrast to the signal quality easily
achievable in controlled environments and protocols [59]. As a matter of fact, cardiac stress tests
or simply respiration can generate a big amount of MAs that can alter the signal [59]. Moreover,
it is important to highlight that restraining horse is usually discouraged since it is unnatural and
stressful and induces an increase of the sympathetic contribution of the heart control [60] that leads
to misleading ECG interpretations [61]. In this work, we present a textile-based system for the ECG
monitoring in horses, where the electrodes are completely made of fabric (electro-textile or e-textile).
Normally, textile materials are insulators, but for this application, conductive yarns are integrated
into the fabric during the manufacturing process [62]. In the human biomedical field, e-textiles are
considered as higher value-added textiles and are prominently developed for being used in smart
clothing. Smart clothing refers to a new garment that is able to acquire and process information, as
well as actuate responses [63]. The potentialities deriving from these kinds of textile sensors enable
the application of wearable systems in a great variety of experimental settings. As a matter of fact,
many human studies showed reliable recordings of biomedical signals [64–68]: for example, ECG
in [69–76], respiration in [69,70,73,74,77–79], electrodermal response (EDR) in [51,80] and, finally,
PhotoPlethysmoGraphy (PPG)and blood pressure in [81,82]. In this kind of application, physiological
signals are monitored and recorded in order to evaluate or follow the health status of the person who
is wearing the wearable device [48,83].

Similarly in the veterinary research field, some authors [84–87] proposed to use Holter devices
in equine applications and subsequently systems with radiotelemetry. Here, we propose the use
of wearable systems in both animals and humans simultaneously, in order to acquire their cardiac
activity in a reliable and artifact-free way, as was generally demonstrated in [72,88–92]. The aim is
to infer autonomic nervous system responses enabling the detection of uncontrolled responses of
animals when elicited with emotional stimuli coming from humans and vice versa. The manuscript
is organized as follows: Section 2 deals with the materials’ and methods’ description; specifically,
it describes the wearable systems, the experimental protocol of the interaction and the signal processing
chain. Section 3 reports the achieved results, and Section 4 is focused on the discussion and conclusion
of the study highlighting the future perspectives of this pioneering work.

2. Materials and Methods

In this study, two wearable monitoring systems, i.e., one for humans and the other for horses,
were employed. Each system was comprised of a smart garment and portable electronics. The human
system (Figure 1) was designed as a sensorized t-shirt (Smartex, Pisa, IT, Italy), and it is exhaustively
described in [48,79,93–95]. Differently, the equine system (Figure 2) was comprised of an elastic smart
belt (Smartex, Pisa, IT, Italy) [89,91] fastened around the chest behind the shoulder area. In both
systems, two textiles electrodes (Smartex, Pisa, IT, Italy) and a strain gauge sensor (Smartex, Pisa,
IT, Italy) were integrated to acquire the ECG (with a sampling frequency of 250 Hz) and respiration

43



Electronics 2016, 5, 63

activity (with a sampling frequency of 25 Hz). The strain gauge is carried out by textile sensors that
monitor the cross-sectional variations of the rib cage. The respiration sensor along with electrodes
are integrated in an elastic band through a one-step process in the fabric by means of a circular
knitting machine [96]. They are developed by Smartex s.r.l.; many details can be found in [92,96].
Moreover, equine ECG was recorded by placing the electrodes according to the modified base-apex
configuration [97]. It is worthwhile to note that the use of a dry textile-based electrode provides
several advantages. Firstly, the system is easy to use through an automatic placement of the sensors
and allows high comfort. Secondly, electrodes are made of a special multilayer structure of textile
material that increases the amount of sweat and reduces the rate of evaporation reaching very rapidly
an electrochemical equilibrium between skin and electrode. This means that the signal quality [72] is
remarkably improved and kept as constant as possible. These materials are knitted together and are
fully integrated in the garment without any mechanical and physical discontinuity, creating areas with
different functionalities (see Figure 1). For each system, the two ECG e-textile electrodes and the strain
gauge sensor are finally connected to portable electronics through a simple plug that can be easily
unplugged when necessary.

Figure 1. Wearable monitoring system for humans [48]. As is possible to note, from the box on the
right, the e-textile electrodes for ECG (electrocardiographic) acquisition are knitted and completely
integrated into the garment.

Figure 2. Systems placement on the horse. Elastic smart belt and Ag/AgCl electrodes placement.
A scheme is presented on the left side and a real picture is on the right side.
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Moreover, an inertial platform (triaxial accelerometer) (Smartex, Pisa, IT, Italy) integrated into
the portable electronics that was positioned on the back of the horse allowed the monitoring of the
horse’s physical activity at a sampling frequency of 25 Hz. Finally, the wearable system was wirelessly
connected to a smartphone where a dedicated app enabled checking the status of the sensors and
remotely controlling the storing process of the physiological information in a secure digital (SD) card.

2.1. Equine Textile-Based ECG: Test and Validation

This section is focused on testing and validating the reliability of the equine ECG traces coming
from textile electrodes. For this study, seven healthy standard bred mares in anestrus (mean age
8.4 ± 1.3 years) were enrolled. Equine subjects were socially housed in a paddock (75 × 75 m) and
were provided ad libitum access to both hay and water. Horses were used as receivers in the embryo
transfer program of the Department of Veterinary Sciences (University of Pisa, Italy) where this study
was performed. Mares were in healthy condition and not pregnant at the time of this protocol.

The signal quality test of e-textile electrodes was performed by means of a comparative study in
terms of the motion artifact (MA) between e-textiles and conventional Ag/AgCl electrodes. Each horse
was simultaneously monitored by the wearable system, i.e., equine elastic smart belt and Ag/AgCl
electrodes (see Figure 2). Two identical electronics were employed for both couples of electrodes
Ag/AgCl and the textile ones. All data were acquired in a stall (4 × 4 m), where horses were left
free to spontaneously move for 60 min. At the end of the recording session, all of the acquired ECGs
were visually examined by one expert, and all of the ECG segments, corrupted by MAs, were marked.
The goal was the estimation of the percentage of corrupted signal. Such a percentage was calculated as
the sum of the time intervals in which an MA was observed over the whole time length of the recording.

A nonparametric Wilcoxon signed-rank test for paired samples was used to compare the
percentage of corrupted signals between the signals acquired by the two kinds of electrodes,
i.e., e-textile and Ag/AgCl. Specifically, the test was designed to compare the performance of the
two kinds of electrodes while simultaneously recording the heart activity of each horse. A significant
result of such a test would indicate a coherent different percentage of corrupted signal between the
traces acquired by means of the two kinds of electrodes.

2.2. Protocol of Interaction

Here, the design of the interaction protocol is reported. Fourteen subjects (25 ± 3 years old,
4 males) were enrolled. The participants did not show any past or current experience of mental or
personality disorder. In addition, one standard bred mare out of the seven previously described
was enrolled (age: 8 years, weight: 560 kg, height: 160 cm). Informed consent was signed by the
participants according to this specific protocol approved by the Ethical Committee of the University
of Pisa.

During the whole experimental protocol, the autonomic nervous system (ANS) response of both
human and horse were monitored. Specifically, two different systems were used to acquire the ECG
signal. The fabric-based monitoring system [48,79,93–95] was used to record the human ECG, while the
elastic smart belt [89,91] was used to record the equine one.

The experimental protocol consisted of three phases, each one lasting 4 min. During the first phase,
P1, the human and the mare were in different stalls (4 × 4 m). In this phase, considered as the resting
phase, the subject sat on a chair, while the horse was free to move. Successively, the horse was moved
from her stall to the human’s. In this phase, P2, the subject was asked to keep himself/herself still on
the chair, while the horse was free to move and explore the environment. This phase implies a visual
and olfactory interaction. Finally, in the third phase, P3, all of the participants were asked to stand up
and groom the horse. It is worthwhile to note that in order to keep the visual conditions of the horse as
constant as possible, all of the subjects were asked to wear an azure plain t-shirt.
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2.3. Signal Processing Chain for Human-Horse Interaction

This section deals with the description of the signal processing chain, which can be summarized
in three steps. First, the HRV of both human and horse were estimated. Then, the DTW coupling index
is computed. Finally, in the third step, the statistical analysis of DTW in the three sessions and the
pattern recognition of the three phases is performed.

2.3.1. Heart Rate Variability Estimation

HRV is considered to be one of the most important ANS-related series. HRV describes
the variations in the beat-to-beat intervals or in the instantaneous heart rate, since it reflects the
regulatory mechanism of the cardiac activity by the ANS [98]. ANS is divided into sympathetic and
parasympathetic branches. According to a simple model, sympathetic activity is responsible for the
increasing of the heart rate (HR) and of the decreasing of HRV, while parasympathetic activity is usually
considered to be in charge of decreasing HR and increasing HRV [99]. Many studies have focused
on the significant relationship between ANS and HRV. Specially, frequency domain indexes, e.g., the
LF/HF ratio (i.e., it is the ratio between the power in the low frequency bandwidth and the power in the
high frequency bandwidth), have been deeply investigated [100], as well as temporal [19], spectral [101]
and non-linear [102–104] indices. Several tools have been developed for its analysis [105], since its
estimation is quite simple. In fact, HRV can be estimated as the series obtained from the interpolation
of the beat-to-beat distances, i.e., RR distances (i.e. it means the distance between consecutive R-peaks
of QRS complex). For this purpose, ECG signals were first of all digitally filtered with a zero-phase
Butterworth infinite impulse response band-pass filter with cut-off frequencies between 0.5 and 40 Hz.
Then, different R-peak detection algorithms were used to process human and equine ECG signals
with the aim of estimating the HRV. More precisely, R-peaks related to the human ECG signals were
detected by means of the well-known Pan–Tompkins method [106], while the method proposed in [91]
was used to detect the R-peaks in the equine ECG signals. The Pan–Tompkins method [106] is an
algorithm based on a pre-processing phase, including band-pass filtering, squaring of the data samples
and moving average filtering, and on a decision rule phase, which includes an amplitude threshold to
detect R-peaks. Differently, the algorithm proposed in [91] to detect R-peaks in equine ECG was based
on the estimation of the energy of the second derivative of the ECG signal. R-peaks were detected
by performing a thresholding of the obtained energy-signal. Finally, a cubic spline interpolation
was applied to the irregular RR sampled series with a new sampling frequency equal to 10 Hz [105].
To do that, the cubic spline interpolation was used to create an evenly-distributed sampled series.
This procedure is necessary since RRseries are irregularly sampled, due to the physiological variability
of the heart activity, and an evenly-distributed sampled series is a mandatory condition in several
analyses. Then, since the RR interval sampling frequency is usually chosen among 2, 4, 6, 8 and
10 Hz [107], we decided to obtain a sampling frequency equal to 10 Hz as performed in [108,109].
In fact, according to [107], it is important to highlight that the bandwidth within which the autonomic
nervous system has a significant response is 0–1 Hz.

2.3.2. Feature Estimation

This section reports on the computation of the dynamic time warping [110]. DTW is usually
used for studying time series dynamics of non-stationary systems. It computes the best possible warp
alignment between two time series, by selecting the one with the minimum distortion. DTW was
widely used in many contexts including data mining [45], speech processing [46] and medicine [47].
Specifically, DTW is a measure of the similarity between two temporal series. To estimate it, a temporal
non-linear warping is performed to find the optimal match between the two sequences. In this frame,
given two sequences, x and y of length N and M, respectively, it is possible to define a (N,M)-warping
path as a sequence p = (p1, ..., pL), with pl = (nl , ml) ∈ [1 : N]× [1 : M] for l∈ [1 : L], able to align the
elements of x and y. Such an alignment assigns the element xnl of x to the element yml of y. Hence,
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the total cost cp(x, y) of a warping-path p between x and y can be defined, with respect to the local cost
measure or local distance measure c, as reported in Equation (1).

cp(x, y) =
L

∑
l=1

c(xnl , yml ) (1)

Finally, the optimal warping path between x and y is the warping path p∗ corresponding to the
minimal total cost. DTW distance is defined as the cost of p∗, according to (Equation (2)):

DTW(x, y) = cp∗(x, y) = min(cp(x, y)) (2)

where p is a (N,M)-warping path. This means that a low DTW distance implies a short warping path,
which results in a higher similarity between the two time series.

In this study, DTW is used to estimate the degree of similarity/dissimilarity between the
two subjects’ heart activities (i.e., horse and human), as well as the degree of similarity/dissimilarity
among all of the phases within each single subject (i.e., only human or horse). To this aim, the DTW
method is applied to both human and horse HRV series.

2.3.3. Statistical Analysis and Pattern Recognition

A Wilcoxon signed rank test for paired data was used to compare the features estimated during
the different phases of the experimental protocol. All of the possible combinations of the 2-class
problems were taken into account. Specifically, the DTW, estimated between human and horse in each
phase, was compared with the one obtained from the other phases, i.e., P1 vs. P2, P1 vs. P3 and P2

vs. P3, to evaluate possible statistically-significant differences between the human-horse interactions
occurring during the different phases. Moreover, DTW was also estimated among the HRV series of
each single enrolled subject between the different phases, i.e., only horse and only human. In this
case, we aimed at comparing the degree of similarity/dissimilarity passing through the different
phases within the same subject. A correction factor for multiple comparisons was applied according to
the Benjamini and Hochberg method [111]. Such a correction was necessary to cope with the rate of
Type I errors in null hypothesis testing when conducting multiple comparisons. The Benjamini and
Hochberg method, which is a false discovery rate (FDR)-controlling procedure, takes into account the
expected proportion of rejected null hypotheses that were incorrect rejections (“false discoveries”) [111].
A significance level equal to 0.05 was used.

The classification process was performed by means of a supervised learning method, which aimed
at performing the recognition of the experimental phases, i.e., the human-horse interaction,
and evaluating the discriminant power of the DTW feature, as estimated between human and horse.
Specifically, we implemented a support vector machine (SVM) classifier, with a radial-based kernel
function (see Equation (3)):

K(x, x′) = exp(−γ|x − x′|2) (3)

where γ is equal to 1 and x and x′ stand for the two samples. Moreover, a Leave-One-Subject-Out
(LOSO) architecture was developed to apply our pattern recognition approach on the estimated DTW.
Of note, the LOSO architecture is appositely designed to test the developed classifier on untreated and
unknown data. Specifically, if N is the number of enrolled subjects (in this case, N = 14), the classifier
is trained N − 1 times on the N − 1 subjects and, therefore, tested on the remaining 1 subject. To this
aim, first of all, the data related to each subject were Z-transformed and then given as input to the
LOSO architecture.
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3. Results

3.1. Results of the E-Textiles’ Validation and Testing

The percentages of artifact signal recorded both by using Ag/AgCl electrodes and e-textile
electrodes were estimated. Such an estimation was performed by manually placing the labels. A person
with experience in the field of equine cardiology was in charge of this issue. The obtained results are
displayed in Table 1.

Table 1. Percentage of corrupted signal obtained by means of hand labeling of the two categories of
signals: signals recorded by using Ag/AgCl electrodes and signals recorded by using textile electrodes.

Ag/AgCl E-Textile

h1 77, 48 32, 37
h2 54, 50 35, 00
h3 51, 49 39, 74
h4 30, 44 27, 51
h5 54, 44 32, 66
h6 47, 02 41, 96
h7 47, 89 35, 03

In addition, a non-parametric Wilcoxon signed-rank test for paired samples was implemented
to analyze the statistical significance of the differences observed between the two kinds of electrodes
in terms of the percentage of corrupted signal. A significant p-value equal to 0.0156 was achieved
(Figure 3). This indicated a statistically-significant difference between the performance of the two
kinds of electrodes. In fact, as is easily detectable in Figure 3 and in Table 1, the percentage of corrupted
signal was significantly lower when ECG traces were recorded via e-textile electrodes.
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Figure 3. Boxplot of the percentage of artifact signals observed in the two categories of data acquired.
The central box represents the central 50% of the data. In fact, its lower and upper boundary lines are
respectively at the 25% and 75% quantile of the data. A central red line indicates the median of the
data. Finally, two vertical lines indicate the remaining data that are outside the central box and not
considered as outliers.

3.2. Results of the Human-Horse Interaction

In Figure 4, an example of two HRVs estimated from both equine and human ECG traces is shown.
There, it is possible to observe, within a smaller signal portion, how warping-paths are defined.
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Figure 4. Example of both human and equine heart rate variability (HRV) signals. Within the smaller
portion of signal, it is shown how the warping-paths are defined.

The statistical analysis performed on the DTW estimated between the human and equine HRV
traces of the three different phases is reported in Table 2 in terms of p-values. All of the pairwise
comparisons between different phases were statistically significantly different after performing the
p-value correction via the Benjamini and Hochberg method. Specifically, as highlighted in Table 2 by
means of the rising arrows, a loss of similarity, i.e., an increased DTW distance value, can be observed
as the human-horse interaction becomes progressively stronger. These trends can be also observed in
Figure 5. In fact, in 12 out of 14 subjects, the DTW value can be observed to be lower or equal in P1

compared to in P2, i.e., human and equine HRV are more similar in the P1 phase than in P2. In 12 out
of 14 subjects, the DTW value can be detected to be higher in the P2 phase than in P1, but lower than in
P3, while 12 out of 14 subjects show a higher DTW value in the P3 phase with respect to the other ones.

Table 2. p-Values related to pairwise statistical analysis of the DTW (dynamic time warping) values, as
estimated between human and horse, during the different phases (P1, P2, P3).

Feature P1 vs. P2 P1 vs. P3 P2 vs. P3

DTW 0.0353 (↑) 0.0026 (↑) 0.0018 (↑)

P1: resting state, P2: visual and olfactory interaction, P3: grooming.
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Figure 5. DTW (dynamic time warping) values, as estimated between human and horse, obtained for
each subject in each phase.
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In Table 3, the statistical results obtained by comparing only the human DTW and only horse
DTW, separately, between the different phases are reported. Observing the reported p-values and
arrows, a significant difference is reported for horse DTW between P1–P2 and P2–P3 with a higher
value for the P2–P3. For humans, a significant difference was found in the comparison of DTW between
P1–P2 and P1–P3, showing a higher value for the P1–P3, and the comparison of DTW between P1–P3

and P2–P3, showing a higher value for the P1–P3. These results seem to show that the P3 phase is the
more responsive for both humans and horses.

Table 3. p-Values related to pairwise statistical analysis of DTW values, as estimated within each
enrolled subject, during the different phases (P1, P2, P3).

DTWP1−P2
vs. DTWP1−P3

DTWP1−P2
vs. DTWP2−P3

DTWP1−P3
vs. DTWP2−P3

human 7.32E-04 (↑) 4.63E-01 3.66E-03 (↓)
horse 1.38E-01 4.4E-02 (↑) 8.21E-01

P1: resting state, P2: visual and olfactory interaction, P3: grooming.

The results of the pattern recognition are returned as a confusion matrix (Table 4). In the main
diagonal, each element represents the correct recognition percentage. Upper and lower triangular
matrices report the percentage of incorrect recognition. The overall accuracy is about 85.71%.

Table 4. Confusion matrix obtained by applying the Support Vector Machine (SVM) classifier to the
leave-one-subject-out architecture.

P1 P2 P3

P1 85.7143 7.1429 7.1429
P2 21.4286 78.5714 0.0000
P3 0.0000 7.1429 92.8571

P1: resting state, P2: visual and olfactory interaction, P3: grooming.
Note: the percentage of the right recognised classes are marked in bold.

4. Discussion and Conclusions

The objective of the study here presented was two-fold: the first one was to investigate the
reliability of using wearable systems for monitoring physiological signal in horses; the second objective
was to estimate and quantify the human horse interaction in a specific experimental protocol.
As a matter of fact, concerning the first objective, the obtained results showed that the e-textile-based
system outperformed the standard monitoring one, in terms of comfortability and reduction of the
amount of movement artifacts. This latter one was demonstrated by the comparison of the blind visual
inspection performed by an expert applied to both signals. Specifically, an amount of 7 h of equine ECG
recording was analyzed, and the statistical analysis showed that ECG signals acquired with the textile
electrodes had a lower percentage of corruption, revealing a greater robustness against movement
artifacts. It is worthwhile to note that textile-based wearable monitoring systems offer interesting
advantages in horse applications. In fact, it resulted in being very easy to use and very comfortable,
and it could be automatically placed without any adhesive, glue and adhesive bandages. Furthermore,
the multilayer structure of the textile electrode increased the amount of sweat and reduced the
rate of evaporation, reaching an optimal electrochemical equilibrium between skin and electrode,
rapidly. As a matter of fact, the signal quality was notably improved and kept as constant as possible.
Moreover, wearable systems allow us to reliably monitor heart activity and parameters related to the
involvement of ANS activity also without any restriction of movement. Indeed, it is possible to record
an artifact-free ECG that enables non-linear signal processing techniques’ application to horse’s HRV
signal. This allowed us to perform an objective measurement of the complex ANS responses for the
investigation of human-horse interaction over a temporal dynamic evolution. Specifically, by analyzing
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the dynamic of the HRV of both human and horse, a similarity estimator, i.e., DTW, has been studied
to describe different interaction phases. DTW comparisons for horse showed that the transition from
P2 to P3 is more significant with respect to the transition from P1 to P2, whilst for humans, we found
that the difference between P1–P3 is higher than both P1–P2 and P2–P3. These results seem to show
that the P3 phase is the more responsive for both humans and horses. Moreover, the achieved results
in the horse-human DTW estimation showed that it was able to significantly discriminate all of the
three phases of the experimental protocol. Furthermore, a significantly continuous increment from
P1 to P2 and then to P3 was observed in human-horse DTW. This may indicate a monotonic variation
of the coupling between the human and horse cardiovascular systems. Specifically, as highlighted in
Table 2, a loss of similarity, i.e., an increasing DTW distance value, can be observed as the human-horse
interaction changes. These trends can be also observed in Figure 5. In fact, almost all of the involved
subjects showed a DTW value lower in P1 than in P2 and than in P3. A possible justification of this
phenomenon could be found in the nature of the interaction. Probably, when human and horse
are in physical contact, human and horse may suspiciously behave with a decrease of similarity
and an increase of the distance between the two heart activities. The ability of the classification
procedure of recognizing all of the three phases (i.e., accuracy greater than 85%) means that there exists
a hyperplane able to differentiate these phases, whose distribution is not explained only by statistics,
but it could be due to a non-linear dataset configuration in the feature space [112]. As a matter of
fact, the achieved results are not sufficient, at the moment, to generalize and confirm the described
phenomena. Hence, an increased number of measures, including further variables, is needed to clarify
the phenomena involved in the human-horse interaction. In conclusion, this work poses the basis
for the application of novel high level signal processing techniques for stationary and non-stationary
signals [113,114], already used in investigating human-to-human interaction [115–117], to animals,
and particularly to horses, in order to objectively reveal interesting responses of both the central and
autonomic nervous system (ANS) for a particular uncommon stimulation. Moreover, the achieved
results lead us to conclude that a quantitative measure of the human-horse interaction is viable, and
it could be very effective in many fields of application, for example in therapy assisted by equine
(EAT) [2,118] or for controlling the effect of therapeutic horseback riding [119]. In this field, our
paradigm could permit analyzing the emotional interaction of a human patient with a “standardized
horse” (a horse specifically trained and managed to create a controlled positive emotional background
with a human). From a research point of view, these results can open a new scenario in which
the emotional interaction [120] between human [121] and horse may be detectable and measurable,
thus extending the current knowledge on comparative neuroscience.
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Abstract: Research suggests that there might be a relationship between chew count as well as chewing
rate and energy intake. Chewing has been used in wearable sensor systems for the automatic detection
of food intake, but little work has been reported on the automatic measurement of chew count or
chewing rate. This work presents a method for the automatic quantification of chewing episodes
captured by a piezoelectric sensor system. The proposed method was tested on 120 meals from
30 participants using two approaches. In a semi-automatic approach, histogram-based peak detection
was used to count the number of chews in manually annotated chewing segments, resulting in a mean
absolute error of 10.40% ± 7.03%. In a fully automatic approach, automatic food intake recognition
preceded the application of the chew counting algorithm. The sensor signal was divided into 5-s
non-overlapping epochs. Leave-one-out cross-validation was used to train a artificial neural network
(ANN) to classify epochs as “food intake” or “no intake” with an average F1 score of 91.09%. Chews
were counted in epochs classified as food intake with a mean absolute error of 15.01% ± 11.06%.
The proposed methods were compared with manual chew counts using an analysis of variance
(ANOVA), which showed no statistically significant difference between the two methods. Results
suggest that the proposed method can provide objective and automatic quantification of eating
behavior in terms of chew counts and chewing rates.

Keywords: chewing rate; food intake detection; piezoelectric sensor; artificial neural network; feature
computation; chew counting; peak detection

1. Introduction

Excessive eating can cause a drastic increase in weight; therefore, it is important to study the eating
behavior of individuals to understand eating patterns contributing towards obesity. Similarly, people
suffering from eating disorders experience changes in their normal eating patterns, causing individuals
to either eat excessive or insufficient food compared to their body energy requirements. Obesity
and eating disorders present a significant public health problem. Statistics from the World Health
Organization (WHO) shows that worldwide, obesity is the fifth largest cause of preventable deaths [1].
People with anorexia nervosa have a shorter life expectancy (about 18 times less) in comparison to
the people who are not suffering from this condition [2]. People suffering from binge-eating are at
higher risk of cardiovascular diseases and high blood pressure [2]. Therefore, there is a need to study
the food intake patterns and eating behavior of individuals to better understand patterns and factors
contributing to the obesity and eating disorders.

Traditional methods for monitoring food intake patterns such as food frequency questionnaires,
food records, and 24-h food recall rely on self-report of the participants [3–5]. Research suggests
that, during self-report, participants tend to underestimate their intake where the underestimation
varies between 10% and 50% of the food consumed [6]. Apart from being inaccurate, self-reporting
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also puts the burden on the patients because of the need for their active involvement [6]. Therefore,
recent research efforts have focused on the development of methods and techniques that are accurate,
objective, and automatic and reduce the patient’s burden of self-reporting their intake.

A number of wearable sensor systems and related pattern recognition algorithms have been
proposed for monitoring ingestive behavior. The systems relying on chewing as an indicator of
food intake use such sensor modalities as in-ear miniature microphones [7,8], accelerometers [9],
surveillance video cameras [10], and piezoelectric sensors on the throat [11] or on the jaw [12–14].
In [7], chewing sounds recorded with a miniature microphone in the outer-ear were used to train
hidden Markov models (HMMs) to differentiate sequences of food intake from sequences of no intake
with an accuracy of 83%. In [15], an earpiece consisting of a 3D gyroscope and three proximity
sensors that detected chewing by measuring ear canal deformations during food intake was proposed.
Participant-dependent HMMs achieved an average classification accuracy of 93% for food intake
detection. In [9], the use of a single axis accelerometer placed on the temporalis was proposed to
monitor chewing during eating episodes in laboratory experiments. Several different classification
techniques (decision tree (DT), nearest neighbor (NN), multi-layer perceptron (MLP), support vector
machine (SVM) and weighted SVM (WSVM)) were compared, and WSVM achieved the highest
accuracy of about 96% for detection of food intake. Our research group has been developing systems
for monitoring ingestive behavior via chewing [12–14,16]. In [12], features computed from piezoelectric
film sensors placed below the ear were used to train SVM and artificial neural network (ANN) models
to differentiate between epochs of food intake and no intake with average accuracies of 81% and
86%, respectively. In [13], this system was tested by 12 participants in free living conditions for 24 h
each. Sensor signals were divided into 30-s epochs, and for each epoch a feature vector consisting of
68 features was computed. Participant-independent ANN models differentiated between epochs of
food intake and no intake with an average accuracy of 89% using leave-one-out cross-validation.

In recent years, researchers have focused on the automatic detection of chewing, but little work
has been done on the quantification of chewing behavior, which may be an important factor in studying
energy intake. Although no direct relationship has been established between obesity and chewing
patterns, several studies have shown that increased mastication before swallowing of the food may
reduce the total energy intake [17–21]. Results in [18] showed that obese participants had higher intake
rates with lower numbers of chews per 1 g of food (pork pie) compared with the normal weight group.
They also showed that an increase in the number of chews per bite decreased final food intake in
both obese and normal weight participants. In [19], 45 participants were asked to eat pizza over four
lunch sessions. Participants were asked to have 100%, 150%, and 200% of the number of chews of
their baseline number (first visit) of chews per bite before swallowing. According to the authors, food
intake (total mass intake) reduction of 9.5% and 14.8% was observed for chewing rates of 150% and
200%, respectively, compared with the 100% session. Our research demonstrated that the number of
chews per meal may be used in estimating the energy intake if the energy density of the food is given.
In [22], individually calibrated models were presented to estimate the energy intake from the counts of
chews and swallows.

Most of these studies relied on the manual counting of chews either by the participants or by
the investigators, either from videotapes or by watching participants in real time. Thus, there is
a need to develop methods to provide objective and automatic estimation of chew counts and chewing
rates. In recent studies, semi-automatic chew counting systems utilizing piezoelectric strain sensors
have been proposed [23–25]. In [23,24], a modified form of the sensor system proposed in [13] was
used to quantify the sucking count of 10 infants by using zero crossing. In [25], an algorithm was
proposed for counting chews from a piezoelectric strain sensor and printed sensor signals. A group
of five adult participants counted the number of chews taken while eating three different food items
and marked each chewing episode with push button signals. A peak detection algorithm was used
to count chews from known chewing segments (based on push button signals) with a mean absolute
error of 8% (for both sensors). An example of chewing sound use, the chewing rate and bite weight for
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three different food types was estimated from the sounds captured by a miniature microphone in [8].
A possible limitation of the acoustic-based approach is its sensitivity to the environmental noise, which
might require a reference microphone for noise cancellation [7]. For these systems to be useful in free
living conditions, fully automated solutions are needed which can not only automatically recognize
chewing sequences but can also quantify chewing behavior in terms of chew counts and chewing rates.

The goal of this paper is to present a method for automatic detection and quantification of the
chew counts and chewing rates from piezoelectric film sensor signals. Main contributions of this
work include the design of the proposed system as means of automatic and objective quantification
of chewing behavior (chew counts and chewing rates), which could be used in studying and
understanding the chewing behavior of individuals and its relation to the energy intake without
relying on manual chew counts. Our previous research has shown that the piezoelectric strain sensor
can be used for objective monitoring of eating in unrestricted free living conditions [13]. The approach
presented in this work could be extended [21–26] to free living environments, studying the relation
of chewing patterns, energy intake, and obesity in community-dwelling individuals. The system
implements a fully automatic approach that first detects the intake of foods requiring chewing and
then characterizes the chewing in terms of chew counts and chewing rates. Another contribution of
this work is the testing of the piezoelectric sensor and related signal processing and pattern recognition
algorithms in a relatively larger population in multi-day experiments with a wide variety of foods,
which are representative of the daily diet.

2. Methods

2.1. Data Collection Protocol

For this study, 30 participants were recruited. The population consisted of 15 male and
15 female participants with an average age of 29.03 ± 12.20 years and a range of 19–58 years.
The average body mass index (BMI) of the population (in kg/m2) was 27.87 ± 5.51 with a range
of 20.5 to 41.7. Each participant came for four visits (a total of 120 experiments). Data from
16 experiments was discarded because of equipment failure. The remaining dataset consisted of
a total of 104 visits/experiments. Recruited participants did not show any medical conditions which
would hinder their normal eating or chewing. An Institutional Review Board approval for this study
was obtained from Clarkson University, Potsdam, NY, and all participants signed a consent form
before participation.

Participants were divided into three groups based on meal type, i.e., breakfast, lunch, and
dinner, and were asked to make two different meal selections from the food items available at one
of the cafeterias at Clarkson University to ensure that there was intra-subject variability in food
selection. Overall, 110 distinct food items were selected by the participants, on average each participant
consumed 1 to 3 food types and 1 or 2 different beverages. Representative food groups selected by the
participants can be found in [22]. The wide spectrum of included food items ensures that the proposed
algorithms behave well in the foods with varying physical properties eaten by the general population
in their daily routine.

The meals were consumed during a visit to a laboratory instrumented for the monitoring of
food intake. An accurate and objective reference (gold standard) was needed for the quantification of
chewing sequences. At present, obtaining an accurate reference in free living conditions is virtually
impossible. Therefore, the study was conducted in a laboratory environment where close observation
of the ingestion process was performed with the sensors and a video recording. During each visit,
participants were initially instrumented with the sensors [27]. As the first step of the protocol,
the participants were asked to remain in a relaxed seated position for 5 min. Second, they were
given unlimited time to eat self-selected foods. Participants were allowed to talk, pause food intake,
and move around (within the limitations imposed by the sensor system) during the experiment to
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replicate normal eating behavior. As the final step of the protocol, participants were asked to remain in
a relaxed seated position for another 5 min.

2.2. Sensor System and Annotation

A multimodal sensor system was used to monitor participants [26]. A commercially available
piezoelectric film sensor (LDT0-028K, from Measurement Specialties Inc., Hampton, VA, USA) was
placed below the ear using a medical adhesive for capturing motions of the lower jaw during
chewing/mastication of the food. The selected sensor is comprised of a piezoelectric PVDF polymer
film (28-μm thickness) and screen-printed Ag-ink electrodes encapsulated in a polyester substrate
(0.125-mm thickness). Vibration of the surface to which the sensor is attached creates strain within
the piezo-polymer which in turn generates voltage. The selected sensor has a sensitivity of 10 mV
per micro-strains, which has been shown to be enough to detect vibrations at the skin surface caused
by chewing [26]. A custom-designed amplifier with an input impedance of about 10 MΩ was used to
buffer sensor signals. Sensor signals were in the range of 0–2 V, were sampled at fs = 44,100 Hz with
a data acquisition device (USB-160HS-2AO from the Measurement Computing) with a resolution of
16 bits, and were stored in computer memory. This sampling frequency ensures that the sensor will be
able to pick speech signals. The total duration of the sensor signal data was around 60 h, and about
26 h of data belonged to food intake. Figure 1a,b shows an example of the piezoelectric film sensor
and its attachment to a participant. Figure 2 shows an example of the sensor signal captured during
the experiment.

Figure 1. (a) Piezoelectric film sensor used in the study; (b) Sensor attached to a participant.

Experiments were videotaped using a PS3Eye camera (Sony Corp., New York, NY, USA), and
videos were time-synchronized with the sensor signals. Custom-built LabVIEW software was used
to annotate videos and sensor signals [27]. During the annotation process, videos were reviewed by
trained human raters. The custom-built software has the ability to play videos at different speeds
and provided a timeline where human raters could mark the start and end of each eating event (bite,
chewing, and swallows). The annotation software also allows the user to play the video frame by frame
or any specific intervals. This enables the rater to watch the marked chewing segments multiple times
for counting chews. Annotated start and end timestamps of chewing along with the corresponding
chew counts were stored and used for algorithm development. Further details of the annotation
procedure are described in [27]. Inter-rater reliability of the annotation procedure adopted here was
established in a previous study, where three raters achieved an intra-class correlation coefficient of
0.988 for chew counting for a sample size of 5 participants [27]. Bites and chewing sequences were
marked as food intake, whereas the remaining parts of the sensor signal were marked as non-intake.
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For the k-th annotated chewing sequence, annotated chew counts were represented by CNT (k), and
the corresponding chewing rate CR(k) was computed as

CR (k) =
CNT (k)

D (k)
, (1)

where D(k) is the duration (in seconds) of k-th chewing sequence. The cumulative/total number
of annotated chews for each experiment/visit and average chewing rate were represented by
ACNT (n) = ∑N

k=1 CNT (k) and ACR (n) = 1
N ∑N

k=1 CR (k), respectively, where N is the number
of chewing sequences in the n-th experiment/visit. The resultant annotated data was used
for the development of chew counting algorithms as well as for training and validation of the
classification methods.

Figure 2. Piezoelectric sensor (raw) signal shows three parts of the experiment. First is a rest period,
followed by an eating episode which is followed by a second rest period. Sampling frequency used
was 44,100 Hz.

2.3. The Chew Counting Algorithm

To compute the chew counts, the sensor signals were processed in the following manner. All sensor
signals were demeaned, i.e., mean amplitude were subtracted from each signal to account for offset
drift in the sensor signals. Chewing frequency is in the range of 0.94 to 2 Hz; therefore, a low-pass
filter with a cutoff of 3 Hz was used to remove unwanted noise [28]. Mastication/chewing of the
food causes bending movements at the jaw which results in variations (peaks and valleys) in the
piezoelectric sensor signal. A simple peak detection algorithm could be used to detect the presence
of the peaks, and the number of peaks can be used for estimation of the number of chews. To avoid
peaks caused by motion artifact such as head movement, a threshold-based peak detection approach
was used where peaks were only considered if they were above a given threshold T. For selection of T,
a histogram-based approach was adopted, where signal amplitudes were considered as candidates for
peaks if they were in the upper αth percentile (details in Section 2.4). Figure 3 shows an example of
histogram-based peak detection algorithm where the red line indicates the selected T-value based on
the αth percentile. In order for a given amplitude value to be considered as a peak, the value needs to
be higher than the selected T-value in the histogram (Figure 3). This example histogram was generated
using a single chewing sequence (note sampling frequency is 44,100 Hz). Next, a moving average
filter of 100 samples was used to smooth the resultant signal to account for small amplitude variations.
The number of peaks in the resultant signal gave an estimate of the number of chews in a given
segment. Figure 4 shows an example of the chew counting algorithm. For the nth experiment/visit,
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the cumulative estimated chew count is given by ECNT(n). For performance evaluation of the proposed
chew counting algorithm, the estimated chew counts were compared to the manually annotated chew
counts, and errors were computed for each participant (all visits). Both mean errors and mean absolute
errors were reported as

Error =
1
M

M

∑
n=1

[
(ACNT (n)− ECNT (n)) ∗ 100

ACNT (n)

]
, and (2)

|Error| = 1
M

M

∑
n=1

∣∣∣∣ (ACNT (n)− ECNT (n)) ∗ 100
ACNT (n)

∣∣∣∣ , (3)

where M was the total number of experiments (visits) in this case. This algorithm was used in
two different approaches, i.e., a semi-automatic approach and a fully automatic approach. In the
semi-automatic approach, manually annotated chewing segments from the sensor signal were
considered for chew counting. In the fully automatic approach, the automatic recognition of food
intake (chewing segments) preceded the application of the chew counting algorithm.

Figure 3. Histogram of a chewing sequence used for the selection of the threshold (T) for peak detection.
Leave-one-out cross-validation was performed for the selection of the threshold based on the α-th
percentile. The red line shows the selected threshold where only values above the threshold are
considered for peak detection.

2.4. Semi-Automatic Approach: Parameter Determination and Validation

In the semi-automatic approach, manually annotated chewing segments were used with the chew
counting algorithm. Large amplitude variations were observed in the sensor signal due to different
levels of adiposity in the study participants, variations in the sensor placements, and variations
in the physical properties of food items requiring different chewing strengths. The peak detection
threshold (T) was adapted to the signal amplitude as T = PERCENTILE(x(k), α), where x(k) is the
kth manually annotated chewing sequence in the sensor signal and α ∈ [0.80, 0.97]. To avoid the
over-fitting of the threshold, a subset of 20 randomly selected visits was used with leave-one-out
cross-validation to find the value of α, which gave the minimum mean absolute error (Equation (3)).
Data from one visit were withheld, and data from the remaining visits were used to find the value
of α, which gave the least mean absolute error by performing a grid search on α in the given range.
The selected value of α was used for computing the threshold T for the withheld visit. This process
was repeated 20 times such that each visit was used for validation once, resulting in 20 different
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values of α. An average of these 20 different α values was calculated, and the resultant α was used
for chew counting in both semi-automatic and fully automatic approaches. In the semi-automatic
approach, for the kth chewing sequence in a visit, the estimated chew counts CNT (k) were used for
computing corresponding chewing rate CR (k) using Equation (1). For the nth visit, for known chewing
sequences, cumulative chew counts and average chewing rate were given by ECNT(n) = ∑N

k=1 CNT (k)
and ECR(n) = 1

N ∑N
k=1 CR (k), respectively. For the semi-automatic approach, the resultant mean error

(signed) and mean absolute error (unsigned) were computed using Equations (2) and (3).

Figure 4. Different stages of signal processing for peak detection in chew counting algorithm. The first
row shows the raw sensor signal. The second row shows filtered signal with selected threshold value
(horizontal red line). The third row shows signal after thresholding and smoothing. Detected peaks are
indicated by a red ‘*’.

2.5. Fully Automatic Approach: Feature Computation and Classification

The fully automatic approach first recognizes periods of food intake by splitting the sensor signals
into short segments called epochs and then applying the chew counting algorithm to the epochs
labeled as food intake. The duration of the epochs was estimated to be 5 s based on the following
considerations. The average length of a manually annotated chewing sequence was 7.35 ± 5.16 s;
therefore, 5-s epochs were able to capture most of the chewing episodes. The frequency of chewing
was in the range of 0.94 to 2.0 Hz; therefore, a 5-s epoch ensures that, even for the lower bound of
chewing frequency, the epoch will contain multiple chewing events.

This approach results in epochs where some samples may belong to chewing and the rest may not
belong to chewing, and vice versa. Such a situation will most likely occur at the start or end of chewing
sequences. For this, a 50% determination rule was used to assign a class label for a given epoch, i.e.,
Ci ∈ {‘−1’,’+1’}. An epoch was labeled as food intake (Ci = +1) if at least half of the samples in the
epoch belonged to food intake (based on human annotation); otherwise, it was marked as a non-intake
epoch (Ci = −1). For the ith epoch x(i), 38 time and frequency domain features were computed to find
the corresponding feature vector fi. The set of features used here is the same as the feature extracted
from the piezoelectric strain sensor presented in [13]. Each feature vector fi was associated with its
corresponding class label Ci.
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ANN is a supervised machine learning technique, which has been shown to perform well in
a wide range of classification problems. Advantages of ANN include robustness, flexibility, and the
ability to create complex decision boundaries and handling of noisy data [13]. For classification of the
epochs, a leave-one-out cross-validation scheme was used to train ANN models [13] that differentiate
chewing and non-chewing. Non-chewing can be anything, e.g., absence of chewing, rest, speech,
motion artifacts, etc. The classification approach using neural networks has been demonstrated to
be robust in free living conditions in its ability to differentiate between chewing and non-chewing
in the unrestricted environment [13] and has been shown to be superior to other methods (such as
support vector machine (SVM) [12]. Three layers feed-forward architecture was used for training ANN
models with a back-propagation training algorithm. The input layer had 38 neurons (for each feature),
whereas the second layer (hidden layer) had 5 neurons (details described below), and the third layer
(output layer) consisted of only one output neuron to indicate the predictor output class label Ci (‘−1’
or ‘+1’) for any given feature vector fi. Both hidden and output layers used hyperbolic tangent sigmoid
for transfer function. Training and validation of the models was performed with the Neural Network
Toolbox available in Matlab R2013b (The Mathworks Inc., Natick, MA, USA).

Classifier performance was evaluated in terms of F1 score which is defined as

F1 =
2 ∗ Precision ∗ Recall

Precision + Recall
, (4)

Precision =
TP

TP + FP
, and (5)

Recall =
TP

TP + FN
, (6)

where TP is the number of true positives, FP is the number of false positives, and FN is the number
of false negatives. For the leave-one-out cross-validation approach, data from one participant was
used for validation (testing), whereas data from the remaining participants was used for training.
This process was repeated for each participant.

An iterative approach was used to choose the number of neurons in the hidden layer. For this
purpose, 30 visits were randomly selected (one visit from each participant) instead of the whole
dataset to avoid over fitting. Number of neurons in the hidden layer was varied from 1 to 15 and
for each neuron setting; 30-fold cross-validation was performed to compute the corresponding F1
score. For neural networks, the initial weights and biases are randomly assigned, which resulted in
slightly different solution each time. To achieve generalizable results, the cross-validation procedure
was repeated 10 times. An average of 10 iterations was computed to obtain a final F1-score for each
fold. The final F1-score for each hidden neuron setting was computed by taking the average of all
30 visits. From the results, it was observed that the computed F1-score increases up to 5 neurons in
the hidden layer, and the F1-score changes are small after adding more than 5 neurons. Therefore,
5 neurons were used for training final classification models.

ANN models classified epochs as “food intake” and “no-intake”. A chew counting algorithm
was used for epochs classified as food intake to estimate per-epoch chew counts (CNT (i)). For the
i-th epoch, the chewing rate (CR (i)) was computed using Equation (1). For an epoch-based approach,
cumulative estimated chew counts and average chewing rate for the nth visit were computed as
ECNT(n) = ∑K

i=1 CNT (i) and ECR(n) = 1
K ∑K

i=1 CR (i), respectively, where K represents the total number
of epochs in a visit. Errors (both signed and unsigned) for chew counts were computed using
Equations (2) and (3). For chew counting algorithms (in both semi- and fully automatic approaches),
a 95% confidence interval was used to find the interval for the mean to check if the true mean error
represents underestimation or over-estimation.

To compare the total number of chews estimated by the semi-automatic and fully automatic
approaches with the manually annotated chew counts, a one-way analysis of variance (ANOVA) was
used. The null hypothesis in this case was that the means of chew counts estimated (for all visits) by
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all approaches (manually annotated, semi-automatic and fully-automatic approaches) are the same,
whereas the alternate hypothesis suggested that the means were different. An ANOVA was also
performed for comparing the performance of the proposed method for different meal types such as
breakfast, lunch, and dinner.

3. Results

The collected dataset consisted of a total of 5467 chewing sequences marked by human raters
with a total of 62,001 chews (average chews per meal: 660 ± 267 chews). The average chewing rate for
all meals from human annotation was 1.53 ± 0.22 chews per second. Table 1 shows meal parameters
such as duration, number of bites, chews, swallows, and mass ingested grouped by type of meal.

For the semi-automatic approach, the algorithm estimated total chew count of (∑M
n=1 ECNT (n))

58,666 (average chews per meal: 624 ± 278) with an average chewing rate of 1.44 ± 0.24 chews
per second. The chew counting algorithm was able to achieve a mean absolute error (Equation (3))
of 10.4% ± 7.0% for the total number of chews compared to human annotated number of chews.
The average signed error was (Equation (2)) 5.7% ± 11.2%. The 95% confidence interval (CI) for the
mean for the signed error was CI (3.4%, 8.0%).

In the fully automatic approach, trained ANN models were able to detect food intake with
an average F1 score of 91.0% ± 7.0% with the average precision and recall of 91.8% ± 9.0% and
91.3% ± 8.8% respectively, using leave-one-out cross-validation. Further application of the chew
counting algorithm resulted in 59,862 total chews, 636 ± 294 average chews per meal, and an average
chewing rate of 1.76 ± 0.31 chews per second. The mean absolute error was 15.0% ± 11.0%. In this
case, the average signed error was 4.2% ± 18.2%. The 95% confidence interval (CI) for the mean for the
signed error was CI (0.05%, 8.10%). Figure 5 shows the distribution of both mean absolute errors for
the semi- and fully automatic approaches. Figure 6 shows the distribution of chew counts per meal for
human annotated chews, the estimate chew counts from the chew counting algorithm for semi- and
fully automatic approaches.

Table 2 shows the results of the ANOVA for comparing the mean chew counts among manually
annotated, semi-automatic and fully-automatic approaches. Results of the statistical analysis
showed no significant differences between the mean chew counts among different methods (p-value
(0.68) > 0.05). Table 3 shows average errors in the chew count estimation of both approaches for
breakfast, lunch, and dinner meals. Results of ANOVA show that there were no significant differences
among different meal types (the semi-automatic approach p-value: 0.87 > 0.05; the fully-automatic
approach p-value: 0.28 > 0.05).
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Figure 5. Distribution of mean absolute error of the chew counting algorithm for both semi- and
automatic approaches.
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Figure 6. Box plots for total number per meal by human annotation; algorithm estimation with
manually annotated, semi-automatic approach and fully automatic approaches.

Table 1. Details about the duration, number of bites, chews, swallow, and mass in grams for different
meal types.

Breakfast Lunch

Duration
s

Mass
g

Bites
#

Chews
#

Swallows
#

Duration
s

Mass
g

Bites
#

Chews
#

Swallows
#

Mean 815.27 618.83 43.73 508.23 70.50 1011.06 675.50 41.33 748.31 78.53
STD 349.75 191.54 10.83 184.61 27.39 321.11 160.06 11.52 253.76 22.88
Min 406 299 28 204 40 485 381 23 267 44
Max 1964 914 69 1036 154 1839 1188 65 1352 131

Total 24,458 18,565 1312 15,247 2115 36,398 24,318 1488 26,939 2827

Dinner All Meals (Total)

Duration
s

Mass
g

Bites
#

Chews
#

Swallows
#

Duration
s

Mass
g

Bites
#

Chews
#

Swallows
#

Mean 1281.89 839.79 52.14 707.68 107.96 1029.24 706.35 45.32 659.59 84.73
STD 645.78 281.86 19.02 294.28 39.53 481.81 228.79 14.58 266.72 33.58
Min 460 198 25 181 55 406 198 23 181 40
Max 3052 1373 109 1441 209 3052 1373 109 1441 209

Total 35,893 23,514 1460 19,815 3023 96,749 66,397 4260 62,001 7965

Table 2. Results of one-way analysis of variance (ANOVA) for comparison between different chew
counting approaches (manually annotated, semi-automatic and fully automatic).

Source of Variation Sum of Squares Degrees of Freedom Mean Square F p-Value F-Crit

Between Groups 60,737.45 2 30,368.73 0.39 0.68 3.03
Within Groups 21,857,591.03 279 78,342.62

Total 21,918,328.49 281

Table 3. Mean absolute errors for different meals for both semi- and fully automatic approaches.

Meal Type Semi-Automatic Fully Automatic

Breakfast 10.90% ± 7.59% 17.58% ± 12.95%
Lunch 10.30% ± 7.03% 12.65% ± 10.74%
Dinner 9.99% ± 6.63% 15.09% ± 9.19%
Overall 10.40% ± 7.03% 15.01% ± 11.06%
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4. Discussion

This work presented a method for automatic recognition and quantification of chewing from
piezoelectric sensor signals in terms of chewing counts and chewing rates. Results of the chew
counting algorithm for both semi- and fully automated approaches suggest that the method proposed
can provide objective and accurate estimation of chewing behavior. The method was tested on
a comparatively large population and with a wide variety of food.

In the semi-automatic approach, the algorithm was used to estimate chew counts and chewing
rates in manually annotated chewing segments and was able to achieve a mean absolute error of
(Equation (3)) 10.4% ± 7.0%. For this approach, the mean signed error (Equation (2)) in comparison
with human chew counts was 5.7% ± 11.2%. A 95% CI computed for signed error (3.43%, 8.02%) did
not include zero with both limits being positive; therefore, the results show a trend of underestimation
of the chew counts. A possible reason for this trend is the variability of food properties requiring
different strength of chewing and variability in individual chewing patterns.

The fully automatic approach presents a more realistic use of the proposed method for automatic
detection and quantification of chewing behavior. In the proposed method, ANN models for food
intake detection preceded the use of the chew counting algorithm for epochs classified as food intake.
This two-stage process resulted in a higher mean absolute error for chew counting (15.0% ± 11.0%)
compared to the semi-automatic approach. The increase in error was expected as the error from
both the classification stage and the chew counting stage accumulate. Other methods for chew count
estimation from sensors have reported similar errors, e.g., in [9], the authors proposed the use of
an accelerometer placed on the temporalis muscle and achieved a mean absolute error of 13.80 ± 8.29
for chew counts from four participants eating small pieces of watermelon. An acoustic-based chewing
event counting approach using in-ear microphones presented in [8] reported an overall recall of 80%
with precision at 60%–70% for three different food items. However, the approach presented in this
work was tested on a larger population and with a wider variety of foods compared with the other
reported results.

For cumulative chew counts, results of the one-way ANOVA (Table 2) show that the differences
between the mean chew count for each experiment/visit were not statistically significant, i.e., there was
not enough evidence to reject the null hypothesis (all means are equal) at the given p-value of 0.68.
This shows that the proposed algorithm can provide chew counts that are close to the reference chew
counts obtained by human raters from video observation. In this work, human annotated chew counts
were used as the gold standard for algorithm development. Video-based annotation has been used by
a number of researchers as the gold standard for algorithm development in food intake monitoring
research [8,9,15]. The p-value also indicates that the trend of underestimation of the chew counts by
the algorithm is not statistically significant and can be ignored based on the strong evidence (given
by p-value). Table 3 shows that the mean absolute error was also independent of the meal type, i.e.,
breakfast, lunch, or dinner. This shows that the proposed method can be used for the estimation of
chew counts for foods traditionally consumed for breakfast, lunch, or dinner without any sacrifice of
the performance.

An average chewing rate for manually annotated chewing sequences was 1.53 chews per second,
which is in the range of chewing frequencies reported in the literature (0.94–2.5 chews per second) [28].
The chewing rates estimated by the chew counting algorithm were also in the range of previously
reported values. The fully automatic chew counting approach resulted in the highest chewing rate of
1.76 with the standard deviation of 0.31 chews per second. A potential reason is that the threshold
for each epoch is a function of the signal amplitude in that particular epoch. Amplitude variations in
epochs misclassified as food intake are smaller compared with the actual chewing; therefore, those
particular epochs can result in higher chew counts. One possible improvement is to calculate global
thresholds for each participant to avoid higher chew counts in epochs incorrectly classified as food
intake. This will require the participant-dependent calibration of threshold computation.
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In both semi- and fully automatic approaches, errors were computed for cumulative chew counts
for each experiment/visit rather than the chews per known chewing segment. In the epoch-based
approach, one chewing sequence may be divided into multiple epochs, and there is a possibility that
a part of chewing sequence may be labeled as non-chewing epochs and vice versa (because of the
boundary conditions mentioned above); therefore, a direct comparison between these two approaches
was not possible. To tackle this issue, the comparison was performed for the total number of chews for
each visit (meal).

One of the strengths of this study was the testing of the sensor, the signal processing, and the
pattern recognition algorithms in the multi-meal experiments with a relatively larger population, where
the daily eating behavior of people was replicated. Meals were kept as natural as possible. Participants
were allowed to talk during the meals, and there were no restrictions on the body movements while
sitting, such as head movements, coughing, etc. This enabled the inclusion of naturally occurring
activities that are performed by individuals who are sitting, and it adds to the robustness of the
classifications algorithm. Participants had the choice of selecting different meal times, i.e., breakfast,
lunch, or dinner, and the choice of food items available at the cafeteria to make two different meals.
While the food selection for a particular participant was somewhat limited, the study in general
included a wide variety of food items with varying physical properties that may affect chewing. While
not directly tested in this study, it is expected that the foods with different physical properties will have
a different chew estimation error, which may average out across multiple food types over an extended
period of time. This hypothesis will be tested in future studies.

All presented methods were developed as participant-independent group models that do not
need individual calibration. Since each participant had different meal content and chewing patterns,
the use of participant-dependent models (both for chew counting as well as for training classification
models) may result in better accuracy and lower error, but will require calibration to each participant.

Overall, the presented method was able to detect and characterize the chewing behavior of
a group of participants consisting of a wide range of adiposity, consuming a variety of food, and
having a wide range of physical properties. This system needs to be further explored and tested in
free living conditions. Sensor-derived chew counts can be used for creating models to estimate mass
per bites [8] and energy intake in a meal [22]. One limitation of the fully automatic approach presented
here is the use of a fixed size epoch, which contributes towards the increase in error. Rather than
relying on the epoch-based approach, there is a need to develop algorithms that can first separate
potential chewing sequences from non-chewing sequences (without using fixed window segments)
and then use classification models to identifying them as food-intake or no-intake sequences.

Another limitation is that the sensor system used in this study relied on an adhesive sensor and
wired connections to the data acquisition system. Since the reported study, the jaw sensor has been
implemented as a Bluetooth-enabled wireless device that has been tested in free living conditions [13].
The attachment of the sensor to the skin using a medical adhesive has been shown to be simple and
robust, similar to widely used adhesive bandages. In the free living study [13], the sensor did not
experience any attachment issues and continuously remained on the body for approximately 24 h.
Although not tested in this study, a previous study [13] demonstrated the robustness of the classifier to
differentiate between chewing and other activities such as uncontrolled motion artifacts, e.g., walking,
head motion, and other unscripted activities of daily living. The user burden imposed by the sensor
was evaluated in [29]. Results of the study suggested that participants experienced a high level of
comfort while wearing the adhesive sensor, and the presence of the sensor did not affect their eating.
For long-term use (weeks and months), the sensor system may need further modifications to increase
comfort and user compliance.

69



Electronics 2016, 5, 62

5. Conclusions

This work presented a method for the automatic detection and characterization of chewing
behavior in terms of chew counts and chewing rates. A histogram-based peak detection algorithm
was used to count chews in semi- and fully automatic approaches. For the semi-automatic approach,
the method was able to achieve a mean absolute error of 10.4% ± 7.0%. In the fully automatic approach,
sensor signals were first divided into 5-s epochs that were classified as chewing or non-chewing by
an ANN. In the fully automatic approach, a classification accuracy of 91.0% and a mean absolute error
of 15.0% ± 11.0% were achieved. These results suggest that the proposed method can be used to
objectively characterize chewing behavior.
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ANN artificial neural network
N experiment/visit number
K manually annotated chewing sequence
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ECNT(n) total estimated chew counts for nth experiment/visit
|Error| mean absolute error (unsigned)
Error mean error (signed)
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Abstract: In the context of surgical navigation systems based on augmented reality (AR), the key
challenge is to ensure the highest degree of realism in merging computer-generated elements
with live views of the surgical scene. This paper presents an algorithm suited for wearable
stereoscopic augmented reality video see-through systems for use in a clinical scenario. A video-based
tracking solution is proposed that relies on stereo localization of three monochromatic markers
rigidly constrained to the scene. A PnP-based optimization step is introduced to refine separately
the pose of the two cameras. Video-based tracking methods using monochromatic markers are
robust to non-controllable and/or inconsistent lighting conditions. The two-stage camera pose
estimation algorithm provides sub-pixel registration accuracy. From a technological and an ergonomic
standpoint, the proposed approach represents an effective solution to the implementation of wearable
AR-based surgical navigation systems wherever rigid anatomies are involved.

Keywords: augmented reality; wearable displays; image-guided surgery; machine vision;
camera calibration

1. Introduction

Augmented reality (AR) [1] is a ground-breaking technology in machine vision and computer
graphics and may open the way for significant technological developments in the context of
image-guided surgery (IGS). In AR-based applications, the key challenge is to ensure the highest
degree of realism in merging computer-generated elements with live views of the surgical scene.

AR in IGS allows merging of real views of the patient with computer-generated elements generally
consisting of patient-specific three-dimensional (3D) models of anatomy extracted from medical
datasets (Figure 1). In this way, AR establishes a functional and ergonomic integration between surgical
navigation and virtual planning by providing physicians with a virtual navigation aid contextually
blended within the real surgical scenario [2].

In recent years, there has been a growing research interest in AR in medicine, which has driven
a remarkable increase in the number of published papers. A PubMed search was performed of
publications with the terms “augmented reality” OR “mixed reality” in the title or abstract. The first
publication dated back to 1995 [3]. After 13 years, on 31 December 2008, the number of publications
reached 255. During the last seven years, between 1 January 2009 and 30 April 2016, 647 papers were
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published, 168 of them in the past year. Nonetheless, only a few of the reported publications dealt with
clinical validation of the technology described, and even fewer addressed its in vivo assessment. This
is mostly due to the technological barriers encountered in the attempt to integrate similar AR systems
into the surgical workflow.

Based on these considerations, the present work is aimed at developing strategies that could
facilitate the profitable introduction of wearable AR systems to clinical practice.

Figure 1. Augmented Reality video see-through paradigm: the 2D virtual image (heart) is mixed into
an image frame of the real world grabbed by the external camera.

In the realm of AR-based IGS systems, various display technologies have been proposed. In light
of avoiding abrupt changes to the surgical setup and workflow, historically the first AR-based surgical
navigation systems were implemented on the basis of commonly used devices [4] such as surgical
microscopes [5,6]. In laparoscopy, and generally in endoscopic surgery, the part of the environment
where the surgeon’s attention is focused during the surgical task (DVV’s Perception Location [7]) is a
stand-up monitor. Indeed, in such procedures, the surgeon operates watching endoscopic video images
reproduced on the spatial display unit [8,9]. Therefore, the virtual information is usually merged with
real-time video frames grabbed by the endoscope and presented on a stand-up monitor [10–12].

Alternative and promising approaches based on integral imaging (II) technology have been
proposed [13,14]. II displays use a set of 2D elemental images from different perspectives to generate
a full-parallax 3D visualization. Therefore, with II-based displays, a proper 3D overlay between
virtual content and a real scene can be obtained. Certain embodiments of this technology have been
specifically designed and tested for maxillofacial surgery and neurosurgery [15–19]. The II paradigm
can provide the user with an egocentric viewpoint and a full-parallax augmented view in a limited
viewing zone (imposed by the II display). However, wearable embodiments of II technology still
require further development of both hardware and software aspects [20].

In general, the quality of an augmented reality (AR) experience, particularly in IGS systems,
depends on how well the virtual content is blended with the surgical scene spatially, photometrically,
and temporally [21]. In this regard, wearable AR systems offer the most ergonomic solution in
those medical tasks that are manually performed under the surgeon’s direct vision (open surgery,
introduction of biopsy needle, palpation, etc.) because they minimize the extra mental effort required
to switch focus between the real surgical task and the augmented view presented on the external
display. Wearable AR systems based on head-mounted displays (HMDs) intrinsically provide the
user with an egocentric viewpoint and do not limit freedom of movement around the patient [22–24].
Standard HMDs provide both binocular parallax and motion parallax and smoothly augment the
user’s perception of the surgical scene throughout the specific surgical procedure. At present, they are
less obtrusive in the operating room (OR) than II systems. In HMDs, the see-through capability is
provided through either a video or an optical see-through paradigm.
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Typically, in optical see-through HMD systems, the user’s direct view is augmented by the
projection of virtual information either on semi-transparent displays placed in front of the eyes or
directly onto the retina [25]. Accurate alignment between the direct view of the real scene and the
virtual information is provided by real-time tracking of the visor and user-specific calibration that
accounts for the change in relative position and orientation (pose) between display and eyes each time
the user wears or moves the HMD [26,27]. Display-eye calibration is necessary to model intrinsically
and extrinsically the virtual view frustum to the user’s real one [28].

The video see-through solution is instead based on external cameras rigidly fixed in front of
the HMD. In these systems, although the field of view is limited by the size of the camera optics
and displays, a user-specific calibration routine is not necessary. Furthermore, in video see-through
systems, the real scene and the virtual information can be synchronized, whereas in optical see-through
devices, there is an intrinsic lag between immediate perception of the real scene and inclusion of the
virtual elements. Therefore, at the current technological level, the use of video see-through systems is
immediate, at least for those IGS applications that can tolerate slight delays between capture of the
real scene by the cameras and its final presentation in augmented form.

Accurate alignment between the real scene and the virtual content is provided by tracking the
HMD in relation to the real world (represented by matrix SRSTCRS in Figure 1), which is usually
performed by means of an external tracker [29].

In a previous work, we presented an early system based on a commercially available HMD
equipped with two external cameras aligned to the user’s eyes [23]. The see-through ability was
created by combining 3D computer-generated models obtained by processing radiological images
(e.g., CT or MRI) [30] with live views of the real patient. The distinctive feature of that AR system was
that the pair of external cameras served both to capture the real scene and to perform stereo tracking.

As the authors, we share the conviction that the absence of an external tracker is a key element
in enabling smooth and profitable integration of AR systems into the surgical workflow. Surgical
navigation systems based on external infrared trackers have the major drawback of introducing
unwanted line-of-sight constraints into the OR and of adding error-prone technical complexity to
the surgical procedure [29]. Other tracking modalities are based on more complex surface-based
tracking algorithms [12,31]. As an alternative to optical tracking, electromagnetic tracking systems are
particularly suited for tracking hidden structures [32], but their accuracy and reliability are severely
affected by the presence of ferromagnetic and/or conductive materials [33].

Standard video-based tracking methods featuring the use of large template-based markers provide
highly accurate results in non-stereoscopic systems. Nonetheless, they are not suited for use in a
surgical setting because they limit the surgeon’s line of sight given their planar structure and they may
occlude the visibility of the operating field.

In that early system, and as previously done in [10,34], real-time registration of the virtual content
to the real images was achieved by localizing chromatically distinguishable spherical markers. The
video marker-based registration method registers the virtual 3D space to the camera coordinate system
(CRS) through real-time determination of the camera pose in the radiological coordinate system (SRS).

Small spherical markers do not seriously affect the line of sight and can be conveniently placed
on the patient’s skin with minimal logistic impact on the surgical workflow. With the objective of
increasing system usability, the minimum set of markers (i.e., three) that could ensure a finite number
of solutions to the camera pose estimation problem was chosen. The chromatic differences among the
three markers and the stereo-camera setup enabled solution of the stereo correspondence problem and
real-time computation of camera pose without the ambiguity of the general perspective-3-point (P3P)
problem [35]. In practice, thanks to stereo tracking, the camera pose estimation problem can be reduced
to determining the standard closed-form least-squares solution of the absolute orientation problem
(AOP) given a set of three correspondences in the two 3D coordinate systems (CRS and SRS) [36].
The coordinates of the three markers in the CRS were recovered by applying stereo localization
routines to the pairs of conjugate projections of the marker centroids taken from the image planes of
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the two cameras. Image coordinates of the marker centroids were determined by performing a feature
extraction task using color segmentation and circular shape recognition. Hence, in the early system,
robust feature extraction was crucial to providing accurate geometric registration.

Unfortunately, the shortcomings of the earlier approach were twofold: the non-fully controllable
and/or inconsistent lighting conditions in the OR, and the intrinsic difficulty of robustly classifying
three different colors using a standard thresholding technique. These shortcomings cannot be neglected
if the system is to be integrated into the surgical workflow. Adoption of stringent thresholding criteria
in the segmentation step may in fact result in inconsistent target identification because the connected
regions tend to be poorly segmented. On the contrary, large thresholds may generate badly segmented
regions or yield incorrect markers labelling.

In the present work, we shall present a tracking-by-detection solution that uses monochromatic
markers and new marker labeling strategies to increase the robustness of the video-based tracking
method under non-controllable lighting conditions.

In addition, the proposed solution overcomes another limitation of the earlier algorithm.
As mentioned above, the 3D position of the markers in the CRS is estimated through stereoscopic
triangulation routines applied to pairs of images acquired by the two external cameras. Nevertheless,
the anthropomorphic geometry of the stereo setup can ensure adequate marker localization accuracy
only at close distances. This localization error is inherent to the stereoscopic geometry and depends
on the accuracy of the disparity estimate in the proposed feature extraction procedure and on the
calibration errors in estimating the intrinsic and extrinsic camera parameters [37]. In Section 2.2.2,
an example of such inaccuracy due to the anthropomorphic geometry of the stereo setup is reported.
To cope with this limitation in this work we added a PnP-based optimization step, which refines the
pose of both cameras separately and yields sub-pixel registration accuracy in the image plane.

Another interesting landmark-based mono-camera tracking solution has been proposed by
Schneider et al. [38]. Their approach, based on an efficient and innovative 2D/3D point pattern
matching algorithm, was specifically designed for computationally low-power devices and was
proven to yield good results in terms of image registration accuracy and computational performance.
Compared to that solution, our method needs fewer reference landmarks (i.e., three), whereas their
single-view approach for estimating the camera pose cannot work if fewer than six landmarks can be
seen. Use of a minimum set of three fiducial markers is in fact intended to limit the logistic payload
for setup, and this aspect is key for facilitating the smooth integration of the system into the surgical
workflow. The proposed solution tackles the ambiguity of the P3P problem through the stereoscopic
settings of the video see-through system.

To the best of the authors’ knowledge, no previous work in AR has addressed the image-to-patient
registration problem and has achieved sub-pixel registration accuracy through a video marker-based
method that uses only three chromatically indistinguishable markers.

2. Materials and Methods

This section is organized as follows. Section 2.1 provides a detailed description of the hardware
and of the software libraries used to implement the proposed stereoscopic AR mechanism. Section 2.2
describes the new methods used to solve marker labeling and to obtain a first estimate of the camera
pose in relation to the SRS. The same subsection also describes the optimization method that solves
the perspective-3-point (P3P) problem and yields sub-pixel registration accuracy in the image plane.
Finally, Section 2.3 explains the methodology used to evaluate registration accuracy.

2.1. System Overview

The aim of this work is to present a robust and accurate video-based tracking method suited for use
in a clinical scenario. The solution is based on tracking three indistinguishable markers. The algorithm
was developed for a HMD AR system, but it could be applied to other stereoscopic devices like
binocular endoscopes or binocular microscopes. Reference hardware has been chosen to achieve a
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low-cost system by assembling off-the-shelf components and manufacturing custom-made parts. The
custom-made video see-through HMD was made from a Z800 3D visor (eMagin, Hopewell Junction,
NY, USA) (Figure 2). The HMD is provided with dual OLED panels and features a diagonal field of
view (FoV) of 40◦.

 

Figure 2. Video see-through head-mounted display (HMD) obtained by mounting two external cameras
on top of a commercial 3D visor.

A plastic frame (ABS) was built through rapid prototyping to act as a support for the two external
USB cameras equipped with 1/3′ ′ image sensors UI-1646LE (IDS, Imaging Development Systems
GmbH, Obersulm, Germany). By means of this support, the two cameras are mounted parallel to each
other with an anthropometric interaxial distance (∼7 cm) to provide a quasi-orthoscopic view of the
augmented scene mediated by the visor. When the user looks at the real world while wearing the
HMD, there are no appreciable differences between natural and visor-mediated views [39].

A toed-in camera configuration would be preferable for achieving better stereo overlap at close
working distances, but if not coupled with simultaneous convergence of the optical display axes,
this would go against the objective of this work: achievement of a quasi-orthostereoscopic AR HMD.
As a matter of fact, another study by the authors has presented a different video see-through HMD that
features the possibility of adjusting the degree of convergence of the stereo camera pair as a function
of the working distance [40].

The Z800 HMD receives video frames from the computer via VGA cable and alternately transmits
them to left and right internal monitors at 60 Hz in sync with the vsync signal. Therefore, the software,
which renders and mixes the virtual model with the real frames, must set up and exchange left and the
right views synchronously with the vsync signal as well. The proposed software application elaborates
the grabbed video frames to perform real-time registration. Due to the computational complexity of
the whole video see-through paradigm, a multithreaded application was implemented to distribute
the operations among available processors to guarantee synchronization of the two views to be sent
to the HMD. One thread sets up the AR views and ensures their synchronization, whereas the other
performs video-based tracking.

A synthetic functional and logical description of the AR mechanism is as follows: real cameras
grab video frames of the scene; video frames, after radial distortion compensation, are screened
as backgrounds of the corresponding visor display; virtual anatomies, reconstructed offline from
radiological images, are coherently merged to create the augmented scene. For coherent merging
of real scenes and virtual content, the virtual content is observed by a couple of virtual viewpoints
(virtual cameras) with projective parameters that mimic those of the real cameras and with poses that
vary according to the real-time marker-based tracking method (Figure 3).
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Figure 3. Localization and registration algorithm.

This AR mechanism was implemented in software libraries built in C++ on top of the multipurpose
EndoCAS Navigator Platform modules [41]. Management of the virtual 3D scene was carried out
through the OpenSG 1.8 open-source software framework (www.opensg.org). As for the machine
vision routines needed to implement the video-based tracking method, the Halcon 7.1 library (MVTec
Software Gmbh, Munich, Germany, 2008) was used. The whole application was implemented to
be compatible with several 3D displays (working either with side-by-side or alternate frames) and
with all cameras for which DirectShow drivers by Microsoft are available. The configurable software
framework is described in more detail in [42].

In a video see-through system, to achieve an accurate and robust fusion between reality and
virtuality, the virtual scene must be rendered so that the following three conditions are satisfied:

1. The virtual camera projection models ≈ to the real ones.
2. The relative pose between the two virtual cameras of the stereo setup ≈ to the real one.
3. The pose of the virtual anatomies/surgical tools ≈ to the real ones.

The first condition implies that the virtual camera viewing frustums are to be modeled on the real
ones in terms of image size, focus length, and center of projection (intrinsic calibration). At the same
time, the second condition implies that the relative pose between the two virtual cameras of the stereo
setup must be set equal to the pose between the two real cameras (extrinsic calibration).

These two calibration routines can be performed offline by implementing Zhang’s calibration
routine [43] (in this research, Halcon libraries were used for this task). The nonlinear part of the
internal camera model (due to lens radial distortion) was taken into account by compensating for the
distortion over the grabbed images before rendering them onto the background of the left and right
visor displays.
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Finally, the pose of the virtual elements in the virtual scene must be set equal to the real pose
between the real anatomies/tools and the physical camera. This latest condition was satisfied by using
a video marker-based tracking method that will be described in the following subsections.

2.2. 3D Localization and Tracking Algorithm

The poses of the two cameras relative to the anatomy and vice versa are determined by tracking
passive colored markers constrained to the surgical scene in defined positions. The proposed
video-based tracking solution relies on stereo localization of three monochromatic markers and is
robust to inconsistent lighting conditions. 3D coordinates of the markers in the left CRS are retrieved
by applying stereo 3D Localization routines on pairs of conjugate projections of the markers’ centroids
onto the image planes of the two cameras. Image coordinates of the marker centroids are determined
by a feature extraction task performed using Color Segmentation and Circular Shape Recognition.

2.2.1. Feature Extraction, Stereo Correspondence, and Marker Labeling

As an overall concept, color segmentation based on thresholding must ensure a robust tradeoff
between illumination invariance and absence of segmentation overlaps among differently colored
regions. Adoption of stringent thresholding criteria may result in inconsistent target identification
because the connected regions may be poorly segmented. On the contrary, large thresholds may
generate badly segmented regions or yield incorrect marker labeling in the case of multicolored
markers. This drawback is emphasized by the use of cheap and/or small cameras equipped with
Bayer filter color sensors. Such sensors provide inferior color quality and lower signal-to-noise ratio
than those based on three sensors and a trichroic beam splitter prism for each pixel (3-CCD sensing).
Use of monochromatic markers makes it possible to achieve higher robustness in the Feature Extraction
step and in the presence of non-controllable and inconsistent lighting conditions because incorrect
labelling is intrinsically avoided.

To cope partially with the limitation of using visible light as an information source,
Color Segmentation was performed in the HSV (hue, saturation, value) color space. HSV is
a human-oriented representation of the distribution of the electromagnetic radiation energy
spectrum [44]. HSV enables a sufficiently robust segmentation of objects that undergo non-uniform
levels of illumination intensity, shadows, and shading [45,46]. The assumption is that light intensity
primarily affects the value (V) channel, whereas the hue (H), and to a lesser extent the saturation
(S) channels are less influenced by illumination changes [46]. The chromatic choice for the markers
must lean towards highly saturated colors, as was done in [47]. In this way, segmentation based on
thresholding becomes more selective: it can be performed with a high cutoff value in the S-channel.

After Color Segmentation, three broader connected regions with a circular shape factor >0.5 are
identified on both images. Then, the centroids of the selected regions are determined. These image
points correspond to the projections of the marker centroids on the image planes of the two cameras.
Figure 4 shows the results of Color Segmentation. After Circular Shape Recognition, the 2D projections of
the three marker centroids on the left and right images are known.

The Stereo Correspondence problem is solved with a method based on minimizing an energy term
computed by applying standard projective rules to all possible permutations of matches between
the feature-point triplets on the image pair. In more detail, knowing the internal parameters and the
relative pose between the two cameras, it is possible to determine the 3D position of a point from
its projections on the left and right cameras (stereo triangulation). The 3D position of the point in
the CRS can be approximated as the middle of the shortest segment joining the two projection lines.
The distance between the two projection lines (DPL) is correlated with the localization error and
depends on working distance, inter-camera distance, calibration quality, and identification accuracy of
the conjugate image points. By working with a set of indistinguishable markers, it is not possible to
localize the markers in the CRS without ambiguity because the correspondence between projected
points on the left and right cameras (known as conjugate points) is unknown. The algorithm calculates
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the position of the three marker centroids together with the associated DPL for each of the six possible
permutations of possible conjugate point matches. Hence, the solution for the stereo correspondence
problem is assumed to be the one that minimizes the sum of the three DPLs over the six permutations.
Once the right correspondence has been determined, the positions of the three marker centroids in the
CRS are given, and the Stereo Correspondence and 3D Localization steps are complete.

Figure 5 shows the results of the Stereo Correspondence step on a pair of sample images. Note that
after this step, the correspondence between each of the projected marker centroids on the two images
is known, but the marker labels (i.e., the 3D-3D Correspondence) remain unknown.

Figure 4. Results of the Color Segmentation and Circular Shape Recognition steps. In the first row, left and
right camera native frames are shown. The second row shows the results of Color Segmentation, and the
third row shows the results of Circular Shape Recognition.

Figure 5. Stereo Correspondence: The correspondence between the three points on the left and right
images is solved using multiple stereoscopic triangulation routines on the six possible permutations of
the three points. In the images, the correct correspondences between the three points are shown.
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Therefore, before solving the registration problem, the 3D-3D Correspondence problem must be
determined, which involves finding the proper set of corresponding points in the CRS and SRS.
The 3D-3D Correspondence between the two sets of 3D points is solved by a geometric procedure that
takes account of the similarity of the triangles formed by such points. This approach requires that the
distances between markers not be equal.

2.2.2. Two-Stage Pose Estimation

The rigid transformation between the two reference systems, namely the camera pose and the
SRS, is encapsulated by matrix R

∣∣T. Pose estimation is performed using a two-stage method, with
the first step being solving the AOP by standard 3D Least-Squares Fitting of the two point sets through
SVD [36]. Figure 6 shows the visual results of the first registration step between the two reference
systems. As shown in the figure, due to stereo localization inaccuracies, the image registration resulting
from the AOP solution may be inaccurate.

Figure 6. Geometric registration through SVD: Geometric registration solved by a Least-Squares Fitting
method that provides a first rough alignment between the virtual information and the real scene.
As shown in the first row, at close distances (about 40 cm), geometric registration is sufficiently accurate
in the presence of calibrated cameras and with reliable disparity estimates. As shown in the second row,
far from the scene (~100 cm), alignment accuracy rapidly degrades. The third row shows a zoomed
detail of the second row.

Because of the geometry of the stereo setup, the limited focal length, and the degradation of the
stereo camera calibration, adequate accuracy of 3D Localization of the markers at greater distances
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cannot be ensured. The major error component in 3D Localization is along the optical axis (z-axis) and
increases with the square of the distance. The depth resolution is calculated as in [37,48]:

ΔZ ∼= z2

fb
Δd. (1)

As an example, let us assume that we have determined a fixed and ideally error-free estimate
of the focal length and the baseline (in the described system, f ∼= 4.8 mm, b ∼= 70 mm). Given a
disparity accuracy of ±1 pixel and a sensor diagonal of 1/3” (Δd ∼= 7.2 μm), the depth resolution ΔZ is
approximately ±5 mm at a working distance of 50 cm. At 100 cm, this error increases to approximately
±21 mm (see the last row of Figure 6). Therefore, because of data noise and the geometry of the stereo
setup, the SVD solution of the AOP cannot yield a sufficiently accurate result in terms of geometric
registration. On this basis, this paper proposes a methodology for refining the estimates of both camera
poses to increase the accuracy of the video-based tracking technique.

The general problem of determining the pose of a calibrated camera with respect to a scene
or object given its intrinsic parameters and a set of n world-to-image point correspondences was
first formally introduced in the computer vision community by Fishler and Bolles in 1981 [49]
using the term “Perspective-n-Point” problem (PnP). The PnP problem pertains to several areas
of interest and is key to many fields like computer vision, robotics, and photogrammetry. In the
transformation-based definition given in [49], the PnP problem aims to estimate the camera pose given
a set of correspondences between n 3D points (known as “control points”) and their 2D projections
in the image plane [50]. If the number of corresponding points is <six, which is the most common
and practical situation, the PnP problem generally does not guarantee the uniqueness of the solution.
The P3P problem entails the smallest subset of control points that yields a finite number of solutions.
In computer-vision applications, study of the multi-solution phenomenon for the closed-form methods
has become very popular because of the “pivotal role played” by the P3P problem within the set of
problems with a large number of uncertainties [51].

Regardless of the number of control points, the PnP problem can be faced with mainly two
categories of methods: closed-form methods and iterative optimization methods [52]. Closed-form
methods are usually faster, but often do not provide a unique solution and are usually less accurate
and more susceptible to noise [35,53–57]. Iterative optimization approaches are based on minimizing
a chosen cost function and, if a good initial guess of the solution is provided, determine the closest
solution [58,59]. In our case, the initial guess is provided by the SVD solution of the AOP. Therefore,
we added a PnP-based iterative optimization step (with n = 3) to the pose estimation routine.
The optimization problem can be formalized as:

R|T = arg min
3

∑
i=1

d(pi, p̂i)
2 = arg min

3

∑
i=1

‖ pi − p̂i(K, R̂, T̂, Pi) ‖2, (2)

where the residual function d (pi, p̂i) represents the absolute distance, on the image plane, between
the measured projections pi after compensation of the radial distortion, and the calculated projections
p̂i; p̂i are computed by applying the transformation matrix R̂|T̂ and the projection matrix K to the
control points PSRS

i ; and R
∣∣T is the unknown transformation matrix with six dof (three rotational and

three translational). Hence, knowing K, all the PSRS
i , and p′

i, R
∣∣T can be calculated by minimizing the

sum of the squared residuals. This optimization problem is solved using a library routine by Halcon.
The iterative routine is applied to both left and right camera frames and provides more accurate image
registration for the left and right views. Figure 7 shows the results of the Pose Refinement step applied
over the images in the last row of Figure 6.
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Figure 7. Pose Refinement: Virtual information was perfectly aligned also at greater distances
(approximately 100 cm) after the Pose Refinement step. The frames shown on the figures constitute a
refinement of the augmented frames in the last row of Figure 6.

2.3. Evaluation of Registration Accuracy

Two experiments were performed to assess registration accuracy. The first aimed to evaluate
the 2D visualization alignment between virtual and real information, as done in [60]. The goal of the
second experiment was to estimate the error committed by the user in a target-reaching task, and
hence a testing strategy similar to that proposed in [17] was used. For each trial, the errors on both
channels (right and left) before and after the Pose Refinement step were measured.

The experimental setup consisted of a plastic board with dimensions (160 × 100 mm) intended to
reproduce the area of a typical surgical field of intervention; this panel, covered by a layer of white
cardboard, included reference holes close to the vertices in known positions. For this specific test, three
red plastic spheres with a diameter of 5.92 mm (measured by a digital caliper with a resolution of
0.01 mm) were used as markers. The colored markers were arranged on top of the reference holes
on the panel. The 3D coordinates of the marker centroids in the board reference system (i.e., SRS)
were known.

The first experiment calculated the 2D target visualization error (TVE2D) expressed in pixels.
The TVE2D represents the mean offset between real objects and their virtual reproductions on the
image plane.

To this end, ten validation points in the form of black crosses were printed over the white
cardboard in known positions. To assess the accuracy of the AR registration, the HMD was placed
at four different positions with different distances and orientations in relation to the SRS (distances
ranging between 300 and 900 mm).

For each AR view, TVE2D was measured between the centroids of the black crosses (real objects)
and of the red crosses (virtual objects), as shown in Figure 8.

The second experiment was aimed at empirically estimating the error committed by the user in
the task of reaching a planned target point over a planar surface under AR guidance; this error was
called the 3D target reaching error (TReachE3D). The user, under AR guidance, was asked to mark,
using a thin pen over the white cardboard, the center of the virtual crosses showed on the displays.
The test was repeated at four distances between 300 and 900 mm. After each test, the cardboard was
scanned using a desktop scanner. Reached points were visually determined and expressed in the SRS
(knowing the reference hole positions in the scanned image). Finally, the distances between reached
and correct/planned points were computed.
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Figure 8. Evaluation of the TVE: image frame from the left display at a distance of 300 mm between the
HMD and the validation board. The two circles show a zoomed detail of the frame with the centroids
of the virtual (red) and real (black) cross highlighted respectively in blue and green. The black virtual
spheres align exactly with the real red markers.

3. Results

Table 1 presents the results of the first validation experiment for the left and right cameras before
and after the Pose Refinement step. Errors were measured on the image plane and are expressed
in pixels.

Table 1. Mean and standard deviation of TVE2D over 10 validation points for both sides before and
after Pose Refinement.

Camera TVE2D Before Pose Refinement TVE2D After Pose Refinement

Left Camera 1.72 pixel (±0.71) 0.86 pixel (±0.53)
Right Camera 1.48 pixel (±0.58) 0.88 pixel (±0.67)

Knowing the intrinsic parameters of the two cameras, it is also possible to estimate the
visualization error in space in mm (TVE3D) at fixed distances [10,60]. TVE3D is calculated by inverting
the projection equation:

TVE3D ∼= TVE2D
k

ZC

f
(3)

where ZC is the estimated working distance, f represents the focal length estimated in the calibration
phase and corresponding to 4.8 mm, and k is the scaling factor of the image sensor (number of pixels
per unit of length). In the present case, 1/k can be calculated from the image sensor specifications and
corresponds approximately to 7.2 μm. The mean TVE3D at 700 mm for the left camera was 1.8 mm
without Pose Refinement and was decreased to 0.9 mm by minimizing the reprojection error in the
Pose Refinement step.

Figure 9 shows the results of the second experiment, which provided an estimate of spatial
accuracy in 3D space. The Pose Refinement step increased the accuracy. Mean (μ) errors ± standard
deviations (σ) at 700 mm for the left camera were 2.30 ± 0.91 and 1.00 ± 0.56 mm respectively before
and after the Pose Refinement step. It is interesting to highlight the tendency of the error, without
Pose Refinement, to drift upward approximately with the square of the distance between camera and
validation board, following the same trend as the localization error. Finally, the computational payload
for the entire algorithm was also evaluated. Depending on the scene and the environmental lighting,
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the average running time ranged between 10 and 15 ms. Running time was evaluated using a standard
PC with a quad-core i7-3770@3.4GHz processor and 8GB RAM. The graphics card used was a GeForce
GT 620 (NVIDIA, Santa Clara, CA, USA). In any case, the time required for the localization and
registration thread was less than 33 ms (working at 60 Hz).

Figure 9. Target reaching error in space (TReach3D) made by the user in the task of reaching target
crosses on a board positioned at different distances under AR guidance. Red and green values, referring
respectively to TReach3D before and after the Pose Refinement step, are slightly shifted along the x-axis
for readability reasons.

4. Discussion and Conclusions

This paper has introduced new video-based tracking methods suitable for stereoscopic AR video
see-through systems. The proposed solution is aimed at providing accurate camera pose estimation
and is based on tracking three indistinguishable markers. The algorithm was developed for a wearable
AR system, but it might also be applied to other stereoscopic devices like binocular endoscopes or
binocular microscopes.
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The proposed algorithm avoids the need for an external tracker to detect the relative pose between
the cameras and the real scene. Coherent superimposition of virtual information onto real images is
achieved through a video marker-based tracking method.

Video-based tracking methods need a robust estimation of the physical camera projective model,
i.e., intrinsic and extrinsic camera parameters. In the proposed AR application, the estimate of the
intrinsic camera parameters is the result of a standard off-line calibration process, whereas the extrinsic
camera parameters are determined online. Solutions for simultaneous on-line estimation of both
intrinsic and extrinsic camera parameters have been proposed [61]. In any case, the limitation of using
fixed intrinsic parameters does not generally affect the overall usability of wearable video see-through
AR systems. Camera zooming, which implies a change in intrinsic camera parameters, would in fact
cause an unnatural sensation to the user because of the resulting incoherence between changes in
motion perceived by the user in the displayed images (due to changes in camera field of view) and
actual head motions. The proposed solution takes into account considerations of system applicability
in a clinical scenario.

Colored spheres were chosen as markers. The reason for this choice was that small spherical
markers can be conveniently placed around the surgical area without compromising the surgeon’s
field of view. The use of a minimum set of three fiducial markers is also intended to limit the logistic
payload for setup.

Use of monochromatic markers makes it possible to achieve high robustness in the feature
extraction step and also in the presence of non-controllable and/or inconsistent lighting conditions.
This choice has required marker labeling methods. The proposed algorithm solves both stereo and
3D–3D correspondence problems before registration. The stereo correspondence problem is solved by
applying multiple stereoscopic triangulation routines on pairs of images simultaneously grabbed from
the two cameras. 3D–3D correspondence is determined by a geometrical procedure.

Furthermore, the proposed algorithm provides sub-pixel registration accuracy between real and
virtual scenes thanks to a PnP-based optimization step. The strategy for refining each camera pose
does not need a perfectly calibrated stereoscopic system.

A key factor in performing highly accurate measurements with stereoscopic systems is to know
with extreme confidence the relative pose between the two cameras. A relevant drawback of using
wearable trackers is represented by the non-ideal stability in the constraints between the two stereo
cameras, which may cause a potential change in their relative pose while the visor is being used [40].
Such systems need frequent calibration to cope with degradation of the stereo calibration over time.

Pose refinement provides sub-pixel video registration accuracy and can compensate for potential
loss of accuracy in the estimate of the relative pose between the two cameras. The accuracy and
robustness of the proposed wearable AR stereoscopic video see-through display pave the way for the
introduction of such technology in clinical practice.

One way to translate this solution into clinical practice and to provide radiological images for
patient registration is the following: virtual anatomies are reconstructed offline from radiological
images [30]; the positions of the three fiducial points are identified on the 3D model of the anatomy
(e.g., by applying radiopaque markers on the patient before acquiring a CT image, or by considering
physical landmarks as references); before the surgical procedure, three monochromatic markers, whose
centroids must be in the same position as the three fiducial points, are anchored onto the patient.
This approach is well known and used in other IGS systems.

The proposed solution has already been used in a study in maxillofacial surgery that was
published in 2014 [62]. The study was focused on in vitro validation of the proposed stereoscopic
video see-through AR system as an aid for manual repositioning of facial bone fragments. The AR
visualization modality used in the clinical study, which provides an ergonomic interaction paradigm
within the augmented scene, draws its inspiration from and tries to mimic physically the paradigm on
which the PnP problem is formulated. This task-oriented AR visualization modality has been more
thoroughly described in a recently published manuscript [63].
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More recently, the video-based tracking method has been positively validated in vitro to aid trocar
insertion during a percutaneous procedure in orthopedic surgery [64].

Supplementary Materials: The following are available online at www.mdpi.com/2079-9292/5/3/59/s1.
Video S1: Video_Demo_Maxillofacial_Application.
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Abstract: This work deals with the development and characterization of a potentially implantable
blood pressure telemetry system, based on an active Radio-Frequency IDentification (RFID) tag,
International Organization for Standardization (ISO) 15693 compliant. This approach aims to
continuously measure the average, systolic and diastolic blood pressure of the small/medium
animals. The measured pressure wave undergoes embedded processing and results are stored
onboard in a non-volatile memory, providing the data under interrogation by an external RFID
reader. In order to extend battery lifetime, RFID energy harvesting has been investigated. The paper
presents the experimental characterization in a laboratory and preliminary in-vivo tests. The device
is a prototype mainly intended, in a future engineered version, for monitoring freely moving test
animals for pharmaceutical research and drug safety assessment purposes, but it could have multiple
uses in environmental and industrial applications.

Keywords: blood; embedded; energy harvesting; implantable; in-vivo; ISO 15693; low-power;
pressure; RFID

1. Introduction

In recent years, implantable smart sensors and Wireless Sensor Network (WSN) technologies have
been considered key research areas for both computer science and electronics. Reliable physiological
parameters monitoring with miniaturized smart sensor nodes can enhance healthcare applications and,
at the same time, to improve the patient quality of life. Implantable telemetry systems take advantage
of continuous electronic components miniaturization, progresses in sensor capability, diffusion of
wireless data transfer technologies and power consumption reduction. The synergy between Micro
Electro-Mechanical Systems (MEMS), a microcontroller and RFID technologies allows to extend the
sensor capabilities by adding embedded computational power and wireless interface with the lowest
possible supply consumption, enabling in this way the achievement of accurate and low-cost wireless
systems. Telemetry is a well-established method of monitoring physiological functions in awake
and freely moving laboratory animals, while minimizing stress artifacts. Currently, such systems are
employed in pharmacological research to measure physiological signals such as blood pressure, heart
rate, blood flow, electrocardiogram, respiratory rate, sympathetic nerve activity, body temperature etc.,
in a wide range of animal species: small animals such as rats, mice, gerbils and hamsters; and medium
animals, such as dogs, rabbits, monkeys, guinea pigs, and pigs, etc. [1]. Nowadays, the small size of
implantable monitoring devices and their extended battery lifetime permit in-vivo tests for several days,
with no necessity of manipulation, leading to an improvement of experiments capabilities [2]. Most of
animal implantable telemetry systems are composed by a small biocompatible enclosure containing
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the sensor, the electronic device and the battery plugged to a catheter filled with physiological solution.
The catheter end is inserted into an artery and it is fixed with biocompatible glue. The commercial
systems are usually designed to accommodate intraperitoneal placement. Typically, the animal cage is
placed near the system receiver for allowing data transmission. The main wireless technologies for
transmitting data are definitely Bluetooth, Wi-Fi, General Packet Radio Service, Enhanced Data rates
for Gsm Evolution, ZigBee and Near Field Communication (NFC). NFC protocols are developed on
the radiofrequency identification RFID standards, in particular exploiting the industrial, scientific and
medical (ISM) radio band at 13.56 MHz ± 7 kHz, which is worldwide available. Nowadays, the use
of the RFID in telemetry and telemedicine is increasing considerably in the biomedical and health
domains. This is due to the fact that the solutions for human and animal implants are advantageous
in terms of exposure to Electro Magnetic fields, since in the range 1–20 MHz human tissues do not
significantly attenuate the electromagnetic waves. Moreover, the external reader provides the power
needed to establish the communication [3]. The system disclosed in this paper is an active RFID
sensing tag, compliant with the ISO 15,693 protocol, capable to continuously measure and process the
arterial blood pressure data, providing results to an external reader. The electronics are intended to
be placed in a subcutaneous region of small/medium animals, with the goal of achieving a minimal
invasive implant and of reducing the tag-reader distance. The paper describes the system in terms
of hardware and firmware, the laboratory characterization and preliminary in-vivo test. Long-term
animal studies will be performed with the next version of the system, after further miniaturization
and proper encapsulation.

2. RFID Pressure Sensing System

2.1. Requirements

The aim of such a work is to develop a prototype capable to continuously monitoring blood
pressure, with the requirement to be comparable to the state-of-the-art in terms of dimensions
and functionalities. For this reason, the device specifications have been dictated by state-of-the-art
implantable systems, whose main features are summarized in Table 1. The system, based on Near
Field Communication (NFC) technology and embedded processing, has been conceived in order to be
potentially implantable in test animals (rats), used in pharmaceutical research field and human [2].
It requires only a revision of the electronics toward further miniaturization.

Table 1. State-of-the-art of telemetry system for small animals and human.

Sensor Use Sensor Dimensions Range Resolution & Accuracy

DataSCI (HD-S21) Blood pressure
(small animals) 5.9 cc; 8 gr; −20–300 mmHg ±3 mmHg;

−0.25 mmHg/month;

TSE (Stellar) Blood pressure
(small animals)

6 cc; 11 gr;
16 × 30 mm2; 0–300 mmHg -

Millar (TRM54P) Blood pressure
(small animals) 12 gr; −20–300 mmHg ±2 mmHg;

<4 mmHg/month

Mitter (G2 HR) Heart rate
(small animals) 11 gr; 15.5 × 6.5 mm2; 120–780 BPM 1.5%

Developed system Blood pressure
(small animals)

8 gr; 5.6cc;
30 × 17.5 × 11 mm3 0–300 mmHg ±3 mmHg;

ENDOCOM Blood pressure
(Human) 15 × 18.5 mm2 - -

Cardio MEMS Blood pressure
(Human) 2 × 3.4 × 15 mm3 - -

The device main requirements concern the small volume (in the range 4.4–6 cm3), the weight
(in the range 7.6–12 gr), the pressure accuracy (±3 mmHg) and the capability of continuously
measuring blood pressure in the range 0–300 mmHg. For an accurate determination of the maximum
and the minimum pressure values, considering that the maximum heart rate of rats can be up to
400 bpm (6.67 Hz), the pressure signal should be sampled at least a factor ten of the maximum rat’s
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heart rate (i.e., 66.67 Hz). This permits a good reconstruction of the pressure wave after acquisition
and to better identify the minimum and maximum values. Moreover, the typical experiment duration
in pharmacological research is about 10 days, implying ultra-low power electronics, which permit the
use of a small and lightweight battery. In order to have an efficient and optimal system, the blood
pressure wave is measured and processed on-board, thus only the maximum and minimum values are
stored on a local memory of the device, leaving the freedom of a subsequent data upload via RFID,
without the risk of losing acquired data. Despite this, if required, the device is able to transmit the
full waveform data. The embedded processing can open new approaches in conducting experiments,
minimizing the data transfer time and better exploiting the local memory usage.

2.2. Sensor Platform Description

The architecture of the system is depicted in Figure 1a. The pressure sensor is coupled to a
catheter, filled with biocompatible saline solution, with the purpose to sense the blood pressure
signal once it is inserted into an artery. In order to prevent the clots inside the catheter, the saline
solution could be mixed with anticoagulant. The pressure is thus transferred to the opposite end
of the catheter where the pressure sensor membrane is placed. An ultra-low-power microcontroller
processes instantaneous pressure data and it stores the results on a non-volatile memory. The board
bill of material, minimized to reduce area occupancy, includes the pressure sensor, the low-power
microcontroller (STM32L162RD, STMicroelectronics, Geneva, CH, Switzerland), a non-volatile memory
(M24LR64E-R EEPROM 64 kbit, STMicroelectronics) with a double interface (I2C and RFID), and an
energy harvesting pin. The latter being capable of providing microcontroller analysis results via RFID.
The system includes also an optimized power management chain and a Li-poly rechargeable battery
to power the device (PWB1389). Thanks to the electronic device’s low power-consumption, the battery
capacity is only 90 mAh, with volume of only 25 × 11 × 3.5 mm3 and an approximate weight of 2 gr.
While the battery voltage decreases from 4.1 V to 3 V during the procedure, the buck boost regulator
is able to maintain a constant supply value of 3.4 V. Cascaded to the buck boost, a dedicated Low
DropOut regulator (LDO) is used to supply the sensor and the Electrically Erasable Programmable
Read-Only Memory (EEPROM) at 3.3 V only when a measurement or memory communication is
needed, additionally providing a noiseless supply for the sensors.

 
(a) (b) 

Figure 1. (a) Sensor platform block diagram. The potentially implantable system is above the
dotted line; (b) Laboratory setup for characterization; vertically stacked mechanical arrangement
suitable for implant.

The developed device, depicted in Figure 1b, is assembled on a two layers 34 × 30 mm2 FR4
(Flame Retardant 4) printed circuit board, designed in order to be divided in two parts, which can
be stacked vertically with the battery. Such a configuration creates a “multilayer” system with total
dimension of 30 × 17.5 × 11 mm3, a volume of 5.6 cm3 and a weight of 8 gr. Such compactness is
comparable with some of the most diffused telemetering systems cited in Table 1 and it makes the
system potentially implantable in the abdominal cavity of the animal, once coated with a biocompatible
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material. By replacing an actual components case with smaller packages it can dramatically reduce the
present device volume, with a minimal impact on the cost. The choice of the actual components case has
been dictated by the need of test and debugging. In order to further reduce the device volume and to
improve robustness, the interconnection between the catheter and the sensor should also be improved.
The Printed Circuit Board (PCB) has been designed with the capability of alternatively mounting two
different temperature-compensated pressure sensors. The first one is analog (MPX2300DT1, Freescale,
Austin, TX, USA) and the second one is digital (NPA-700M-005D, General Electric, Fairfield, CT, USA),
both selected for their pressure accuracy of ±3 mmHg in the range 0–260 mmHg. Table 2 summarizes
the main features of both sensors; they have been characterized experimentally with the purpose of
determining the optimal solution in terms of power consumption and resolution.

Table 2. Digital and analog pressure sensor main features.

Features Digital Sensor Analog Sensor

Pressure range 0–260 mmHg 0–300 mmHg
Dimension 9 × 11 mm2 9 × 6 mm2

Sensitivity 50 counts/mmHg 5 μV/V/mmHg
Accuracy ±1.5% ±1.5%
Interface I2C Analog differential

Max ODR * 833 Hz ADC ** sample rate
Supply current (at 10 V) 1.5 mA 1 mA

* Output Data Rate; ** Analog to Digital Conversion.

The RFID reader (DEVKIT-M24LR-A, STMicroelectronics) is placed under the cage of the animal
and it provides the features summarized in Table 3.

Table 3. RFID reader main features.

Features DEVKIT-M24LR-A

Antenna dimensions 337 × 237 mm2

Operating frequency 13.56 MHz
Max transmitting power 1 W

Interface I2C and RF

2.3. Firmware

Typically the drug assessment experiments need to monitor the arterial blood pressure every
minute for several days, so it is not needed to monitor each cardiac cycle. For this reason, the firmware
has been implemented in such a way that the microcontroller acquires pressure sensor data for 5 s.
Then it applies an algorithm for the maximum and minimum detection and computes the average
systolic and diastolic pressure values. Finally, the microcontroller stores the results on the non-volatile
memory. The LDO which provides a supply for the sensor and the EEPROM is disabled until the next
acquisition occurs. After this phase, in order to maximize the device operation time, the microcontroller
enters into a stand-by mode for 55 s and successively it wakes-up thanks to the internal real-time
clock (RTC). Since the EEPROM collects all the data permanently, it is not necessary to have an active
communication link between the sensor and the RFID reader for all the experiment duration. When the
external reader identifies the tag memory, all the data history is downloaded and erased for the
next acquisitions.

The system embedded firmware includes the algorithm for the identification of the blood pressure
peaks, essential for analyzing the effects of pharmacological treatments on test animals. Peaks and
troughs, corresponding to systolic and diastolic pressure respectively, characterize the blood pressure
signal. Systolic phase occurs during ventricles contraction, while diastolic phase take places at
the beginning of the cardiac cycle, when the ventricles are filled. The identification of peaks is a
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common problem in the analysis of physiological signals; often it is necessary to detect peaks in real
time, but the task is frequently complicated by baseline wander and other type of interference [4].
The search for systolic and diastolic pressure of every cardiac cycle has been implemented with the
Todd-Andrews algorithm. The choice of such an algorithm is due to the benefits in terms of local peaks,
baseline wandering and dynamic threshold immunity. It mainly consists of three steps: First, it looks
for the maximum on the rising edge of the signal by comparing each sample in the array with the
previous one. Then it calculates the difference between every sample of the falling edge and the
identified maximum. If the result of the subtraction is greater than a fixed threshold, the global
maximum has been found. The threshold can be computed dynamically on the amplitude of the
previous signal period. The same process is applied on the falling edge to find the minimum value.
Figure 2 shows the algorithm validation that has been done manually varying the input signal pressure
with a sphygmomanometer.

Figure 2. Algorithm validation, performed varying pressure and representing raw data, obtained from
the digital pressure sensor and algorithm max/min determined values.

2.4. Power Consumption

The device’s power consumption has been characterized on each component at different operating
modalities by replacing the battery with a power supply (Agilent E363A, Santa Clara, CA, USA),
remotely controlled in order to track the sourced current. The battery lifetime is approximately 67 h
for the system using digital sensor and about 63 h with the analog sensor. The difference between
them is given by the power consumption of the microcontroller ADC needed only for analog sensor
signal acquisition (see Table 4). In order to satisfy the specification of a 10 day lifetime, it turns out
to power the device with a Li-poly battery with an increased capacity (300 mAh could be suitable)
or to take advantage of the EEPROM energy harvesting function, that it has been characterized in a
following paragraph. The current consumption of 0.7 mA during system stand-by mode is only due to
the voltage regulator quiescent current and RTC clock activated.

Table 4. Device supply currents.

Pressure Sensor
Mounted

Average Current Provided by the Battery (V = 3.7 V)

Irun (ΔT = 5 s)
Isleep (ΔT = 55 s) Iaverage (ΔT = 60 s)

Isensor + EEPROM Itotal

Analog 3.41 mA 9.49 mA 0.7 mA 1.43 mA
Digital 3.53 mA 8.51 mA 0.7 mA 1.35 mA
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2.5. The RFID Interface

RFID technology for human and animal implants is generally based on passive or active devices
and makes it possible to achieve read ranges in the order of 10 s of centimeters, a very short range
once compared to the other wireless technologies, but suitable to the majority of the applications.
Basically, an RFID interface uses communication via electromagnetic waves to exchange data between
an interrogator (also known as the reader) and an object (transponder or tag). The communication must
respect given standards, as the protocol ISO 15693, in which the 13.56 MHz carrier electromagnetic
wave is ASK (Amplitude Shift Keying) modulated for data transmission [5,6]. ASK wave is 10%
or 100% modulated, obtaining a data rate of 1.6 kbps using the 1/256 pulse coding mode or a
maximum data rate of 26 kbps using the 1/4 pulse coding mode. An integrated circuit for storing
and processing data and an antenna for receiving and transmitting them, generally compose the
transponder. The electromagnetic field generated by the interrogator provides the power to the
transponder for the data communication, achieving a wireless link with no power consumption on
the transponder side. Unlike other wireless technologies, the obtainable data rate is quite limited,
suggesting a one-shot measurement operation or an on-board data processing in order to optimize the
transmission time. From the review of state-of-the-art RFID devices, it can be observed that inductive
coupling operating in HF (13.56 MHz and below) frequency range is presently the best method to
wirelessly send power and data from off-body interrogator to RFID device implanted inside body.
Since in the range 1–20 MHz the EM waves are not significantly attenuated by human tissues [7,8].

The width of the PCB has been constrained by the size of the antenna, designed with a square
shape as a two layers planar coil on the PCB. In fact, to allow the implantable system to interact with the
external reader through RFID communication, the antenna should have an outer diameter of 15.7 mm
and an internal one of 5.1 mm. Moreover, considering the spacing and width of the convolutions of
10 mils, the antenna should have 12 turns [9]. The shape and the dimensions used for the antenna
allow also to obtain a value of a measured self-inductance equal to 4.6 μH (4.7 μH theoretical), in order
to have a resonant circuit at 13.56 MHz. The RFID antenna self-inductance has been measured with
an Impedance Analyzer (Agilent 4395A, Santa Clara, CA, USA) on a frequency span up to 500 MHz
(see Figure 3). A self-resonance at 36 MHz, due to the antenna parasitic capacitance (4 pF), is clearly
visible in Figure 3. The operating point at 13.56 MHz is also emphasized.

Figure 3. Radio Frequency Identification antenna measured self-inductance. The marker indicates the
RFID operating frequency at 13.56 MHz.

3. System Characterization and Experimental Results

The device has been initially characterized in the laboratory and then evaluated on test rats.
The system functionality tests were carried out connecting a catheter to the device pressure sensor and
imposing air pressure changes with the sphygmomanometer. The pressure has been monitored
with both the RFID sensor tag and a reference manometer (SICK PBS), which it has an analog
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4–20 mA interface (see Figure 4). For comparison purposes the firmware was modified in order
to acquire the pressure signal for 20 s and store raw data on the RFID tag memory. A software
application was implemented in order to view on a PC the signal pressure, uploaded using the
RFID reader. The communication distance between the interrogator and the transponder has been
successfully tested up to 11 cm, which does not change interposing a hand or other material
(i.e., wood, plastic, etc.) between the reader and the device [10]. In fact, thanks to RFID advantages,
the tissues interposed between do not significantly attenuate the electromagnetic waves during the
tag-reader communication.

 

Figure 4. System setup functional sensor.

3.1. System with Digital Pressure Sensor

Figure 5a depicts the simultaneous acquisition of the pressure wave from the reference pressure
sensor and the proposed device with digital pressure sensor mounted. The reference sensor resolution
is 3 mmHgrms, whereas the device measured resolution is 2.5 mmHgrms for the digital version.
The differences between the two traces are comprised between ± 5 mmHg. During the system
characterization it has also been tested the maximum output data rate (833 Hz) of the I2C sensor
interface, which provides a direct connection to the microcontroller.

(a) (b)

Figure 5. (a) Comparison between reference pressure sensor and the RFID tag with digital pressure sensor;
(b) Comparison between reference pressure sensor and the RFID tag with analog pressure sensor.

3.2. System with Analog Pressure Sensor

The analog pressure sensor, based on a bridge configuration, is connected to an instrumentation
amplifier (INA) obtained by using three operational amplifiers, which are embedded in the
microcontroller. This solution is optimal in terms of space occupancy, since only passive elements
are needed to acheive full front-end amplification. The same tests done with the digital pressure
sensor have been performed even with the system with the analog sensor configuration. The measured
resolution of the analog pressure sensor is 5 mmHgrms and the difference between the two acquisition
traces is less than ±10 mmHg (see Figure 5b).
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Figure 6 shows the measured transfer function of the instrumentation amplifier, featuring a gain
of 38.5 dB and a bandwidth of 10 kHz. The INA output is acquired by the microcontroller ADC
running at 1 kS/s.

Figure 6. Instrumentation amplifier transfer function.

3.3. In-Vivo Tests

An adult male Sprague-Dawley rat (Charles River Laboratories International Inc., Wilmington,
MA, USA) weighing 400–500 gr was used for the in-vivo tests of the proposed system, after the
laboratory characterization. After anesthesia with isoflurane, the left femoral artery was isolated and
cannulated with a PE50 catheter. Animal care and treatment were conducted in conformity with the
institutional guidelines, in compliance with national (DL n. 116/1992, Circ. 8/1994) and international
(EEC Dir. 86/609, OJL 358, Dec 1987; NIH Guide for the Care and Use of Laboratory Animals, US NRC,
1996) laws and policies. The catheter end was split and connected both to the device with digital
pressure sensor mounted, placed aside the animal and to a reference pressure sensor (Deltran II,
Utah Medical Products, Midvale, UT, USA), as depicted in Figure 7. The synchronous acquisitions
lasting 20 s, depicted in Figure 8, are in accordance within 1 mmHg. The Fast Fourier transform of
the time-base blood pressure signal is pointed out in Figure 9, showing that the blood pressure wave,
having an average frequency of 5.76 Hz (346 bpm), is modulated at 0.83 Hz by the animal breath.

 
(a) (b)

Figure 7. (a) Representation of in-vivo test set up; (b) In-vivo experiment.
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(a)

(b)

Figure 8. (a) Synchronous recording (~20 s) of the femoral artery blood pressure with the device
mounting the digital sensor and a reference measurement system; (b) zoom of the traces showing
systolic and diastolic peak detection, independent of baseline wandering.

Figure 9. Fast Fourier transform spectrum of the signal depicted in Figure 8.

Table 5 reports the blood pressure maximum, minimum and mean values of blood pressure
acquired by both the prototype and the reference sensor, during 20 s acquisition. The results obtained
with the presented device are in accordance with the reference instrument within 0.12%.

Table 5. Maximum, minimum and mean values of blood pressure acquired by digital and reference
sensor during 20 s acquisition.

Value Digital Sensor Reference Sensor Error

Mean 82.57 mmHg 82.47 mmHg 0.12%
Max 83.89 mmHg 82.69 mmHg 1.43%
Min 81.14 mmHg 81.16 mmHg 0.02%
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The same in-vivo test has been performed on the device mounting the analog pressure sensor,
in order to compare the performances. The system was able to follow the average blood pressure but
not to detect the peaks, due to its lower resolution with respect to the digital sensor version, as shown
in Figure 10. The dominant frequencies in this case are not detectable as in the results obtained with
the digital pressure sensor.

(a)

 
(b)

Figure 10. (a) Synchronous recording (~20 s) of the femoral artery blood pressure with the device
mounting the analog sensor; (b) pressure wave acquired by the reference sensor.

3.4. Energy Harvesting Investigation

In order to maximize the device operation time keeping the 90 mAh small-sized battery,
the EEPROM Energy Harvesting (EH) functionality has been investigated. The general purpose
of the EH mode is to deliver a part of the unnecessary RF power received by the EEPROM on the RF
input pin, in order to recharge the battery. When the external reader enables the EH mode and the RF
field strength is sufficient, an unregulated DC voltage is provided on a pin of the EEPROM. Figure 11
shows the characterization results in terms of available power and supplied current by the EEPROM
with different loads, in function of the reader-tag distance. The EH output current could be used to
recharge the battery during the system sleep time, by adding a low-power step up regulator. Up to
5 mm distance between the reader and the RFID tag, the output power (about 9.5 mW) is maximized
with a 1 kΩ load and it is independent on the distance itself. It has been estimated that the supplied
current by the EEPROM Energy Harvesting function during the 55 s sleep time could double the
battery lifetime (130 h).
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(a) (b)

Figure 11. Electrically Erasable Programmable Read-Only Memory energy harvesting characterization
as a function of the distance from the reader; in terms of power (a) and current (b); power can be
extracted up to 6.5 mm distance.

4. Conclusions

This paper described the development, the laboratory characterization, and preliminary in-vivo
results of a potentially implantable blood pressure-sensing platform with an RFID interface. It shows
a meaningful use of RFID interface to measure the vital signals. The electronic system exhibits
performances and functionalities that make it suitable for implantable blood pressure telemetry.
Two different pressure sensors were characterized, the first providing a digital output and the
second an analog one. The system configuration with the digital pressure sensor produced the best
performances in terms of power consumption (1.35 mA average current, 3.7 V supply) and resolution
(0.4 mmHgrms). The in-vivo measurement, conducted implanting the catheter and not the electronics,
provides results in accordance within 1 mmHg with those obtained with a reference sensor. Finally,
a characterization of the Energy Harvesting function provided by the EEPROM with RFID interface has
demonstrated the possibility to double the battery lifetime. The system exhibits volume, dimensions,
and weight comparable with small-animals state-of-the-art telemetry systems, introducing some new
features as the embedded processing, low cost PCB RFID antenna and energy harvesting functionality.
In particular, the system is able to measure the pressure wave and, after embedded processing, to store
the calculated blood pressure values onboard. Such data are available for subsequent interrogation by
an external RFID reader. Nevertheless, the connection between the pressure sensor and the catheter
is still to be optimized. As a consequence, the device is presently suitable for medium-size animals;
the work is presently focusing on further tag miniaturization, achievable by choosing smaller packages
for the electronics components, and on the biocompatible device encapsulation. Moreover, further
long-term animal studies are planned to be performed in order to fully validate the system. It is worth
emphasizing that the developed pressure sensing system is fitting for many applications, such as
environmental or structural monitoring and human telemetry.
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Abstract: The electrodermal activity (EDA) is a reliable physiological signal for monitoring the
sympathetic nervous system. Several studies have demonstrated that EDA can be a source of effective
markers for the assessment of emotional states in humans. There are two main methods for measuring
EDA: endosomatic (internal electrical source) and exosomatic (external electrical source). Even though
the exosomatic approach is the most widely used, differences between alternating current (AC) and
direct current (DC) methods and their implication in the emotional assessment field have not yet
been deeply investigated. This paper aims at investigating how the admittance contribution of EDA,
studied at different frequency sources, affects the EDA statistical power in inferring on the subject’s
arousing level (neutral or aroused). To this extent, 40 healthy subjects underwent visual affective
elicitations, including neutral and arousing levels, while EDA was gathered through DC and AC
sources from 0 to 1 kHz. Results concern the accuracy of an automatic, EDA feature-based arousal
recognition system for each frequency source. We show how the frequency of the external electrical
source affects the accuracy of arousal recognition. This suggests a role of skin susceptance in the
study of affective stimuli through electrodermal response.

Keywords: electrodermal activity; wearable system; pattern recognittion; skin conductance;
skin admittance

1. Introduction

Emotions play a fundamental role in the daily life and a possible continuous monitoring of them
could be very beneficial in understanding and managing personal well-being promoting mental healthy
state [1,2]. In the last decades, several studies have been proposed to increase knowledge on emotion
recognition, and, consequently, develop an automatic emotional detection systems. Even though a
scientific definition of emotion is still controversial, many models of emotions have been developed [3–7].
Among them, the circumplex model of affect [3] describes emotions as a combination of an arousal
level (i.e., the intensity of the emotion perception) and a valence level (i.e., the degree of pleasantness).
According to these emotional models, many human–machine systems have been developed in order
to automatically recognize humans’ affective and mood states [8–19] by interpreting physiological
changes as a response to an external triggering event. To this extent, several psychophysiological
features extracted from different peripheral biosignals have been widely used in the literature [20–23].
Some of the most commonly used physiological signs in affective recognition are: electrocardiogram
and related heart rate variability series, electrodermal activity (EDA), respiration, muscle activity,
peripheral temperature, eye gaze, as well as brain activity [24–29].
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Among these, EDA has been widely used to assess the arousal level in humans because of its
ability to quantify changes in the sympathetic nervous system (SNS) [30,31]. EDA signal is comprised
of a low-frequency tonic component, and a higher frequency phasic component [30,32]. Anatomically,
EDA changes are due to the sudomotor nerve activity (SMNA), which is part of the SNS, that directly
control the eccrine sweat glands [30]. Therefore, EDA can be easily monitored through voltage/current
measures between two fingers, where there is a higher concentration of the eccrine sweat glands with
respect to other body sites [30].

In this context and aiming at continuously monitoring the EDA signal in a ecological
scenario, wearable monitoring systems are the most interesting and advantageous devices. In fact,
wearable sensors are greatly valued due to their comfort, portability, non-invasiveness, and their
wireless communication capabilities with either a computer, a mobile embedded system or other
wearable sensors [33–37].

Referring to EDA measure, three standard methodologies are usually employed. The first one is
called endosomatic measurement. This is rarely used and consists in measuring, directly on the skin,
the potential difference between two skin sites, in a passive way. It does not need special amplifiers
and coupling electrical circuits. Although it is a quite unknown bioprocess, it is accepted that changes
in skin potential during sympathetic activity may be provoked by the sodium reabsorption across the
duct walls and the consequential change of the ionic potential in the sweat ducts [30].

The other two methods are based on an exosomatic approach, i.e., a small external current is
directly injected into the skin. Consequently, two different methods are used: the direct current method
(DC) and the alternating current method (AC) at different frequency levels. Generally, they perform
a measure of resistance (impedance) or conductance (admittance: “conductance + j susceptance”),
where j is the imaginary unit. When DC source is used, resistance and conductance are inversely
related. Instead, when AC source is used, the inverse paradigm between resistance and conductance
is not valid, but can be applied to the complex impedance and complex admittance. Moreover, in
the AC regime, the impedance is represented by a circuit comprised of a resistor-capacitor in series,
instead the admittance is represented by a parallel circuit (of a resistor and a capacitor). The Parallel
equivalent should be preferred since ionic conduction and polarization are in parallel in biological
tissues. More in detail, the skin can be considered as a dielectric whose permittivity and conductivity
are complex due to free charges and the AC losses of bound charges [38].

Although AC methods allow measuring capacity changes in the electrodermal responses,
DC procedures are the most implemented [39]. Within DC methodology, even if much effort has been
spent to standardize, an agreement concerning the use of either constant-voltage or constant-current
scheme has not yet been achieved. Therefore, different designs can be found. In constant-voltage
sources, the conductance of the skin can be directly measured as an output of the circuit without the
need of any further transformation. However, constant-current sources provide more stability and
exhibit less tolerance, but, in this method, much attention must be payed to possible damage to the
sweat ducts due to the injected current through a small area of the skin [34].

Unfortunately, a very low number of studies have been published on the difference among AC and
DC stimulation in EDA measurement. One of the most interesting works [39] showed that, when using
an AC source at 88 Hz, the major contribution to EDA is given by the conductance term and not by
the susceptance. More specifically, the authors found that, at the instant of the conductance response,
there were no susceptance responses, and this could indicate the absence of a significant capacitance in
the sweat ducts. Moreover, to the best of our knowledge, in the current literature, no specific wearable
systems, which are able to perform both DC and AC electrical stimulations, have already been reported.
As a matter of fact, in a previous study, we have already proposed a fabric-based sensorized glove [40].
However, this system was also able to continuously record the EDA using only a DC source.

Starting from the above considerations and from the recommendations provided in [41–43],
we propose a novel textile wearable system, which is able to perform an exosomatic EDA measurement
using both AC and DC methods. Using this novel device, our study aims at investigating whether
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the admittance contribution at different frequency sources (in the range from DC to 1 kHz of AC)
could affect the ability of EDA of inferring the central state during emotional stimulation. To this end,
we designed an experimental paradigm using visual affective stimuli, and we developed an automatic
arousal recognition system, in order to test potential differences in inferring the arousal state of the
two approaches.

2. Materials and Methods

Exosomatic EDA measures changes in the electrical conductance (DC method) or admittance (AC
method) due to both the psycho-physiological state of a person and the response to an external
event. The EDA signal has a frequency bandwidth of 0–2 Hz [44] and, for a correct analysis,
should be decomposed in two sub-components containing different and complementary information:
a low-frequency tonic component, which reflects the subject’s general psycho-physiological state and
its autonomic regulation [30], and a phasic component, which is the superposed higher-frequency
change directly related to an external stimulus [45]. A frequent issue in the decomposition process
consists in the overlapping of consecutive phasic responses, which occur in the case of inter-stimulus
intervals less than around 10–20 s [46,47].

Measurement of EDA changes provides evidence of eccrine sweat gland activity. The eccrine sweat
glands are innervated by sympathetic fibers, and, in normal ambient temperatures, palmar, finger (or
plantar) glands reflect responses to psychological rather than thermoregulatory stimuli [48]. Therefore,
EDA is considered as an ideal way to monitor the autonomic nervous system and, more specifically,
its sympathetic branch [30].

In this section, we first report on the EDA acquisition system prototype and then briefly describe
details on the cvxEDA models, which is presented in [49]. Note that this method is able to discern
overlapping consecutive electrodermal responses (EDRs), likely to be present in the case of an
inter-stimulus interval shorter than the EDR recovery time.

2.1. Multi-Frequency Sensorized Glove

EDA is acquired by a glove where integrated textile electrodes were placed at the distal phalanges
of the index and middle fingers (Figure 1). Textile electrodes, provided by Smartex s.r.l. [40] (Pisa,
Italy), are made up of 80% polyester yarn knitted with 20% steel wire, with a dimension of 1 × 2 cm.
In one of our previous studies [40], we performed a comparison of textile sensors with Ag/AgCl
electrodes demonstrating comparable performance. More specifically, reported results on electrode
characterization, performed by means of the voltage-current characteristics, and its electric impedance
showed that textile electrode achieves a good electrical and thermal coupling with biological site.
Moreover, the use of a wearable textile system exhibits several advantages in terms of portability and
usability for long-term monitoring, and gives minimal constraints. This latter characteristic is very
significant when the system is used in an ecological environment.

The analog front-end of the designed electronics, which is responsible for measuring the DC and
AC exosomatic EDA, is based on a variable-gain current-to-voltage operational amplifier. The electric
current injected into the skin is variable and programmable (from 0 to 1 kHz), and for this purpose we
used the AD9833 provided by Analog Device [50] (Norwood, MA, USA). This chip is a low power,
programmable waveform generator, which is used to switch up the frequency of the skin electrical
stimulation among 0 (i.e., DC), 10, 100 and 1000 Hz [39]. Moreover, a low-pass filter (cutoff frequency
of 3 Hz) and a further amplification stage were applied to the raw EDA data before the successive
digitalization step.
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Figure 1. Sensorized glove for the acquisition of the Electrodermal Activity (EDA).

The preprocessed EDA signal was digitally converted with a sampling frequency of 15 kHz,
thanks to the 12-bit analog-to-digital converter built in the Texas Instrumen (Dallas, TX, USA) MSP430
microcontroller (Figure 2). The MSP430fxx family of microcontrollers are designed to be low cost and,
specifically, low power consumption embedded applications. It is a very popular choice especially in
wireless networking systems and it is built around a 16-bit RISC (Reduced instruction set computing)
CPU. In our prototype, we used the MSP430x6xx Series, which are able to run up to 25 MHz, have up
to 512 KB flash memory and up to 66 KB RAM. Moreover, this series includes an innovative power
management module for optimal power consumption [51].

Figure 2. Block scheme of the electronic circuit.

Moreover, wireless communication was implemented by an Xbee module (Minnetonka, MN, USA)
connected to the USART (Universal Synchronous Receiver-Transmitter) of the MSP430. Specifically,
it was used to exchange data between the transceiver and a dedicated multi-platform software
application. Finally, a lithium-polymer battery with a voltage of 3.7 V and a capacity of around 750 mAh
was chosen as power supply [34]. The large capacitance of the battery allows a long-term-continuous
monitoring, and it is an essential characteristic to stream the data wirelessly. An external circuit was
developed to support the rechargeable battery through a USB port. Finally, a voltage regulator is
responsible for supplying 3.0 volts from the battery to all the components of the device.

2.2. EDA Processing Using cvxEDA Algorithm

CvxEDA proposed a representation of the phasic responses as the output of a linear time-invariant
system to a sparse non-negative driver signal. The model assumes that the observed EDA (y) is the
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sum of the phasic activity (r), a slow tonic component (t), and an additive independent and identically
distributed zero-average Gaussian noise term ε:

y = r + t + ε. (1)

Physiologically-plausible characteristics (temporal scale and smoothness) of the tonic input signal
can be achieved by means of a cubic spline with equally-spaced knots every 10 s, an offset and a linear
trend term:

t = B�+ Cd, (2)

where B is a tall matrix whose columns are cubic B-spline basis functions, � is the vector of spline
coefficients, C is an N×2 matrix (where N is the length of the EDA time series) with Ci,1 = 1 and
Ci,2 = i/N, d is a 2×1 vector with the offset and slope coefficients for the linear trend.

The phasic component is the result of a convolution between the SMNA, p, and an impulse
response h(t) shaped like a biexponential Bateman function [52–54]:

h(t) = (e−
t

τ1 − e−
t

τ2 ) u(t) (3)

where τ1 and τ2 are, respectively, the slow and the fast time constants of the phasic curve shape,
and u(t) is the unitary step function.

Taking the Laplace transform of Equation (3) and then its discrete-time approximation with
sampling time δ (using a bilinear transformation), we obtain an autoregressive moving average
(ARMA) model (see details in [49]) that can be represented in matrix form as

H = M−1 A, (4)

where M and A are tridiagonal matrices with the MA and AR coefficients along the diagonals. Using an
auxiliary variable q such that

q = A−1 p, r = M q, (5)

we write the final observation model as

y = Mq + B�+ Cd + ε. (6)

Given the EDA model Equation (6), the goal is to identify the maximum a posteriori (MAP) neural
driver SMNA (p) and tonic component (t) parametrized by [q, �, d], for the measured EDA signal (y).
CvxEDA rewrites the MAP problem as a constrained minimization Quadratic Programming (QP)
convex problem (see details in [49,55]):

minimize
1
2
‖Mq + B�+ Cd − y‖2

2+α ‖Aq‖1+
γ

2
‖�‖2

2

subj. to Aq ≥ 0.
(7)

This optimization problem can be re-written in the standard QP form and solved efficiently using
one of the many sparse-QP solvers available. After finding the optimal [q, �, d], the tonic component t
can be derived from Equation (2) while the sudomotor nerve activity driving the phasic component
can be easily found as p = Aq.

The objective function Equation (7) to be minimized is a quadratic measure of misfit or prediction
error between the observed data and the values predicted by the model. Moreover, the prior knowledge
about the spiking sparse nature and nonnegativity of the SMNA (p) and the smoothness of the tonic
component are accounted for by the regularizing terms and the constraint.

The strength of the penalty is regulated by α and γ terms. A sparser estimate is yielded by large
values of α. Concerning γ, higher values mean a stronger penalization of �, i.e., a smoother tonic
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curve. Of note, fixed values of τ1 = 0.7s, τ2 = 3.0s, α = 0.008 and γ = 0.01, which were chosen during
previous exploratory tests on separate data, were employed throughout this analysis.

CvxEDA algorithm is implemented in Matlab language and the software is available online [56].

2.3. Experimental Protocol

Forty healthy subjects were enrolled in the experiment, aged 26 ± 4 (18 females). All subjects
gave written informed consent before taking part in the study, which was approved by the local Ethics
Committee. The experiment was designed as following:

• initial resting phase of 1 min;
• maximal expiration task phase of about 1 min;
• affective visual stimulation phase of 2 min;
• final resting phase of 1 min;

(The two elicitation phases will be described in detail in the next sub-sections.) Subjects were
comfortably seated in an acoustically insulated room in front of a computer screen while their EDA
was recorded using the presented acquisition system.

Textile electrodes were placed for 10 min before the acquisition for achieving a stable
skin/dry-electrode coupling and limiting the temporal and thermic effect [57].

Note that the group of 40 healthy subjects was split into four subgroups, each of which comprised
of 10 subjects. Each subgroup were acquired with a different exosomathic method such as DC (group 1),
AC with a frequency of 10 Hz (group 2), AC with a frequency of 100 Hz (group 3) and AC with a
frequency of 1 kHz (group 4).

2.3.1. Maximal Expiration Task

In this session of the experiment, all of the 40 subjects performed a forced maximal expiration
task [58], in which they were asked to breathe out with the maximum possible intensity in order to
trigger the SNS-mediated expiration reflex.

After the initial resting state session, the subjects breathe normally and rest in front of the computer
monitor for about 20 s. Then, they had to perform a deep expiration twice with an inter-stimulus
interval of about 20 s, after a neutral visual input on the screen.

The use of the forced expiration task is justified by the need of having a stimulus whose EDA
response was as reliable and objective as possible. In fact, previous studies have demonstrated that
this stimulation is a reliable way to evoke phasic responses unaffected by emotional change with
better reproducibility, less habituation, and more stable waveform patterns than other experimental
paradigms (including electrical) [58]. In this way, the presence of at least one phasic response after
each stimulus was ascertained. Therefore, we could investigate whether the cvxEDA algorithm was
able to identify each phasic response for each acquisition method.

2.3.2. Affective Visual Stimulation

In the second elicitation session, each group of 10 participants was stimulated by projecting on a
screen images selected from the official IAPS (International Affective Picture System) database [59].
The IAPS dataset is a collection of images ranked in terms of arousal (i.e., intensity of perception) and
valence (pleasantness of perception). This protocol session is designed to assess the pattern recognition
system ability on each data group (i.e., of each method) to correctly classify stimulations with different
arousal content and provide meaningful information about SNS activation.

The slideshow timeline consists of three neutral images, six aroused images and three other
neutral images. Each image was shown for 10 s.
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2.4. EDA Analysis and Classification Procedure

For each dataset, the convex-optimization-based EDA model (cvxEDA) described in Section 2.2
was applied to each time series after a Z-score normalization (this is not a mandatory step before
applying the cvxEDA algorithm, but an increase in the speed of the QP-solver). Concerning the
Impulse Response Function (IRF) parameters considered for this study, values of τ2 = 0.7 s, τ1 = 0.7 s,
α = 0.4 and γ = 0.01 were employed throughout this analysis, according to previous exploratory tests
on separate data.

In the respiratory stimulation dataset, the presence of an estimated burst of SMNA activity was
verified in each 5 s time window following a stimulus onset, in order to prove the model’s ability to
correctly detect partially overlapped phasic responses.

As summarized in Table 1, we segmented each signal in correspondence to each IAPS image time
window, and we extracted several features from both the tonic and phasic component.

Table 1. List of features extracted from Electrodermal Activity (EDA) phasic and tonic components.

Feature Description

Npeak number of significant SMNA peaks wrw

AUC Area under curve of reconstructed phasic signal wrw (μSs)

peak maximum amplitude of significant peaks of SMNA signal wrw 1 (μS)

MeanTonic Mean value of the tonic component within each image time window (μS)

wrw= within response window (i.e., 5 s after stimulus onset).

Classification Procedure

The feature set, extracted from each single IAPS image, was used as the input of a pattern
recognition algorithm in order to classify the two arousal levels, according to the IAPS rates.
The supervised classification of the feature set was implemented following a Leave-One-Subject-Out
procedure (LOSO) applied to a K-nearest neighbors (K-NN)-based classifier. For each of the N iterations
(where N is the total number of participants), the whole dataset was split into a training set including
(N − 1) subjects and a test set including the cvxEDA feature values of the the remaining subject Nth.
Moreover, for each iteration of the LOSO scheme, a feature selection procedure was performed in order
to identify the combination of parameters that resulted in the highest recognition accuracy within the
training set examples. Each selected feature constituted a single dimension of the feature space. The
LOSO pattern recognition procedure is illustrated in Figure 3.

Figure 3. Overall block scheme of the proposed valence recognition system. The EDA is processed
in order to extract the phasic and tonic components using the cvxEDA algorithm. According to the
protocol timeline, several features are extracted. The K-nearest neighbors (K-NN) classifier is engaged
to perform the pattern recognition by adopting a leave-one-subject-out procedure.
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3. Results

According to the cvxEDA model, all EDA data (Figure 4a) were decomposed into two signals, a
sparse component p and a smooth component t. Of note, we interpret p as the activity of the sudomotor
nerve (Figure 4b), and t as the tonic level (Figure 4c)).
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Figure 4. Application of the cvxEDA decomposition procedure to the EDA signal recorded (i.e.,
admittance module) for a representative subject. (A) raw EDA signal, Z-score normalized; (B) estimated
sparse phasic driver component p; (C) estimated slow tonic component t.

3.1. Maximal Expiration Task Results

We performed both a visual and a statistical inspection of time series to verify whether the
effectiveness of the protocol in eliciting phasic responses was confirmed for all different kinds of
acquisition method (DC and AC).

After the application of the cvxEDA model, we considered a time windows of 5 s after the onset
of each expiration task, and we looked for peaks of the SMNA signal (in fact, the phasic response is
defined as the part of the signal arises within a predefined response window of 1–5 s [30,45]). Of note,
due to the stimulus intervals of about 20 s, no overlap between consecutive responses occurred.

Results of an intersubject analysis showed that cvxEDA was able to correctly detect the
corresponding phasic peak response over 97.5% of the respiratory stimuli. Moreover, a visual
inspection of the small percentage of cases that were not correctly identified revealed a very low
signal-to-noise ratio of the signal.

3.2. Automatic Arousal Recognition Results

Results of the arousal-level-classification-procedure on the four datasets, namely, DC, AC 10 Hz,
AC 100 Hz, AC 1 kHz, are shown in Tables 2–5. The recognition accuracy is reported in the form of a
confusion matrix. An element rij of the confusion matrix indicates a percentage of mismatches, i.e.,
how many times a pattern belonging to class i was erroneously classified as belonging to class j. Terms
rij on the main diagonal of the confusion matrix correspond to correct classifications.
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Both DC and AC measures did not show very high average recognition accuracy. However, it is
worth noting that, using 100 Hz of the frequency current source, we obtain an average accuracy
significantly higher than in the other cases. More specifically, using DC, 10 Hz and 1 kHz, the average
accuracy was in the range of 62.5% to 63.34%, whereas at 100 Hz, the pattern recognition system
showed an accuracy of 71.67%.

Table 2. Confusion matrix of Neutral vs. Arousal images using an cvxEDA feature set extracted with a
Direct Current (DC) source.

K-NN (DC) Neutral Arousal

Neutral 63.33% 35.00%

Arousal 36.67% 65.00%

K-NN means K-nearest neighbors.

Table 3. Confusion matrix of Neutral vs. Arousal images using cvxEDA feature set extracted with
Alternating Current (AC) source at 10 Hz.

K-NN (AC 10 Hz) Neutral Arousal

Neutral 65.00% 38.33%

Arousal 35.00% 61.67%

Table 4. Confusion matrix of Neutral vs. Arousal images using cvxEDA feature set extracted with AC
source at 100 Hz.

K-NN (AC 100 Hz) Neutral Arousal

Neutral 68.33% 25.00%

Arousal 31.67% 75.00%

Table 5. Confusion matrix of Neutral vs. Arousal images using cvxEDA feature set extracted with AC
source at 1 kHz.

K-NN (AC 1 kz) Neutral Arousal

Neutral 63.33% 38.33%

Arousal 36.67% 61.67%

4. Discussions and Conclusions

In this study, we proposed a novel wearable EDA acquisition system prototype. It consisted of a
sensorized glove provided with textile electrodes at the fingertips able to acquire the exosomatic EDA
using both DC and AC methods. In order to test the usability of the novel sensorized glove and to
investigate about possible differences between DC and AC stimulation (i.e., 10 Hz, 100 Hz, 1 kHz),
we designed an experimental paradigm where 40 healthy subjects were stimulated by means of a
mechanical expiration task and visual affective stimuli selected from the IAPS database. From this
collection of pictures ranked in terms of arousal and valence level, two groups of images were selected:
a group of neutral images and a group of negative aroused images.

The EDA signals were analyzed by means of the cvxEDA model [49]. The cvxEDA algorithm is
based on the three concepts of sparsity, Bayesian statistics and convex optimization. It provides
a decomposition of the EDA in its two components, i.e., phasic and tonic, and estimates the
sudomotor nerve activity that control the eccrine sweat process, giving a window into the sympathetic
nerve activity.
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Results from the application of the cvxEDA algorithm showed no differences in the identification
of the phasic peak response after the deep respiration stimulus among the DC and three AC methods.
In fact, over 97% of the peaks were identified in the SMNA signal in the time response window of 5 s
after the stimulus onset (i.e., directly evoked by the stimulus [30,45]). We could conclude that all of
the investigated methods for the exosomatic measurement of the EDA reliably measure the phasic
responses to eliciting stimuli.

Considering the four groups of data separately (i.e., DC, AC 10 Hz, AC 100 Hz, AC 1 kHz),
in the second part of the experiment, we investigated possible differences in inferring the arousal
state. Specifically, we performed a classification procedure of the arousal levels in the four groups
of signals. Results showed that an alternating current method at 100 Hz could improve the arousal
recognition accuracy up to 71% (while other acquisition modalities did not overcome an average
accuracy of 63.5%). These results suggested that not only the skin conductance plays an important
role in the electrodermal affective response, but also the susceptance (i.e., imaginary part of the skin
impedance) may contain relevant information about the SNS. Moreover, this relationship between AC
frequency and recognition accuracy is strongly nonlinear due to the nonlinear relationship between
skin impedance, and amplitude and frequency of the external electrical source [60]. Specifically,
it is well-known that the current density under a surface plate electrode could be non-uniform,
and electrode surfaces present fractal properties creating local areas of different current densities.
The onset of non-linearity may therefore be gradual, and start very early at very limited areas on the
electrode surface (e.g., it has been shown that very weak non-linearity is measurable at voltages than
100 mV). Hence, it may be difficult to differentiate between the non-linearity of the electrode processes
and the tissue processes [61].

We are aware that works stated that the role of the susceptance is less important with respect to the
conductance at low frequency [39], but our results seem to indicate that a significant difference in EDA
results are frequency dependent even more when they are not mechanical but emotionally evoked.

In other words, we assume that it could be feasible that emotional stimuli may involve a capacitive
component in the medium under investigation that has a bigger contribution at 100 Hz.

Moreover, we should take into account that Ohm’s law, given by J = σE, in such a medium could
be not valid, and it may be useful to treat σ as a complex quantity in order to incorporate dielectric
losses and frequency dependence, therefore defining σ as: σ = σ′ + jσ′′.

Future works will investigate the real and imaginary components of the admittance in the analysis
of the EDA dynamics by involving time varying methods that could highlight the nonlinear nature of
the electrodermal response.
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Abstract: This paper presents a new remote healthcare model, which, exploiting wireless biomedical
sensors, an embedded local unit (gateway) for sensor data acquisition-processing-communication,
and a remote e-Health service center, can be scaled in different telemedicine scenarios. The aim is
avoiding hospitalization cost and long waiting lists for patients affected by chronic illness who need
continuous and long-term monitoring of some vital parameters. In the “1:1” scenario, the patient has
a set of biomedical sensors and a gateway to exchange data and healthcare protocols with the remote
service center. In the “1:N” scenario the use of gateway and sensors is managed by a professional
caregiver, e.g., assigned by the Public Health System to a number N of different patients. In the “point
of care” scenario the patient, instead of being hospitalized, can take the needed measurements at
a specific health corner, which is then connected to the remote e-Health center. A mix of commercially
available sensors and new custom-designed ones is presented. The new custom-designed sensors
range from a single-lead electrocardiograph for easy measurements taken by the patients at their
home, to a multi-channel biomedical integrated circuit for acquisition of multi-channel bio signals,
to a new motion sensor for patient posture estimation and fall detection. Experimental trials in
real-world telemedicine applications assess the proposed system in terms of easy usability from
patients, specialist and family doctors, and caregivers, in terms of scalability in different scenarios,
and in terms of suitability for implementation of needed care plans.

Keywords: wireless biomedical sensors; healthcare embedded platform; chronic health patient
monitoring; biomedical data gateway; e-Health service center

1. Introduction

One of the main trends in biomedical applications is developing telemedicine systems for the
remote monitoring of people affected by chronic diseases [1–16]. Particularly in developed countries
such as the United States, Canada, Europe, Japan, South Korea, and Australia, the increasing percentage
of elderly people and the need for public health systems (PHS) to cut the budget for hospitalization are
fostering the rise of a new healthcare paradigm: hospitalization should be reserved only for patients
with acute syndromes that can be solved in a short period. The healthcare model for patients affected
by chronic illness, and needing continuous and long-term monitoring of some vital parameters should
be based on telemedicine. According to a medical protocol established by a doctor, some biomedical
parameters of the patient are periodically measured at home or in a point of care (e.g., a pharmacy)
by the patients themselves, their relatives, or a professional caregiver (e.g., a nurse paid by the PHS
or by medical insurance). The biomedical signals to be measured depend on the specific illness and
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may include measurements of ECG (ElectroCardioGraphy), blood pressure, body temperature and
weight, oxygen saturation level in the blood (SpO2), chest impedance, hearth rate and breath rate,
and glycemia. These are the main parameters relevant for the three main chronic illnesses in western
countries: Chronic Heart Failure (CHF), Chronic Obstructive Pulmonary Disease (COPD), and diabetes.
These types of chronic illness affect approximately 15 million people in Europe, with an incidence
of 3.6 million new cases every year; and the trend is the same in the United States [4]. Moreover,
in this work we add proper motion sensors to measure the posture of the patient, which influences
the measure of some biomedical parameters. Indeed, false alarms can be generated if the vital signs
are acquired in a non-correct position of the patient. As an additional service, motion sensors are also
useful for fall detection and consequent alarm generation. Fall detection is one of the main causes of
home accidents for elderly people. Telemedicine is also a key technology for overcoming the problem
of remote regions with low population density, where hospitals can be far from the town where people
live (e.g., internal and/or mountain zones of Europe or the United States).

It is worth noting that the technologies discussed in this paper can enable telemedicine to reduce
the hospitalization of patients, but cannot decide which patients will be hospitalized and when.
The decision about how many patients (and which ones) are acute and should be hospitalized, and how
many patients (and which ones), although affected by a chronic illness, are non-acute and should be
monitored remotely will depend on the medical protocol defined by specialist doctors, and on the
budget constraints of the PHS. If during the remote monitoring the patient’s biomedical parameters get
worse, according to the medical protocol established by the doctors, the patient can be re-hospitalized.

In the rest of the paper, Section 2 presents the state of the art and highlights the main contributions of
this work. Section 3 presents the remote healthcare model and the embedded processing/communication
platform. Section 4 is focused on the communication between the gateway at the client side and
the e-Health service center at the server side. Section 5 deals with biomedical sensors using COTS
(Commercial off the Shelf) components and three new custom-designed biomedical devices. The new
custom-designed sensors include a single-lead ECG for easy CHF measurements taken by the patients
at their home; a multi-channel biomedical ASIC (Application Specific Integrated Circuit) for acquisition
of multi-channel ECG, EEG (ElectroEncephaloGraphy) or EMG (ElectroMioGraphy), blood pressure,
and body temperature; and a new motion sensor for patient posture estimation and fall detection.
Experimental trials are addressed in Section 6. Conclusions are drawn in Section 7.

2. Review of the State of the Art and Main Contributions of the Work

Several state-of-the-art wearable sensors and telemedicine platforms [3,4,17–39] have been
proposed in the literature, but a successful and universal healthcare model is still missing. The main
reason is that most works are only focused on a specific sub-part of the system, or on a specific type
of disease. For example, [17,19–23,27–29] are focused on integrated smart sensors. Many studies
(e.g., [18,25,30,31]) are focused only on the acquisition and communication gateway or on the remote
server connected to the hospital information system (HIS). Moreover, [3,4,17,25,33–39] and [26,27] deal
only with the monitoring of patients affected by heart disease and diabetes, respectively. Studies [19–23]
are focused only on posture estimation and fall detection in patients. In [28–30] only contactless
detection measurement of breath rate and/or heart rate is presented. Furthermore, most of these
works come from academia and fail to address the qualification and certification issues of real-world
biomedical applications. Most of the above works present just a new sensor, without any integration of
real-world telemedicine scenarios that are characterized by multiple actors: patients and their relatives,
professional caregivers (family doctor, nurse, specialist doctor), call centers, which are operating at
home, or the hospital or points of care such as a pharmacy or a residence for elderly people.

Most current biomedical monitoring platforms try to exploit the computational and communication
capabilities of smartphones with touchscreen user interface, or even with smartwatches [21,24,26,30–32].
This way, state-of-the-art works are missing one of the key features of a telemedicine service: easy
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usability of the interface for users, who are mainly elderly people. Smartphones and smartwatches are
more suited for wellness applications targeting younger people.

To address these issues, this paper presents a new remote healthcare model, exploiting wireless
biomedical sensors that can be scaled to different telemedicine scenarios:

- The “1:1” scenario, where each of the patient has a set of biomedical sensors and an embedded
acquisition, processing, and communication platform (hereafter called a gateway) to exchange
data and healthcare protocols with a remote service center and/or HIS for telemedicine,
where a doctor is connected.

- The “1:N” scenario where the embedded acquisition and communication telemedicine platform
is manged by a nurse, e.g., assigned by the PHS to a number N of different patients. The nurse is
visiting and taking care of data acquisition from a set of N patients. The relevant biomedical data
are then transmitted to the remote service center and/or HIS. In the “1:N” scenario it is the nurse
that is moving and visiting patients at their homes.

- The “point of care” scenario where a local building, e.g., a pharmacy, or a point of care in
a school or a residence for elderly people, hosts the embedded acquisition and communication
telemedicine platform and the set of sensors. The patients, instead of being hospitalized,
with increased cost and waiting lists, can take the needed measurements at a specific point of care,
which is then connected to the remote service center and/or HIS. In this scenario the patients
are moving toward the point of care where a nurse supervises the biomedical measurement
acquisitions to be collected and transmitted.

In this paper, different from the state of the art, the whole value chain is implemented from the
health care model at the top, down to the technical implementations of sensors, data acquisition and
communication platform, and integration with the service center and HIS. The work is the result of
the collaboration between academia (the University of Pisa) and industry (IngeniArs S.r.l.), the latter
being responsible for integration in different real-world telemedicine scenarios, taking care of all actors
involved, including certification and qualification issues.

The communication between the home gateway and the HIS is based on approved medical
protocols such as HL7 CDA (Clinical Document Architecture). The communication is physically
running on wireless technologies available everywhere, like 3G or 4G cellular network, or satellite
connections, wired technologies like ADSL/VDSL (Asymmetric or Very-high speed Digital Subscriber
Line), or Fiber to the Cabinet/Home (FTTC/FTTH).

The platform can be used to implement a predefined measuring protocol, i.e., a care plan assigned
remotely by the family or specialist doctor. Extra-protocol measurements can be taken by the patient
or the caregiver in case of necessity or can be requested remotely by the doctor. A mixture of COTS
sensors and custom ones specifically designed by the research group are presented and used in this
work. With respect to previous publications of the authors in [4,17,25,28], this work is extended
in terms of:

- Support of any chronic illness and not only CHF as in [4,17,25].
- Analysis of the system-level telemedicine model with differentiation of the biomedical monitoring kit

according to the above scenarios: “1:1”, “1:N,” and “point of care,” which is missing in [4,17,25,28].
- Development of new custom sensors, particularly the single-lead ECG one for easy self-measurements

at home, whereas [4,25,28] were mainly based on commercial sensors.
- Integration of motion sensors for fall detection and patient’s posture analysis, missing in [4,17,25,28].

This work also presents real-world results from experimental trials carried out in the field of
several European and regional research and health projects such as Health@Home (EU Ambient
Assisted Living program), RIS and RACE (EU-Tuscany Region FESR program), and Domino (Tuscany
region PHS project).
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3. Remote Healthcare Model and Embedded Sensing/Communication Platform

According to Figure 1, the proposed telemedicine model includes several elements to cover the
different sub-systems belonging to a distributed health care system. The key blocks in Figure 1 are:

- A monitoring kit (embedded sensing and communication platform, oval A with green borders
in Figure 1, whose description is detailed in Sections 3.1–3.3) which, depending if the “1:1” or
“1:N” scenario is implemented, can be used by patients for self-measurement or by caregivers,
e.g., nurses, during planned home visits.

- A totem for the monitoring of the biomedical parameters to be installed at point of cares
(e.g., pharmacies, residences for elderly people, or other healthcare points); this is the embedded
sensing and communication platform indicated with oval B with green borders in Figure 1,
whose description is detailed in Sections 3.1 and 3.4).

- Management platform of the electronic health record and of the home-care plan (e-Health
center detailed in Section 4), integrated with the HIS, and available to specialist doctors directly
or through operators of a service center. Optionally, through the service center the data of
the electronic health record can also be made available to the family doctor. Alarms can be
automatically generated by the embedded sensing/communication units (thanks to local signal
processing capability) at home or at the point of care, or by a caregiver analyzing the data.
Automatically generated alarms should be validated by a caregiver. An alarm, generated or
validated by a caregiver, is communicated to emergency units for a fast re-hospitalization of the
patient and, optionally, to a pre-selected list of relatives/friends.

Figure 1. Distributed health care system for chronic illness monitoring.
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3.1. Biomedical Sensing and Communication Platform

The reference architecture of the biomedical monitoring kit is reported in Figure 2. It includes:
a set of wireless sensors, connected through a Bluetooth wireless technology to an embedded system
(called gateway) in charge of biomedical sensor signal acquisition, local processing, and data storage,
and three interfaces: one for the user, one for the sensors, and the other for the e-Health center.

 

Figure 2. Main building blocks of the gateway.

The latter exploits the SOAP web service paradigm on standard wired or wireless communication
technologies (e.g., WiFi, Mobile Broadband, Ethernet, etc.). To increase the system flexibility, besides
the HL7 CDA standard data format, the proposed system also supports other protocols for client–server
communication like JSON (JavaScript Object Notation) and XML (eXtensible Markup Language).

For the sensors interface, Bluetooth (BT) technology has been preferred to other 802.11x WLAN
(Wireless Local Area Network) or 802.15x WPAN (Wireless Personal Area Network) technologies
for its large diffusion, increasing the number of commercial sensors that can be selected and used.
The gateway handles the communication via the dual-mode BT interface: the RFCOMM protocol (Serial
Port Profile SPP) is used to handle legacy Bluetooth 2.0 sensors, whereas the profiles HDP (Health
Device Profile) [32] or GATT (Generic Attribute Profile) are used to communicate with Bluetooth
Low-Energy (BLE) devices. Relying on a dual-mode BT chipset, the gateway is able to handle both
legacy BT and BLE devices, acquiring data from a single sensor per time. The number of connectable
sensors is unlimited and the gateway is able to manage both master and slave sensors. Pin-based
pairing procedure and eventual data encryption are available. The performance of BT, even in
a low-power protocol version, is well suited for telemedicine applications. Indeed, the main features
of BLE are: data rate up to 1 Mb/s; connection distance up to 100 m outdoor line-of-sight but at least
meters indoor; supported security technology (128 bit Advanced Encryption Standard) and robustness
techniques (Adaptive frequency hopping, Lazy Acknowledgement, 24-bit Cyclic Redundant Code,
32-bit Message Integrity Check), low communication latency of few ms, and low power consumption
limited to a few tens of mW, since a current well below 15 mA is drained from a power supply of
few Volts.

It is worth noting that the gateway can also implement local signal processing tasks and not only
acquisition, communication, and user interface tasks. Supported signal processing functionalities are:

- Collection of the acquired data from the configured BT or BLE sensors to create statistics of the
biomedical parameters acquired according to the specific plan.

- Graphical rendering for the visualization of the historical evolution of the biomedical parameters
acquired according to the specific plan (see an example in Figure 3 related to the evolution of the
SpO2 parameter). The statistics and graphical rendering of the historical evolution of biomedical
parameters are useful at the gateway side mainly in the “1:N” and in the “point-of-care” scenarios
(where the remote acquisition of bio-signals is supervised by a professional caregiver). They are
also made available at the remote server side (service center and HIS).
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- Threshold-based analysis of the acquired data so that an early warning can be sent when one of
the acquired parameters is above or below a specific threshold that can be changed dynamically
and remotely by the doctor. The early warning can be used to force an immediate hospitalization
in case the chronic illness enters into an acute phase.

Figure 3. Graphical rendering of the historical evolution of SpO2 and heart frequency.

From a hardware point of view, the gateway can be implemented on a general purpose system
such as smartphones, tablets, or custom boards. The minimal requirements for the implementation are:
32 bit ARM Cortex processor, 1 GB RAM memory, at least 4 GB Flash Non-volatile storage, dual-mode
Bluetooth chipset, network connectivity (e.g., Wifi, Ethernet, mobile broadband), and Android OS.
On top of the hardware, a custom software layer has been developed using Java and the Android
Software Development Kit (SDK). The strategic decision to use Java technology provides extreme
flexibility concerning the configurability. Java also guarantees easy portability. The system is easily
scalable in different processors and Printed Circuit Boards (PCBs). For example, one implemented
configuration resulted in a compact size of 15 cm ˆ 7 cm ˆ 7 cm. Instead, in a configuration requiring
a screen of 10 inches, the hardware is organized so that a size of about 22 cm ˆ 14 cm ˆ 1 cm is
obtained. Solutions based on commercial tablets and smartphones have also been developed.

3.2. “1:1” Scenario

Changing the scenario (“1:1” or “1:N” or “point of care”) means changing who is supervising the
biomedical measurement activity: the patient or his/her relatives (non-professional users), or a nurse
(professional user). With reference to the architecture of the monitoring kit in Figure 2 (which includes
a set of wireless sensors connected through a BT or BLE technology to the embedded platform for data
acquisition and communication), which is valid for all scenarios, the user interface and also the type of
sensors to be used have to be specifically adapted to the different scenarios and the different users.

For example, a conventional 12-lead ECG biomedical instrumentation, providing complete and
accurate measurements of heart activity, is not suited to the “1:1” scenario where a non-professional
caregiver (the patient or his/her relatives) is supervising the measurement acquisition. If used by
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a non-professional caregiver, an ECG with lots of derivations will often have the electrodes placed in
the wrong position or with a bad electrode–body contact, thus giving inaccurate results. This is why,
in the following, for the different scenarios, different sets of building blocks must be used. Moreover, for
some specific blocks, e.g., ECG, a new custom instrumentation has been designed (e.g., the single-lead
ECG in Section 5.2).

In the “1:1” healthcare model, already described in Section 2, the gateway allows the user to view
the individual care plan established by the family or specialist doctor, collect the measurements from
medical sensors, through a BT or BLE connection, and send them to the e-Health Center (a service center
and/or the HIS) through a wired or wireless Internet connection (see Figures 4 and 5). The patient
also has the possibility to carry out a measurement not foreseen in the standard care plan. At a time
when the activity is required, visual and audible signals inform the patient that a new measurement is
required (see Figure 5). An animated image guides the patient on how to use the device to complete the
task. The numbers near the arrows in Figures 5–7 highlight the temporal consecution of the different
steps. After the measurement, the gateway notifies the patient if the activity was successful or s/he will
need to repeat the operation. The user interface has been optimized for elderly people with a simplified
graphic, using a touch-screen display of at least 10 inches with large buttons. The language can be
customized for the specific nation where the system is used.

Figure 4. Gateway user interface in the 1:1 scenario.

Figure 5. Evolution of the acquisition flow in multiple steps (from idle, to reminder, to reception and
feedback, to communication towards the remote server, and again to idle).
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3.3. “1:N” Scenario

In the “1:N” scenario, instead, the professional monitoring kit allows the nurse to take measurements
of vital signs during home visits to different patients. As reported in Figure 6, first the gateway allows
the nurse to select the specific patient (based on his/her health card or fiscal code, for example) and
view the individual care plan for each patient. The user interface then guides the operator in the
execution of the measures indicated in the plan. The system also allows the collection of unplanned
measures and allows the repetition of the measurements made. Since the user is a professional one,
more complex visualizations such as the ECG trace are available. The gateway can also work in offline
mode, by sending all the measurements acquired at the end of the home visits. The professional
operator selects the patient from the list of the clients and takes the measures foreseen in the individual
care plan, making sure that the quality of the measurement is satisfactory. If it is not, s/he can proceed
with a repetition of the measurement. The acquired measurements are sent to the e-Health Center,
through the Internet connection. Figure 6 reports the complete flow.

 

 

Figure 6. Evolution of the acquisition flow in case of the 1:N scenario; e.g., gateway for nurse.

3.4. “Point of Care” Scenario

In the “point of care” scenario, also called Totem mode (see Figure 7), the telemonitoring totem
allows the measurement of the principal vital signs at dedicated facilities (pharmacies, residence
for elderly people, etc.) and their transmission in the patient’s electronic file through the Internet
connection. The professional caregiver identifies the patient through his/her fiscal code or by scanning
his/her health card and takes the measures provided for the individual care plan, making sure that
the quality of the measurement is satisfactory. If it is not, s/he can proceed with a repetition of the
measurement. The acquired measurements are sent to the e-Health Center, through the Internet
connection. This scenario is similar to the “1:N” scenario, but here the patients are moving toward the
health center. Moreover, the patient database is larger since a larger number of patients are followed.
In all of the above cases the access by the user is done in secure mode through a login–password protocol.
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Figure 7. Evolution of the acquisition flow in the point-of-care scenario.

4. Home Monitoring Unit vs. e-Health Center Client–Server Communication

In the proposed health model the remote e-Health center in Figure 8 plays an essential role,
since it integrates the services performed on the territory within the medical environment and the
HIS. As reported in Figures 1 and 8, it includes a service center and the interface toward the HIS.
The e-Health center is the central element of the overall modular system, in which specialized human
operators and ICT resources allow for managing data flows and events.

Figure 8. Block diagram of the remote e-Health center.

Concerning the presented telemedicine platform, the e-Health center is in charge of three
important tasks. The first one is to manage the bidirectional communication with the gateway of the
home monitoring module to receive data and send configurations. The second task is to provide the
data processing capabilities and interfaces for the local service center operators and the other remote
human operators of the system, respectively (i.e., users of the other modules). The last task is the
synchronization of the clinical data with the electronic health record. Figure 8 shows the block diagram
of the remote e-Health center including an intermediate node, the service center, and the connection
with the HIS where the electronic health record of the patient is stored and where the specialist doctor
can access and manage the telemedicine data and care plan.
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Communications between the gateways, which are distributed throughout the area, and the
acquisition block of the remote e-Health center take place through the public network. The acquisition
driver implements the receiving endpoint, which is a SOAP (Simple Object Access Protocol) web
service based on the HTTPS (Hyper Text Transfer Protocol, known as HTTP, over Secure Socket Layer,
known as SSL) protocol able to manage both XML and HL7 CDA standard contents. Data coming
from gateways are the results of the measurements performed by the caregivers. These are stored in
the integrated database in order to be available for the other actors of the distributed telemedicine
system. The remote e-Health center also manages the personalized monitoring protocol for each
patient enrolled in the telemedicine program in terms of measurements to take and thresholds for
alarm generation. The protocols of several patients can be loaded and updated remotely by calling
from the gateway a dedicated configuration endpoint.

Dedicated software processes the received data by means of specific algorithms in order to find
critical situations or dangerous alterations of vital signs. For example, those for CHF have already
been published by the authors in [4]. It is possible to define personalized analysis profiles based
on the needs of a specific patient. The processed information is stored into the integrated database
and made available to the operators through different levels of the interface. The local interface is
available only to service center operators and enables them to manage all the phases of telemedicine
service provision. It allows for the enrollment and classification of new patients, the definition and
updating of the treatment protocol for each patient, the establishment of personalized vital signs
analysis profiles, and visualization and interaction with current and past measurements of vital
signs. Moreover, it permits the operator to manage alarms or critical situations, eventually involving
territorial emergency services or other appointed modules of the integrated system. Indeed, the remote
interface allows professional operators (e.g., family doctors in Figure 1, etc.) to remotely access a subset
of clinical information contained in the integrated database.

Another important role of the e-Health center is that of the relay agent for the clinical information
received from the gateways with respect to the final destination, i.e., the electronic health record
(see Figure 8). This process is completely transparent to the medical personnel and allows the
information collected by the caregiver on the territory to be available in a few minutes in all offices
that have access to the HIS. In this way, the electronic health record of each patient represents
a deep anamnestic database and helps the medical personnel to improve the quality of treatment by
developing therapy tailored to the specific patient’s needs.

In such a system, in which critical and personal information are exchanged through the public
Internet, the confidentiality, data integrity, and authenticity of the communicating parts are among
the major requirements. In the presented platform we selected the HTTPS protocol to protect all the
communications between the gateways and the e-Health center. This protocol provides the normal
HTTP request–response mechanism typical of web-based or web service-oriented applications over
an SSL or TSL (Transport Layer Security) encrypted end-to-end tunnel. The communicating parties
firstly authenticate themselves using the X.509 certificate, then use their asymmetric keys to establish
and exchange a symmetric session key that will be used to encrypt all the traffic. Message hashing
ensures the data integrity over the session tunnel.

Concerning hardware and software implementation, the service center consists of a room where
specialized operators (i.e., trained operators, nurses, or specialist doctors) interact with the ICT
infrastructure through dedicated terminals of a Linux-based server machine that hosts the integrated
database (Oracle), runs the communication drivers and the processing software for alarm generation,
and finally provides the graphical user interfaces. All the equipment running on the service center
server received the CE certification according to the 93/42/CEE directive following integrations for
data generation, interpretation, and visualization. In fact, this software has been classified as a class IIa
medical device. It is compliant with the standard ISO 62304—medical software life-cycle, the standard
ISO 14971—Risk management in medical devices, the standard ISO 60601—alarm systems in medical
devices, and ISO 62366—usability engineering in medical devices.
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In this telemedicine platform, vital signs data collected by CE certified biomedical devices are
provided and interpreted for diagnostic purposes only through CE certified software. In this way,
the acquisition and transmission chain involves certified elements and medical devices only at the
extremities, while the gateway and the other intermediate elements simply propagate the information
without dealing with the content. Patients use the wireless medical devices assigned to them,
and the data is sent automatically to the e-Health Center through a gateway. The data received
by the gateway are managed in raw format and wrapped in XML before transmission. The e-Health
Center parses the raw data received through a CE-marked data interpretation driver in order to allow
their use for medical purposes (diagnosis, therapy, etc.). In this way, even in case the intermediate
gateway is not CE-marked as medical devices, the whole chain maintains the certification, because
critical data are only generated by and managed by CE-certified elements.

The e-Health Center is a multi-disease, multi-device, multi-parameter, multi-language, multi-tenant
web platform for the management of patients and the remote monitoring of their vital parameters.
An alarm is signaled every time a parameter is not received within the patient’s schedule, and also
if a parameter falls outside the ranges. Each patient has different ranges for red, yellow, and cyan
alarms on each parameter. Specialized operators receive the alarms and handle them with appropriate
protocols, which typically include contacting in a defined order one or more of: the patient, his/her
caregivers, agreed neighbors and relatives, the family doctor, emergency services as ambulance, the fire
brigade, etc. Depending on the established medical protocol, in the proposed system, the specialized
operator in charge of alarm management can be the specialist doctor taking care of that specific patient,
or a generic caregiver (i.e., trained operators, doctors of the hospital, or also a nurse). The operator
performs further calls as needed and monitors the situation until resolved, recording in the e-Health
Center all his/her activities and their outcomes. Patients can also have emergency (“panic”) buttons to
directly call operators for remote assistance. The server application for the e-Health center is composed
of the following software components:

- Relational database: stores all the data and contains most application logic—including
object-oriented PL/SQL data models, patient schedules, and alarm triggers. It is in charge
of enforcing users’ permissions.

- Java Enterprise Edition (JEE) web application, which implements and publishes the AJAX-based
web 2.0 interface.

- Driver: receives the raw data sent by gateways, parses them, and inserts the parsed measurements
into the database.

- Audit and Security System: monitoring component that detects and reports any malfunctioning.
It also records the system activity.

The other main element of the architecture is the server gateway integration engine. This element
is the link between data and the large set of heterogeneous management platforms on which the
telemedicine services are based on. The technology used for the development of this part of the system
is the JEE. From the functional point of view this module:

- Receives raw data embedded into XML tags from the client gateway.
- Transmits to the client gateway the agenda of the configured patient.
- Allows the complete management of patients.
- Transmits data to the server of the service centers with specific adapters.
- Receives agenda by external clinical data management tools.

5. Wireless Biomedical Sensors

5.1. Wireless Sensor Selection

As discussed in previous sections, the proposed system exploits wireless biomedical sensors
with BT and BLE connectivity. The telemedicine market is still growing, so standards are not
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frozen. Moreover, qualification and CE certification for medical use of a new device entail significant
development time and costs. Development of a new sensor makes also sense for devices with high
added value, with a key difference vs. the state of the art, or with a high potential market. For this
reason, the approach we followed is developing custom sensors in three cases:

- A single-lead ECG sensing device, patent-filed technology [33], which allows for self-monitoring
of the heart in an easy way without the need to connect lots of electrodes in different parts of the
body, but simply placing the two hands of the patient on top of a couple of electrodes. This sensor
is further discussed in Section 5.2. This sensor, although simple and easy to use, can provide
a graphical trace of the ECG and automatic measurement of heart rate and its statistics, thus being
useful for arrhythmia monitoring.

- An integrated multi-channel Biomedical ASIC with a configurable sensor front-end [40,41],
which allows multiple electrodes for multi-channel ECG or EEG or EMG measurements plus
body temperature and blood pressure monitoring. The ASIC also supports automatic detection of
pacemaker signals to avoid false alarm generation. This sensor is further discussed in Section 5.3.

- A motion sensor for correct detection of the patient’s posture and possible falls. Indeed,
the measurement of most biomedical parameters is influenced by posture. Therefore, the posture
of the patient has to be acquired during remote monitoring to reduce the rate of false alarms or
missed detection. As an additional service, motion sensors allow for the detection of patient falls
and consequent alarm generation. Falls in elderly people are one of the main causes of accidents
at home. This sensor is further discussed in Section 5.4.

The other sensors we selected are already qualified (i.e., CE certified) commercial wireless medical
devices. Here the focus of our work has been first, together with medical staff from Fondazione
Toscana Gabriele Monasterio, to define the set of measurements to take for each of supported chronic
illness (CHF, diabetes, COPD) and the relevant requirements. Sensor specifications have been set
in terms of dynamic range, acceptable noise and interference levels, signal bandwidth, sensitivity,
and usability. Starting from this analysis, a set of BT and BLE sensors has been selected and integrated
within the acquisition platform discussed in previous sections. Table 1 shows the main characteristics
of the commercial sensors that have been used for the different illnesses monitored by the proposed
biomedical platforms. Power consumption of commercial devices, as reported in their respective
user manuals, is suitable for two or three months of use in a telemedicine service that requires one or
two measurements per day. For example, the Cardioline Microtel Cardiette ECG device ensures at
least 7 h of use with the same battery. This means that, assuming 2 min per measurement, the batteries
need to be replaced about every 100 days.

Table 1. List of COTS biomedical sensors.

Sensor Chronic Illness Device Characteristics

Cardioline Microtel
Cardiette CHF

3/6/12 channels derivation; ECG continuous
measurement; 0.05–150 Hz; sampling rate 500 Hz;

pacemaker detection; BT 2.0 SPP
A&D weighting scale

(UC-321PBT) CHF Range 0–200 kg, resolution 100 g; BT 2.0 SPP

A&D blood pressure
(UA-767PBT) CHF, COPD Range: pressure 20–280 mmHg, pulse: 40–200 bpm;

Accuracy: pressure ˘ 3 mmHg, pulse: ˘5%; BT 2.0 SPP
Nonin saturimeter

(Onyx II 9560) CHF, COPD Range: SpO2 0%–100%, pulse 20–250 bpm; Accuracy:
SpO2 ˘ 1, pulse ˘ 3 bpm

Lifescan Glucometer
(onetouch ultraeasy) diabetes Range: 20–600 md/dL; Accuracy: ˘5%; BT 2.0 SPP

MIR spirometer (Spirodoc) COPD Range: flux ˘ 16 L/s, Accuracy: flux ˘ 5%; BT 2.0 SPP
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5.2. Single-Lead ECG Sensor

5.2.1. State of the Art Review and Specifications of Devices for Patient ECG Self-Measurements

Many modern ECG devices for telemonitoring use a wide variety of technologies and methods to
record the electrocardiogram from the patient and send it to the service center. For example, systems
like Intelsens V-Patch [34], Iansys Lifecare [35], or Lifewatch Lifestar ACT [36] make use of adhesive
disposable electrodes attached to the chest in order to detect the ECG. Then, proprietary wireless
protocols and gateways are used for the transmission of the ECG through an Internet connection.
A different method of ECG acquisition is adopted by DOCOBO doc@home [37], which uses four
dry metal electrodes in contact with the hands and transmits the recorded ECG through a wired
telephone connection. Other devices like Card Guard PMP4 SelfCheck ECG [38] or SolutionMD ECG
Mobile [39] use Bluetooth technology for sending data to a third party gateway. The device in [38]
acquires the signal through two dry metal electrodes put directly on the chest or, as an alternative,
using 10 wet adhesive electrodes connected to the device by a cable. The device in [39] instead uses
a number of capacitive wearable electrodes embedded in clothing. In many of these solutions the
ECG measurement device has a complex human–machine interface (HMI), presenting many different
functions and showing much information.

The main objective of the proposed ECG device is to be ergonomic and easy to use in order to
encourage patients to periodically record and send their own electrocardiograms following an assigned
plan. To achieve this goal patients, mostly elderly, should be able to use and maintain the device
in complete autonomy. Thus, it is important to ensure that a low number of simple operations are
required to record and send the ECG. Moreover, the interaction with the device should be easy and
immediate. The need to provide supplies of disposable specific materials, such as the electrodes,
could represent a problem especially for elderly people, who often have poor mobility. To develop
an ECG device satisfying the requirements described above, the main issue is represented by the
electrical contacts with the patient. The most practiced solutions involve the use of adhesive electrodes
placed on the chest, arms, and legs, connected to the ECG device with cables. A less frequent alternative
is the use of dry or wet metal electrodes, located on the device, to be put directly in contact with the
chest. Although these devices are able to acquire a number of ECG leads ranging from three to 12,
these solutions are not optimal for our purpose. An affordable solution may be to reduce the number
of leads to one and to find an easy way to establish and maintain the contact of the electrodes with the
body. For example, the patient could record the first lead of his/her own ECG signal just by placing
his/her hands on the device. Then the recorded ECG is sent to the gateway discussed in Section 3,
through an automatic preconfigured Bluetooth connection. Once the ECG device is paired with the
gateway, the user only has to make sure that both are switched on and wait for the ready-to-record
signal. Another important aspect is the HMI, which should be as simple as possible in order to allow
the device to be user-friendly. Since elderly patients usually do not have confidence with technology,
an interface that presents more than one or two buttons and many functions and indicators may be
a cause of rejection. The proposed solution involves a HMI with only one button for switching the
device on/off, a few LED indicators (green for power and red for heart rate), and a simple display
LCD (128 ˆ 64 pixels).

5.2.2. Analysis of the Skin–Electrode Contact and the Shape of a Hand-Based Single-Lead ECG Device

To acquire a good-quality ECG in a comfortable, quick, and easy way for the patient, it is
important to find the best configuration for contact with the hands and an ergonomic shape for the
device. Thus, one of the first steps was a study about the position of the hands on the contacts that was
carried out with the help of Lifepak 15, a commercial professional electrocardiograph. The Lifepak 15 is
equipped with two metal paddles, used for defibrillation, with which it is also possible to detect an ECG
lead. By placing the hands on the paddles in different configurations, it was possible to compare
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the different qualities of the signal detected. In a previous work [17] we tested several different
configurations, of which the four most interesting configurations are reported here:

(1) paddles kept singularly in each hand with the palms in contact with the metal electrodes;
(2) paddles attached to each other on the insulated back and kept in contact with the skin through

the pressure of the hands;
(3) paddles placed on a plane with the electrodes on the top, in contact with the fingers of each hand;
(4) paddles placed on a plane with the electrodes on the top, in contact with the proximal part of the

palm of each hand.

Comparing the ECG obtained, the best quality signal is achieved in the case where the palms of
the hands are placed on the electrodes. In the other cases, where the fingers are involved or where
muscle tension is needed to keep contact, the ECG presents some artifacts due to the difficulty of
avoiding small movements that cause variations in the pressure of the skin over the electrodes.

Once we assessed the best hand–electrode contact configuration, another step was to investigate
the best shape for an ECG device that will be ergonomic and comfortable to use. Several different shapes
and ways to handle them were proposed to tens of elderly people. From the feedback of the testers,
the configuration that best allows one to keep stable contact with the electrodes is a parallelepiped
having dimensions of about 30 ˆ 5 ˆ 3 cm3, with the electrodes placed on a plane with the long side
parallel to the chest, on which the user lays the proximal part of the palm of the hand. Testers also
reported that the greatest comfort is obtained when laying the hands on the shape instead of keeping
it steady with one’s hands. Furthermore, it is better to keep only the proximal part of the hand on the
electrodes to avoid pressure on the wrists. This will cause an annoying feeling of pulsation during
the measurement.

One of the most important aspects to be considered when using dry metal electrodes concerns the
contact impedances of the electrodes with the skin, which represents the source impedances of the
system [42]. Figure 9 shows a simplified model of the skin–electrode contact impedance that presents
resistive and capacitive components.

Figure 9. Skin–electrode contact electric model.

When a differential amplifier is used to capture the electrical cardiac signal between two electrodes,
the values of the two source impedances have a significant influence on the quality of the output
signal. If the source impedances are unbalanced, an amount of common mode signal transforms
into a differential component at the input of the amplifier, worsening the Common Mode Rejection
Ratio (CMRR) of the system. Since it is impossible to guarantee two identical contact impedances,
especially if dry electrodes are used, it is important that the impedance values are as low as possible
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in order to minimize the absolute value of the difference. Moreover, the impedances are susceptible
to variations in time due to changes in the pressure of contacts or in the local conductivity of the
skin. This introduces low-frequency artifacts over the desired signal. Furthermore, the presence of
a capacitive component of the electrode–skin interface could also introduce a phase distortion in the
signal if the magnitude of the contact impedances is not negligible with respect to the value of the
input differential impedance of the amplifier. Thus, it is important to study the properties of the contact
impedances at the point of the body where the signal is detected.

To understand the order of magnitude of the source impedances, a simple frequency
characterization of the impedance of the hand–electrode contacts was made. A steel electrode, obtained
from pediatric defibrillation paddles, was fixed to each hand using an elastic bandage to keep a constant
pressure. A voltage-to-current converter and voltage amplifier circuit was realized to impose a current
between the two contact interfaces and to measure the voltage that occurs between the two electrodes.
By comparing the output signal with the input measured at different frequency values with the aid
of an oscilloscope, it was possible to obtain the sum of the two contact impedances. Assuming the
two impedances are equal, the value of one of them is half of the observed value. From experimental
measurements the maximum value of the impedance is about 10 kΩ at low frequencies (DC to 3 kHz),
while it decreases at higher frequencies. Since the magnitude of the skin–electrode impedance is
negligible with respect to the input impedance of a common instrumentation amplifier, the phase
value of the former was considered irrelevant.

5.2.3. Architecture of a Single-Lead ECG Device

Figure 10 represents the block diagram of the single-lead ECG biomedical device. It includes
two dry electrodes, an analog front-end, a microcontroller, a Bluetooth module, and a user interface.
The analog front-end circuit used to detect the ECG signal from the two contacts and to condition the
signal includes as input stage an instrumentation amplifier (IA). The IA stage converts the differential
input signal to a single-ended signal. The gain of this stage is low to avoid saturations due to input
offsets caused by the half-cell potential of the skin–electrode interfaces, usually ranging from 300 mV
to 1 V when unbalanced source impedances are present. The feedback loop on the reference pin of
the IA has been sized to implement a first-order high-pass filter that eliminates the output DC offset
acting on the reference voltage of the IA. The output of the IA is then amplified by a gain stage that
realizes a single pole low-pass filter and is finally supplied to the A/D converter of the microcontroller.
Filters are sized so that the overall band of the analog front-end is in the range of 0.5 Hz to 50 Hz.
The common mode unwanted signal at the input of the first stage is collected in the middle point of
the gain resistance of the IA. Then it is amplified by an inverting amplifier and inserted again into the
body through a third electrode in order to realize a negative feedback on the common mode disturbing
signal. This feedback loop is historically called “Right Leg Drive” and allows us to substantially
reduce the noise caused by the pairing of the patient with many sources of disturbing signals such as
power lines.

Figure 10. Architecture of the single-lead ECG biomedical device (left) and its implementation (right).
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An eight-bit RISC microcontroller evaluation board, the Atmel XMEGA-A3BU Xplained, was used
to realize the sampling, the digital elaboration, and the control of the system. The firmware performs
a fine-grained filtering of the ECG signal in the digital domain, provides the elaborated samples to
the Bluetooth 2.0 module with SPP profile, and manages the user interface. Moreover, an algorithm
calculates the heart rate. The sampling rate is 500 sps and the filter applied is a highly selective FIR
filter, built with 516 coefficients, having a passband ranging from 0.6 Hz to 37 Hz, and presenting
a notch response at 50 Hz (i.e., the power line frequency in Europe; for other nations the filter response
can be moved to 60 Hz). This filter achieves a clean signal in a frequency range defined “monitoring
band” that is suitable for ECG monitoring. The lower band limit of the filter is as low as possible in
order to allow the low-frequency components of the ECG signal to pass, but high enough to attenuate
the oscillations caused by the hand–electrode contact impedance variations. The heart rate is calculated
using the method of thresholding of the energy signal. In order to highlight the QRS complex, the ECG
signal is filtered again with a 15-Hz low-pass FIR filter and the resulting samples are squared, obtaining
a power signal. The power signal is then compared with a threshold that is proportional to the mean
value of the power signal itself over a time window, which represents the local energy of the signal.
When the threshold is exceeded, a QRS complex is detected and the time distance between near QRS
complexes allows us to calculate the heart rate. The microcontroller uses an UART port to send to
the Bluetooth module the filtered ECG samples to be forwarded to the gateway using the SPP profile.
The module can be configured in two working modes by pressing one of two buttons while powering
on the ECG device. In slave mode the module always waits for Bluetooth connection requests from the
gateway, whereas in the master mode the module itself sends connection requests when a previously
paired device is found. When a button is pressed the paired list is cleared and the device always waits
for a pairing request. Pairing procedure requires a PIN. The master mode allows the user to keep the
gateway always on and to establish an automatic connection just by powering on the ECG device.
Once connected, the firmware of the microcontroller provides autonomy and transparency to send
the ECG samples to the gateway. The microcontroller also drives the user interface, consisting of four
LEDs indicating the status of the device and a LCD that shows the heart rate value and the progress of
the acquisition.

For the overall power consumption let us consider a current consumption of about 100 mA,
drained from a supply voltage of 3.3 V. The 4-AA battery pack ensures more than 15 h of continuous
data streaming, which, considering its typical use in a telemedicine service (i.e., one measurement
per day), means approximately six months of autonomy.

5.2.4. Testing of a Prototype Single-Lead ECG Device

The first prototype was realized and its performance in terms of user-friendliness and ECG
quality was analyzed in an experimental trial with tens of testers, among them 12 elderly people
with an average age higher than 60. While simplicity is important to ensure usability by all patients,
ergonomics also has a relevant role in the quality of the ECG signal because it influences the stability of
the position of the patient during the acquisition. After receiving a few instructions, all the testers were
able to use the device without any help and reported as feedback that the position of the hands was
comfortable and easy to keep for some minutes. Figures 10 and 11 show the hands of a tester on the
prototype and the related ECG acquired. Another test campaign was done for comparing the quality
of the ECG obtained using the prototype with the ECG obtained using the Lifepak 15 configured in
the “monitor band” mode (i.e., 0.5 Hz–40 Hz). Figure 11 shows the result obtained, acquiring an ECG
simultaneously on the same tester using both the prototype (by placing the hands on the electrodes)
and the Lifepak 15 (by attaching the adhesive electrodes on the chest). The black trace on the graph
paper in Figure 11 is the printed output of the Lifepak, whereas the blue trace is the prototype data
using the new single-lead ECG device. The first two leads obtained at the same time with the two
different devices are very similar and overlap almost perfectly. The minimal worsening of the signal
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quality, mainly due to the limits imposed by the skin–electrode contact set-up, is acceptable considering
the significant improvements to the device usability.

 

Figure 11. Comparison of the ECG acquisition with the new single-lead ECG biomedical device
(blue trace) vs. a golden reference multi-lead ECG instrumentation (black trace). Electrodes placed on
the chest are needed only for the reference ECG. The proposed ECG device just requires placing the
hands, without any conductive gel, on top of the ECG device, where a couple of electrodes are placed.

Differently from [17], the newly developed single-lead ECG sensor can also be used as a stand-alone
personal care device in connection with a smartphone or tablet acting as a storage and display unit
(see Figure 12; the interface, in Italian in this specific example, can be regionalized according to the
device language settings). Through the BT connection the acquired signal is transmitted to an Android
OS-based terminal where a custom-developed app exploits the terminal processing and memory
hardware resources to filter the signal in the digital domain, displays the ECG trace on the LCD screen,
and allows us to build a repository of recorded ECG traces. Table 2 summarizes the main characteristics
of the single-lead ECG device.

 

Figure 12. Single-lead ECG application running on an Android device.

Table 2. Characteristics of the single-lead ECG.

Dimensions
(mm)

Sampling
Analog

Band (Hz)
Digital

Band (Hz)
Notch

Filter (Hz)
ECG Trace Processing Outputs

300 ˆ 70 ˆ 40 12 bit 500 sps 0.5–50 0.6–37 50 First lead Heart rate
detection

LCD display 128 ˆ 64 pixel
Green and red LEDs BT

2.0 SPP 115 kbps
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5.3. Multi-Channel Biomedical ASIC Sensor

5.3.1. General Architecture of the Biomedical ASIC

As discussed in Section 5.1, an ASIC has been designed and manufactured in AMS CMOS 2 Metal
Layers 2 Poly technology, to ensure multi-sensor integration in the same wearable and portable medical
device. The ASIC is assembled in a 14 ˆ 14 ˆ 1.4 mm3 TQFP (Thin Quad Flat Package) with 128 pins
and used at 3.3 V. The current drained from the power supply is 10 mA in typical operating mode
(i.e., 33 mW power consumption). Its operating temperature range is from 0 ˝C to 70 ˝C, which is fully
compliant with use at home. It ensures multiparametric biomedical signal acquisition. The ASIC has
been designed in the framework of the Health@Home European (EU) project in collaboration with
CAEN spa, taking into account the typical constraints of biomedical signals monitoring like multi-lead
ECG, blood pressure monitoring, and body temperature. With reference to the ASIC functional block
in Figure 13, the main building blocks of the ASICs are described hereafter. A fully configurable
multi-channel ECG block is present, with eight input differential channels (e.g., 16 input pins) for
signal conditioning including amplification, filtering, and offset regulation for 3-5-12-leads ECG
systems. There is also an adder generating the Central Terminal Point (CTP) for precordial leads,
a right leg (RL) driver, and a SHIELD driver to reduce the Common Mode 50 Hz noise. A pacemaker
detector section allows for pace pulses detection on a dedicated pin. All is in conformity with the
IEC 60601-2-51 2003-02 standard. There is also one analog channel designed for decoupling and
amplifying a blood pressure signal coming from an optional external pressure Sensor. Another input
analog channel is used to process a temperature signal provided by an external temperature sensor.
One programmable analog MUX allows for switching among the channels to be converted by the
ADC. A 16-bit SAR (Successive Approximation Register) ADC is used to convert the voltages from the
analog channels. The relevant Effective Number of Bits (ENOB) is 12. A serial peripheral interface
(SPI) [41] is used to configure the chip settings and for data readout. A dedicated battery channel is
present to monitor the battery status. On-chip diagnostic features, as in [43], are also integrated in the
biomedical ASIC.

 
Figure 13. Multi-channel front-end of the biomedical ASIC.
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5.3.2. Analysis of Specific ASIC Channels

Hereafter we describe the architecture of the specific channels for the monitoring of ECG, blood
pressure, temperature, and device battery status.

Each single ECG channel is composed of an IA with high CMRR, a programmable gain amplifier
(PGA), a BUFFER, and an offset regulator block. The IA has a high CMRR (100 dB typical; 92 dB
minimum) in order to reduce environmental electric interferences, like the 50 Hz noise from the
industrial network, always present in both electrodes that are connected with human body, and the
ground. The power supply rejection ratio (PSRR) is 100 dB typical, 96 dB minimum. A first-order
high-pass filter, obtained through an external capacitor, removes the low-frequency baseline wandering
that is so common in ECG circuits (usually due to electrodes). An anti-aliasing filter is obtained with
an external RC network. A PGA is used to provide four gains, 18, 24, 36, and 48, for standard ECG
measurement. The IA has a gain of 15.6 set with an external resistor of 1.2 MΩ. Therefore, the total gain
can be configured up to roughly 700. The third stage is a buffer section with fast settling that sends
out the signal to the ADC. Each ECG channel has some switching MUXs placed in the input section,
and is configurable via SPI command. The architecture of the ECG channel implements a baseline,
therefore quickly rectifying any time variations in the signals due to artifacts that cause a temporary
saturation of the IA. Offset regulator and gains regulator procedures are also available for each channel.
If the ECG measurement is chosen, a cyclic procedure is activated, and the analog MUX connects this
section to the ADC. Within 100 μs (worst case), all the channels are processed. Each ECG processing
channel has also been characterized in terms of noise: the input referred noise measured in the range
0.1 Hz to 150 Hz is within 10 μVrms.

The Adder block is used to obtain the CTP signal reference to be used as inverting input for
each channel that receives a pre-cordial signal. A driven RL circuit (RL Driver block) helps to set the
common mode, and is safer than connecting the RL to voltage reference. The circuitry, able to drive in
active mode the shield of the ECG cables (SHIELD Driver block), helps reduce the Common Mode
50 Hz noise.

A pacemaker detector block is also integrated in the ASIC to provide band pass filtering on the
ECG signal, full wave rectification for detecting pacemaker pulses of either polarities, peak detection
on the filtered and rectified signals, and discrimination relative to a programmable threshold level.
Once a pacemaker pulse is detected, it provides on the dedicated output digital pin a pulse whose
duration is configurable via SPI.

The Blood Pressure section includes two channels. One is an analog channel that converts a DC
single-ended, ground-referred voltage to a differential voltage suitable to be converted by the on-chip
ADC; it amplifies this signal. Input signal ranges between 0.5 V (0 mmHg) and 1.7 V (300 mmHg).
The offset voltage for single-ended/differential conversion is provided by the internal references
generator block. Another analog channel amplifies the AC component of the input pressure signal
and translates the DC component around a reference voltage. Extraction of the AC component is
assured by two external capacitors and one external resistor. If the BP measurement is chosen, a cyclic
procedure is activated, and the MUX connects this section to the ADC.

The skin temperature measurement channel uses an NTC resistor as input sensor: the NTC
resistor has a nonlinear voltage–temperature characteristic so an additional circuit is used to improve
the linearity of the response in the range of the acquisition system from 32 ˝C to 42 ˝C, including
body temperature.

The ADC structure used in this design is a SAR architecture, made by three main blocks: a sample
and hold stage, a comparators stage, and a residue-multiplying DAC stage. ADC needs 16 clock cycles
(1 MHz) to produce a 16-bit output code. The ADC has an INL of ˘1 LSB and a DNL of 0.75 LSB (worst
case). The offset and error gain of the ADC are below 0.5% and 1.5% of the full scale range, respectively.

Finally, the battery channel is used to monitor the battery status. Integrated bandgap circuits are
used to internally generate reference levels from 1.1 V to 3.5 V.
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In the experimental trials in Section 6, the biomedical ASIC has been configured so that the
ECG is acquired involving three channels and the RL driver. The blood pressure channel and the
temperature monitoring are also used in some configurations. Table 3 summarizes the characteristics
of the biomedical ASIC.

Table 3. Characteristics of the biomedical ASIC.

Tech.
Temp. V
Supply

ADC Channels ECG Channel
Gateway

Connection

CMOS 0.8 μm 0 to 70 ˝C 16 b 64 kSa/s 8 ECG,
1 blood press 100 dB CMRR, 57 dB gain BT 2.0 SPP

TQFP128 pin 3 V to 5 V INL/DNL1/0.75 LSB 1 temp.,
1 batt status 100 dB PSRR, 0.1 to 150 Hz

14 ˆ 14 ˆ 1.4 mm3 offset/gain error
0.5/1.5% Pacer detect, 10 μVrms/150 Hz input noise

5.4. Motion Sensor for Fall and Posture Detection

As discussed in Section 5.1, a custom mobility sensor to study body movement has been developed
in the framework of the EU-Tuscany Region FESR project RIS (Research and Innovation in Healthcare
Systems) in collaboration with TD Nuove Tecnologie S.p.a. In more detail, the newly developed sensor
is able to extract the following parameters: fall detection, static detection (no movement is detected),
step detection, and stride estimation. The sensor has been designed to be small enough and have
a low enough weight that it can be worn, also for medium-term periods, without any impairment
of normal activities for the patient. The sensor in Figure 14 has been implemented on a small PCB,
equipped with System in Package (SiP) device containing a nine-axis MEMS Inertial Measurement
Units (IMU). The sensor contains a 3-axial gyroscope plus a three-axis accelerometer and a three-axis
digital compass. To fuse the information coming from the three sensors avoiding realignment or
calibration issues, proper digital signal processing algorithms are implemented in real time on a 32-bit
ARM Cortex-M processor. Two built-in algorithms run on the device: the first computing the step
detection, stride estimation, and energy consumption; the second determining falls or the absence
of movement. Communication with the gateway is based on a Bluetooth 4.0 LE chipset, integrated
into the device. The motion sensor can be supplied at 3.3 V draining a current of few mA in normal
operating mode. The onboard Li-Po rechargeable battery (3.7 V, 240 mAh) ensures about 80 h of
continuous data streaming. Its size is comparable to the size of a 50 euro cent coin.

 

Figure 14. Newly developed motion sensor.

The algorithm implemented for step detection consists of four main stages. In the first stage,
the magnitude of the acceleration ai for each sample i, captured by the accelerometer, is computed.
In the second stage, the local acceleration variance is computed to remove gravity. The third stage
uses two thresholds: the first (T1) is applied to detect the swing phase, whereas the second (T2) is
applied to detect the stance phase (B2i) in a single step while walking. The fourth stage is detected
in sample i when a swing phase ends and a stance phase starts. Estimating the Stride Length (SL) is
necessary, at every detected step, in order to calculate the total forward movement of a person while
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walking. Here, SL depends on the person, his/her leg length and walking speed, and the nature of
the movements during walking, etc. The algorithm proposed by Weinberg [20] assumes that SL is
proportional to the bounce, or vertical movement, of the human hip. This hip bounce is estimated
from the largest acceleration differences at each step. The algorithm implemented for SL estimation
consists of the following steps. The first step computes the magnitude of accelerations ai. The second
step estimates the SL using the Weisberg expression in Equation (1) [19], where the maximum and
minimum operations are applied over the filtered accelerations in a window of size 2w+1 around
the sample i(p) corresponding to the p stance detection. In Equation (1) K is a constant that has to
be selected experimentally or calibrated. If the length SL, estimated by the method above, and the
frequency of the step is known, it is possible to derive the velocity of each step as the ratio of the
two sizes.

SL “ K¨ 4

c
max

raj
j“pip˘wq ´ min

raj
j“pip˘wq (1)

If the length SL, estimated by the method above, and the frequency of the step is known, it is
possible to derive the velocity of each step as the ratio of the two sizes. The algorithm implemented to
determine a fall is based on the controls of the thresholds. A fall-like event is defined as an acceleration
peak of magnitude greater than 3 g followed by a period of 2500 ms without further peaks exceeding
the threshold. The accelerometer-sampling rate has been set at 50 Hz, a trade-off between resolution
and power consumption. Threshold values around 3 g (ranging from 2.5 g to 3.5 g) have been
widely used in other fall detection systems [22]. The value 3 g is small enough to avoid false
negatives, since real falls are likely to present an acceleration pattern containing a peak that exceeds
such a value. Several sensor placements have been already tested, e.g., the waist, trunk, leg, hip,
and foot. From our test, although data from all locations provided similar levels of accuracy, the hip
was the best single location for recording data for activity detection. It provides better accuracy than
the other investigated placements [23]. This location is optimal for the implementation of more efficient
algorithms, as it allows a cleaner signal from the IMU. However, the exact position and orientation of
the platform on the hip are not important, because many algorithms only work with the magnitude of
sensor readings. Table 4 summarizes the characteristics of the motion sensor.

Table 4. Characteristics of the motion sensor.

Sampling Rare V Supply Sensor Digital Core Processing Output

50 sps 3.3 V 9D IMU (gyroscope,
accelerometer, digital compass) STM32 Fall event detection

Posture detection BLE 4.0

6. Experimental Trials

6.1. Experimental Trial Projects and Motivations

The proposed telemedicine platform, comprising remote monitoring kits (i.e., biomedical sensors
and gateways), service center applications, and Electronic Health Records, has been developed and
improved in the framework of different funded projects (ongoing or recently closed).

Health@Home EU Ambient Assisted Living project: remote monitoring of CHF patients recently
dismissed from hospital through self-measurement of the main vital signs.

Domino project, funded by Arezzo’s local health authority: remote monitoring of chronic patients
(mainly cardiac) with periodic in-house visits performed by nurses and circulation of clinical data
among all personnel involved in the patients’ care (e.g., family doctors, specialists, etc.).

RIS (Research and Innovation in Healthcare Systems) EU-Tuscany Region FESR project:
personalized and integrated remote monitoring of chronic patients, connecting in-hospital care
and out-of-hospital follow-up based on the “1:1” scenario (self-measurements) or “1:N” scenario
(measurements made by professional caregivers).
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RACE (Research and Accuracy in Cardiology based on Evidence of clinical data) EU-Tuscany
Region FESR project: long-term trial with health economic analysis in order to evaluate the impact of
the telemedicine model on the economic burden of the PHS.

All these projects included a trial phase in the real-world telemedicine scenario with the
involvement of patients and medical personnel. An exhaustive in-field demonstration phase is
crucial to assess and improve the effectiveness of telemedicine platforms. The primary outcomes of
our validations were, from a technical point of view, the usability of the system and its affordability,
whereas from the medical point of view they were the quality of the clinical data and the ability to
improve patient care.

6.2. Health@Home Experimental Trial Results

In the trial prepared for the Health@Home project, the platform was used according to the “1:1”
scenario. The validation of the telemedicine platform was implemented involving 30 patients (average
age of 62 years) affected by CHF coming from three different hospitals (Hospitales Universitarios
Virgen del Rocio in Spain, Zdravstveni Dom Koper in Slovenia, and Fondazione Toscana Gabriele
Monasterio in Italy), under the supervision of two doctors specializing in cardiology from each hospital.
The minimum monitoring period was three months. Inclusion criteria included diagnosis of heart
failure, New York Heart Association (NYHA) classes III and IV, at least one hospitalization for acute
heart failure in the previous six months, and agreement to take part in the study. Acute coronary
syndrome within three months before the enrollment was the only exclusion criterion. Patients were
enrolled in the study at time of discharge from the hospital where they were admitted for acute
heart failure or during a routine ambulatory visit. At enrollment time they received a monitoring
kit with digital scale, blood pressure monitor, oximeter, ECG device, telemedicine gateway, and brief
training on how to use the system. Both a technical and a medical contact were available for patients
during the trial.

In order to validate the platform, specialist doctors were asked to check the information that
arrived to HIS, evaluating the quality and coherence of the data collected and the relevance of the
alarms automatically generated by the platform. Moreover, a specific questionnaire was developed to
gather feedback from patients, caregivers, family, and specialist doctors about the end-user usability.
The robustness of data storage and data transmission was also evaluated.

The results show a very limited number of activity misses (<3%), mostly in the first days of
monitoring, also confirming the property of such a telemedicine system to improve the therapy
compliance. Additionally, the number of false positive alarms is less than 5%. No connectivity, storage,
and transmission problems, including data loss, occurred. All end-users reported valid impressions of
the platform and a good satisfaction level in the final questionnaire. Table 5 and Figure 15 show the
scores reached in each macro-parameter for medical staff and patients, respectively. Medical personnel
reported that the use of this platform does not impinge on their regular activity, while it represents
a valid means of controlling at a distance the progress of their patients thanks to the high quality of
acquired signals and alarm detection capability. All specialist doctors are definitively in favor of the
adoption of the platform. In addition, 89% of patients report a very high satisfaction level, highlighting
the friendliness of the solution and the ease of following the daily therapy.
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Table 5. Aggregated feedback from specialist doctors.

Macro-Parameter Score

Simply decision and increase effectiveness of diagnosis and treatment of patient
based on better evidence 9,125/10

In general terms, easy to use with clear and understandable interactions 9,5/10
Flexibility of the system and compatibility with other systems already in use 9,75/10

Quality of the provided signal 9,1/10
Sensibility of the alarm detection function 9,15/10

In favor of the adoption of the H@H system 9,2/10

Figure 15. Aggregated feedback from patients.

6.3. Domino Experimental Trial Results

The trial carried out in the Domino project exploited the potential of the presented platform
for the provisioning of a telemedicine service according to the “1:N” scenario. In particular, under
the supervision of the Local Health Authority of the city of Arezzo in Italy (ASL8), a group of
50 consenting chronic patients mainly affected by cardio-respiratory diseases (e.g., CHF, COPD) and
already following the Chronic Care Model procedures was monitored for a period of six months.
According to the “1:N” scenario, the proposed telemedicine equipment was used by two nurses
allocated by the ASL8 to this trial during the domiciliary visits. In this study, a telemedicine kit with
a gateway and a set of biomedical sensors (i.e., 12-lead ECG device, oximeter digital scale, blood
pressure monitor, glucometer, and spirometer) was provided to each nurse in order to collect vital
signs during the domiciliary visits scheduled according to the personalized healthcare plan of each
patient. This ICT-assisted method allowed an almost real-time distribution of the acquired vital signs
to all people interested in the patient’s care thanks to the automatic transmission of data directly after
the acquisition from the gateway to the online platform.

In order to evaluate the platform in term of usability, impact with respect to the traditional method,
and capacity to improve the management of the chronic patients, medical personnel involved in the
pilot were interviewed at the end of the period. Additionally, the robustness of data storage and data
transmission was evaluated.

From a technical point of view, no data loss occurred during the trial. In some cases real-time
transmission of the collected data was not possible due to missing availability of mobile broadband
connectivity. The main benefits of the “1: N” solution, highlighted by the medical staff, are:

- Synchronization of the vital signs of the patients as soon as they are acquired in the e-Health
center, through an automatic procedure that minimizes the possibility of errors due to manual
insertion of values.

- Clinical information sharing among the family doctor, the specialists, and the rest of the caregivers,
without any time or distance barriers.

- Reduction of the duration of the domiciliary visits, and a better scheduling of the work flows.

Table 6 summarizes the interviews with the nurses who used the telemedicine kit.

138



Electronics 2016, 5, 47

Table 6. Nurses interviewed in Domino project.

“The patient selection process and the measurement acquisition process are quickly and easy to use”
“The medical devices provided with the gateway cover acquisition of all the requested vital signs”

“The telemedicine kit, composed of a gateway and medical devices, represents an important improvement and
optimization of the domiciliary visit with respect to the traditional model”

6.4. RIS Experimental Trial Results

In the framework of the RIS project, the complete telemedicine platform described in previous
sections was extensively tested. The rationale was to test the ability of the platform to provide effective
telemedicine services involving in an integrated and coordinated fashion the hospitals, the territorial
services (i.e., family doctors, local Health Authorities, etc.) the clinical specialists, and in general all
the caregivers and stakeholder of the healthcare system. For these reasons, all paradigms described
in Section 3 were used in the pilot: self-measurements performed by the patients, domiciliary visits
assigned to nurses and health corners in public places (e.g., pharmacies, medical centers, residences for
elderly people, etc.). Moreover, the platform enhanced the role of the service center as a central point
of the architecture for the circulation, management, and sharing of clinical information. Operators
received specific training in how to manage the data coming from the telemedicine systems and how
to handle alarms. A group of 10 chronic patients, with CHF as the main complaint but also affected by
some comorbidities such as diabetes, was monitored for at least one month according to a structured
and personalized healthcare program that included self-measurements and periodic (i.e., weekly)
in-house visits.

At the end of the trial, the overall platform was evaluated through questionnaires and direct
interviews. The metrics established for the evaluation of the system belong to two main categories:
objective and subjective. The first are related to items that are unequivocally measurable; the latter
depend on the personal experience during the demonstration and the individual’s feeling about the
system. The quality of the vital signs, self-measured by the patients or collected by the nurses allocated
to domiciliary visits, was confirmed by specialist doctors, who also assessed the capability of the
platform to improve the treatment of chronic patients in terms of therapy compliance, clinical outcomes,
alarm situation handling, and better allocation of medical resources. The platform, as already assessed
in the previous pilots, confirmed its robustness and flexibility, avoiding data loss and ensuring secure
circulation of clinical information.

7. Conclusions

This paper has presented the implementation and experimental verification of a remote
monitoring system including the whole value chain from the top (health care model) down to
the technical implementations of sensors, data acquisition, processing, a communication platform
(gateway), and integration with a service center and HIS. The proposed system is scalable in different
telemedicine scenarios involving different roles for all the actors in a health system (patients, their
family, nurses, doctors, institutions, local health corners, call center operators): to this end the “1:1,”
“1:N,” and “point of care” scenarios are presented and discussed. A mixture of commercially available
sensors and new custom ones are presented and used. The new custom-designed sensors range
from a single-lead ECG for easy self-measurements at home, to a multi-channel biomedical ASIC
for acquisition of multi-channel bio signals (e.g., ECG, EEG, EMG), to a new motion sensor for
patient posture estimation and fall detection. Specific focus has been placed on aspects such as
the user interface and easy use of the device for non-professional users. From a communication
point of view, BT and BLE wireless PAN links are used between sensors and gateway, whereas
wireless LAN or wired technologies are used between the gateway and the remote server. All data
can be transferred though several protocols, including HL7 CDA. Experimental trials in real-world
telemedicine applications assess the proposed system in terms of easy usability for patients, family
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members, specialist doctors, and caregivers; in terms of scalability in different scenarios; and in terms
of suitability for the implementation of needed care plans.

Since the number and type of patients involved in the reported experimental trials (see Sections 6.2–6.4)
are still not enough to claim a complete survey and reliable statistics, there is ongoing experimental
activity. The aim of the ongoing activity is also to validate the efficacy, in terms of economic advantages
and impact on the conventional organization of people and infrastructures, of the telemedicine
scenarios for the PHS. The psychological acceptance of the telemedicine model from a large part of the
population should also be validated. To this end, the telemedicine system can also be supported by a
remote videophone service, exploiting compression technologies we already developed in [44–46]—thus
the patient can also “see” the doctor. Moreover, ongoing activity is focused on implementing a reliable,
automatic check of the quality of the acquired biomedical measurements. Currently, an automatic check
is done by the system but with a coarse grain (e.g., if acquired data or their difference with previous
acquisitions are above or under some specific thresholds), whereas a fine-grain analysis of the quality
of the acquired signal is left to the subjective analysis of the professional caregiver. Finally, in the
current implementation the alarms generated by the gateway must be first validated by the caregiver
before an emergency plan is activated and the patient is re-hospitalized. This increases the latency
of reaction to an alarm, which can be critical particularly if the patient’s home is far from a hospital
(e.g., mountainous zones and/or regions with low population density). In the future, when reliable
automatic diagnosis of the quality of the measurements is reached and the system has been tested on
a large population of patients with reliable statistics, automatic activation of the emergency plan can
be instituted.
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Abstract: We present an integrated sensing glove that combines two of the most visionary wearable
sensing technologies to provide both hand posture sensing and tactile pressure sensing in a
unique, lightweight, and stretchable device. Namely, hand posture reconstruction employs Knitted
Piezoresistive Fabrics that allows us to measure bending. From only five of these sensors (one
for each finger) the full hand pose of a 19 degrees of freedom (DOF) hand model is reconstructed
leveraging optimal sensor placement and estimation techniques. To this end, we exploit a-priori
information of synergistic coordination patterns in grasping tasks. Tactile sensing employs a
piezoresistive fabric allowing us to measure normal forces in more than 50 taxels spread over
the palmar surface of the glove. We describe both sensing technologies, report on the software
integration of both modalities, and describe a preliminary evaluation experiment analyzing hand
postures and force patterns during grasping. Results of the reconstruction are promising and
encourage us to push further our approach with potential applications in neuroscience, virtual reality,
robotics and tele-operation.

Keywords: hand pose sensing; tactile/force sensing; wearable sensing; optimal design; human
hand synergies

1. Introduction

The human hand is the principal means of interaction with the external world and has a crucial
role in many tasks related to common daily life activities. Consequently, numerous neuro-scientific
works have focussed their attention on the quantitative analysis of hand kinematics and kinetics to
deepen our understanding of the motor control mechanisms underlying the remarkable manipulation
skills of human hands and thus paving the way to develop more efficient human-machine interfaces
and robotic hands. Many application fields can benefit from these research results, e.g., virtual
reality/video-games [1,2], rehabilitation [3,4] and remote manipulation/tele-operation [5,6].

Existing hand pose reconstruction (HPR) systems are visual-based or glove-based devices that
track and estimate the hand kinematics, see [7–9] for a detailed review. Visual-based HPR systems,
such as the ones described in [1,2,6], are quite accurate, inexpensive and unobtrusive, but they are not
suitable for ambulatory monitoring during daily life activities. In contrast, glove-based HPR devices,
relying on off-the-shelf flex sensors [3,10], dielectric elastomer stretch sensors [11], optical fibers [12],
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or inertial measurement units [4], are intrinsically ambulatory, but they are often less usable than
visual-based systems due to obtrusive wiring and rigid sensor technology that does not adapt to the
dynamically changing hand shape of the users. Indeed, the human body, and the human hand in
particular, have a high number of degrees of freedom (DOFs) that act on a continuously compliant
structure. For this reason, stretchability and adaptability of the sensing technology are mandatory
requirements for efficient and ecological monitoring of the human hand.

In addition to hand pose, tactile sensing and force control play a crucial role for
successful manipulation. In an early experiment it was shown, that subjects have severe difficulties
in maintaining stable grasps when their sense of touch was eliminated by local anesthesia [13].
Similarly, the lack of tactile feedback in today’s robots restricts their use to highly structured
environments where contact with unknown objects and humans has to be avoided by external
security measures. To endow future service robots with modern tactile sensors, e.g., [14–17], and thus
to enable their operation also in unstructured and unknown environments, calls for new tactile-based
control approaches [18–20]. To develop those, in turn requires a deeper understanding of the interplay
between kinematic and kinetic hand control in human manipulation, i.e., particularly also considering
interaction forces, which will open new insights into the overall motor control processes underlying
manual intelligence [21].

Several works have dealt with the development of flexible tactile sensors suitable for ambulatory
hand monitoring. A common technology employs flexible printed circuit boards (PCBs) [22–24],
which can be bent in one direction at a time. Cutting the film carrier, surfaces with two-dimensional
curvature can be covered as well [14,25]. However, stretchable material can much better adapt to the
variable human hand shape. For example, methods using conductive rubber with interwoven wiring
were reported [26]. Using electrical impedance tomography, it is possible to get rid of the wiring and
only use electrodes along the circumference of the conductive rubber sensor to reconstruct applied
force patterns [27]. However, this method is prone to ghosting and mirroring (detecting spurious
tactile locations). Optical sensors, exploiting intensity modulation based on reflection [28] or strain
in optical fibers [29], require cumbersome wiring to/from light sources and thus are too bulky for
unobtrusive usage. Very high spatial resolution was achieved with a sprayed-on silicone elastomer [30],
but this method was restricted to single-time usage. All these tactile sensing technologies present some
drawbacks, mainly related to poor robustness, scarce adaptability, or complex electronics design.

To the best of our knowledge, none of the existing monitoring systems can measure at the same
time the hand pose and tactile/kinetic information in an ambulatory and unobtrusive fashion. The aim
of the current work is to report about the development and preliminary assessment of a multi-modal
sensing glove able to provide both kinematic and kinetic information.

The kinematic part of our prototype—the kinaesthetic glove of Section 2.1—relies on our previous
achievements on the development of textile-based, flexible and stretchable electro-goniometers,
described in [31–33]. Similar sensors were used to estimate the pose of a continuum soft robot [34].
Textile goniometers, besides being stretchable and well adaptable to the different body structures,
demonstrated a reliable performance in angular measurement (errors below five degrees [33]). On the
other hand, they are quite complex bi-layer devices that need at least six connecting wires per DOF, thus
limiting their use in multi-DOF monitoring (such as the human hand). For this reason—to maintain the
wearability of our prototype—we combined textile goniometers with synergy-based optimal design
and reconstruction techniques, we have described in [35,36]. In particular, we have exploited human
hand synergy information, i.e., inter-joint covariation patterns, to design an under-sensing glove able
to reconstruct the full hand posture (of a 19-DOF hand model) from only five goniometric sensors. The
sensors are placed on the hand joints according to a synergy-based optimal design and the complete
hand kinematics is reconstructed leveraging synergistic information again, following the theoretical
findings we reported in [36].

The kinetic part of our prototype—the tactile sensing glove described in Section 2.2—is based on
our previous developments of fabric-based, flexible and stretchable tactile sensors [37,38]. The sensor is
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composed of multilayer, conductive and piezo-resistive fabric that allows for multi-taxel measurements.
The fabric substrate makes the sensor soft, light, and conformable to natural shapes. The force
measurement range is [0.1 − 30] N, thus covering the range of grasping forces observed in human
daily-life activities [39]. The multi-taxel sensor design mimics the distribution of mechano-receptors in
the human hand, achieving spatial resolutions of less than 1 cm in the fingertips and less than 3 cm in
the palm.

In the current work, we integrated the kinaesthetic and tactile sensing gloves to develop a
unique hand monitoring interface. In particular, we have conceived grasping experiments where the
kinaesthetic glove was worn underneath the tactile one, while both the kinematic and kinetic signals
were acquired and interpreted. A dedicated software developed in ROS enables to synchronize data
acquisition and implements result visualization through a realistic dedicated hand model. Preliminary
experiments performed with one participant show a good level of reliability. In this manner, we also
demonstrate the feasibility of the here proposed approach, which encourages us to further proceed
towards a more effective hardware integration. At the same time, a thorough quantitative validation
and exploration of potential application fields are envisioned.

2. Materials and Methods

2.1. Kinaesthetic Sensing

The kinaesthetic sensing glove reconstructs the hand poses associated to daily life grasping activities.
The key design objectives were: (i) hand pose reconstruction according to a 19 degrees of freedom
kinematic model of the human hand; (ii) real time performance; and (iii) wearability, which is a
key aspect to enable the glove employment during daily life activities (e.g., rehabilitation, robotic
tele-operation, entertainment, etc.).

2.1.1. Textile-Based Goniometers

We employed “e-textile” goniometers based on knitted piezoresistive fabrics (KPFs). As described
in our previous studies [31,32], KPF goniometers are made of two identical piezoresistive layers that
are coupled through an electrically insulating textile. As shown in Figure 1a, we fold a single KPF on
the insulating layer to obtain the goniometer. The theoretical working principle assumes the flexion
angle (θ), defined as the angle between the tangent planes at the sensor extremities (Figure 1b), to be
proportional to the difference of the electrical resistance (ΔR) between the two layers.

pi, i=1..6 
connecting pads

Insulating  
layer 

p1 p2 p3

p4 p5 

p6 

KPF layer

KPF layer

(a)Layers

θ

(b)Principle

Figure 1. Textile goniometer made of two knitted piezoresistive fabric (KPF) layers. (a) The two
conductive KPF layers (in black) are coupled through the electrically insulating stratum (in light gray).
The device has six connecting pads for power supply and signal acquisition (pi, i = 1, ..., 6, in dark
grey); (b) The difference of electrical resistance (ΔR) between the two sensing layers is proportional to
the flexion angle (θ), defined as the angle between the planes tangent to the sensor extremities.
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As demonstrated in [31], the relationship θ(ΔR) can be approximated using the following
linear function:

θ =
ΔR − ΔRo

s
, (1)

where s and ΔRo are the angular sensitivity and offset, respectively, which can be determined in the
calibration phase by measuring the sensor output in two known angular positions (0◦: flat hand, palm
down, 90◦: closed hand (fist)). Note, that due to the differential measurement (ΔR = R1 − R2), the
sensor is agnostic to pressure and stretching, but only measures bending.

As shown in Figure 2, the goniometer can be regarded as the series of six strain-variable electrical
resistances (three resistances for each layer). The resistances R1 and R2 represent the active layers of the
goniometer and their difference ΔR = R1 − R2 depends on the flexion angle (θ) through Equation (1).
We acquire R1 and R2 by means of a 4-wires measuring method (to reduce the influence of the contact
resistances at the pads). We supply a constant current I between the pads p1 and p6 and we amplify
the voltage across consecutive signal pads (V1 = Vp2 − Vp3 = R1 I and V2 = Vp4 − Vp5 = R2 I) through
the instrumentation amplifiers INS1 and INS2. We chose instrumentation amplifiers to avoid current
loss through p2 − p5 thanks to the high input impedance. We set both amplifications to the same
quantity (A), thus obtaining: Vo1 = A R1 I and Vo2 = A R2 I. Finally, the differential amplifier (DIFF)
amplifies the difference between Vo1 and Vo2 to obtain the final output (Vout) that is proportional to ΔR.
Note that the proportionality constant depends on well known values: I, A and the gain of DIFF.
DIFF can be also used to perform hardware compensation of the sensor offset.
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Figure 2. Electrical model of the KPF goniometer and schematic of the front-end of the acquisition
electronics. The light grey boxes are strain-variable electrical resistances. A 4-wires resistance measuring
method is employed: (i) a constant current (I) is supplied (pads p1 and p6); (ii) the voltages across the
two sensing layers are measured (p1 − p2 and p4 − p5) through the two instrumentation amplifiers
(INS1 and INS2), and (iii) the difference between the measured voltages—proportional to ΔR—is
performed through the differential amplifier (DIFF).

In an earlier sensing glove prototype [33], we integrated three KPF goniometers to measure
the flexion-extension of thumb (trapezius-metacarpal joint), index (metacarpal-phalangeal joint) and
medium (metacarpal-phalangeal joint) fingers. The KPF goniometers exhibit errors below 5 degrees
during natural hand opening/closing movements. Despite these promising results, that can be
considered a consistent step forward in human motion detection through e-textiles, KPF goniometers
cannot be easily employed in multi-DOF measurements due to the high number of connecting wires
per DOF (6 pads per goniometer, see Figure 1a).

2.1.2. Glove Design

As a compromise between wearability/comfort and reconstruction performance, we have
designed and engineered the kinaesthetic sensing glove, which uses only five KPF sensors optimally
placed over the hand to measure five joints according to the optimal design guidelines described
in [36]. We chose a five sensor design as a good trade-off between the retrieved kinematic information
and the wearability of the prototype. The hand pose reconstruction can then be performed
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exploiting synergistic information to estimate the full hand kinematics according to a 19 DOF model.
The 19 DOF kinematic model (reported in Figure 3) is partially derived from the study described
in [40], augmenting the original 15 DOF model with the distal joints of the fingers. Their joint values
are computed from proximal joints (P) using the relationship θD = 2

3 · θP [41].

Figure 3. The 19 degrees of freedom (DOF) kinematic model of the human hand.

The main idea of the synergy-based approach is to exploit joint angle correlations observed in
human hand poses during everyday tasks. Performing a principal component analysis (PCA) on those
hand poses, it is possible to explain a huge fraction of hand motions using only a few eigen vectors
(synergies), which effectively reduces the number of independently controlled degrees of freedom
in the human hand. This prior knowledge on how humans most frequently use their hands can be
exploited as a prior to reconstruct the most likely hand pose from only a few noisy measurements
provided by any HPR device [35,42,43]. In this manner, undersensing, i.e., the usage of a number of
sensors (m = 5) smaller than the number of DOFs (n = 19), becomes feasible, thus ensuring full hand
reconstruction from a reduced amount of sensing elements. This aspect is particularly important to
increase the wearability of the prototype.

At the same time, hand synergies can be also used to determine the sensor selection that maximizes
the knowledge on the actual posture given a limited number of sensors [36,44]. For further details, the
interested reader should refer to the mentioned references. However, for the sake of completeness, we
will summarize the main equations in the following section.

2.1.3. Synergy-Based Hand Pose Reconstruction

Let us consider an n-DoF hand model to be reconstructed from m sensors. Assuming a linear
relationship between joint variables x ∈ R

n and measurements y ∈ R
m we obtain the model:

y = Hx + η (2)

where H ∈ R
m×n is a full-row-rank matrix and η ∈ R

m denotes Gaussian measurement noise, with
zero mean and covariance R. From a kinematic point of view, hand synergies can be defined in terms
of inter-joint covariation patterns, which were observed both in free hand motion [40] and object
manipulation [45]. Collecting a large number N of hand postures in a matrix X ∈ R

n×N , the synergy
information can be summarized in the covariance matrix

Co =
1

N − 1

N

∑
i=1

(xi − x̄)(xi − x̄)T ∈ R
n×n , (3)
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where xi and x̄ ∈ R
n are individual hand posture vectors and the mean hand posture vector respectively.

According to [42], the hand pose reconstruction can be obtained through the minimum variance
estimation (MVE) technique as:

x̂(y) = x̄ − Co HT(HCo HT + R)−1(Hx̄ − y) (4)

where the matrix Cmap = Co − Co HT(HCo HT + R)−1HCo is the ”a-posteriori” covariance matrix, that
can be used as a measure of how much information an observable variable yi carries about a joint
variable xj. In [36,44], we explored the role of the measurement matrix H on the estimation procedure
and obtained as a result the optimal placement of sensors. Theoretical results were used to devise
design guidelines for the kinematic sensing glove, as discussed in the next subsection.

2.1.4. Sensor Layout

Starting from the hypothesis that each goniometer measures a single hand DOF, the optimal
design problem is reduced to the choice of the m DOFs (or joints) that ensure the best
reconstruction performance. Assuming negligible measurement noise, the theoretical solution
described in [36] with five measures (which represent a good trade-off between effectiveness
and wearability) proposes to place the sensors at the following joints: TA, MM, RP, LA and LM.
Then we engineered the kinaesthetic glove by sewing KPF goniometers on a Lycra glove, positioning
them over the chosen joints, as shown in Figure 4. The KPF goniometers were specifically built for the
specific application and, in particular, their length was specifically tailored to take into account the
subject’s anthropometric variability (avoiding cross-talk).

Figure 4. The kinaesthetic glove. According to the optimal design criteria, the five KPF goniometers
are placed on TA, MM, RP, LA and LM joints of the hand.

For the acquisition phase, we designed and developed a dedicated acquisition unit. The analog
front-end has five channels, one for each goniometer, which replicate the circuit reported in Figure 2.
We filtered each channel with a low-pass (anti-aliasing) filter with 10 Hz cut-off frequency. An
”Arduino Micro” board was then employed to digitally convert (10 Sa/s) and stream the data to a PC
for further processing.

2.2. Tactile Sensing

The tactile sensing glove attempts to acquire contact forces during interaction with objects like
everyday grasping and manipulation. Key design objectives during the development of the sensorized
glove were: (i) high sensitivity to allow for detection of small first-touch contact forces around 0.1 N;
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(ii) coverage of a large range of forces up to 30 N; and (iii) a high degree of wearability and robustness.
Particularly, wearability is a very important aspect in order to minimize interference with human
motion execution and tactile sensing thus maintaining a manipulation experience that is as natural
as possible. Accordingly, we looked for a thin and stretchable fabrics solution, and –after evaluating
numerous combinations of conductive fabrics– we decided for a design comprising four layers of
fabrics as shown in Figure 5.

Figure 5. The flexible tactile sensing glove is manufactured from several layers of conductive and
piezo-resistive fabrics.

The sensor exploits the piezo-resistive effect, i.e., mechanical pressure applied to the material
induces a change of its electrical resistance that can be easily measured. The piezo-resistive material
employed here is a highly stretchable knitted fabric (72% nylon, 28% spandex) manufactured by Eeonyx.
The individual fibers within the fabric are coated on a nano-scale with inherently-conductive polymers.
The material is available at different resistances, determined by the thickness of the applied coating.
During experimental testing, we found a material with a surface resistivity of 70–80 kΩ/� to be most
suitable for our application.

By placing the piezo-resistive fabric between two highly conductive materials, we can measure
the change in the resistance between the two outer layers when pressure is applied to the compound.
These outer layers constitute the low impedance electrodes that transport current into and out
of the sensor with minimal losses. A low impedance is achieved by plating nylon knitted fabric
(78% polyamide, 22% elastomer) with pure silver particles.

Wrinkles in the fabrics can generate spurious contact observations. Thus, in order to reduce this
effect, we integrated an additional meshed layer between the piezo-resistive layer and an electrode
layer, which keeps them insulated as long as too small forces are applied. Obviously, the sensor’s
first-touch sensitivity, i.e., the smallest measurable force threshold, depends on the thickness of the
meshed layer and on the size of its mesh openings: Smaller openings and thicker layers result in a
higher force threshold, because more force is required to establish contact between conductive layers.
We evaluated meshes with openings in the range of 0.2 to 5 mm and found that a 0.23 mm thick
fabric with a honeycomb structure (Figure 5) and openings of ca. 2 mm balances best between high
first-touch sensitivity and suppression of spurious contacts. In experiments we measured an initial
force threshold of 0.1 N using a 3 mm2 probe tip.

The more contacts between the conductive layers are established, the more the resistivity
decreases. Hence, above the initial force threshold, the sensor can be considered as a parallel circuit of
force-sensitive resistors (Figure 6). Hence, as already pointed out in [46], two major factors contribute
to the force sensitivity of a piezo-resistive sensor: (i) the increase of contact area between conductive
layers and (ii) the piezo-resistive effect in the middle layer.
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Figure 6. Schematic representation of the fabric-based tactile sensor: Two highly conductive
electrode layers (silver) enclose a piezo-resistive layer (orange), measuring changes in its resistivity.
The mesh layer, pictured in green, guarantees high resistance (GΩ range) during no-contact idle state.
When contacts are established between the electrode and piezo-resistive layer, the sensor acts as parallel
circuit of force sensitive resistors.

The high resistance of the sensor in its idle state has the additional benefit of minimizing the
current flow through the sensor and thus minimizing the energy loss. This ensures a longer runtime
for battery-powered portable systems and also significantly reduces the heat produced by the sensor.

2.2.1. Tactile Sensor Characteristics

To determine the sensor characteristics and to evaluate various fabric materials, we used a
measurement bench with a calibrated, strain gauge sensor mounted on a vertical linear axis to measure
ground truth forces. A motion performed along the linear axis is transformed into force changes via
a coil-spring.

We evaluated the sensor characteristics by first increasing the force from 0 to 10 N and
subsequently decreasing back again to 0 N, always measuring the resulting voltage between
the electrodes. Between individual measurements, the linear axis was displaced by an amount
of 0.1 mm, decreasing or increasing the applied force in a non-linear fashion. Before each measurement
we waited for 300 ms for the mechanics to settle, thus reducing transient effects. Each measurement
sweep was repeated 5 times to evaluate the repeatability of measurements. The resulting characteristic
curves for various sensor materials are shown in Figure 7.

All curves exhibit an hysteresis effect, i.e., measuring smaller voltages (or higher force)
during unloading compared to the loading phase for the same applied forces (up to 14% of the
measurement range). This hysteresis effect is common to all piezo-resistive materials due to an
increasing intertwinement of the material and memorized compression due to the applied load.
However, as can be observed from the graphs, the sensor’s repeatability is very high, having a
standard deviation of less than 0.4% of the measurement range.

We have chosen a fabrics that nicely covers the whole measurement range of 0–5 V within the
typical force range of 0–30 N observed in typical human manual interaction [39]. The nonlinear,
saturating sensor characteristics is beneficial for measuring forces across several orders of magnitude:
While the sensor provides high force resolution for small forces (< 10 N), it can also measure forces up
to 60 N. This is in accordance to the human sense of touch, which exhibits a power-law dependency of
resolution as well [47].

2.2.2. Taxel Layout and Glove Design

Employing the fabrics-based tactile sensor, we produced a multi-taxel tactile-sensing glove to be
worn by humans allowing us to record force interaction patterns during manipulation. To this end,
different taxel areas need to be isolated from each other. We employed two different methods to do
so: First, individual fabric patches are sewed onto a very thin and breathable support glove. As the
seams will disturb the tactile experience of the human operator, we tried to minimize the number of
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seams. Hence, as a second method to create isolated taxels, we used etching: Employing a FeCl3 acid,
the conductive silver coating of the electrode layer is removed along thin paths between individual
taxels, thus electrically isolating them from each other. The resulting glove with its individual taxels is
shown in Figure 8.

Figure 7. Tactile sensor characteristics was measured using a 1 cm2 flat probe tip. Curves of like
colors represent a measurement sweep of increasing and decreasing force in the range of 0–10 N for
a specific material. All curves exhibit hysteresis that is common to piezo-resistive sensors. We have
chosen the material that best covers the whole measurement range of 0–5 V, namely the fabrics with a
surface resistance of 70–80 kΩ/� without the spacer layer (Ω/� indicates the unit of surface resistivity).

Figure 8. Tactile-sensing glove composed from various sensing patches sewed onto a very thin and
breathable base glove. Individual sensing patches are further subdivided into taxels by etching away
the conductive silver coating. The corresponding insulating gaps are clearly visible as dark lines in
contrast to the bright taxels regions.

In order to reduce sensor degradation due to sweat and other moisture (which corrodes the
silver coating), the sensing layers are augmented with an additional vapor barrier underneath the lower
electrode layer as shown in Figure 5. The individual taxels are connected to the acquisition electronics,
which is located in a wrist band, using Teflon coated wires interwoven into the electrode layers. Using a
voltage divider circuit and an ADC for each single taxel, a PIC18 micro-controller on the acquisition
board collects the sensor data of all taxels and transmits them via USB to the host PC.
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The taxel distribution across the palmar side of the glove was chosen to mimick the density
distribution of mechano-receptors in the human hand [48]; however, on a much coarser scale.
Each finger tip comprises four individual taxels, measuring contact forces at the tip, the central
fingertip area, and on the sides. Similarly, the other finger segments are covered by 2–3 taxels. Their
sensor area ranges from 34 to 130 mm2 corresponding to a spatial resolution of 7.2 to 9.6 mm.

For the palm we have chosen much larger taxel areas (195 to 488 mm2) corresponding to a spatial
resolution of 12.4 to 29.7 mm. All sensor patches are designed to minimize wrinkling within individual
taxels as this would induce spurious measurement peaks. Consequently, each finger segment is
covered by an individual fabrics patch, which is further subdivided by etching into individual taxels.
The sensor patches within the palm were separated along typical folds of the human skin. The final
tactile-sensing glove comprises 54 individual taxels as shown in Figure 5.

2.3. Experiment Approach

For the experiments, we placed the two types of glove one over the other. A dedicated
software was developed based on ROS to enable modular and synchronous data acquisition as
well as visualization. More specifically, the data acquisition and processing modules of the two sensing
gloves published their time-stamped measurements (joint angle and normal force values) to specific
ROS topics, which were integrated by rviz for visualization. For pose visualization we developed a
rigid-link 3D model of a human hand, which is available as URDF. Tactile contact forces are rendered
on top of this hand model using mesh markers matching the shape of individual taxels and mapping
force magnitudes with a color-map from black over green to red, i.e., from zero over medium to
maximum force. To specify the tactile sensor configuration, i.e., location and shape of taxels, we
augmented URDF with appropriate information. The corresponding software is available on on our
repository [49].

For the preliminary experiments, we asked a right handed male participant (28) to grasp the
following objects, which are representative of human grasp workspace as we did in [43,50]: hammer,
credit card, pen and ball. What is observable is the high kinematic coherence with human biomechanics:
at the same time, contact force can be visualized thus providing information on which parts of human
hand are the most involved for grasp. Note that the effectiveness of the integration of synergistic
information for hand posture reconstruction via Conductive Elastomer (CE) and KPF sensors was
already validated in terms of estimation error and pose classification in [35] and in [50], respectively.
For further details, the interested reader can refer to these references. In Figure 9 we report the original
grasps performed by the subject wearing the integrated glove as well as their reconstructions in a
side-by-side manner. As already mentioned, the reconstructions are defined in R

19, completing the
measurements of the five KPF sensors with synergistic information. For the sake of visualization, in
Figure 9 the grasped object is also shown.

(a) Hammer Grasp (b) Reconstruction

Figure 9. Cont.
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(c) Credit Card Grasp (d) Reconstruction

(e) Handwriting Grasp (f) Reconstruction

(g) Ball Grasp (h) Reconstruction

Figure 9. Side-by-side comparison of real and reconstructed grasps.

3. Discussion and Conclusions

In this paper, we have reported on the (software) integration between a tactile glove and an HPR
under-sensed system based on KPF technology. The latter uses synergistic information, i.e., hand
joint covariation patterns observed in grasping tasks, to complete the estimation of the hand pose
from only five measures to a set of 19 joint angles. Outcomes of such an integrated sensing can be
displayed using a visualization tool, which enables to show both postural and tactile information of
the user’s hand. Results are very promising and show a high level of consistency with human hand
bio-mechanics, under a qualitative point of view. This encourages us to push further our wearable
approach that could have numerous applications in different fields, such as neuroscience. For example,
the system could be used to investigate how the central nervous system copes the redundancy problem
by examining how humans control grasping of hand-held objects in unconstrained grasping tasks,
enabling the analysis of anticipatory control in both the position and force/tactile domains [51,52].
Another potential application field could be in rehabilitation for the assessment of hand recovery
in post-stroke patients. Indeed, the integrated measurement of both hand posture and force/tactile
information on the patient’s hand, both jointly recorded in an unobtrusive and ecological fashion,
is important for the evaluation of the effectiveness of therapeutic outcomes. Our integrated glove
could be also employed to map user’s hand kinematics and tactile data onto a slave robotic hand
controlled in tele-operation tasks. Finally other potential application fields could be in virtual reality
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and entertainment. Future works will be devoted to develop our integration also under a hardware
point of view, in order to get a more and more unobtrusive sensing system. At the same time, a more
thorough quantitative evaluation of our techniques will be performed. Finally, we will also consider
the usage of other wearable sensing systems, which could provide additional information on the
interaction between the human hand and the external environment (e.g., [53], as well as the integration
of the here proposed approach with feedback mechanisms, see e.g., [54,55] to be used in tele-operation
applications for the remote control of robotic hands).
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Abstract: In this paper, an analytical and accurate in-to-out (I2O) human body path loss (PL) model
at 2.45 GHz is derived based on a 3D heterogeneous human body model under safety constraints.
The bit error rate (BER) performance for this channel using multiple efficient modulation schemes
is investigated and the link budget is analyzed based on a predetermined satisfactory BER of 10´3.
In addition, an incremental relay-based cooperative quality of service-aware (QoS-aware) routing
protocol for the proposed I2O WBAN is presented and compared with an existing scheme. Linear
programming QoS metric expressions are derived and employed to maximize the network lifetime,
throughput, minimizing delay. Results show that binary phase-shift keying (BPSK) outperforms other
modulation techniques for the proposed I2O WBAN systems, enabling the support of a 30 Mbps data
transmission rate up to 1.6 m and affording more reliable communication links when the transmitter
power is increased. Moreover, the proposed incremental cooperative routing protocol outperforms
the existing two-relay technique in terms of energy efficiency. Open issues and on-going research
within the I2O WBAN area are presented and discussed as an inspiration towards developments in
health IoT applications.

Keywords: health IoT; in-to-out body channel; WBAN; QoS-aware; BER; routing protocol

1. Introduction

The health Internet of Things (IoT) is one of the most promising approaches in improving the
quality of human life. This is through healthcare monitoring and remote telemedicine support systems,
which are able to deliver real-time data collection, transmission and visualization via the Internet [1,2].
In our previous work, we have presented a flexible quality of service (QoS) target-specific smart
healthcare system [3]. This consisted of a smart gateway, a collection of sensor nodes and wireless
communication links that can continuously acquire, process and transmit human vital signs to a
remote medical server. Such a system makes remote patient health status monitoring by doctors and
nurses a feasible proposition [1,3]. Moreover, the large volume of data collected makes it possible
for researchers to develop new healthcare products and provide effective health education to people
via the internet [1,4]. A wireless body area network (WBAN) is a networking technology that offers
the prospect of the early detection of abnormal health conditions, real-time healthcare monitoring
and remote telemedicine support systems. The Institute of Electrical and Electronic Engineers (IEEE)
802.15.6 Task Group has established the first international wireless communication standardisation of
WBANs that optimises power consumption and provides safety guidance for medical and non-medical
applications operating inside, on, or around the human body [4]. To date, the existing research work

Electronics 2016, 5, 38 158 www.mdpi.com/journal/electronics
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has mainly focused on on-body and off-body communication systems rather than in-body or I2O body
communication systems [1,4,5].

We previously proposed a biological implant WBAN communication channel [5], where the
communication link was specific for the human cephalic region and covered a limited communication
range. Thus in this paper, the proposed I2O body WBAN systems enable transmission of real-time
medical data from the in-body to the on-body area, which can enhance several practical health IoT
scenarios [1,4]. Figure 1 shows the system in total, with the focus of this paper being the I2O tranmission
link shown on the frontal thorax of the human outline.

p p g

Figure 1. The proposed typical structure of the health IoT system.

WBANs differ from traditional wireless communication systems in terms of propagation medium,
transmission power restrictions and human tissue/organ safety requirements [5]. Over 65% of the
human intra-body region is composed of water. Moreover, organ-tissue communications and drug
transportation is via the blood [6]. This makes radio frequency (RF) signals remarkably attenuated
when transmitting data through tissues/organs, even at relatively low frequencies such as the medical
implant communication service (MICS) 402–405 MHz band proposed by the IEEE [5]. The 2.45 GHz
industrial, scientific and medical (ISM) radio band is investigated in this article, as this brings
advantages for WBAN systems. These are primarily that: (a) various compact small-sized antennas
are available for implantation; (b) satisfactory performance is obtained with low energy consumption;
(c) there is significant bandwidth to support high data transmission rates [4]. Increasing transmission
power is one option to account for the energy attenuation but may result in damage to human tissues
or organs due to heat absorption [4,7]. Thus, the transmission power must comply with the Federal
Communications Commission (FCC) regulations and the specific absorption rate (SAR) must be lower
than that laid down by IEEE and the International Commission on Non-Ionizing Radiation Protection
(ICNIRP) [8,9].

The concept of telemedicine has changed from ‘medicine practiced at a distance’ to ‘personalised
ubiquitous healthcare on the move’ under the health IoT [1]. Concerning hospital or home healthcare
monitoring scenarios, wireless implanted healthcare monitoring devices would significantly improve
the comfort and mobility for patients when compared with wired connected medical devices. RF can
cover longer operating distances and enable interactive implanted sensors and devices to communicate
with on-body devices wirelessly [1,4,5]. Furthermore, due to the technical constraints of batteries,
improving the energy efficiency of RF modules is a key factor in the I2O body channel and one that
can be realised by using small-sized implantable antennas [10–13].
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Kurup et al. proposed the first in-body path loss (PL) model for homogeneous human muscle
tissue at 2.45 GHz in 2009 [14]. Later they reported an extended PL model, which includes the
conductivity and permittivity of the human tissues in [15]. However, those PL models and other
studies are antenna-specific and only applicable to the virtual family models provided by either
of the SEMCAD X or FEKO software packages [4,5,14,15]. In this paper, the PL model is obtained
by using software from Computer Simulation Technology (CST) [16] and the recently proposed 3D
heterogeneous human body model developed by Kurup et al. [7]. The PL result is believed to be more
accurate because the CST software takes the loss tangent parameters of human tissues and organs into
account in the simulations and the deviation value is smaller than that seen in [11–15,17]. Furthermore,
it is vital to choose suitable digital modulation techniques to overcome the strong power attenuation
over the shadow fading channel caused by the intra-body environment [18]. The relationship between
a large range of data rates from 250 kbps to 30 Mbps and the operating communication distance for
safe transmission powers is discussed and investigated when using the selected modulation schemes.

Routing protocols have been reported to discover and analyze the most energy efficient
route [19,20]. Relay based protocol solutions have also been studied that minimize the energy
consumption of the in-body sensor nodes by reducing the length of the transmission distance [21].
A two relay based WBAN routing protocol has been investigated by Deepak and Babu [22] and
the results show that the proposed routing scheme outperforms direct communication and single
relay methods in terms of transmission reliability and energy efficiency. Cooperative communication
techniques have gained significant attention as an effective strategy to improve energy efficiency and
spatial diversity in wireless fading channels [21]. However, the incremental relaying routing protocol
strategy has not been investigated in I2O WBANs.

In this paper, an accurate statistical I2O body path loss model that describes the signal propagation
between the transmitter (Tx) and receiver (Rx) antennas is obtained by using CST electromagnetic
solvers, based on a heterogeneous and innovative 3D virtual human body model at 2.45 GHz. The SAR
is assessed to ensure adherence to the authorities’ safety requirements. The BER performance for
the I2O shadow fading channel employing the binary phase shift keying (BPSK), quadrature PSK
(QPSK), 16 quadrature amplitude modulation (16QAM) and 16PSK modulation schemes is obtained.
The threshold signal-to-noise ratio (SNR) of the four modulation methods is derived when using an
acceptable BER performance of 10´3. Here, our proposed incremental relaying routing protocol is
analyzed and compared with the existing two-relay WBAN routing scheme. A series of QoS metrics
such as network lifetime, throughput, average energy consumption, residual energy and propagation
delay are also investigated.

The rest of the paper is organized as follows: In Section 2, we briefly introduce a typical I2O
WBAN system; details of our proposed I2O WBAN simulation setup, path loss, channel modeling and
link budget are given in Section 3; comparison of the proposed incremental relaying protocol and the
existing two-relay protocol, including the analysis of mathematical expressions of related QoS metrics,
communication flow and QoS metrics performance is shown in Section 4; Section 5 analyzes numerous
emerging I2O WBAN topics and health IoT requirements; finally, Section 6 presents the conclusions.

2. System Model

Health IoT communication systems cover short-range telemetry communication channels such
as from in-body to on-body. The on-body device can also collect and transmit high data rates and
real-time medical information to doctors and nurses via a gateway [1,3]. Figure 2a–c illustrates the
elements of the CST model, whilst the three primary components of the health IoT WBAN system are
shown in Figure 2d with further details given below:

‚ Implant device/sensor: A biological compatible and miniaturized size implant device that is
located inside the human body, either in the tissue/organ region (deep region) or under the
skin (near surface) [10].

160



Electronics 2016, 5, 38

‚ On-body device/sensor: An on-body (or wearable) device that can be located on either surface or up
to 20 mm away from skin [2].

‚ Gateway: Typically, this has no direct connection to an implanted device or sensor. A smartphone
or other personal data device is needed to enable to the collection, processing and transmission of
data to doctors and nurses via the internet [3].

Figure 2. (a) The computational 3D human body model in CST; (b) the cross section of the human
frontal thorax; (c) equivalent human frontal thorax model; (d) typical healthcare applications.

3. Analysis of I2O WBAN Systems

In this section, the proposed communication system is considered in likely operating scenarios,
such as in hospitals or homes, where a patient with an in-body implant device/sensor transmits data
to a wearable device placed at the maximum distance of the on-body region. A communication link is
established for an I2O body scenario between the Tx located in the liver tissue and the Rx placed 2 cm
from the human body surface. The BER performance for the I2O shadow fading channel employing
BPSK, QPSK, 16PSK and 16QAM modulation schemes is obtained. The relationship between the data
transmission rates, transmitting power and the achievable communication distance is discussed under
the link budget analysis.

3.1. Configuration and Human Safety Analysis

Implantable biomedical antenna design in WBAN systems is affected by posture, body mass
index, aging and so on. Detailed information about biocompatible in-body antenna design can be
found in the review by Movassaghi et al. [4]. Here, we focus our attention mainly on I2O body
communication systems analysis. An efficient and multi-layered heterogeneous human body model
(Figure 3) proposed in [23] for WBANs, at the frequency of 2.45 GHz, is investigated in this paper.
The configuration consists of a layer of air followed by layers equivalent to the frontal thorax of an
adult, making it possible to divide the human body into numerous areas of a multi-layered model.
We employ dipole antennas because they are well-studied antennas in free space and have a simple
structure [5,15,17]. In agreement with [23], we place the Tx antenna of length 3.9 cm in the liver region
and the Rx antenna is a free space, half wavelength dipole with a length of 6.12 cm, located 2 cm
from the human body surface. Both the Rx and Tx antennas are made of perfect electric conductors
(PEC) and are directionally aligned, with a thickness of 2 mm. The simulations use a current source
and the simulation methods are the same for all the cases. The equivalent 3D human body model
contains multiple layers that are built on dry skin, subcutaneous adipose tissue (SAT), breast tissue
(BT), muscle tissue and liver; whose thicknesses are 2 mm, 5 mm, 1 mm, 10 mm and 10 mm with
dielectric properties as shown in Table 1. Since it is difficult for both manufacturers and researchers to
investigate their systems on an actual human body, the proposed human body model offers a viable
alternative to investigate the performance of I2O body WBAN systems.
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Figure 3. The 3D human body model and dipole antennas. (left) front view; (right) vertical view.

Table 1. Conductivity (εr), Relative Permittivity σ and Loss Tangent tanδ [24].

Parameter Skin SAT BT Muscle Liver

εr 38 10.8 5.15 52.7 43
σ [S/m] 1.46 0.27 0.14 1.74 1.69

tanδ 0.28262 0.14524 0.19535 0.24194 0.28751

As reported in [5,7], signal propagation in the human body leads to high attenuation, which will
result in heating of tissues and organs and to an increase in the temperature of the human body.
Biological effects and health risks may occur by exposure to RF electromagnetic fields. The IEEE
standard and the ICNIRP safety guidance specify that the averaged SAR over 10 g of tissue should be
no more than 1.6 W per kg and 2 W per kg, respectively [8,9]. With an input power of 1 W provided
to the implanted sensor or device, the finite-difference time domain (FDTD) approach provided
by CST was used in association with the 3D human model investigated to calculate the SAR [25].
Results demonstrate that the SAR of the human body model is far lower than both the regulations.
The maximum 1 g and 10 g SAR values calculated tissue are given in Table 2 for the skin minimal
distance (skin region) and maximum distance (liver region).

Table 2. Typical Locations and Values of 1 g and 10 g SAR for I2O Body Model.

Distance Maximum SAR (1 g) Maximum SAR (10 g)

5 mm 36.8 mW¨ kg´1 17.4 W¨ kg´1

20 mm 31.5 W¨ kg´1 19.3 W¨ kg´1

3.2. Path Loss Model

The human body is a natural lossy environment, which therefore leads to high attenuation for
signal transmission. The PL model of homogeneous human tissue/organ has been described in [14].
For the heterogeneous human body, the Tx antenna moves through the different layers (tissues) and
the PL is obtained. When the antenna is placed in a specific layer, the surrounding layers differ from
that containing the antenna, leading to deviations between the simulated and calculated PL values.
A semi-empirical PL formula in dB between two implant devices can be expressed as [5,14,15,25]:

PLdB pdq “ PLdB

´
dre f

¯
` 10n log10

˜
d

dre f

¸
` SdB, d ě dre f (1)

where PLdB

´
dre f

¯
is the PL value at the reference distance dre f (5 mm in this paper). SdB is the shadow

fading parameter expressed in decibels (dB), which follows a normal distribution S„N (0, σs) where
σs is the standard deviation, since the logarithm of a lognormal distribution is normally distributed.
Moreover, σs reflects the degree of the shadow fading strength [25]. The probability density function of
the shadow fading effect SdB can be expressed as:
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PSdB “ 1
σ

?
2π

exp

˜
´ S2

dB
2σ2

log

¸
(2)

The variable d is the separation distance between the Tx and Rx; n is the path loss exponent which
depends on the propagation media. MATLAB® least square fit computation has been implemented to
yield a fitted PL as seen in Figure 4. The simulation results are summarized in Table 3. Closer agreement
than many proposed PL models [15,16] is obtained between the derived PL model and the simulations
using CST with an average deviation of 2.93 dB.

Figure 4. Path loss model versus distance between Tx and Rx antennas.

Table 3. Simulation Results of the Path Loss Model.

Parameter Value (Unit) Description

n 3.6 PL exponent
σdB 2.93 average deviation
dre f 0.5 cm reference distance

PLdB pre f q 23.49 dB PL at the reference distance

3.3. I2O Channel Model

Energy efficient modulation schemes are beneficial in reducing the hardware structure, lowering
the noise interference and prolonging the communication network lifetime, due to the shortage of
implanted device battery capacity. Moreover, low error probabilities are required in the modulation
methods to ensure the reliability of the communication transmission. In [18], M-ary PSK (M-PSK) is
reported to achieve significant energy saving and high system outage probability. In addition, 16QAM
is the most spectral efficient modulation technique, which can meet higher data rates than QPSK
and 8PSK when operating under the same bandwidth [10,26,27]. An I2O communication channel
shares the property with all fading RF channels that the instantaneous SNR, γ, at the receiver side,
can be regarded as a random variable due to the fading effect. Since this means that the bit errors
in demodulation are therefore not fixed since the SNR varies randomly, we investigate the expected
bit error rate (BER) for channel performance evaluation, where the expectation is with respect to the
probability distribution of the SNR.

The average BER of the I2O shadow fading communication channel can be evaluated by the
following integral [5,28]:

Pe pγq “
ż 8

0
Pb,AWGN pγq P0 pγq dγ (3)
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where Pb,AWGN pγq represents the BER performance of the additive white Gaussian noise (AWGN)
channel for an SNR, γ, and assuming a mean SNR, γ. The function P0 pγq denotes the probability
density function of the γ, which is lognormal distributed with the same standard deviation σs as the
BER performance for the I2O shadow fading channel when employing the four selected modulation
techniques. The received power can be obtained simply from the transmitted power Pt and PL via:

Pr “ Pt

PL
(4)

The received energy per bit Eb can be related to the data rate Rb and the received power and it then
can be expressed as:

Eb
No

“ Pr

N0Rb
“ Pt

RbN0PL
(5)

where N0 is the noise power. Expressing (6) in dB:

ln
ˆ

Eb
No

˙
“ ln

ˆ
Pt

RbN0PL

˙
“ ln

ˆ
Pt

RbN0

˙
´ ln PL (6)

The first term in the Expression (6) for ln pEb{Noq is fixed for a given data rate Rb and transmitter
power Pt. Thus, since the PL model presented earlier follows a lognormal distribution, ln pEb{Noq is
normally distributed, i.e., Eb{N0 follows a lognormal distribution:

P0 pγq “ 1?
2πσγ

e´ plnγ´μq2

2σ2 (7)

where μ “ lnγ ´ 1
2

´
ln10
10

¯2
σ2

dB, and σ “ ln10
10 σdB.

Detailed information on the four selected modulation techniques can be found in [5,18,26,27].
We use coherent BPSK modulation as a concrete example, where [5]:

Pb,AWGN pγq “ 1
2

erfc p?
γq (8)

where erfc(.) is the complementary error function and so (3) becomes:

Pe pγmq “
ÿN

n“1

1
2

erfc p?
γq 1?

2πσγn
e´ plnγn´lnγm` 1

2 p ln10
10 q2

σ2
dBq

2σ2 pγn ´ γn´1q (9)

The average BER performance of the I2O fading channel under BPSK is then obtained by numerical
evaluation of (9) [5,28]. The same method can be applied to other proposed modulation schemes.
The average BER performance of the four selected modulation methods is shown in Figure 5. At the
receiver, AWGN is the dominant noise source [5] so we consider only thermal noise with one-sided
power spectral density (PSD) [5,29–31]:

N0 “ k rTI ` pNF ´ 1q TOs (10)

where k and NF are the Boltzmann constant and receiver noise factor, respectively; TI and TO are the
noise temperatures at the receiver and transmitter. The mean temperature of liver tissue is around the
306 K and the ambient temperature of human skin is 310 K [24,32]. NF is the noise figure and can be
defined as:

NF,dB “ 10 log10 pNFq (11)

where NF “ 1 ` TI{TO. The received SNR in dB can be expressed as:

SNRdB “ Pr,dBW ´ 10 log10 pRbq ´ NF,dB (12)
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Figure 5. BER performance comparison between BPSK, QPSK, 16QAM and 16PSK.

3.4. Link Budget Analysis

The I2O human body environment is lossy producing and high attenuation, so it is important
to analyze the link budget when designing wireless communication systems for several scenarios.
Two significant elements are: (i) an energy consumption calculation for a required communication
link quality; (ii) the effective communication distance estimation when employing a certain
transmitting power.

Based on the European Research Council (ERC) regulations, the maximum input power is
25 μW [19]. In this paper, typical transmitting power values of 1, 10 and 25 μW are selected for further
research and discussions. Given the high QoS requirements of healthcare communication systems, similar
to other I2O body communication systems, a predetermined BER threshold of 10´3 was selected to ensure
the communication performance is acceptable [5,28–31]. According to Figure 5, the threshold SNRthr
values for BPSK, QPSK, 16QAM and 16PSK are approximately 11 dB, 13 dB and 15.5 dB and 18 dB,
respectively. The parameters used in the link budget simulations are summarized in Table 4.

Table 4. Parameters for the Link Budget Simulations.

Simulation Parameter Value

Frequency band (GHz) 2.45

Tx output power (μW) 1, 10, 25

Antenna gain (dBi) 0

Coding gain (dB) 0

Ambient temperature (K) 310

Liver tissue temperature (K) 306

Boltzmann constant (JK´1) 1.38 ˆ 10´23

BER (predetermined) 10´3

SNR (threshold) (dB) 11 (BPSK), 13 (QPSK)
- 15.5 (16QAM), 18 (16PSK)

Selected data rate (Mbps) 0.25, 5, 30

Selected distance (m) 2

One valuable system parameter that can effectively evaluate the reliability of the communication
system using the threshold BER performance is the system margin, Ms. A communication channel
with a negative link margin has insufficient power to transmit data and thus, is essential to offer
adequate link to ensure that the communication system is reliable [33]. Ms is given by determining the
SNR above the threshold level (SNRthr) as:
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Ms “ SNRdB ´ SNRthr ą 0 (13)

Figures 6–9 show the dependence of system margin versus communication link distance,
with several levels of data rates and multiple modulation techniques utilizing transmitter powers of
1 μW, 10 μW and 25 μW. For health IoT applications, such as hospital real-time healthcare monitoring
services, where the receiving sensor or device is normally placed 1 meter away from patients, all the
above-mentioned methods could support satisfactory wireless data transmission [1,2,23]. Due to
the constraints on the battery energy supply of the implantable device or sensor, trade-offs between
transmitting power and communication channel quality should be taken into account [11,12]. Results
show that, as one might expect, higher transmitting power can achieve longer communication distances
for a certain data rate. The communication system can also cover longer distances by using lower
transmission data rates when compared with higher data rates. For conditions when under the
same data rates and transmitting powers, the BPSK modulation scheme can achieve more reliable
transmission than the other investigated modulation schemes. Furthermore, we suggest a fade system
margin of a few dBs that accounts for energy losses caused by the antenna orientations and body
movements to ensure the reliability of the data transmission, when designing real-time healthcare
wireless monitoring systems.

Figure 6. Link margin versus distance using BPSK at multiple levels of data rates and powers.

Figure 7. Link margin versus distance employing QPSK at multiple levels of data rates and powers.
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Figure 8. Link margin versus distance for 16PSK at multiple levels of data rates and powers.

Figure 9. Link margin versus distance for 16QAM at multiple levels of data rates and powers.

4. Relay Based QoS-Aware Routing Protocol for I2O WBAN

4.1. Motivation

One of the major challenges in I2O WBANs is maximizing the WBAN lifetime [21]. To date,
there are several routing protocols that have been reported in literature such as single or two-relay
WBAN techniques [22]. However, those routing protocols are not very energy efficient and less
likely to support long-term healthcare monitoring tasks. In [23], the authors stated that the energy
consumption of implants is directly related to the transmission distance and therefore, energy efficient
routing protocols are an effective approach in minimizing the overall length of communication paths.
Moreover, by deploying an incremental relaying strategy, the complexity and energy consumption are
transferred from the implant device to the on-body relay, which is a device that can be easily replaced
and recharged, in contrast to the in-body sensor nodes [10,34]. QoS requirements in WBANs vary
between applications [35]. A practical approach is to focus on data transmission models that are used
in different applications and map the requirements of these onto a set of QoS metrics [35]. Figure 10
demonstrates the multiple relay-based routing protocols proposed in [21,22]; Figure 10a, single relay
based scenario; Figure 10b–d, two-relay based selective routing techniques.
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In this section, mathematical formulas for important QoS metrics in terms of network lifetime,
network throughput and end to end delay are given, along with the related constraint functions.
Details of our proposed incremental relaying strategy is given and compared with the two-relay
protocol. The results show that the incremental routing protocol outperforms the two-relay based
protocol in terms of network lifetime, throughput. However, the latter protocol could support high
traffic load conditions when compared with the former.

Figure 10. Demonstration of the relay-based routing protocol; (a) single relay based scenario;
(b)–(d) two-relay based selective routing protocols.

4.2. Radio Model

The analysis of WBAN system energy consumption is given by extending our previous work
on flexible QoS WBANs [3]. Assuming the transmission packet length is defined as k, the minimal
transmission energy consumption of sensor nodes can be expressed as:

ETx_min pd, kq “ kETxelec ` kEampdn (14)

where ETx_min and ETx_elec mean the minimal required energy for data transmission from a sensor
node to a relay and the essential energy consumption to activate the electronic circuit, respectively.

The distance between the transmitting sensor node and the receiver side is represented by d, and n
is the path loss exponent. Similarly, the minimal energy consumption for the reception process can be
regarded as ERx,min “ kEelec. The minimal total energy consumption for a sensor node ETotal can be
expressed as:

ETotal pk, dq “ ETx_min pd, kq ` kEelec (15)

The PL parameters in Table 3 are utilized when the in-body sensor nodes transfer data to the relay
nodes. Two commercially available WBAN transceivers, the Nordic nRF2401A and Chipcon CC2420
are utilized and the related radio parameters have been summarized in Table 5 [36].

Table 5. Radio parameters of nRF2401A and CC2420.

Parameter (Unit) nRF2401A CC2420

Tx current (mA) 10.5 17.4
Rx current (mA) 18 19.7

Voltage (V) 1.9 2.1
ETx_elec (nJ/bit) 16.7 96.9
ERx_elec (nJ/bit) 36.1 172.8

Eamp (nJ/bit/m2) 1.97 2.71
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4.3. QoS Metric Modeling

4.3.1. Network Lifetime

The stability period and total network lifetime are defined as the lifespan of the network until
the first in-body sensor node is energy depleted, including the time duration of the network, until all
in-body sensor nodes are energy depleted, respectively [36]. Assuming the number of in-body sensor
nodes is N and each node is initially equipped with energy E0. The main object of I2O WBAN is to
maximize the network lifetime T, which can be formulated via linear programing as [21]:

Objective: Max T “
ÿ

r
tr (16)

where r and tr denotes the current round and summation of rounds before all in-body sensor nodes
energy deplete, respectively. The energy consumption per bit consists of sensing, processing and
transmitting energy for an in-body sensor node represented by Esen, Epro and Etrans [21]. The remaining
energy of the I2O WBAN network after each round can be defined as network residual energy Ei.
In terms of constraints, the I2O WBAN is subject to:

tr ě Eiř
i k

´
Ei

sen ` Ei
pro ` Ei

trans ` nEi
ampdSR

¯ , @i P N (17)

Eo ě Ei, @i P N (18)

Ei Ñ 0, @i P N (19)ÿ
i

fSR ą
ÿ

r
fRC, @i P N (20)

where fRC and fSR represent the data flow directions from relay R to the coordinator C and from in-body
sensor node S to the corresponding relay R, respectively. The Constraint (17) illustrates the network
energy consumption per round. Constraints in (18) and (19) are the energy requirements, the network
residual energy Ei reduces after each round and is finally exhausted. Constraint (20) demonstrates
that the data flow should be transmitted from node S to the coordinator via a corresponding relay R.
Moreover, violation of (20) leads to heavy traffic conditions resulting in transmission delay and
packet dropping.

4.3.2. Network Throughput

The network throughput represents the total number of successfully received information packets
at the coordinator. It is important to maximize the number of successfully transmitted packets at the
coordinator C, because all information is critical in I2O WBANs. The optimization expression for
maximizing the number of successfully received packets Ps can be formulated as:

Objective : Max
ÿ

r
Ps, @r P T (21)

Subject to:

PSR ą PRC, @S P N, @R P N (22)

Ei ě ETx_min (23)

Plink ě Pmin (24)

The objective function (21) aims to maximize the number of successfully received packets Ps

during the network lifetime T. Constraint (22) demonstrates that data packets may drop when data
transmission occurs from R to C. Constraint (23) points out that no data information transmission
is possible when the remaining energy Ei is lower than the minimal required transmission energy
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ETx_min as mentioned in (14). Constraint (24) states that the probability of a transmission link Plink
should be no less than the minimal predetermined required value Pmin.

4.3.3. Delay

As analyzed in (17) and (20), maximizing the network lifetime will increase the delay. In addition,
the I2O WBAN links suffer from high energy attention leading to transmission link instability causing
higher data transmission delay. Propagation delay is an important factor in dealing with high data
rate transmission scenarios. The mathematical model of the end to end delay can be expressed as:

Objective: Min τSC “ τS ` τRC (25)

where τSC is the delay for the in-body node S transmits to the coordinator C. τS and τRC represent
nodal delay at S and delay for data transmission between R and C, respectively.

Subject to:

τS ě τTx
S ` τ

queue
S ` τProc

S ` τCC
S , @S P N (26)

x ě N ě 0, @x P Z` (27)

PSR ě PS (28)

γ
dep
S ě γarr

S (29)

BERi ě BERpre (30)

Min dSR Ñ dmin (31)

Constraint (26) illustrates that the nodal delay τS consists of the propagation delay τTx
S , queuing

delay τ
queue
S , data processing delay τProc

S and channel capture delay τCC
S [21]. Constraint (27) provides

the upper and lower bounds for N. Considering a dense I2O WBAN network, (number of N is very
large), the channel access delay τCC

S will increase due to more sensor nodes contending the channel
access. Constraint (28) regulates the number of data packets that need optimizing due to the limited
packet handing capacity at the receiver. Similarly, Constraint (29) demonstrates that the packet arrive
rate γarr

S should be less than the packet transmit rate γ
dep
S and this can reduce the queuing delay

τ
queue
S . Constraint (30) points out that BER should be higher than a predetermined BER threshold,

otherwise the rate of dropped packets will increase τProc
S . Constraint (31) illustrates that minimizing

the transmission distance is an effective method to decrease the propagation delay τTx
S , which can be

defined as:

τTx
S “ d pSq {c (32)

where d pSq is the distance between the in-body sensor node to relay in each round and c is the speed of
electromagnetic wave, respectively. Since there is no agreement or standard for superframe structures
in I2O WBAN devices, we follow [37] and estimate the delay as stated in (32).

4.4. Proposed Protocols

The overall flow chart for the protocol is shown in Figure 11 and we now give details of the
various operations within it.

4.4.1. Initialization Phase

All in-body sensor nodes and relays are assigned a unique ID. The data transmission time division
multiple access (TDMA) schedules for sensors and relays are based on those IDs. The first round starts
once the network initialization and configuration have finished. The coordinator checks the energy
status of all in-body sensor nodes.
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Figure 11. The information flow for the proposed protocol.

4.4.2. Routing Phase

If the in-body sensor node residual energy is greater than (14), then the coordinator will check
the distance between a relay and the node. The coordinator assigns TDMA time slots to the in-body
sensor node and a nearby relay, which is selected based on the cost function similarly to [36]:

C pSq “ d pSq {R pSq (33)

Relay nodes are available for all in-body sensor nodes. For the two-relay based protocol, when two
possible relays have the same cost function values, the one with a smaller value of (15) is selected.

4.4.3. Transmission Phase

In the data transmission scheduling stage, relays assign TDMA based allocated time slots to the
in-body sensor nodes. A communication link between the selected in-body sensor node and the nearby
relay is established. The selected in-body sensor node transfers the sensed data during the allocated
time slot to the nearby relay node. The relay node receives the data from the in-body sensor node and
forwards them to the coordinator during the allocated time slots. The process will continue with the
number of rounds accumulating until the energy of all the in-body sensor nodes is depleted.

4.5. Performance Evaluation and Results

The topology is introduced as follows, a coordinator is located in the center of the human body
and six in-body sensor nodes are also positioned within the body. The coordinates of the coordinator
and the in-body sensor nodes are summarized in Table 6. All in-body nodes have the same initial
energy of 0.5 Joules. The number of relays is limited to two with coordinates (1.65, 0.75) and (0.9, 1.65).
As presented in (24), a probabilistic approach (random uniform model) with a probability of packet
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loss of 0.3 is utilized in all simulation cases in agreement with [36]. The packet size is set as 2000 bits,
which is defined as the maximum payload based on the IEEE 802.15.6 standard [22]. Simulation
parameters are summarized in Table 7.

Table 6. The Coordinates of In-Body Nodes and Coordinator.

Node ID X-Coordinate Y-Coordinate

1 0.2 1.6
2 0.4 0.4
3 0.3 0.1
4 0.6 0.35
5 0.7 1.5
6 0.9 1.65

coordinator 0.45 0.85

Table 7. Simulation Parameters.

Simulation Parameter (Unit) Value

Number of in-body nodes 6
Network Initial energy (Joule) 3

Payload size (bits) 2000
Electromagnetic wave speed (m/s) 3 ˆ 10 8

Packet loss probability 0.3

Figure 12 illustrates the comparison of the stable period and total network lifetime for the proposed
protocols. It can be seen that the incremental relay-based routing protocol achieves a longer stability
period and total network lifetime than the two-relay based protocols with two different transceivers.
This is because the second relay node only receives and forwards the data from the in-body sensor
nodes when the first relay fails and therefore minimizes the network energy consumption. The stability
periods of the incremental relay-based protocol are circa 4000 rounds using the using nRF2401A
and circa 1500 rounds with the CC2420, whereas the two-relay based delivers 3400 rounds and
1200 rounds, respectively.

Figure 12. The relationship berween the number of dead nodes and network lifetime.

Figure 13 presents the comparison of network residual energy of two protocols for the two
transceivers considered. The nRF2410A-based incremental relay-based protocol has the highest
network residual energy and thus leads to the longest network lifetime. Figure 14 demonstrates that
the average energy consumption per round of the incremental protocol is 0.27 mJ and 0.57 mJ when
deploying nRF2401A and CC2420, which achieves nearly 52% and 45% less energy consumption when
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compared to the two-relay based protocol. Reasons for the above results are as follows: (a) relay nodes
forward data even if when it is not necessary, resulting in channel resouce waste; (b) an alternative
data transmission link only starts to work when the first link fails.

Figure 13. The residual energy versus the network lifetime.

Figure 14. Average energy consumption per round.

Data loss is usually caused by transmission attenuation and shadow fading as presented in
Section 3 [21]. Figure 15 shows the number of successfully transmitted information packets in the
network and Figure 16, the network delay. It can be seen that the two-relay protocol can promise
higher data transmission rates than the incremental relay-based protocol when deploying the same
transceiver. The number of total transmission packets depends on the number of alive, in-body sensor
nodes and the total network lifetime. The shorter lifetime of the two-relay routing technique is the
major factor in its decreased throughput. The propagation delay depends on the overall I2O WBAN
communication distance. Moreover, it can be seen from Figures 15 and 16 that more information
packets generated by the system leads to higher propagation delays in the network.
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Figure 15. The successfully transmitted packets versus the network lifetime.

Figure 16. The propagation delay versus the network lifetime.

For related QoS metrics, the results show that the nRF2401A incremental technique can achieve a
longer stability period and network lifetime, minimizes average network energy consumption and
delivers the highest number of successfully transmitted packets. It is therefore a promising technique
in the support of long-time healthcare services. For high data rate transmission or heavy traffic load
requirement applications, the two-relay based approach would achieve better performance. Moreover,
we compare the attributes of the other state of art existing routing techniques with our proposed
protocol as summarized in Table 8. Further study will be required in order to optimise energy efficient
routing protocols and to ensure data packet IP compatibility, both of which are considered essential for
the ongoing health of IoT applications.
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5. Discussion and Open Research Issues

In this section, we report and analyze the QoS mechanism, target-specific QoS requirements and
the most relevant QoS factors for service systems. Some emergency issues and future research topics
in I2O WBAN system are also listed. The requirements and potential architecture of the health of IoT
based I2O WBANs is discussed.

5.1. QoS in I2O WBANs

5.1.1. Candidate Radio Technologies in I2O WBANs

An I2O WBAN is a type of wireless body area sensor network (WBASN) and centers on the human
intra-body region using low power consumption [3,9]. There are several potential communication
techniques in this area such as Bluetooth, WiFi, Zigbee and near field communication (NFC) [4].
Moreover, wireless coexistence communication technologies in I2O WBAN, such as LP-WiFi, are also
promising candidates for future research [38].

5.1.2. QoS Metrics for I2O WBANs

Despite significant developments in wireless communication technology, QoS handling for
different healthcare applications in I2O WBANs remains a challenging issue [39,40]. The general QoS
metrics from the I2O WBAN network perspective involve network throughput, reliability transmission,
energy efficiency, network lifetime and so on. It should be noticed that applications may request
target-specific QoS support by specifying their requirements in terms of one or more of the QoS metrics.
In general, an I2O WBAN is required to analyze the application requirements and deploy various QoS
mechanisms [35]. Table 9 illustrates the QoS mechanism solutions based on requirements [4,41].

Table 9. QoS Mechanism Solutions Based on Requirements.

QoS Mechanism Reliability Real-Time Transmission Energy Efficiency Adaptability

Data collision - ? ? ?
Data compression - - ? ?

Error control coding ? ? ? ?
Power control ? ? ? ?

Targeted ability - - - ?

5.1.3. QoS Requirements for I2O WBANs

Optimization of communication systems that can realise the target-specific health IoT QoS
requirements involves multiple factors [1]. As mentioned above, for transplanted organs, the battery
lifetime of the implanted devices would be the crucial factor, with the data transmission rate not the
primary concern. For diabetic patient implanted devices, a reliable transmission channel for glucose
data transmission would be the vital issue and thus may require significant energy consumption to
improve channel quality (e.g., a higher predetermined BER may be required). Surgical operations,
such as wireless capsule endoscopes and biomedical image processing need relatively high data
transfer speeds (nearly 10 Mbps) and our proposed I2O communication systems are able to reliably
support these up to a few meters. The key factors of the selected in-body and on-body WBAN
applications discussed in this paper are summarized in Table 10 [8,9,42].

Table 11 highlights the QoS requirements of WBAN applications [39]; Table 12 demonstrates
detailed QoS parameters of WBAN service requirements in the application, transport, network, media
access control (MAC) and physical layers [4,39]. Thus, I2O WBAN and system service QoS issue
metrics and requirements in relation to each layer, are summarised and analysed in Tables 9–12.
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5.2. Emerging I2O WBAN Issues

5.2.1. I2O WBAN Packet Design

To incorporate the diverse QoS requirements of heterogeneous communication networks into
a packet format, superframe structures are promising technologies that allow I2O devices with a
particular traffic type to transmit during the period that is best suited in meeting the corresponding
QoS [42]. Here, we assume that this aspect is in existence, whilst acknowledging that there is further
work to be done in order to bring it into routine practice.

5.2.2. I2O WBAN Interface Design

The in-body environment makes I2O WBAN technologies more complex and challenging when
compared with other communication networks. I2O WBAN systems can be regarded as a ‘shared
bus’, where different kinds of entities that can generate data and transfer the data provided by
other entities [43–46]. Recently, software-based results related to WBAN entity interfaces design
have been presented [44]. However, the in-body WBAN interface design should consider both
network configuration and network management and there is to date no agreed international standard
for the I2O interface technologies [43,44]. Different layer requirements for in-body device (logical
management) entities interface, are reported in [40]. One promising solution reported in [44], is a
radio-based I2O system that enables data transmission between the in-body device(s) to the e-health
gateway via an external programming device. For on-body WBAN interface technologies, smartphones
and other on-body sensor nodes (wearable devices) with data collection, data buffering, information
transmission, user authentication, computational and communication capabilities have been proposed
to work together with the in-body interface [3,47].

5.2.3. I2O WBAN Models Validation

Owing to technical constraints and legal provisions, practical human I2O radio channel
experiments are not possible [48,49]. Alternative approaches to validate the I2O WBAN communication
systems involve advanced computational electromagnetics and biological phantoms [5,49]. In the
future, multi-disciplinary collaboration with clinicians to measure radio channel in animals is one
promising technique that can derive statistical I2O body models that could overcome the limitations of
performing measurements in humans.

5.3. Analysis of I2O WBAN Based Health IoT

An effective approach for the interconnection of WBAN systems is to use the Internet Protocol
(IP) [35]. WBAN information packets can be processed and translated into IP datagrams by a gateway
or a smartphone on various available platforms, such as the Advanced Health and Disaster Aid
Network (AID-N) and the Microsystems Platform for Mobile Services and Applications (MIMOSA) [20].
Smartphones equipped with multiple network interfaces could enable the user to interact with the
linked WBAN and forward data to physicians in any location [35,50].

To date, the core of health IoT solutions is low power, wireless personal area networks (6LoWPAN)
and Internet Protocol for Smart Objects (IPSO), which are predicted by the Internet Engineering
Task Force (IETF) and aim to manage WBAN devices Internet connectivity issues through IP
version 6 (IPv6) [35]. It is of great significance that the I2O WBAN infrastructure supports access
to the health IoT. Meanwhile, more effort should be spent on I2O WBANs low power consumption
routing protocol design in order to minimize the energy consumption and improve multiple QoS
metric performance. An I2O WBAN sensor address configuration process should consider uniqueness,
low energy consumption and offer address reclamation. Once a WBAN system collects the physical
parameters of a human body, all sensor nodes in the WBAN must be configured with a unique
address [48]. In recent years, the IEEE and other authorities have standardized numerous protocols
to support WBANs [20]. However at present, the proposed standardized protocols are ineligible for
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an I2O WBAN [20,35,51]. For example, the IEEE 802.15.3 standard is designed for high data speed,
wireless personal area networks (WPANs) that can reach up to 20 Mbps. However, this standard
does not support energy efficiency and other QoS requirements [35]. The IEEE 802.15.4 standard
is considered as an energy efficient protocol but only capable for low data rate applications and
services [35]. The latest IEEE 802.15.6 defines MAC and PHY layers for low-power consumption
implant devices, whereas the security requirements of data authentication and encryption have not
been well defined [20]. The Zigbee IP is the first open standard for the IPv6 standard, which enriches
the WBAN services by adding network and security layers. However, recently, the Zigbee Alliance
decided to incorporate standards from IETF into its technical specifications [20].

I2O WBANs can be divided into two categories; (1) every sensor node is provided with a unique
entity or; (2) the network is an entity and accessible via a coordinator node that has full information
about the network [50]. I2O WBAN sensor nodes are attached on, or within the human body area to
process sensed data with wireless transfer to a coordinator connected to the internet [3]. Considering
QoS-aware requirements, this paper presents a potential QoS-aware protocol design for I2O WBAN
with the following characteristics:

(1) The I2O WBAN consists of at least one full function device (such as a smartphone) and a series of
reduced function small-size sensor nodes, which are assigned a unique ID.

(2) Each sensor node senses different physical parameters to reduce the address configuration cost.
(3) A relay strategy is considered, which decreases system configuration delays and minimizes the

overall length of communication distance within I2O WBAN.

6. Conclusions

In this paper, we first propose and analyze an efficient and accurate PL model for the 3D
human I2O communication system at 2.45 GHz. Due to the limitation of the implanted sensor
batteries, we have investigated and compared several established high efficiency modulation schemes.
The threshold SNRs of BPSK, QPSK, 16PSK and 16QAM are approximately 11 dB, 13 dB and 15.5 dB and
18 dB respectively, when an acceptable predetermined BER of 10´3 is adopted. Results demonstrate that
the communication system can achieve satisfactory performance at relatively high data rates of 30 Mbps
over distances of up to 1.6 m. Alternatively it can provide an highly reliable communication link for
longer distances, at lower data rates (0.25 to 5 Mbps) by adopting the BPSK modulation technique.
Based on the proposed I2O WBAN system, an energy efficient incremental routing protocol has been
implemented and compared with the existing two-relay strategy. Simulation results demonstrate
that our proposed data routing technique could significantly improve the performance of network
lifetime, throughput and propagation delay. Open issues and standardization within the I2O WBAN
area are summarized and explored as an inspiration towards developments in health IoT applications.
Our future work involves radio channel measurements in biological phantoms to validate the PL
model and communication system performance. Moreover, this can be extended to animal studies by
multi-disciplinary collaboration with clinical professionals and biologists in order to overcome the
difficulties of performing measurements in humans.
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Abstract: Recent advances in biomedical sensors, data acquisition techniques, microelectronics and
wireless communication systems opened up the use of wearable technology for ehealth monitoring.
We introduce a galvanic coupled intrabody communication for monitoring human body hydration.
Studies in hydration provide the information necessary for understanding the desired fluid levels
for optimal performance of the body’s physiological and metabolic processes during exercise and
activities of daily living. Current measurement techniques are mostly suitable for laboratory purposes
due to their complexity and technical requirements. Less technical methods such as urine color
observation and skin turgor testing are subjective and cannot be integrated into a wearable device.
Bioelectrical impedance methods are popular but mostly used for estimating total body water with
limited accuracy and sensitive to 800 mL–1000 mL change in body fluid levels. We introduce a
non-intrusive and simple method of tracking hydration rates that can detect up to 1.30 dB reduction
in attenuation when as little as 100 mL of water is consumed. Our results show that galvanic coupled
intrabody signal propagation can provide qualitative hydration and dehydration rates in line with
changes in an individual’s urine specific gravity and body mass. The real-time changes in galvanic
coupled intrabody signal attenuation can be integrated into wearable electronic devices to evaluate
body fluid levels on a particular area of interest and can aid diagnosis and treatment of fluid disorders
such as lymphoedema.

Keywords: galvanic coupling; signal attenuation; hydration rates; body fluid level

1. Introduction

Assessment of human body composition is fundamental to the understanding of body
physiological and metabolic processes. Body fluid contributes up to 60 percent of the mass of
the human body. The body’s fluid state is affected by both endogenous processes, such as body
metabolism, and exogenous factors such as climatic changes, exercise, disease, and diet. Investigations
into hydration are required because they help identify or quantify ill-health and understanding poor
exercise performance. Consequences of excessive fluid losses or inadequate fluid intake can include
hypohydration, urinary infections, reduction in cognitive function, reduction of cellular metabolism
and mortality [1]. The body fluid shifts between the intracellular and the extracellular tissues to
maintain water balance. This movement follows an osmotic gradient in order to ensure that optimal
concentrations of electrolytes and non-electrolytes are maintained in the cells, tissues, plasma, and
interstitial fluid. Two adverse conditions can be identified: hyperhydration, in which there is excess
water in the body, and hypohydration or dehydration, when there is less than the normal amount of
water to meet the body’s requirement [1] and accurate and easy estimates of hydration levels with cost
effective technology are essential to policy makers in setting public health priorities [2], for doctors and
clinicians to classify body fluid and cell mass conditions of healthy persons and patients with certain
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diseases [3] and for individuals, especially the elderly who are at higher risk of dehydration [3,4].
Further research evidence on the elderly showed that older people who were dehydrated at admission
were more likely to die than their counterparts [5].

An electrical signal passing through the human body is strongly affected by the size of the tissue,
available fluid and its dielectric properties. Tissues have a high ability to store electrical energy. High
frequencies are affected by human body antenna effects and possible radiation. Our frequency range
lies between 800 kHz and 1.3 MHz, which lies within the β dispersion region that is related to the
cellular structure of biological materials [6] and can penetrate into the extracellular and intracellular
tissue spaces. This also falls within the frequency range (5–1000 kHz) used for whole-body fluid
analysis with bioimpedance spectroscopy method [7]. The electrical conduction at this frequency is
affected by the amount of water solute available in the tissue spaces. Loss of body fluid, for example,
during exercise could cause up to 6% increase in muscle impedance [8]. Thus, by coupling a low
frequency electrical signal galvanically on the body, the signal passing through the tissue will vary
in attenuation to the changes in the water level. Consequently, the attenuation (negative gain) of the
signal amplitude will depend on the composition of the tissue in terms of the amount of water present
at the time, the tissue muscle-fat ratio and the input signal frequency. External factors such as the
type of electrode, the distance between the connecting electrodes and environmental conditions can be
experimentally controlled. Similarly, signal changes due to the effects of limbs around joints [9] can be
minimised by avoiding measurement on joint areas.

Techniques for assessing hydration include intrusive and non-intrusive methods. The intrusive
method requires intravenous access to the body and is usually performed by trained personnel such
as technicians, doctors or nurses. This system requires in vivo access and testing of the blood and
is regarded as a later indicator of dehydration rather than a warning system that informs a quick
preventative measure [10]. Physical signs such as urine color observation, urine specific gravity
test, and body weight changes are some examples of non-intrusive methods for assessing human
body hydration [11]. This method gives oversimplified results and poorly sensitive to changes in
dehydration [12]. Wearable electronics that measure perspiration metabolites [13] can only estimate
the physiological state of an individual’s body fluid level under sweat and not without sweat secretion.
Moreover, these techniques can not be used to target fluid disorder on a specific part of the body.
The purpose of this work is to introduce a galvanic coupled signal propagation method for assessing
hydration rates that can also be used for assessing fluid changes on a particular area of the body. Our
results are comparable to previous methods, but present an easier wearable alternative to hydration.
We argue that undertaking a composite testing of our proposed system alongside known urinary
markers of dehydration is vital to validating our proposed idea. This paper is organised are follows:
Section 2 details the modification of our previous circuit model. Section 3 is our methodology and
Section 4 is the results. This is followed by discussion in Section 5 and conclusion in Section 6.

2. Modification on Previous Circuit Model

Our group developed a human body circuit model [14], which was later improved by introducing
a dynamic tissue impedance ZF(t). We defined hydration as the process of gaining tissue fluid and
proposed in [15] a circuit model of real time human body hydration with time variable fluid impedance
(Figure 1), in which ZES is the impedance of the contact interface to the body at the transmitter and the
receiver nodes, ZT corresponds to the transverse impedance, while Zb is the cross impedance. Vi is the
transmit voltage, while V0 is the output voltage at the receiver end with load Rl . ZL is the longitudinal
impedance of the transmission path consisting of the skin, fat, muscle, and bone, body fluid, cortical
bone and bone marrow. We defined the variable impedance due to hydration as, [15]:

ZF(t) = Zf 0 − Zw(1 − e−
t
τ ), (1)

where t is the time for the change in impedance to occur, Zf 0 is the impedance at time t = 0 just
before hydration begins, Zw is the impedance resulting from the water consumed and the ratio t

τ is a
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characteristic that predicts the rate of hydration. τ is the time constant that characterises the metabolic
process of a particular individual. We found that given an initial fluid volume Vib before hydration
and Vw amount of fluid consumed, the body will hydrate to a fluid volume Vb given as:

Vb = Vib + Vwe
t
τ ; t = 0; Vb = Vib, (2)

and would reach the state of water balance at time t f .

Figure 1. Circuit diagram of galvanic coupled intrabody signal with variable impedance component
from variable changes in human body fluid [15], Copyright 2016, IEEE.

Based on this, we propose that the increase in the volume of body fluid, as hydration occurs,
increases the volume of tissue fluid which will result in a gain in body weight by an amount
equivalent to

wtg = Vwe
t
τ , (3)

where wtg is gain in weight, since short term changes in body weight can be attributed to loss or gain
of body water and 1 mL of water has a mass of one gram [16]. By representing the anthropometric
parameter contributing to the longitudinal impedance between the transmitter and the receiver
electrode pairs by the cross-sectional area of the muscle-fat, θ, as a ratio. We have

θ =
Am

A f
, (4)

where Am and A f are the cross-sectional areas of muscle and fat, respectively, to the distance between
the transmitter and receiver electrode pairs. We set 0 < θ < 1—if we assume high θ corresponded to
low fat index (low BMI) and low θ corresponded to high fat index (high BMI). BMI by definition is
body weight (wt) divided by square of height (h2), unit is (kg/m2)

BMI =
wt
h2 . (5)

Assuming no change in height, since all experimental protocols and measurements were
completed within 14 h for each participating adult, then,

wt ∝ BMI, (6)

186



Electronics 2016, 5, 39

and a change in wt due to hydration or dehydration will also result in a change in BMI,

Δwt ∝ ΔBMI. (7)

Therefore, θ can be defined in terms of the changes in real body weight. We know from [17,18]
that short term changes in body mass are associated with changes in human body hydration state
given by Equation (3). wtg = Δwt. If we assume a BMI mainly due to fat mass, then θ is inversely
proportional to BMI. By these definitions:

Δwt ∝ Δ
1
θ

, (8)

or
Δwtθ = k. (9)

Similarly,
Δwt ∝ ΔG, (10)

where ΔG is the change in gain (negative attenuation) of the electrical signal as a result of the change
in the body hydration state, measured in dB/minute. Δwt is related to θ by a proportionality constant
k. If Δwt and θ are biological constants, then the constant of proportionality k which affects the
biological behaviour of the body under hydration is also biological and, from Equations (9) and (10),
k is a metabolic process equivalent to τ, which, by Mifflin-St. Jeor equation [19], is related to resting
metabolic rate (RMR). A dynamic change in the impedance caused by a change in the human body
hydration state would result in a change of the impedance of ZT , ZL, and Zb as following:

ŹT = ZT + ZF(t), (11)

ŹL = ZL + ZF(t), (12)

Źb = Zb + ZF(t). (13)

Similarly, G( f ; t; wt; τ).
Thus, the signal attenuation G( f , t, wt, τ) of a galvanically coupled circuit passing through the

human body can be expressed in terms of frequency f , time t , change in body weight wt, and a
time-dependent constant τ related to RMR [19]. This expression is similar to our previous expression
of the gain G of a galvanic coupled circuit (Figure 1), with the transfer function as shown in [15]. We
argued that if Equation (5) defined BMI in terms of excess body fat, then individuals with high BMI
will, on average, have a lower hydration rates, will keep water longer in the body, and hence take
longer to urinate, and the reverse is true if defined in terms of excess muscle mass. We shall use this
relationship to empirically determine the attenuation per unit volume of water consumed in Section 3.

3. Methodology

3.1. Equipment

The measurement set up is as shown in Figure 2. We used a hand held refractometer, URICON-NE,
Cat. No. 2722 with measurement uncertainty of 0.001 from ATAGO Co., Ltd.,Itabashi-ku, Tokyo, Japan
to measure the urine specific gravity of the urine samples provided by the participants. Urine specific
gravity (SPG) measures the ratio of the density of urine relative to the density of pure water. A specific
gravity greater than one means the fluid is denser than water [20]. Urine specific gravity measurements
usually range from 1.002 to 1.030. Minimal dehydration ranges from 1.010 to 1.020 with increasing
severity of dehydration from 1.020 and upwards. A specific gravity of 1.030 and upwards is regarded
as highly severe and values below 1.010 are classified as hyperhydration [20–22]. Other factors such
as glucose level and drug use that may affect specific gravity readings were countered by ensuring
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that participants’ diets prior to experiment were controlled and exclusive of supplements, were not
taking medical drugs, and are healthy. Moreover, the experiment started after an overnight 12-h fast.
We also set the specific gravity measurements as a second test for determining individual hydration
level and used it in conjunction with body mass changes for our investigation. We used Hanna
digital thermometer model number HI-98509 (Manufactured by Hanna Instruments, Woonsocket,
RI, USA,) to measure the temperature of the urine samples. We measured the urine specific gravity
of the urine samples at the required temperature of 20.0 ◦C . A mini Pro Vector Network Analyser
(VNA), frequency range 100 kHz to 200 MHz, manufactured by Mini Radio Solutions, Poland, baluns
(Coaxial RF transformers, FTB-1-1+, turns ratio of one, manufactured by Mini-Circuits (Brooklyn, NY,
USA), and frequency range 0.2–500 MHz), and round pre-gelled self-adhesive Ag/AgCl snap single
electrodes (1 cm diameter, manufactured by Noraxon (Noraxon Inc.,Scottsdale, AZ, USA) were used
with 20 cm as the separation distance between the transmit and receive electrodes [23] to measure
the signal attenuation. The Noraxon self-adhesive Silver/Silver-Chloride electrodes (Ag/AgCl) are
preferred because they are designed for both research and clinical use, contain hypoallergenic gel,
can be used for two hours of measurement, and reduce the effects of motion artifacts and refection
compared to polarizable electrodes. The baluns are used to electrically isolate the two ports of the VNA
to ensure the return current does not make a loop through the common ground of the two ports. An
off-the-shelf electronic WeightWatchers weight tracking & body composition monitor model number
WW125A (made in China) with measurement uncertainty ±50 g was used to measure changes in body
mass of the subjects. Subjects wore light clothing and were barefoot. Subject height was measured to
the nearest 0.5 cm measured against the wall bare footed and heels together with buttocks, shoulders,
and head touching the vertical wall surface and clear horizontal marking sighted. Participants were
given time to read and understand the experiment procedures and their consents were obtained in line
with the approved procedures of the Victoria University Human Research Ethics Committee.

Figure 2. Intrabody signal propagation connected galvanically to measure signal attenuation after
600 mL fluid intake and after urinating on 12 male and eight female healthy adults.
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3.2. Experiment I: Hydration Testing

Twenty subjects consisting of 12 males and eight females participated in this experiment.
We defined two experimental protocols in this test. First, the hydration measurement protocol, which
is preceded by fluid abstinence after supper (latest 10.00 pm) until 10 a.m. to induce dehydration.
We measured the level of dehydration on each subject by testing the specific gravity of urine sample 1
collected prior to the start of the experiment. In addition, 600 mL of water was given to each subject
to drink and the rate of hydration measured 5 min after intake—this is because water appears in
plasma and blood cells within 5 min after consumption [24]. All of the participants sat on a plastic
chair and were told not to move as much as humanly possible. The measured arm rested on a wooden
table (Figure 2) was insulated to ensure no current leakage and to ensure movement artefacts were
minimized. In the second protocol, we determined the rate of dehydration after the subjects had
urinated following the consumption of 600 mL of water. We also recorded the elapsed time to produce
urine by each subject. We established the pre and post hydration states of each subject by testing
the individual urine specific gravity of both urine samples 1 and 2 with the hand held refractometer.
We observed the urine colour changes and took measurements of the body mass differences with
the electronic floor scale. The body mass of each participant was measured as W0 before drinking,
W1 immediately after drinking and W2 after urinating. We used a volumetric cylinder to measure
the volume of urine samples produced after the 600 mL of water intake. Both the hydration and
dehydration measurements were measured by taking five measurements of signal attenuation at
5 min intervals, and the average was used. The change in post drink weight and post urination
weight was observed and recorded against the refractometer readings and the changes in signal
attenuation. Subjects were not permitted to do rigorous exercises during the intervals throughout
the period of the experiment, and all measurements were carried out at 10.00 am and average room
temperature of 25 ± 0.1 ◦C was maintained throughout. Interference and background noise was
minimised by switching off electronic devices and wireless systems around the vicinity. We also
isolated communication cables away from power packs and the laptop operated at battery mode. All
measurements followed the approved procedures of the Victoria University Human Research Ethics
Committee, approval number HRE 14-122.

3.3. Experiment II: Sensitivity Test By Empirical Measurement

Three subjects consented to participate further in this experiment. The experiment was performed
on three random days and completed in three weeks. We set the control for the sensitivity test as
the average value of the signal attenuation measured for a given period of time before fluid intake.
We define our sensitivity as the smallest amount of water consumed that causes a galvanic coupled
intrabody signal to amplify beyond the control level after fluid intake. Both the control and the
sensitivity test were performed the same day and under the same condition. To measure this, we
extended the pre-drink, post drink and the measurements after urinating to 30 min. This is because we
observed in experiment I that, while many subjects indicated hydration within twenty minutes, we
want to observe, if there was any evidence of hydration occurring after 20 min. The 30 min pre-drink
measurement was to serve as a baseline or control test. The sensitivity test followed the process
narrated in experiment I, with a variation in the amount of water consumed by the subjects ranging
from 100 mL, 250 mL to 300 mL on each day of the experiment. The result is reported in Section 4 for
both hydration and dehydration stages.

3.4. Experiment III: Sensitivity Test By Simulation

Experiment II showed the minimum amount of water to be detected as 100 mL. We test this
theoretically using our circuit model Figure 1 with the same parameters for the anthropometric
measurements of the arm [25] in which a 50 mm arm radius, has the thickness of body fluid layer
as 23 mm estimated from [26,27]. After consuming 100 mL of water, the maximum gain will occur
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when all the water consumed is retained within the 20 cm channel length. This will increase the fluid
layer thickness to 26 mm, so that for a 100 mL fluid in intake, wtg = 0.1 kg. Using the transfer function
of G derived in [15]. We have the sensitivity after consumption of 100 mL of water maximum signal
gain occurring when the 100 mL are absorbed within the 20 cm channel length.

4. Results

Table 1 presents the data from the twenty subjects. Firstly, the weighing scale measurements
differed slightly from expected results after 600 mL of fluid intake, i.e., W1 −W0 �= 600 g ± (uncertainty
in measurement ) in some cases. However, the change in weight after urinating, W2 −W1, corresponded
to the volume of urine produced for most of the subjects. Similarly, urine specific gravity (SPG)
measurement decreased from SPG1, measurement after fasting, to SPG2, measurement after fluid
intake, as expected. This means that the fluid intake produced rehydration and lowering of the urine
density. In a healthy person, the kidney regulates water balance by conserving water or getting rid
of excess water relative to the requirement for a healthy water balance [28]. When the amount of
water consumed is large enough to reduce the concentration of blood plasma, a urine more dilute
than blood plasma is produced; on the other hand, when the available water is too small to dilute
the blood plasma concentration, a more concentrated urine than the blood plasma is produced [29].
Higher specific gravity values indicates higher dehydration. These instances are reflected in our result.
Therefore, we shall match the changes in the urine specific gravity of the subjects with the differences
in weight between W2 and W0, and the measured attenuation after an intrabody signal is transmitted
galvanically, as explained in the experiment procedure, for our analysis. The average observation on
the elapsed time between fluid intake and urination increases with increase in body mass index.

Table 1. Effect of hydration on body weight and urine specific gravity (SPG) on 20 subjects.

Subject
BMI W0 W1 W2 Volume of Elapsed Time SPG1 SPG2

(kg/m2) (kg) (kg) (kg) Urine (mL) (Minutes) before Drink after Drink

A 29.3 87.60 88.15 88.10 75 118 1.021 1.018
B *** 20.8 56.70 57.30 57.10 190 61 1.030 1.007

C 24.2 72.55 73.10 72.60 250 56 1.025 1.010
D ** 31.4 83.15 83.55 83.15 340 76 1.016 1.010

E 33.1 93.40 93.90 93.50 305 111 1.017 1.008
F * 28.5 75.65 76.15 75.30 360 95 1.020 1.005

G ** 23.5 62.80 63.20 62.80 330 60 1.016 1.010
H 31.4 101.00 101.60 101.40 150 70 1.020 1.015
I 26.4 81.65 82.10 81.85 220 99 1.023 1.014
J 36.5 104.25 104.75 104.35 325 125 1.021 1.016
K 22.9 76.00 76.55 76.30 100 70 1.019 1.016
L 23.7 73.50 74.20 73.80 300 51 1.020 1.007

M *** 25.6 95.30 95.70 95.50 200 60 1.031 1.007
N 25.9 78.60 79.10 78.80 175 86 1.024 1.010

O * 42.5 122.8 123.30 122.25 400 155 1.011 1.010
P 24.4 64.00 64.50 63.90 250 77 1.021 1.005
Q 21.9 60.30 60.75 60.50 125 78 1.017 1.014
R 23.7 66.20 66.80 66.40 350 93 1.017 1.004
S 24.0 67.70 68.30 68.00 250 62 1.023 1.006
T 26.1 92.35 92.60 92.50 175 47 1.020 1.008

* W2 < W0 Hyper hydration; ** W2 = W0 Optimal hydration; *** W2 > W0 Dehydrated.

Subject specific cases were observed based on the assumption that the water consumed was
retained or excreted based on the initial body hydration level and the need to maintain homeostasis
water balance [28]. In Case 1 Figure 3, W2 < W0 = Hyper hydration (example, subjects F and O).
Subjects weighed less than the base line weight after urinating and initial specific gravity is low.
Subjects produced the largest volume of urine after the specified drink. This suggests excess water
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in the subjects before the 600mL intake, thus W2 < W0. Absorption was observed after subjects had
urinated. In Case 2 Figure 4, W2 = W0 = Optimal hydration (example, subjects D and G). Here,
subjects’ baseline weight was the same as the weight after urinating, and the subjects produced a large
amount of urine. The fluid intake after the state of water balance was reached did not cause immediate
hydration; therefore, tissue absorption and de-absorption was not continuous and water intake did
not cause significant change in signal attenuation. Fluid abstinence before 10.00 a.m. did not make
these groups of subjects dehydrate.

Figure 3. Graph of the rate of hydration (A), and dehydration (B), after 600 mL fluid intake on subjects
F and O observed at 1.2 MHz, W2 < W0. Subjects were hyper hydrated by the protocol.

Figure 4. Graph of the rate of hydration (A), and dehydration (B), after 600 mL of fluid intake on
subjects D and G at 900 kHz, W2 = W0. Subjects were normally hydrated by the protocol.
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In Case 3 Figure 5, W2 > W0 = Severe dehydration (example, subjects B and M). Subjects had urine
specific gravity that reflected extreme water loss, and the time taken to urinate was high compared to
individual BMI. After urinating, dehydration occurred and was observed at different times.

The rest of the subjects were grouped as Case 4 Figure 6, W2 > W0, mild dehydration based on the
urine specific gravity reading SPG1 measured before fluid intake. Among this group, the maximum
rate of hydration was 0.44 dB/min occurring in subject N, SPG1 = 1.024, while the minimum rate
occurred at 0.02 dB/min on subject Q, SPG1 = 1.017. After urination, the maximum rate of dehydration
occurred at 0.40 dB/min with subject L, SPG1 = 1.020, while the minimum rate was 0.11 dB/min
occurring in subject C, SPG1 = 1.025.

Figure 7 is the graph of the subject’s BMI against time taken for individual metabolic process to
complete and process urine. The figure shows that BMI is related with the time it takes to process
urine and is also related with the rate of hydration and dehydration in accordance with our previous
findings [15]. Figure 8 depicts the empirical results of the sensitivity of a galvanic coupled signal
to detect hydration due to body fluid intake, while Figure 9 is the simulation result for a 100 mL
maximum fluid absorption with our circuit model.

Figure 5. Graph of the rate of hydration (A), and dehydration (B), after 600 mL of fluid intake on
subjects B and M observed at 900 kHz, W2 < W0. The protocol produced severe dehydration on
subjects B and M. After urinating, subject B dehydrated and stopped after 10 min, while subject M
started dehydration after 15 min. Both showed longer periods of re-absorption.

Figure 6. Graph of the rate of hydration (A), and dehydration (B), after 600 mL of fluid intake on
subjects A,C,E,H,I,J,K,L,N,P,Q,R,S and T observed at 900 kHz. W2 < W0. The protocol produced mild
dehydration on subjects.
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Figure 7. Graph of the relation between subject specific body mass index (BMI) and the time it took to
urinate after consuming 600 mL of water.

Figure 8. This graph represents the sensitivity test for an intrabody signal measured on three subjects
for three random days at 900 kHz, before drinking (A), after drinking 100 mL, 250 mL and 300 mL
amounts of water (B), and after urinating (C). From 5 min–30 min is the average attenuation measured
before drink. After drinking, the attenuation was measured from 35–60 min. The gap between
measurement after drink and urination is a variable time that elapsed before each subject urinates.
After urinating, the attenuation was again measured from 5 min to 30 min. Measurements were taken
at 900 kHz and subject specific parameters are: Subject D height = 166 cm and BMI = 29.83 on day 1,
Subject K height = 182 cm and BMI 23.81 on day 2, and subject L height = 176 cm and BMI 23.34
on day 3.
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Figure 9. Simulated sensitivity of a galvanic coupled intrabody at 900 kHz at different combinations
of τ and θ. (A) is before 100 mL fluid intake and thickness = 23 mm, while (B) is after 100 mL intake,
assuming maximum concentration of this amount within 20 cm inter-electrode distance, fluid thickness
= 26 mm. Predicted increase in attenuation is 1.5 dB for τ = 20 and θ = 0.6, and 1.70 dB for τ = 80 and
θ = 0.3 and 1.91 dB for τ = 150 and θ = 0.2

Subjects D, K, and L, height 166 cm, 182 cm and 176 cm, respectively, participated in the control
and sensitivity tests.

Tables 2–4 are the control and sensitivity results. The tables show that for the three random
days tested, the variation in the subjects’ body mass was below 2 kg, and the change in body weight
corresponded to the quantity of water consumed by the subjects on each day of the experiment. The
weight also decreased after the subjects had urinated and the urine specific gravity dropped after
water was consumed.

Table 2. Control and sensitivity test, Day I.

Fluid Intake = 100 mL

Subject
BMI W0 W1 W2 SPG1 SPG2

(kg/m2) (kg) (kg) (kg) before Drink after Drink

D 29.83 82.20 82.30 82.20 1.014 1.014
K 23.58 78.10 78.20 78.20 1.022 1.021
L 23.44 72.60 72.70 72.60 1.023 1.021

Table 3. Control and sensitivity test, Day II.

Fluid Intake = 250 mL

Subject
BMI W0 W1 W2 SPG1 SPG2

(kg/m2) (kg) (kg) (kg) before Drink after Drink

D 29.65 81.70 81.90 81.80 1.016 1.012
K 23.81 77.95 78.20 78.10 1.025 1.018
L 23.27 72.10 72.40 72.20 1.021 1.010
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Table 4. Control and sensitivity test, Day III.

Fluid Intake = 300 mL

Subject
BMI W0 W1 W2 SPG1 SPG2

(kg/m2) (kg) (kg) (kg) before Drink after Drink

D 29.90 82.40 82.70 82.55 1.014 1.014
K 23.81 78.00 78.20 78.10 1.023 1.021
L 23.34 72.30 72.60 72.35 1.018 1.007

The control and sensitivity tests, Figure 8, show the variation between repeated measurements on
three subjects on three random days for the first 30 min and the hydration as the subjects consume
different amounts of water. The standard deviation between average data points on the reported data
for the three subjects who consented to participate and were used for control or baseline values ranged
from 0.08 dB–0.18 dB for subject D, 0.47 dB–0.58 dB for subject K and 0.21 dB–0.22 dB for subject L.
The deviation from the baseline on the subjects after 100 mL intake are: subject D increased to 1.31 dB,
while subjects K and L increased by 2.75 dB and 0.77 dB, respectively, after 250 mL. As the amount of
water consumed increased, hydration increased evidenced by the increase in signal gain. For example,
subject D increased by 4.4 dB when the amount consumed increased from 100 mL to 250 mL. After
consuming 300 mL, the change in signal gain from 250 mL to 300 mL on subjects K and L are 1.57 dB
and 0.64 dB, respectively. The measured attenuations after drink and after urination fall within baseline
values, which were measured after fluid abstinence and before intake. The variation in the degree of
measured attenuation between the three subjects is a result of individual specific body composition,
initial hydration state and specific body metabolism.

Our simulation results show that, for maximum absorption of 100 mL within 20 cm channel length,
the gain for different combinations of τ and θ are: τ = 20 and θ = 0.6, gain is 1.5 dB, and when τ = 80
and θ = 0.3, gain is 1.71 dB, and for τ = 150 and θ = 0.2, gain is 1.91 dB. The theoretical dependences
of the sensitivity are the individual metabolic function τ, muscle-fat ratio, an equivalent of body
mass index represented as θ and initial fluid level. Empirically, it is susceptible that a contributor
to the sensitivity is height, which was not considered in the simulation. Others are subject specific
endogenous processes or metabolism and initial body fluid states.

5. Discussion

5.1. Hydration Measurement Techniques

5.1.1. Urine Colour Indices

Urine color is attributed to the level of concentration of soluble waste substances in the urine.
Higher concentration of soluble wastes may indicate a level of dehydration because the human body,
in a healthy state, constantly tries to maintain homoeostatic water balance. Thus, with the loss of body
water, urine colour changes in proportion to the level of dehydration, and darkens as dehydration
increases or as the concentration of soluble waste increases in the urine [29]. Armstrong et al. [21]
found that urine colour can, in some cases, indicate a person’s hydration state because the changes in
urine colour coincides with other techniques for measuring hydration such as plasma osmolality and
urine specific gravity. However, there is no standard urine colour index to match a given magnitude of
an individual hydration or dehydration state, especially when little changes occur that are not easily
noticeable by observation. A 2015 report by Fortes et al. [12] showed that physical signs such as urine
color and saliva are not sufficient for detecting changes in dehydration level. Our experiment uses the
attenuation of a propagating electrical signal amplitude as a result of fluid absorbed through hydration
or lost through dehydration to assess changes in body fluid level. Our sensitivity test showed that
up to 1.30 dB gain can be detected in the arm when 100 mL of water is consumed, depending on the
initial fluid requirement of an individual.
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5.1.2. Change in Body Weight

The human body mass contains 60%–70% water [27] with dynamic systems of gaining or losing
water. Short term changes in body weight are attributed to loss or gain of body water because 1 mL of
water has a mass of one gram [16]. Changes in body mass are often used to quantify water gain or loss
in a clinical measurement. Consequently, we used the differences in body weight to deduce the amount
of water retained in the body and to relate it with the changes in the intrabody signal passing through
the body. We note that, as the body hydrates, only a proportion of the amount consumed comes to the
arm where we measured. Our sensitivity test investigated the different amount of water required by
each subject before it could be detected in the arm. Results show that the signal attenuation decreased
as the body weight increased by the fluid consumed and increased as the body weight decreased due
to loss of water (Figure 8).

5.1.3. Refractometry

With the loss of body water, urine specific gravity increases due to increase in the concentration
of urinary waste products [30]. The concentration is determined by the amount of urinary waste per
unit volume of urine. Urine specific gravity measures the ratio of the density of urine relative to the
density of pure water. A specific gravity greater than 1 means the fluid is denser than water [22]. Urine
specific gravity measurements usually range from 1.002 to 1.030. Our results show that subjects with
high SPG values usually had high hydration rates with the galvanic coupling method.

5.2. Intrabody Signal Propagation Method

Our proposed intrabody signal propagation method uses time varying changes in galvanic
coupled signal amplitude to predict hydration rates. The decrease in attenuation (hydration) or
increase (dehydration) during each observation matched the changes in the body weight recorded for
all of the 20 subjects as well as the changes in the urine specific gravity and the visual observations on
the urine colour.

We observed four distinct cases of human tissue hydration. We defined W2 as Weight after
urination and W0 as weight before drink and grouped the cases as following:

Case 1: W2 < W0 = Hyper hydration;
Case 2: W2 = W0 = Optimal hydration;
Case 3: W2 > W0 = Severe dehydrated;
Case 4: W2 > W0 = Mild dehydration.

The graphs show that hydration started and ceased at different times per subject: 30% recorded
hydration levels 10 min after drinking, while 25% recorded hydration levels at 5 min after drinking.
Subjects with high SPG1 usually had higher rates of hydration, while subjects with very low SPG1 had
lower rates of hydration. Thus, different individuals have different hydration rates and the specific
gravity reading indicated an individual’s initial dehydration state. Similarly, the amount of water
consumed was too much for some subjects and just appropriate for others. These observations explain
why the state of water balance is reached at different times and is dependent upon the initial body fluid
level in each subject [15]. Figure 7 show that individuals with high BMI have longer time-dependent
metabolic processes, and lower rates of hydration than people with low BMI, in line with our previous
findings. The measured hydration rates lie within the range bounded by the mean value of the
attenuation on an individual’s baseline measurement. From Figure 8, the signal amplitude changed
in proportion with the quantity of water absorbed by the tissues. Similarly, fluid consumption and
losses caused changes in the body mass measurement in line with Equations (2) and (3). The variations
in the signal amplitude were caused by the absorption of water by the tissues, which caused an
increase due to hydration or reduction in body weight due to loss of water by evaporation, metabolism
and urination. The signal amplitude increased more prominently as the volume of fluid consumed
increased. For instance, within the first 5 min, when the amount of water consumed by subject

196



Electronics 2016, 5, 39

D increased from 100 mL to 250 mL, the signal attenuation decreased from −65.5 dB to −61.9 dB.
The attenuation decreased as the amount of water consumed increased. This was reversed in the
dehydration cycle measured after urination.

A review of bioimpedance and plasma osmolality methods indicates that intrabody methods,
as shown in our experiment, are sensitive to detecting mild body fluid changes. Plasma osmolality
measures the amount of osmoles (Osm) of solute per kilogram of solvent (osmol/kg) and is regarded
as one of the best methods of estimating the level of dehydration in an individual [31]. The osmolality
of blood increases with dehydration and decreases with increasing hydration. A problem with this
method, however, is that it does not track body fluid changes quickly when fluid loss is below 3% of
body mass [11,21]. This implies that, for a 70 kg adult, plasma osmolality could only detect changes
in body fluid level until the water loss causes up to 2.1 kg decrease in body weight. Our technique
is sensitive to 100 mL of fluid intake or 0.1 kg change in body weight due to hydration. Similarly,
bioimpedance method tracks total body water from estimates of extracellular and intracellular fluid
volumes [32]. However, although the bioimpedance method has been validated for estimating total
body water [33], in 2007, Armstrong argued that bioelectrical impedance methods may not be accurate
when the amount of water loss is less than 800–1000 mL [31]. Our sensitivity test showed that
intrabody method could detect changes in body fluid level for as little as 100 mL of fluid intake or
water loss as observed in subject D. Our sensitivity test suggests that the sensitivity increases with
decrease in height. In addition, the magnitude of the signal attenuation from theoretical simulation
changed from −65.98 dB to −63.27 dB for τ = 80 and θ = 0.3, similar to empirical measurements
Figures 8 and 9. Our simulation results, in Figure 9, predicted a lowering of signal attenuation by
1.50 dB to as much as 1.91 dB, depending on individual anthropometric ratio and body metabolism,
when 100 mL is optimally absorbed in the arm. Our empirical measurements detected 1.31 dB on
subject D, BMI 29.83 kg/m2 and height 166 cm. Thus, the empirical measurement is evidenced
by simulation results. However, a challenge to the empirical measurements is that the majority
of the participants were uncomfortable trying to remain still during the 20 min period in the first
experiment, which was required to minimise movement artefacts and external effects. Thus, only three
subjects consented to participate in the control and sensitivity test when it was extended to 30 min of
measurements. In addition, we argue that the initial hydration state of the subjects with SPG readings
should not be the gold standard [31] for assessing human body hydration state.

6. Conclusions

In this paper, we show that galvanic coupled intrabody signal propagation can be used to measure
the rate of human body hydration with sensitivity as low as 100 mL of fluid intake or loss, and the
system is non-invasive and hygienic. Our studies with 12 male and eight female volunteers show
that the rate of hydration depended more on individual metabolic requirements, initial hydration
level, and body mass index. Hydration rates are not constant but are affected by the immediate body
physiological state and metabolic equilibrium, which, in turn, determines how long it takes to change
from one fluid state to another. To use this technique, a baseline amplitude of the signal variations
of an individual is required. This capacity makes it potentially applicable for monitoring changes in
body fluid level, targeted body fluid disorder and the response of tissues when monitored for targeted
fluid level variations. Using galvanic coupled intrabody communication means that the technology
can be integrated into existing wearable devices in a cost effective way. In the future, we will further
investigate the effects due to anthropometric parameters on the sensitivity.
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Abstract: Footwear is an integral part of daily life. Embedding sensors and electronics in footwear for
various different applications started more than two decades ago. This review article summarizes the
developments in the field of footwear-based wearable sensors and systems. The electronics, sensing
technologies, data transmission, and data processing methodologies of such wearable systems are
all principally dependent on the target application. Hence, the article describes key application
scenarios utilizing footwear-based systems with critical discussion on their merits. The reviewed
application scenarios include gait monitoring, plantar pressure measurement, posture and activity
classification, body weight and energy expenditure estimation, biofeedback, navigation, and fall
risk applications. In addition, energy harvesting from the footwear is also considered for review.
The article also attempts to shed light on some of the most recent developments in the field along
with the future work required to advance the field.

Keywords: accelerometry; energy expenditure; energy harvesting; footwear; gait; plantar pressure;
wearable sensors

1. Introduction

Footwear is an irreplaceable part of human life across the globe. While the initial necessity was
purely to protect the feet [1], they have also become a symbol of style and personality [2]. Footwear
acts as the interface between the ground and the wearer’s foot. Lots of information can be gleaned from
observing this interaction. Attempts to capture this information by integrating sensing elements and
electronics in the footwear began in the 1990s, both for academic research purposes and in commercial
products [3]. In recent times, development of low power, wireless, unobtrusive and socially acceptable
wearable computing systems has become an increasingly important research topic. This trend is
aided by the exponential growth in the electronics industry, which is driving rapid advancements in
microfabrication processes, wireless communication, and sensor systems.

The applications for footwear-based systems range from simple step counting solutions to more
advanced systems intended for use in rehabilitation programs for disabled subjects. Footwear-based
systems available on the market or in research laboratories today vary in their sensor modalities and
data acquisition methodologies in order to meet different application requirements. Typically, these
systems consist of pressure sensors for plantar pressure measurement, inertial sensors (accelerometer
and/or gyroscope) for movement detection and a wired or wireless connection for data acquisition.
The signal processing of this collected data varies depending on the application, can range from
lightweight signal processing methodologies (for example, binary decision trees) running on
a handheld device to complex signal processing/machine learning models (for example, Support
Vector Machines) running on a PC.

Several vital biomechanical parameters can be estimated using sensors placed in the footwear.
For example, by placing pressure-sensitive elements in the footwear, foot plantar pressure can be
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measured. By utilizing pressure-sensitive elements along with inertial sensors, several gait parameters
can be calculated. Additionally, by placing actuators in the footwear and measuring gait patterns,
one can generate biofeedback to assist patients suffering from stroke. The same set of pressure
sensors and inertial sensors can also be used in tracking posture and activity recognition and energy
expenditure estimation. These and other important applications have driven footwear wearable
technology to its present day state and continue to drive the technology even further.

In this work we review advancements in footwear-based wearable systems based on their target
application scenarios. Applications described in the work include those that focus on gait monitoring,
plantar pressure measurement, posture and activity classification, body weight and energy expenditure
estimation, biofeedback, navigation, and fall risk applications. For each application, example systems
are taken from published research and consumer products. Keywords such as ‘gait monitoring
systems’, ‘plantar pressure measurement’, and others were searched in databases such as IEEE Xplore,
PubMed, and Google Scholar. Literature that described portable or wearable systems that have sensors
embedded in the shoes, insoles, sandals, or socks were included and the stationary systems were
excluded from the review.

The article discusses the existing systems with respect to their hardware, sensor modalities,
modes of data acquisition and data processing methodologies. Merits/demerits of each system are
also pointed out. The work also attempts to shine a light on some of the most recent advancements
happening in the field, as well as on the future direction for footwear-based wearable systems.

2. Application Scenarios for Footwear-Based Wearable Systems

2.1. Gait Analysis

A person's walk is characterized by their gait, which involves a repetitious sequence of limb
motions to move the body forward while simultaneously maintaining stability [4]. Having a normal
gait allows someone to remain agile so that they may easily change directions, walk up or down stairs,
and avoid obstacles. Patients with neuromuscular disorders are likely to have abnormal gaits and
suffer in their ability to perform locomotive activities. Objective measurement and analysis of gait
patterns can help in the rehabilitation of such disabled individuals.

Figure 1a shows an illustration of an instrumented insole developed for gait monitoring by
Crea et al. [5]. There are two kinds of parameters that are computed in gait monitoring applications:
temporal and spatial. Some of the examples of the temporal gait parameters are cadence, stance
time, step time, single support time, and double support time; while step length and stride length
are examples for spatial gait parameters. Gait monitoring is one field of wearable computing where
there are a considerably high number of footwear-based systems deployed. Many such systems are
compared in Table 1. There are force plates available for gait analysis [6], and there are also systems
that make use of the Kinect [7,8]; but footwear-based solutions are much better suited for uncontrolled
free living conditions outside the laboratory environment. Footwear is also an ideal location to measure
the gait parameters as these applications measure the parameters involved in the movement of foot.

By utilizing pressure-sensitive elements, such as force sensitive resistors (FSR), for gait monitoring,
temporal parameters such as cadence, step time, stance time and others can be computed. This is done
utilizing the heel strike and toe off time events (Figure 1b). The gait monitoring applications extract
gait event information from the changes in pressure sensor readings and not the absolute pressure.
Hence, the pressure sensing does not need high spatial resolution, so only a few pressure elements
are used in such applications. High pressure measurement precision is also not needed, and for that
reason, sometimes these are called foot switches.
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Figure 1. (a) Instrumented footwear for gait monitoring presented by and Crea et al. [5]; (b) marking
of heel strike and toe off time instances from the pressure sensor signals.

For computation of temporal gait parameters, a higher sampling frequency means better time
resolution, resulting in higher accuracy in the computed parameters. However, there is a tradeoff
between battery life, sampling frequency, and accuracy (applicable to all of the systems discussed
in this work). A higher sensor sampling frequency will result in higher power consumption by the
system, resulting in a shortened battery life; while a lower sampling frequency may decrease the
accuracy of the system. The work in [5] has used 18.75 Hz, however it has not yet been fully validated.
In [10], it was shown that 25 Hz is sufficient for gait parameter extraction for walking at the speed
of 2 km/h or less. However, our ongoing work suggests that for computation of parameters such
as double support time, especially during walking at speeds more than 4 km/h or running, 25 Hz
is insufficient. Sampling frequencies of greater than 50 Hz, as reported in [9], will provide a better
accuracy for all the gait parameter computations.

Inertial sensors such as an accelerometer in conjunction with gyroscope can be used in the
computation of distance or elevation. Hence, these inertial sensors are utilized in the computation of
spatial gait parameters such as step length or stride length, as shown in [9].
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Only a couple of the works discussed the expected battery life for their systems. In [5] it was
reported that a battery life of about 20 h is achievable, which can enable almost two days of wear in
real life situations. In [19], 10 h of usage time on single charge is reported, which can enable one day of
wear on full charge. However, in [19], having this particular lithium polymer battery under the foot
may be potentially hazardous.

From connectivity perspective, Bluetooth is quite commonly used in many of the footwear-based
systems as done in [5,10,18] and others. A lower power consumption version of Bluetooth, named
Bluetooth Low Energy (BLE), is coming to prominence in the recent years and there are a few
footwear-based systems that have utilized BLE, [21,22], which will be discussed in the later sections.
The study in [21] has reported more than two orders of magnitude in power savings when utilizing
BLE compared to traditional Bluetooth.

With regards to data processing, many gait monitoring applications in their current form rely on
collecting the data from human subject experiments and a PC performing post processing, as in most
of the cases as shown in Table 1. Real-time gait monitoring and visual feedback can help in clinical
applications and González et al. [18], Ferrari et al. [20], and Crea et al. [5] have taken this into account.

There are a few works that have used gait information obtained from footwear-based systems in
pattern recognition. Huang et al. [23] identified a human subject based on the wearer’s gait against
eight other human subjects. Jochen Klucken et al. [24] were able to successfully distinguish PD patients
from healthy subjects with an accuracy of 81%. Jens Barth et al. [25] have presented a methodology to
search for patterns matching a pre-defined stride template from footwear sensor data, to automatically
segment single strides from continuous movement sequences.

All of the footwear-based solutions listed are research prototypes and some of them [9,11] are
primarily suited for laboratory studies. On the other hand, Sensoria® has developed commercial
instrumented socks for gait monitoring [26]. The associated smartphone application running on iOS or
Android is intended to help runners and provides real-time feedback on foot landing patterns, cadence
and other important gait characteristics. Technical characteristics of the Sensoria product were not
available at the time of this review.

Systems in [5,11,19,23] would need further human subject studies as they have not yet been fully
tested. Additionally, it is important to note that none of the above-described systems have undergone
a longitudinal free-living study, which is essential to understand the gait behavior of wearers in
community living. Development and full-fledged validation of a socially acceptable, user friendly,
and reliable footwear-based gait monitor well suited for longitudinal studies is still an open challenge
in the field that needs to be addressed.

2.2. Plantar Pressure Measurement

Plantar pressure is the pressure distribution between the foot and the support surface during
everyday locomotion activities. Foot plantar pressure measurement applications focus on measuring
of the pressure distribution between the foot and the support surface. Figure 2a shows an illustration
of a plantar pressure map during one stance phase (heel strike to heel off) of a healthy individual [27].

The foot and ankle provide the support and flexibility for weight bearing and weight shifting
activities such as standing and walking. During such functional activities, plantar pressure
measurement provides an indication of foot and ankle functions. Plantar pressure measurement has
been recognized as an important area in the assessment of patients with diabetes [28]. The information
derived from plantar pressure measurement can also assist in identification and treatments of the
impairments associated with various musculoskeletal and neurological disorders [29]. Hence, plantar
pressure measurement is important in the area of biomedical research for gait and posture
analysis [11,30,31], sport biomechanics [32,33], footwear and shoe insert design [34], and improving
balance in the elderly [35], among other applications.

For all the above applications, there are solutions that utilize non-wearable systems, such as
force plates and force mapping systems [36], but footwear is an ideal location for such measurements.
Footwear-based platforms also offer much higher portability and can potentially enable monitoring
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outside of the laboratory, in uncontrolled, free living applications. Almost all the footwear-based
applications reviewed in this work have some form of plantar pressure sensing elements built in to
them; however, in this section we place an emphasis on the footwear systems that deal explicitly with
plantar pressure measurement. These systems are compared in Table 2. Figure 2b shows the F-scan®

system by Tekscan, Inc. (Boston, MA, USA) [37].

 
Figure 2. (a) Plantar pressure map during one stance [27]. HS—heel strike, FF—foot flat, MSt—mid
stance, HO—heel off; and (b) F-Scan® System, courtesy of Tekscan, Inc. (Boston, MA, USA).

As seen in the Table 2, the sensing nodes for plantar pressure measurement application are much
denser compared to those used in gait monitoring or activity monitoring, with the F-scan® system
using as many as 960 sensing elements. This is because plantar pressure measurement applications
demand the estimation of the absolute pressure that is exerted at different locations of the foot; while
in activity and gait monitoring applications [7,30], it is more important to capture the relative changes
in the pressure levels than the actual pressure values as previously discussed. F-scan® [29] can be used
for the pressure ranges of 345 to 825 kPa, while Pedar® from Novel, gmbh (Munich, Germany) [31] can
be used in the range of 15–600 kPa or 30–1200 kPa.

Since plantar pressure measurement applications are concerned more with the absolute pressure
measurement and not the events, time resolution in the data from such systems do not play as vital
a role as in gait monitoring. Sampling frequencies of as low as 13 Hz up to 750 Hz have been used in
systems as shown in Table 2.
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A potential concern with the pressure sensing elements in the footwear is their drift over time,
which will become important when the systems are used in real life settings for long periods of
time. A periodic recalibration would be needed to obtain repeatability as done for the case of F-scan®

in [45,50]. Studies in [46,47] have suggested that capacitive sensing based Novel Pedar® has higher
repeatability and accuracy when compared to the resistive sensing based Tekscan F-scan® systems.
However, out of all the systems reviewed, F-scan offers the highest spatial resolution with 960 sensing
elements in the insole. The F-scan® system has a reported 2 h of battery life, which is rather low.
The LogR® by Orpyx, Inc. (Calgary, AB, Canada) [42] has reported 8–12 h of battery life, long enough
to last through a regular day of wear.

All of the systems listed in Table 2 have connectors on the insoles which need to be connected to
the microcontroller unit (MCU) outside of the footwear. This can limit usability in free living conditions
by causing the footwear look out of the ordinary and feel uncomfortable. The system presented in [40]
has a wired PC interface, which can limit use even in a controlled laboratory setup.

These above solutions measure the vertical force component of the ground reaction force (GRF),
and Liu et al. [51] have presented a wearable force plate system for the continuous measurement
of tri-axial ground reaction force in biomechanical applications. This system not only measures the
vertical component of the GRF during ambulatory phase, but also measures transverse components
of the GRF (anterior-posterior and medial-lateral). However, comfort levels wearing such systems
made with tri-axial force sensors under heel may be questionable, as the sensor itself is 5 mm tall and
it would be rather uncomfortable below the heel. Under the arch of the foot may be a better option for
placing these sensors.

2.3. Posture and Activity Recognition, and Energy Expenditure Estimation (EE)

The ever increasing problem of obesity has brought immense importance to study in the field
of posture and activity recognition and energy expenditure estimation. Weight gain is caused by
a sustained positive energy balance, where daily energy intake is greater than daily energy expenditure.
This is typically caused by living a sedentary lifestyle [52,53]. In [14] it was reported that obese
individuals spend more time seated and less time ambulating than lean individuals. More than one
third of U.S. adults are obese [54] and quantifying posture and activity allocation to help keep track
of energy expenditure utilizing wearable sensors is quickly becoming a part of weight management
programs. The applications extend beyond weight management programs, as posture and activity
monitoring is an important aspect in the rehabilitation programs for post-stroke individuals [55].
Posture and activity classification is a large part of the consumer electronics industry’s fitness
segment. Fitness applications running on smartphones, smart watches, and fitness trackers are
becoming common parts of modern daily life [56–60]. Almost all of these solutions are based on
accelerometry and there are many published works on using accelerometer for posture and activity
recognition [61–68]. There are also comparisons of commercially available accelerometry based activity
and energy expenditure estimation (EE) monitors in [69–71]. In this section however, we focus only on
footwear-based solutions used for posture and activity recognition, body weight, and EE estimation.

There are several footwear-based systems for posture and activity recognition purposes,
and an example of these are the SmartShoe system developed by Sazonov et al. [72] which have
been validated extensively for posture and activity monitoring. They have been used with healthy
subject groups [30,72,73], people with stroke [55,74] and children with cerebral palsy [75]. The most
recent incarnation of the SmartShoe systems, named SmartStep by Hegde et al., has shown the
capability to be accurate in posture and activity classification [21,76,77]. Chen et al. have designed
a foot-wearable interface for locomotion mode recognition based on contact force distribution [78].
Kawsar et al. have developed a novel activity detection system using plantar pressure sensors and
a smartphone [79]. Table 3 contains the comparison of these systems. Figure 3a shows a picture of
SmartStep insole [80] and the associated Android application for daily activity monitoring.
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Figure 3. (a) SmartStep system by Hegde et al. [80]; and (b) heel pressure sensor signals for daily living
activities [76].

All of the systems listed make use of various pressure sensors in order to determine the activity
the user is undergoing. Pressure sensors can help to handle the ambiguity between weight bearing and
non-weight bearing activities such as sitting and standing postures that cannot easily be determined
using only accelerometry. An example of a pressure sensor signal located at heel for different
daily living activities [76] is shown in Figure 3b. All of the systems utilize motion sensors such
as accelerometers and the systems in [77,79] have a gyroscope as well.

Similar to the gait monitoring systems, the pressure sensitive elements in the footwear for activity
monitoring are used for marking the events. However, since changes in activity do not happen too
often, a lower sampling frequency can also be used in activity classification to save battery power.
In [83] it was shown that for accelerometer based daily activity classification, a 15 Hz sampling rate
can provide a 85% classification accuracy. When it comes to footwear-based systems, as shown by
works of Sazonov et al. even 1 Hz sampling rate can be used in monitoring of the daily activities with
93% accuracy [72], and as shown in [55,72–74], a 25 Hz sampling frequency can provide a 99% accurate
activity classification. Other described systems also have a very high accuracy (>96% across any system
presented) in discriminating between the daily living activities of sitting, standing, walking, running,
and cycling.

One of the limitations of footwear-based systems in activity monitoring is that they cannot be
used in classifying upper body activities. To monitor upper body activities, additional sensors need
to be worn on locations of the upper body. An example of such a system is the one presented by
Ryan et al., who have used a wrist worn accelerometer along with the footwear system to classify
daily living activities of ascending stairs, descending stairs, doing the dishes, vacuuming, and folding
laundry, along with many athletic activities [84].

A long battery life is very important for the usability of these systems. Reports in [21,72,85] have
discussed the battery life of the corresponding systems and the SmartStep system in [21], stands out
among these, with more than four days of operations on single charge in certain modes. The other two
systems had battery lives of approximately 5 h on a single charge.

None of the above systems have undergone longitudinal free living studies. There are many
factors that need to be effectively addressed to enable such studies in community living environments.
Social acceptability, user friendly operation, comfort for wear and unobtrusiveness are some of
the important challenges that need attention. SmartStep [21,77] has tried to address many of
these challenges in footwear-based systems, with its socially acceptable design, low power usage,
and completely unobtrusive form factor.

In terms of data processing, as reported in [81], support vector machines (SVM), being
computationally expensive, are not suitable for implementing in portable electronic devices, such as
smartphones, for real-time activity classification purposes. The study in [81] also reports that activity
prediction models based on multinomial logistic discrimination (MLD) is computationally less
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expensive in terms of required memory space and execution time, and performs equally well in
terms of accuracy, as compared to SVM. Binary decision trees [74,78,79], being a light-weight classifier,
can possibly enable the implementation of predictive models on the sensor itself. This can potentially
reduce the power consumption at the sensor node that would occur during the wireless connection
events for raw data transmission.

With respect to energy expenditure (EE) estimation, there are relatively few footwear-based
systems that are targeted for such applications. The SmartShoe platforms have been extensively
validated in EE (in controlled laboratory environments) [81,86]. SmartShoes were compared against
other accelerometry-based wearable devices and have proven to be equally or more accurate [87].
There are also several commercial footwear-based systems that can be used in EE, such as Lechal
systems [88] and Lenovo SmartShoe [89], track their user's EE. The Lenovo ones have yet to enter
the market.

In general, most of the present day solutions predict EE in terms of a steady state
(sitting/standing/walking etc.). However, daily life is a mixture of both steady states and the
continuous transitions between them. It is important to be able to quantify these in-between states in
order to better estimate energy expenditure. Hence, we expect to see more and more research from
a data processing perspective, to try to more accurately estimate EE in daily life. This may lead to
the inclusion of several different sensors alongside activity predictors (heart rate, breathing rate and
others) and novel data processing techniques, similar or better to the ones presented in [90] in order to
better estimate EE.

Excessive body weight is the factor which defines obesity and body weight is also one of the
most significant factors in calculating energy expenditure. Self-reporting of body weight can be highly
erroneous [91]; hence, objective and autonomous measurements of body weight can help in accurate
EE estimation and obesity treatment programs. Footwear is an ideal location for automatic body
weight estimation systems since all of the body’s weight is placed upon the feet when standing. A few
footwear-based systems have been used for body weight estimation as done in [92,93]. The study
in [92] reported root-mean squared error of 10.52 kg in estimating body weight of 9 study subjects,
while the one in [93] reported an average overestimation error of 16.7 kg in estimating body weight of
10 study subjects. These works validate the approach, but there is a room for improving the accuracy
of the footwear-based systems in estimating body weight.

In all, footwear-based systems have yet to become matured in the field of daily energy expenditure
estimation. The problem with measuring daily energy expenditure utilizing footwear systems is that
people, on average, may wear footwear for 12 h of their whole day. This leaves a good 50% of the
activities outside the purview of such sensor systems. Though one may argue that the majority of the
remaining 12 h may be spent sleeping (6–8 h), to measure accurate daily living energy expenditure,
one may have to use other sensor systems in conjunction with footwear-based ones. These may
include smartphones or smart watches, which are generally used even when someone is not wearing
footwear at home. Another potential concern with footwear-based wearable systems for use in daily
living is that people usually tend to use multiple pairs of footwear. Insole based systems would be
much more practical, as users can insert the insole into any of their shoes that they want to wear.
However, the actions of taking out the insole from the shoe and inserting into another may not be
a very comfortable act and future research work in this area needs to address this challenge.

2.4. Biofeedback

The sensing technologies embedded in the footwear in conjunction with real-time feedback
mechanisms can be deployed in rehabilitation programs of many health conditions. For example,
utilizing the real-time gait information retrieved from the footwear, post stroke individuals can be
given feedback to improve the asymmetry in their walking. An example of real-time monitoring
of stroke patient’s gait and generation of active feedback to improve the asymmetry is depicted in
Figure 4a. The feedback can be delivered in visual, auditory, or tactile manners. Several footwear-based
systems have been presented in biofeedback applications and are presented in Table 4.
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Figure 4. (a) Pressure sensor signals for asymmetric walking of a post-stroke subject and generation of
active feedback [95]; and (b) biofeedback system presented by Bamberg et al. for stroke patients [96].

Orpyx® have insole-based wearable systems that have been clinically validated [49] that give
biofeedback to diabetic patients on a smartwatch, based on their plantar pressure profile [42].
This system makes use of a neurological rewiring phenomena in the brain, termed neuroplasticity.
Khoo et al. [94] and, independently, Hegde et al. [95], and Bamberg et al. [96] (Figure 4b) have
developed biofeedback devices for post-stroke patients to improve their gait asymmetry. Donovan et al.
have worked on a shoe-based biofeedback device to assist people with chronic ankle instability [97].

Compared to gait and activity monitoring systems, biofeedback systems need to process the
sensor data in real-time and also generate active feedback in real-time. Hence, these systems do not
make use of elaborate sets of sensing elements. All of them use only pressure sensing elements as
seen in Table 4, with Donovan et al. [97] being the only exception which uses EMG sensing along with
pressure sensing. The sampling frequency can be as low as 20 Hz as shown by Hegde et al. [95], to save
battery power. The computation methodologies need to be lightweight and cannot be running on a PC
for providing real-time feedback.

All of the presented systems make use of auditory or tactile feedback mechanisms in order to
communicate with the user. Accuracies of the systems in [94–96] seem comparable. Additionally,
all of these were externally wired systems (which could potentially get in the way of their purpose).
A full-fledged insole system would be much more attractive for real world usage. In [97], during
experiments, the device threshold was adjusted using a small screw driver to turn the trimpot’s
dial. A more autonomous system than this would be attractive and make the device easier to use.
Furthermore, all of these systems need further human subject validation.

Studies in [95–97] have showed significant improvements to the patients’ health conditions.
These results indicate that footwear-based systems could indeed be of great use in rehabilitation and
should be further pursued.

2.5. Fall Risk Assessment and Fall Detection Applications

One of the primary causes for the disorders referenced in the sections above is aging. By 2040,
the number of elderly people in U.S. is projected to be 21.7% of the total population [98], and the risk
of falling in older adults is an important social problem to be addressed [99]. Systems that monitor the
individual’s gait over a long period of time and predict risk of falling are termed as fall risk assessment
systems [100]. On the other hand, a fall detection system is a real time assistive device which has a main
objective of alerting when a fall event occurs. We review such footwear-based systems in Table 5.

Doukas et al. have developed an advanced fall detection system based upon movement and
sound data [101]. Wiisel is an advanced insole-based system that is used for fall risk applications [22].
Otis et al. [102] have come up with an efficient home-based falling risk assessment test using
a smartphone and instrumented insole. Sim et al. [103] have worked on a fall detection algorithm for
the elderly using acceleration sensors on the shoes. Majumder et al. have implemented a real-time
smartshoe and smartphone-based fall risk prediction and prevention system [104]. Figure 5a shows
the Wiisel system that is used for fall risk applications.
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Figure 5. (a) Wiisel footwear system for fall risk application; and (b) Lechal system® for by Ducere
Technologies Pvt. Ltd. (Secunderabad, Andhra Pradesh, India).

Accelerometer is the common sensing element across all the systems used in this field as seen
in Table 5. Otis et al. [102] and Sim et al. [103] have used relatively high sampling frequencies,
with Otis et al. using 1000 Hz, though the reports did not substantiate the use.

Making the footwear systems comfortable for daily wear is a challenge and Wiisel insoles [22]
have addressed this. These insoles are industrially built and with their built in wireless charging,
this solution be used to benefit the elderly. However, people need to remove the insoles from their
shoes in order to charge them. This is due to a limitation of the current version of the wireless charging
standard Qi, which allows a maximum of 1.5 cm distance between the wireless power transmitter and
receiver. This might be increased to 4 or 5 cm in the future and will remove the need for taking out the
insoles for charging purposes. Systems other than Wiisel in this section are all laboratory prototypes.

If the systems have some kind of real time feedback, such as to call for help, that would be
beneficial. Only [104] has any kind of real-time feedback implemented and adding this will be the next
logical step for footwear systems used in fall risk applications.

Of the above mentioned systems, the one proposed by Doukas et al. [101] was the most
accurate with 100% accuracy for fall detection. In that system, usage of microphone data along
with accelerometer was novel. On the other hand, Sim et al. [103] system’s 81.5% sensitivity is
considerably low given the severity of misclassification.

2.6. Navigation and Pedestrian Tracking Systems

Another interesting area where footwear-based systems are being utilized is in the field of
navigation assistive technologies and pedestrian tracking. These systems are aimed at providing
assistance for the vision impaired, guiding emergency first responders, and work in augmented reality
applications. In general, systems targeted for tracking utilize inertial sensors mounted on the footwear
alongside GPS or radar; while navigation systems use actuators along with the sensors to guide the
user in real-time. The key challenge for devices in this field is to be able to provide accurate location
information without the need of a pre-installed infrastructure. In Table 6 several of these systems
are reviewed.
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All of the described systems in Table 6 make use of accelerometer and gyroscope for computing
the navigation path. These applications demand high temporal resolution in sensor sampling
(as demonstrated by Foxlin [110] with 300 Hz), because of complex computation (such as Kalman
filtering [110]) and integration that needs to be performed to accurately determine the path.

Schirmer et al. [107] and Lechal System [88] provide feedback for real-time navigation. In order to
use the system in [107], the user will need initial training to be able to understand the actuator patterns
for front and back movement guidance, as they only use two actuators.

The Lechal® system by Ducere Technologies Pvt. Ltd. (Secunderabad, Andhra Pradesh, India) [88],
being a commercial system, is industrially built (Figure 5b). Though initially intended as an assistance
for a blind subject population, it can also be used by all for navigating purposes. Footwear feedback
levels in this system are user configurable and it also provides options for configuration using
voice commands.

The wired connection to a laptop limits the use of systems in [109,110] for practical applications.
Reported error in navigating a predefined path is very much comparable in all these systems and is
less than 1% in the final position tracked by these systems.

2.7. Other Enabling Technologies

Energy harvesting from footwear is an area which has been of interest for a long time.
As electronics are becoming smaller and smaller, the recent trend in wearable technology is to move
towards smaller batteries or battery-less systems and to tap the energy needed from the human body
or its motions. As early as 1995, Starner [41] reported that 67 watts of power are available in the heel
movement of a 68 kg person who is walking at a pace of two steps per second. Even a fraction of that
energy, if harvested, can easily power today’s low power electronics. Many attempts are underway to
tap the energy from body heat and the force produced during locomotive activities.

In Table 7 we compare several footwear-based systems that make use of energy harvesting
methods. Shenck et al. have devised a methodology for energy scavenging with shoe-mounted
piezoelectrics [111]. Orecchini et al. have come up with an inkjet-printed RFID system for scavenging
walking energy [112]. Zhao et al. have developed a shoe-embedded piezoelectric energy harvester for
wearable sensors [113]. Kymissis et al. have tested three different energy harvesting elements in their
work [114]. Meier et al. have presented a piezoelectric energy-harvesting shoe system for podiatric
sensing [115].
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The energy can be harvested by vibration, compression, or bending produced in the footwear
while the wearer performs motion activities such as walking. Piezoelectric lead zirconate titanate (PZT)
and polyvinylidene difluoride (PVDF) are quite commonly used energy harvesting elements. PZT is
a ceramic material, while PVDF is a plastic material.

From the study in [114] it is concluded that, even though mechanical systems such as the rotary
magnetic element generate two orders of magnitude more energy than other systems, they are difficult
to integrate into footwear. PZT and PVDF are more compact elements and can be much more easily
integrated. The combination of the harvesting element and the placement of the element determine
the resultant harvested energy.

Among the described works, Nathan S. Shenck [111] seems to be the one with the highest-reported
power generated, but the system appears to be a laboratory prototype. The Rich Meier et al.
solution [115] involves alteration of the shoes, which would limit its usage in generic footwear systems.

Though the amount of power generated by these systems is quite low, many of these systems
were able to provide enough energy to drive low power RFID systems. For the systems demanding
higher power, the resulting power from energy harvesting can be utilized in supplementing the power
provided by the battery, to extend its runtime.

3. Recent Trends and Future

3.1. Socially Acceptable and User Friendly Solutions

It is important that footwear-based systems are as discrete and user friendly as possible. Most of
the systems that are discussed in this work require a wireless/wired MCU placed outside the footwear.
For free living daily life studies this may be a concern, and we are seeing work being done to move
towards full-fledged insole-based systems. Insoles are now being equipped with all of the sensing
elements, battery, recharging circuitry, and wireless interfaces [22,77,88,91]. Systems in [49,88] have
wireless charging capabilities which make them more user friendly.

The SmartStep [77] system has an over-the-air firmware upgrade feature, which can be used to
easily configure the system for use in different application scenarios. The concept of real-time data
collection and offline transmission of SmartStep, presented in [77], can be attractive for the elderly
population as they do not need to carry smartphones with them to use the system. In this scenario,
the sensor data is logged in the system’s flash memory during wear and later is transferred to the
base station when the insoles are being charged. These trends will hopefully continue and can help
researchers, as well as users, to better utilize such systems.

3.2. Footwear as Internet of Things (IoT) Devices and Big Data

IoT is a field that is redefining the way people interact with their environment in their daily lives.
IoT can enable every object we interact with (for example: key chains, coffee mug, cloths, appliances,
and many more) to be a sensor and a minicomputer connected to the internet [116]. We foresee that
footwear is going to become a part of the IoT revolution soon and can help people become more
connected and help them better manage their lives. The application scenarios such as gait and activity
monitoring, fall risk/fall detection, and others, can take advantage of such infrastructure. An example
use case can be that the individual with asymmetric walking (caused by a neurological disorder),
wears IoT-enabled footwear, which sends the gait parameters to the physician in a distant place in
real-time. The infrastructure can also allow the physician to give feedback to the individual based on
the progress.

The next problem which arises after the systems are ready for daily usage and are a part of the IoT,
is how to handle the enormous amount of data coming in from these systems. Novel data processing
techniques, which do not only deal with the data from one set of sensors/systems, but from multiple
sensors in a smart environment, will be gaining more and more traction from researchers. This greater
expanse of data will help to make better informed decisions. We also foresee that footwear-based
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systems are going to play an important role in the remote monitoring of disabled and elderly people
in the future.

3.3. Advanced Study Approaches for Footwear-Based Systems

From a research perspective, many of the footwear-based systems have not undergone
longitudinal free-living studies. Footwear are subjected to enormous amounts of wear and tear,
and the electronics built into them need to be able to withstand this for a long period of time. This may
be one of the reasons why Nike and some other footwear manufacturers have stopped producing
their SmartShoe product lines [117]. We foresee that, in the coming years, there will be more and more
longitudinal studies in free-living conditions conducted, in each of the different application scenarios.

3.4. Affective Computing

Affective computing is a field of technology, in which systems can determine the users’ mood and
emotions, based upon his or her behavior sampled through different physiological factors, and adjust
a smart environment to suit their mood. There are wearable systems that monitor users joy, stress,
frustration, and other moods/emotions utilizing heart rate monitoring sensors, electroencephalogram
(EEG) sensors, electro dermal activity (EDA) sensors, and others [118].

From footwear-based systems perspective, there was some initial work being done with this by
Lenovo with their Smartshoes [89], that display a person’s mood on a small screen embedded directly
on the footwear, though technical details were not available at the time of this review. Additionally,
there is a Kickstarter campaign on its way to make shoes that can change their entire appearance with
a smartphone application [119]. Using affective computing, it would be possible to one day change the
shoes color or display to reflect the user’s mood.

4. Conclusions

In this work we reviewed footwear-based wearable systems based on their target application.
Existing footwear-based solutions from academic research as well as commercial ones in the areas of
gait monitoring, plantar pressure measurement, posture and activity classification, body weight
and energy expenditure estimation, biofeedback, fall risk applications, navigation, along with
footwear-based energy harvesting solutions were detailed. The article also discussed sensor technology,
data acquisition, signal processing techniques of different footwear-based systems along with critical
discussion on their merits and demerits. Additionally, we attempted to shine a light on recent trends
and future technological pathways for footwear-based solutions.
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Abstract: In recent years, wearable haptic systems (WHS) have gained increasing attention as a
novel and exciting paradigm for human–robot interaction (HRI). These systems can be worn by
users, carried around, and integrated in their everyday lives, thus enabling a more natural manner
to deliver tactile cues. At the same time, the design of these types of devices presents new issues:
the challenge is the correct identification of design guidelines, with the two-fold goal of minimizing
system encumbrance and increasing the effectiveness and naturalness of stimulus delivery. Fabrics
can represent a viable solution to tackle these issues. They are specifically thought “to be worn”,
and could be the key ingredient to develop wearable haptic interfaces conceived for a more natural
HRI. In this paper, the author will review some examples of fabric-based WHS that can be applied
to different body locations, and elicit different haptic perceptions for different application fields.
Perspective and future developments of this approach will be discussed.

Keywords: wearable haptic systems; fabrics; cutaneous feedback; softness rendering; force feedback;
affective touch

1. Introduction

The sense of touch is one of the most fundamental sensory channels for humans. It represents
the primary way of interacting with and exploring the external environment, and is one of the most
effective channels for social communication [1]. Not surprisingly, a great deal of effort has been
devoted to the development of artificial systems, or haptic devices, which enable users to feel external
or virtual objects as if they were directly encountered, even if they are remote or not directly accessible
by touch, by delivering different types of tactile information and can be used in many application
fields (for a review, the interested reader can refer to reference [2]). In recent years, to increase
device usability, a novel idea has gained increasing attention: i.e., to move from physically-grounded
haptic interfaces, where haptic stimulation is provided with respect to (w.r.t.) operator’s ground,
towards wearable systems, which can be worn by users while the body-grounded base is moved,
as close as possible, to the point of stimulus application [2,3]. This new generation of wearable haptic
systems (WHS) [3] can convey tactile cues in a more natural fashion, while being easily worn by users,
carried around, and integrated in everyday life. This shift in system design has opened up exciting
avenues in many application fields, such as virtual reality and assistive robotics [4–6]. One of the most
convincing motivations for this change relies on the possibility to integrate WHS with the human
body with minimal constraints [7], thus enabling a more natural investigation of human behavior and
human–robot interaction (HRI). For the latter, tele-robotics represents an ideal application field. In this
case, wearable devices can be easily worn by human operator and convey to her/him information
from the tele-manipulated environment, thus significantly advancing the naturalness of performance.
At the same time, the substitution of kinaesthetic force feedback with another form of feedback, such as
the one provided by wearable cutaneous devices, represents a useful approach to overcome stability
issues in teleoperation. This method is called sensory substitution: Since no kinaesthetic force is
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fed back to the operator, the haptic loop is intrinsically stable and, thus, no bilateral controller is
needed [8]. An additional method to improve the performance of passive teleoperation systems with
force reflection integrates kinaesthetic haptic interfaces with wearable cutaneous haptic feedback.
This approach proposes to scale down kinaesthetic feedback to satisfy passivity, at the expense of
transparency: In this case, to recover performance, cutaneous force information is conveyed through
wearable devices [9]. Human–robot co-working is also another promising scenario for WHS, where
the cooperative manipulation of robots, together with a human partner, is envisioned. In this case,
mutual knowledge of the current reality, achievable through wearable sensing systems and haptic
feedback devices, represents a key component to ensure an effective and natural cooperation [10].

1.1. Wearable Haptic Systems: Technologies and Main Characteristics

Looking at the state-of-the-art, it is possible to observe a number of strategies for stimulus
delivery through wearable systems, specifically developed to generate vibrations [4], apply forces [11],
stimulate skin using pin-arrays [12] or using electrocutaneous feedback [13], and considering different
body locations for stimulus application, such as arm [7,14], foot [15], finger [5,16], among the others;
the interested reader may refer to references [16,17] (for a review of these topics see Figure 1).

Location Devices

Finger [5,16,18]

Wrist [19,21]

Arm and Forearm [14,20,22,23]

Tongue and Mouth [24–26]

Head [27]

Torso, Trunk, Shoulders [28–30]

Leg [31,32]

Foot [15,33]

Figure 1. Wearable haptic systems and body locations. Finger [5,16,18]; wrist [19,21]; arm and
forearm [14,20,22,23]; tongue and mouth [24–26]; head [27]; torso, trunk and shoulders [28–30];
leg [31,32]; foot [15,33].

From a technological point of view, different actuation strategies are usually employed to deliver
haptic stimuli in wearable devices, the main ones are summarized in
tab:electronics-05-00044-t001.

Table 1. Wearable haptic systems (WHS) main actuation types.

Stimulus/Actuation Type Devices

Pin-arrays [12,34]
Electrocutaneous [13,22,35]

Vibration [4,7,30]
Deformation/Forces [5,16,36]

Pneumatic [31,32]
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Each of these strategies comes with pros and cons, which must be considered in light of the
applications that WHS are designed for, such as rehabilitation, assistive robotics, guidance, among
others—the interested reader can refer to reference [17] for further details. From a physiological point
of view, different stimulation modes target the different mechanoreceptors of human skin, of which
the main characteristics and response typologies are summarized in
tab:electronics-05-00044-t002 (note that all contribute to guarantee stable precision grasp and
manipulation [37,38])—for an exhaustive description of mechanoreceptor characteristics, the reader
can refer to references [37–40].

Table 2. Human skin mechanoreceptors (adapted from [39,41]).

Mechanoreceptors Primary Functions

Slowly Adapting type I (SAI) Very-low-frequency vibration detection;
coarse texture perception; pattern/form detection

Fast-adapting type I (FA I) Low-frequency vibration detection
Fast-adapting type II (FA II) High-frequency vibration detection; fine texture perception

Slowly Adapting type II (SAII) Direction of object motion and force due to skin
Stretch; finger position

Furthermore, low-threshold mechanosensitive C fibers that can be found in the hairy skin
represent the neurobiological substrate for the affective properties of touch [42].

The main objective of this subsection is to provide the reader with a general, but useful, overview
on WHS, which can provide the essential tools needed to understand the topics and issues introduced
in the following sections.

1.2. Wearable Haptic Systems: Open Issues and Fabric-Based Approaches

The diffusion of WHS, of which the main characteristics are described in the previous subsection,
has created new and challenging issues: (1) how to design systems with minimal encumbrance,
and (2) how do design systems that allow a natural haptic interaction? To tackle these issues,
the author proposes to leverage the intrinsic wearability of fabrics with the objective of engineering
artificial devices, which can be easily worn and, at the same time, enable a highly natural HRI.
These characteristics have been already widely used in the literature to develop sensors for monitoring
human behavior, which can successfully handle the demands of on-body sensing and are also
light-weight, such as knitted fabrics (e.g., [43–46]). For this reason, extensive research work has
been performed for the definition of mechanical textile properties (which can affect haptic sensation),
as well as subjective evaluation of haptic properties of fabrics and textiles (see references [47–50]).
In reference [51] the authors integrated electroactive polymeric materials into wearable garments to
endow them with sensing and actuation properties, with applications in post stroke rehabilitation
and assessment. In reference [52], a textile-based glove with electroactive polymers, acting as
force/position sensors and haptic feedback actuators, was presented. In reference [53], the authors
proposed an air-inflatable vest that can be remotely triggered to create a sensation that resembles
a hug. In reference [50], the authors presented BubbleWrap, a matrix of electromagnetic actuators
enclosed in fabric. This system consisted of individually controllable cells, which can expand and
contract, thus providing both active and passive haptic feedback. In reference [54], the authors
described HAPI (Haptic Augmented Posture Interface) Bands, a set of user-worn bands instrumented
with eccentric mass motors to provide vibrotactile feedback for the guidance of static poses.
In reference [55], the authors introduced TableHop, a tabletop display that provided controlled
self-actuated deformation and vibro-tactile feedback to an elastic fabric surface while retaining the
capability of high-resolution visual projection. The surface was made of a highly-stretchable pure spandex
fabric that was electrostatically actuated using electrodes mounted on its top or underside. In reference [56],
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the authors reported on a stretchable glove endowed with vibration motors and bend sensors, which was
used to provide sensory feedback during rehabilitation training in a virtual reality environment.

While these examples show the effectiveness of textiles and fabrics as sensing tools or haptic
devices, all of them require the integration of additional properties into the fabric structures (e.g.,
conductive, magnetic properties, or pneumatic, vibrotactile actuation). To the best of the author’s
knowledge, there is no evidence of wearable haptic systems that completely leverage pure mechanical
changes of stress–strain fabric characteristics to deliver tactile cues.

This work aims at reviewing three examples of devices that have been developed by the author,
which exploit the mechanical properties of a bi-elastic fabric for conveying tactile cues, at three
different body locations, and targeting different application fields. The fabric is called Superbiflex
HN, by Mectex S.P.A (Erba, Como, Italy), which exhibits a good range of elasticity and resistance to
traction. Body locations, i.e., finger, forearm, and arm, can be used to define a taxonomy for devices,
while a broad distinction of haptic systems for discriminative and affective touch can be also applied.
Following these classifications, I will start with discriminative haptic devices, first describing W-FYD
(Wearable Fabric Yielding Device), a tactile display for softness rendering and multi-cue delivery,
which is worn on a user’s finger [18] and can be profitably employed for virtual reality, neuroscientific
studies, and tele-operation. Then, I will describe CUFF [14], a Clenching Upper-limb Force Feedback
wearable device for distributed mechano-tactile stimulation of normal and tangential skin forces, which
can be applied on a user’s arm and used for prosthetics, tele-operation, and guidance for the blind.
Finally, considering affective haptics, I will present a device that can simulate a human caress in terms
of force and velocity [57], which can be worn on a subject’s forearm, and was proven to effectively
elicit an emotional response in users. Without any claim of exhaustiveness, these three systems offer an
interesting perspective on the usage of the mechanical properties of simple elastic fabrics for wearable
haptics, showing promise in different application domains. A discussion of these applications, and
possible future directions, regarding the employment of fabrics as enabling ingredients for a successful
development and usage of WHS are also reported.

2. W-FYD

Softness represents one of the most fundamental haptic properties [58], which plays a crucial
role for task accomplishment in many contexts, from handling fruit to complex medical procedures.
However, looking at WHS in the literature, none of the proposed solutions are able to provide
controllable softness information to the user and enable both active and passive touch experiences.
To bridge this gap, in reference [18], the author proposed W-FYD (Figure 2), which represents the
wearable version of the grounded softness display described in references [59–62]. W-FYD controls the
stretching state of a fabric to reproduce different stiffness levels and, for the first time, it can convey
softness information, tangential cues, and enable both passive and active haptic exploration in users.
The mechanical structure is inspired by the grounded version of the device and is also similar to the
one reported in reference [36]. More specifically, two DC motors can vary the stiffness of the fabric
and, if independently controlled, provide tangential force (Figure 3). In the active mode, the device is
attached to the back of the finger; hence, the only movement the user can perform is the flexion of the
distal phalanx, which provokes the indentation of the fabric. To enable the passive mode, an additional
degree of freedom is implemented trough a servomotor and a lifting mechanism, which puts the
fabric into contact with the user’s finger pad (Figure 4). Finally, thanks to the presence of the two
independently controlled DC motors, W-FYD is endowed with an additional translational degree
of freedom, which can induce the sensation of sliding/slipping on the user’s fingertip. In this case,
the user wears the system and the DC motors are synchronously moved, so that the fabric slides, right
and left, against the user’s finger (which is still). The control of the stretching states of the fabric, and,
hence, of the stiffness stimulus to be delivered, relies on the characterization of the system. In other
terms, the stiffness workspace of the device was characterized at different DC motor positions (each
corresponding to a given force-indentation curve, i.e., stiffness characteristic or fabric stretching state)
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(Figure 3b). When the device is used on the user’s finger, DC motor positions were controlled to
reproduce a given softness level, based on the value of fabric indentation (ha, measured through an
infrared sensor, or via the commanded servo-motor position, hp, in the active and passive modes,
respectively (see Figure 4)). More specifically, knowing the relation between DC motor position (θ,
in our case θ1 = θ2 = θ (see Figure 3a)) and force-indentation curves obtained during the characterization
phase, we can command motor positions as θ “ 1

m

´
γδb´1 ´ q

¯
, where γ is the stiffness level to be

reproduced, according to a generic power function, i.e., γ “ F
δb , F is the force, δ is the indentation,

while m and q represent the coefficients that characterize device stiffness workspace for different
stretching states (i.e., DC motor positions): σ pθq “ mθ ` q (see Figure 3b).

(a) (b)

Figure 2. Wearable Fabric Yielding Device (W-FYD) on a user’s finger (a); W-FYD CAD design and
dimensions (in mm) (b). Reproduced from [18], Copyright 2016, IEEE.

(a) (b)

Figure 3. Representation of a finger interacting with the W-FYD (a); characterization curves for different
motor positions (θ1 and θ2) (b). Reproduced from [18], Copyright 2016, IEEE.

W-FYD, of which the total mass is 100 g (and dimensions of which are reported in Figure 2),
was proven to successfully enable a correct softness discrimination in users, in absolute and relative
cognition tasks, as well as an effective identification of the direction of slipping [18].

These results are promising and encourage us to investigate applications of the device in
neuroscientific studies, e.g., to study the role of softness information for slip/grasp control or softness
perception of non-uniform materials (through multi-digit device implementation), virtual reality,
and tele-operation. In the latter case, W-FYD acts as a display mounted on the user’s finger for
remote-robotic palpation of soft materials, e.g., in robot-assisted medical applications or surgeon
training, where the correct rendering of tissue stiffness, and other haptic cues, is extremely important
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for the success of diagnostic or surgical procedures. In this regard, it is worth to mention that W-FYD
was integrated into an augmented physical simulator that allows the real time tracking of artery
reproductions and the user’s finger, and provides pulse feedback during palpation [63]. Preliminary
experiments showed a general consensus among surgeons regarding the realism of the arterial pulse
feedback and the usefulness of tactile augmented reality in open-surgery simulators.

(a) (b)

Figure 4. Passive mode: The fabric frame is put in contact with the user’s finger by the camshaft lifting
mechanism and servo-motor, inducing a variation of hp (commanded servo motor position) of the
frame (a); active mode: The user can indent the fabric by flexing the interphalangeal proximal joint
of the index finger (IP), while fabric indentation ha can be measured through a contactless infrared
sensor (b). Reproduced from [18], Copyright 2016, IEEE.

In all these examples, wearability represents the key factor for successful task accomplishment,
or to increase the immersiveness and naturalness of haptic interaction.

3. CUFF

The Clenching Upper-limb Force Feedback (CUFF) is comprised of two DC motors attached to
a fabric cuff worn around the arm (Figure 5). The motors can spin in opposite directions to tighten
or loosen the band on the arm, thus conveying normal force and pressure cues; they can also spin in
the same direction in order to slide the band around the arm, thus inducing skin stretch cues that can
easily be associated with directional and navigation information (see Figure 5).

(a) (b)

Figure 5. Clenching Upper-limb Force Feedback (CUFF) (a) and working modes (b). The total weight is
494 g and its overall dimensions are 14.5 ˆ 9.7 ˆ 11.6 cm. Reproduced from [14], Copyright 2013, IEEE.

In the first mode, CUFF was used in association with Pisa/IIT SoftHand (SH), an anthropomorphic
robotic hand, actuated through a single motor, but capable of adapting for grasping different
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objects [64]. Because the SH has no built-in force sensors, an estimation of applied force can be
obtained based on the current the motor draws. Briefly, the current that the SH absorbs while moving
without obstacles is lower than that required to move following contact with an object. The difference
between these two currents (residual current) can, thus, be exploited to drive the DC motors of
CUFF and to provide force feedback. This is because residual current is proportional to grasp force
(see Figure 6). This approach is motivated by the fact that there is a net difference in the absorbed
current of the SH motor, in free motion (maximum value of « 800 mA) or when the robotic hand
grasps an external object (maximum value of « 1200 mA). The reconstructed current represents the
current absorbed by the motor in free hand motion, which will be subtracted from the current sensed
by the μ-controller of the hand, which controls the opening/closing levels of the hand and acts on the
current that drives the hand motor.

To achieve this goal, a Look Up Table was implemented as a function of the variables θ,
.
θ,

..
θ

(where θ is the angular motor position of SH) and of which the output is the reconstructed free-hand
motion current, Ilut. For the derivation of the terms of this function, please see reference [14]. The error
of the reconstructed current for free-hand motions is under 5%. The residual current term rI was then
used to compute the reference angular motor position of CUFF motors as: θm,re f = βCUFFrI. In this
case, the two angular positions of the CUFF motors are θm1 “ θm2 “ θm.

Figure 6. CUFF reproduces the estimated resultant force applied by SoftHand through belt stretching
over a user’s arm. The suffix filt on signals indicates the measured current, velocity, and acceleration of
SH after low pass filtering. Reproduced from [14], Copyright 2013, IEEE.

The CUFF device was studied in applications to evaluate the role of force feedback with the usage
of the prosthetic version of SH [65]. Thanks to its high wearability, the CUFF system can be used in
conjunction with such a prosthetic device to provide haptic feedback in prosthetic applications or in
tele-operation tasks where the modulation of grasping force is crucial. In reference [66], an early version
of the device was connected to SH, operated by participants through a human–robot interface and
surface electromyography signals. Leveraging the current-based disturbance observer, the interaction
forces in contact with the grasped object were estimated and then converted and applied to the
upper arm of the user via a custom-made pressure cuff. Such a tactile device was used together
with vibrotactile feedback, based on surface irregularities and acceleration signals, which conveyed
information on surface properties, contact, and detection of object slippage. Experiments in the
evaluation of grasp robustness and intuitiveness of hand control suggested that incorporating these
haptic feedback strategies facilitated the execution of safe and stable grasps. In reference [14], CUFF
was tested in conjunction with the Pisa/IIT SoftHand, which was controlled using a handle to grasp
objects with different stiffness properties. As reported in reference [67], the relationship between
the indenting force and the overall rigid displacement (or indentation) between the two bodies can
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be regarded as an approximation of the kinaesthetic information involved in softness perception.
Therefore, in reference [14], participant had information on how much she/he indented the specimens,
at least indirectly, through the control of the handle, while CUFF conveyed information on the grip
force exerted by the hand. Results of ranking experiments, where softness specimens were sorted
in terms of perceived softness, were highly accurate. Furthermore, the tangential skin stretch cue
that the CUFF is able to deliver can represent potential directional information, to be investigated in
applications where wearability is a mandatory requirement, e.g., the haptic guidance of blind people.

4. Caress-Like Haptic Stimulation

The devices presented in the previous sections are all devoted to elicit discriminative perception
of haptic properties in users. In recent years, in parallel with the study of perceptual aspects of touch,
the interest in investigating the role of haptic cues in communicating or evoking emotions in humans
has also increased. This is not surprising, since touch represents one of the most ancestral human
senses [1] and is a profound communication channel for humans, is highly emotionally charged [68],
and has immediate affective consequences [69]. Of note, Autonomic Nervous System (ANS) dynamics
are strongly affected by emotional changes [70].

The affective touch display in reference [57] exploits the elasticity of fabric to reproduce the haptic
stimuli that are commonly conveyed through a human caress. More specifically, the user places a
forearm on the forearm support under the fabric layer, of which the extremities are connected to two
motors through two rollers. By controlling motor positions and rotation velocity, it is possible to vary
the velocity and the strength of the artificial caress on the user’s arm. The system is also endowed with
a load cell that measures the normal force exerted by the fabric on the forearm. After a calibration
phase, where the offset due to forearm weight is removed, the exerted force (i.e., the strength of the
caress) can be varied by acting on the two motor positions, which determine how much the fabric
is wrapped around the forearm, and, hence, the force exerted on it (maximum force 20 N). Once
the desired level of force is achieved, and both motors are in the reference position, the velocity of
the caress can be modulated by regulating the velocity of the motors, exploiting a built-in motor
position controller and feeding the motors with a sinusoidal input reference trajectory. By setting
the frequency and amplitude of the input, the velocity and the amplitude of motor rotation are
controlled, respectively (see reference [57] for further details). The maximum angular displacement
of the motors from the reference positions is set to 90 deg., while an entire control cycle lasts
1 ms. An overview of the system is shown in Figure 7. Psycho-physiological assessment tests
were performed to characterize the capability of the device in eliciting tactually emotional states
in humans, using different combinations of velocity and caress strength. The emotional state was
expressed in terms of valence and arousal, which represent the two fundamental neurophysiological
systems—one related to pleasure/displeasure (valence) and the other to alertness (arousal)—from
which all affective states arise [71]. Moreover, the activation of the ANS was also demonstrated through
analysis of the electro-dermal activity. Successive studies confirmed that such a caress-like stimuli
can significantly affect the dynamics of other ANS-related physiological measurements, such as heart
rate variability (HRV) and electro-encephalographic signals [72–74], thus, further demonstrating the
effectiveness of this type of haptic stimulation in eliciting emotional responses in users. Of note, this
system represents an interesting proof-of-concept, although its wearability needs to be improved
to enable users to carry the device around in everyday life. In reference [75], evidence on how the
caress-like haptic device can influence physiological measures related to the autonomous nervous
system (ANS), which is intimately connected to evoked emotions in humans, were further discussed
and related to self-assessment scores of arousal and valence through a pictorial technique known as
SAM (Self-Assessment Manikin) [76]. Specifically, a discriminant role of electrodermal response and
heart rate variability can be associated to two different caressing velocities, which can also be linked to
two different levels of pleasantness. The paper also reported on the implications of these outcomes for
HRI, creating a fascinating and novel perspective for the design of haptic interfaces. In this envisioned
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scenario, ANS-related measurements could be used to assess user’s comfort and emotional state in
interaction with a given haptic device, and to devise design and control guidelines for the novel
generation of haptic systems, which can be commanded to elicit a given emotional state in users.
During the administration of haptic stimuli, physiological signals related to ANS dynamics (e.g., the
HRV series, respiration dynamics, electrodermal response, etc.) can be recorded and analyzed to infer
information on user’s emotional status and other parameters, e.g., stress, fatigue, etc.). An interesting
point is that these results are consistent across subjects, and, hence, they can be generalized and
effectively employed for a large class of human–machine systems, with potential impact on healthcare
and social and rehabilitation-assistive robotics. Regarding the latter case, one possible challenging
application of the caress-like haptic stimulation might be in clinical rehabilitation scenarios, where it is
crucial to have wearable devices to convey repeatable and controllable haptic stimuli. For example,
the caress-like haptic system might be employed for patients with Disorders of Consciousness (DOC),
where standardized tactile stimuli could evoke a response in the autonomic nervous system. For this
reason, it would be important to further increase the wearability of the systems, in terms of portability
and usability, for long-term monitoring [57].

Figure 7. An overview of the haptic system worn by a subject. Reproduced from [57], Copyright
2014, IEEE.

5. Discussion and Conclusions

In this paper, the author has reviewed three main applications of wearable fabric-based devices (
tab:electronics-05-00044-t003) that can deliver haptic cues relying only on suitable mechanical
modifications of fabric stress–strain characteristics. The reported technologies were validated in
experiments with human subjects. W-FYD, for example, was tested in active and passive modes,
in absolute and relative cognition tasks, for softness ranking. For the absolute cognition task,
participants were asked to associate the stimulus artificially reproduced through W-FYD with its
physical counterpart (silicone specimen). Results showed an average accuracy of 88.51% for relative
cognition tasks and 84.48% in absolute cognition tasks. For the sliding mode, participants were asked
to discriminate the direction of skin stretch on their fingers. The average accuracy was 99%. An
average score of 6.67 ˘ 0.65 using a bipolar Likert-type seven-point scale for the assessment of device
capability in inducing slippage sensation was observed. CUFF effectiveness was demonstrated in
grasping experiments (in terms of grasp success rate) and softness recognition tasks (through confusion
matrices) in conjunction with the SH, as previously described [66]. Finally, a caress-like haptic device
was exhaustively investigated in terms of its capabilities in eliciting emotion-related stimulation
in users.

These devices can have a significant impact in different fields of HRI. A natural application of
wearable systems, given the high level of portability, is virtual and augmented reality, as witnessed
for example by results presented in reference [63] for W-FYD. Other important examples can be
assistive robotics, e.g., guidance for blind people and force feedback in prosthetics for CUFF, or clinical
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rehabilitative scenarios, where the possibility to have haptic stimuli conveyed in a controllable and
repeatable fashion can be exploited to stimulate ANS—this is the case of caress-like haptic device [77],
which can be also used for social interaction through affective cue delivery. Finally, the integration of
wearable systems in tele-operation and HRI could represent the key to advance the state-of-the-art and
to enable a more natural information exchange from natural to artificial and back again.

Table 3. Main characteristics of reviewed devices.

Name
Dimensions

(mm)
Weight

(g)
Stimuli

Body
Location

Touch
Force
Range

Measurements
Provided

Stiffness
Range

Control
Cycle

W-FYD 100 ˆ 60 ˆ 36 100 Active/passive
softness; sliding Finger Discriminative Up to

10 N
Force; motor

position; indentation
Up to

0.8 N/mm ď1ms

CUFF 145 ˆ 97 ˆ 116 494 Normal-tangential
force Arm Discriminative Up to

21 N
Force; motor

position - ď1ms

Caress 150 ˆ 150 ˆ 80 560 Velocity; normal
force (combination) Forearm Affective Up to

20 N
Force; motor

position - ď1ms
@7Hz

Without any claim of exhaustiveness, the conclusion that can be drawn is that mechanical change
of fabric stress–strain behavior can represent a viable and cost-effective solution for wearable haptics,
for both discriminative and affective touch, presenting a high level of portability, with high potential
impacts in different application fields. At the same time, fabrics can stimulate skin in a natural fashion,
enabling an intuitive cue delivery with minimal effects on haptic perception—this opens up promising
avenues in augmented reality, i.e., through the superposition of additional tactile cues during the
exploration of real objects, as in reference [63]. Of course, to push forward this paradigm, it is important
to further reduce device dimensions and encumbrance, and, at the same time, take into account user’s
point of view and acceptability.

In an ideal future, we could have devices that are “transparent”. In other terms, as we are not
aware of the cloths we wear, we should not be aware of the WHS we use. Only in this manner WHS
can become a key part of our lives. To paraphrase the words of the well-known American industrialist
H. Ford, the true progress is to put technology “on the body” of everyone.
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