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Preface

The tremendous progress that new technologies have had in the last decade,
together with their significant reduction in cost, provided a formidable impetus to
the development of increasingly flexible and customizable technological solutions
to different user needs. This development had a particular impact on the progress of
Ambient Assisted Living (AAL) technological solutions that aim to improving
health, psycho-physical well-being, and the independent living of users with
different needs or with disabilities. The result is that nowadays, AAL technologies
are recognized by the European Commission as the enabling drivers to build the
quality of life of our current and future society, to address the challenges of
demographic changes, sustaining people in productive and healthy work, keeping
people at home healthy, independent and integrated, and improving the delivery of
care where and when needed.

All these aspects were explored and discussed during the Tenth Italian Forum on
Ambient Assisted Living (ForItAAL), held in Ancona, Italy, in June 2019. The
Italian Forum on AAL is one of the most important annual events for researchers,
professionals, developers, policy-makers, producers, service providers, carriers,
and end-user organizations working in the different fields of AAL, who present and
disseminate results, skills, prototypes, products, and services. The book presents
the refereed proceedings of the Forum and reviews the status of researches,
technologies, and recent achievements on AAL. The coverage is wide ranging, with
topical sections devoted to human monitoring, smart living services, biomedical
and robotic solutions, including different case studies and real-world examples
where AAL technologies are successfully applied. Using a multidisciplinary
approach and different points of view, the book offers interesting insights, from
research to practice, to all those directly or indirectly interested and involved in the
field of AAL.

ix



x Preface

These insights will inspire the readers to continue their exploration of AAL
technologies, promoting new technological solutions that will increasingly adapt to
the user rather than the user adapting to these technologies.

Ancona, Italy Andrea Monteriù
Alessandro Freddi

Sauro Longhi
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Measuring Environmental Data
and Physiological Parameters at Home
to Assess the Caregiver Burden
in Assistants of People with Dementia

Sara Casaccia, Andrea Calvaresi, Nicole Morresi, Lorenzo Scalise,
Andrea Monteriù, Luca Romeo, Emanuele Frontoni, and Gian Marco Revel

Abstract Measuring the behaviour andhealth status of informal caregivers of people
with dementia can predict the personal well-being of the caregivers. Informal care-
givers struggle to remain active during the daily life activities avoiding the care
burden. For this reason, in this work, an analysis of both the environmental data
coming from PIR sensors, installed in the home environment, and physiological
parameters, directly measured by the user, is performed to highlight, unusual behav-
iors that can increase the stress level of the caregiver. In addition, daily survey and
personal interview provide further information about the progression of the illness
and the amount of the care burden. Coupling this information with the physiological
quantities can provide an overall health status of the caregiver. Results show that the
caregiver presents a decreasing trend of her daily self-reported health status associ-
ated with a change in the pattern of the domotic data. The questionnaire also exhibits
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4 S. Casaccia et al.

a high correlation with body weight measurements (Pearson Coefficient of −86%)
suggesting that the caregiver health status is limiting the normal daily activities, may
be due to an increase of the care burden associated to a worsening of the illness.

1 Introduction

Behavioral and physiological measurements define the well-being, health and stress
condition of caregivers [1]. Introducing Information andCommunicationTechnology
(ICT) solutions in the home environment can monitor the status of a patient for
informal and formal caregivers that are outside the home [2] and the behavior
and stress condition of the informal caregiver that lives with the patient. Sensor
network are used to acquire data and signals of inhabitants and data processing can
be performed to extract specific features as the care burnout. Several works indicated
that caregivers of people with dementia are inclined to an increase of care burden [3].
The number of informal and formal caregivers of people with dementia are enormous
and it is correlated with the number of people with dementia. The global number
of people living with dementia was estimated at 43.8 million in 2016, an increase
from 20 million in 1990. In 2050, this number is predicted to reach at 131.5 million
[4]. This increase is coupled with a need of care which can results in care-related
stress and burden among caregivers. Both professional and informal caregivers expe-
rience stress and repetitive negative emotions, not only at home, but also at work and
outside [5]. The continuous demand and stress can result both in physical disease
(e.g. cardiovascular, musculoskeletal) or mental disease (e.g. burnout, depression)
[6], resulting in formal- and informal carers struggling to remain active during the
daily life activities.

Most people with dementia live at home where they are dependent on informal
caregivers for their daily care. In particular, female, spousal caregivers appear to
be at risk of depression, anxiety and caregiver burden [6]. To decrease the negative
influence of such critical home condition, measurements of the environment and
health status may identify the decline of the caregiver well-being. At the same time
understanding the factors that influence the caregivers’ health state is fundamental
for the development of effective support [7].

This paper is focused on an accurate analysis of the data and signals measured on
an informal caregiver that lives with a personwith dementia to identify changes in the
behavior, physiological parameters and mental conditions. To measure the personal
well-being of the caregiver, data provided by different Passive InfraRed (PIR) sensors
installed in the home environment are investigated and they are associated to the
physiological parameters acquired by the user three times a week for a year. A
validation period of two months is performed using a daily survey and monthly
interview to the user to study a correlation between the physiological parameters’
trend and the behavior of the caregiver as the care burden increaseswith theworsening
of the dementia.
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2 Methodology

This paper aims at identifying the burden of a caregiver which lives and takes care of
a personwith dementia bymeasuring the behavioral change in the home environment
and correlating it with the increasing burnout of the caregiver.

Tomonitor the personal condition of the caretaker, threemain physiological quan-
tities such as mean arterial pressure (MAP), heart rate (HR) and body weight (W)
are acquired. Sensors’ characteristics are reported in Table 1.

These devices are selected by the authors since a combination of the measured
variables can be representative of the overall valuation of the general health status of
the monitored user. In addition, these devices can be easily adopted by older people
as they are widely spread among the daily routine of the user.

For this particular analysis, a family was chosen from a bigger pilot case that
includes 8 apartments and 13 older users in a town in Italy [8]. This work is part of
the Italian Smart Cities project “Health@Home: Smart Communities for citizens’
wellness” (H@H).

The selected family is characterized from a couple of married people. The man
(77 years old) is affected from dementia at the mid-stage. His wife is 71 years old
and she is in a good health condition, not presenting any severe pathology. Every day
from Monday to Friday, she brings him to the daily center for people with dementia
at 9 am and she brings her husband back home at 4 pm. In the evening, during the
night and weekends, she takes care of her husband alone in the home environment.

2.1 Monitored Parameters

The physiological parameters considered for the study are the body weight, heart
rate and blood pressure. The physiological data are collected using a tablet with a
customized User Interface (see Fig. 1).

The system architecture, data connection and Cloud database are described in
[8–10].

Table 1 Technical specifications of the devices used by the caregiver for the physiological
measurements

Device Description Accuracy Resolution Range

Taidoc TD3128B Blood pressure
meter to monitor
diastolic, mean
and systolic blood
pressure and HR

Systolic:
±3 mmHg (±2%)
Diastolic: ±
3 mmHg (±2%)
HR: ±4%

1 mmHg
(systolic,
diastolic)
1 bpm (HR)

Systolic:
60–255 mmHg
Diastolic:
30–195 mmHg
HR: 40–199 bpm

Taidoc TD2555B Body weight scale ±0.3 kg (±0.5%) 0.1 kg 4–250 kg
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Fig. 1 The customized user interface for data collection, a blood pressure meter to monitor the
blood pressure and heart rate and a body weight balance to acquire the body weight

The dataset is characterized from behavioral data coming from domotic sensors
installed in the domestic environment and physiological signals collected during the
daily measurements [11].

For what concern the behavior analysis, the data comprised of the signal outputs
of three PIR sensors, installed in the living room, bedroom and bathroom (see Fig. 2).

2.2 Questionnaires Data

The questionnaire is divided in two parts.
The first part is a daily survey based on the SF36 and SF12 questionnaires [12,

13] and related to the physical activity and condition of the caregiver which filled
the questionnaire every day for two months before going to sleep. For this specific
analysis, one question, representing the global health condition of the caregiver is
analyzed. The question is:

1. Did your health limit you in your daily routine?

The user can answer the question with 1 (representing that the user has been totally
limited in doing daily activities from its health), 2 (the user can do its own activity
but in a limited way) or 3 (the health status does not affect its health at all).
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Fig. 2 Plan of the apartment and location of the 3 PIR sensors (placed in the living room, bathroom
and the bedroom, respectively)

The raw survey is processed using amoving average technique that creates a series
of averages of different subsets of the full dataset as described in [14]. This technique
provides a trend in the person’s behavior and aims at forecasting the well-being
changing over time.

The second part of the questionnaire consists on a face-to-face interview made
once a month for two months from an external assistant. The interview aims to
investigate both mental and physical status of the caregiver and in turn, the caregiver
gave an update of the disease status of the person with dementia.

2.3 Data Analysis

The information extracted from PIR sensors indicates whether the user has entered
the roomand/or ismovingwithin the room.Therefore, data are processed by counting
the number of occurrences of the sensor switch-on. In particular, PIR activations are
hourly counted and then processed by aggregating the total number of activations
recorded in a time interval of one hours. Then hourly aggregation is grouped together
in 4 time intervals of 6 consecutive hours that represents: night (0–6),morning (7–12),
afternoon (13–18) and evening (19–24).
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The methodology has been applied considering a validation period of two months
inwhich data are processed to evaluate if there are some differences in the behavior of
the family unit. The discrepancy between the two months are evaluated on the basis
of the total activation of the PIR for a specific time frame respect to the number of
the activation of the overall two months period according to the following equation:

%Activationmi =
∑

Activationmi(∑
Activationmi +

∑
Activationmk

) (1)

where mi refers to the i-th month while mk is the k-th month. The numerator is the
number of total activations of the selected sensor occurred in a single month and
the denominator represents the total number of activations during the two months
period.

3 Results

In this section, some observations and results are presented. Data analysis provides
the number of the total activations of the PIR sensors in the different time frame of
the day for each month. Therefore, the variation of this quantities is analyzed.

Figures 3, 4 and 5 show the percentage of activation of each PIR (installed in
the living room, bedroom and bathroom) for the two months over each daily period.
In particular, the attention is focused on the PIR installed in the living room and
bathroom. The activations of these sensors in month 2 are higher than in month 1

Fig. 3 Percentage of
activation of the PIR
installed in the living room
through different time frame
of the day, for the 2 months
monitored for the validation
phase
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Fig. 4 Percentage of
activation of the PIR
installed in the bedroom
through different time frame
of the day, for the 2 months
monitored for the validation
phase

Fig. 5 Percentage of
activation of the PIR
installed in the bathroom
through different time frame
of the day, for the 2 months
monitored for the validation
phase

for the time slot 0–6. These results show how the family changed their nocturnal
behavior.

In particular, the increasing of the activities in the living room and bathroom can
be associated with a worsening of the dementia disease. This result is in line with
medical findings in the scientific literature which highlights how the changes in the
sleep patterns can be associated with the illness drop [13].
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Fig. 6 Trend of the daily
survey provided by the
caregiver across the two
months of validation period

On the other hand, observing the time frames 7–12, 13–18 and 19–24 it is possible
to note that the activations number decrease: a possible explanation is that in these
specific time frames the house is only occupied by the caregiver since the dementia
patient is supposed to be at the health center. Moreover, during the interviews she
declares a repeated back pain that limits her daily routine.

The second observation is focused on the daily survey and monthly interviews.
Figure 6 shows the trend of the daily survey provided by the caregiver, processed

with a moving average technique, for the 2 months of validation period. A decrease
of the rank from 3 to 2 denotes that the caregiver perception of her personal health
condition is lower in month 2 than in month 1. This can be associated with the higher
nocturnal activity of the family in month 2. The decrease of the self-reported health
status is also correlated with the self-reported interview: the caregiver reported an
increased repeated back pain events during the second month.

In particular, from the monthly interviews, the authors extracted that the caregiver
is more stressed in month 2 than in month 1 caused from a back pain and a worsening
of her husband’s conditions.

The last observation is related to the correlation of the processed daily survey with
the physiological parameters monitored 3 times a week from the caregiver using the
blood pressure meter and the body weight scale. Table 2 reports the results of the
Pearson’s coefficient that indicates the existing correlation from the physiological
parameters (e.g. heart rate, mean blood pressure and body weight) and the daily
survey processed with the moving average technique.

Table 2 Pearson correlation
coefficient standardized from
0 to 100% computed between
the survey provided during
the validation period and the
physiological parameters
measured by the caregiver

Parameter Mean arterial
pressure

Heart rate Weight

Pearson coefficient
(%)

39 −46* −86*

*p-val < 0.05
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Fig. 7 Plot of the linear
correlation between the
weight measured by the
caregiver and the respective
self-reported health status
provided in the survey. Note
that there is a decreasing
trend of the weight as the
caregiver rank its day with a
higher vote

To test the meaningfulness of the data, P-value (p) was set at 0.05 (significance
level). When p < 0.05, the correlation between the data and the survey is statistically
significant [15]. Table 2 highlights that the survey correlates most with the body
weight (R = −86%) of the caregiver.

Figure 7 suggests that an increase in the body weight is strictly connected with a
decrease in the questionnaire rank (i.e., a decrease of the self-reported health status)
which means that the caregiver health status is limiting the normal daily activities
causing a more inactive and steady condition. The decrease of the caregiver health
status may be due to an increase of the care burden correlated with the worsening of
the patient’s dementia state.

4 Conclusions

In this work, a heterogeneous sensor network installed in the home environment is
used to monitor the behavior of a family (a person with dementia and his wife) and
the health status of the informal caregiver to identify the caregiver burden together
with questionnaires and interviews. In this paper, the authors process environmental
data and physiological signals to understand the stress and health condition of the
informal caregiver associated with the worsening of the dementia of the patient
at home. In particular, domotic quantities acquired from PIR sensors installed in
the home environment were monitored: the analysis shows an increasing nocturnal
activity in the period 0–6 for month 2 of the validation period.

This condition can be associated with the degeneration of the illness of the patient,
which results in a discontinuous sleep pattern that causes extended awake phases
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during the night. For this reason, the caregiver presents an increasing level of personal
stress confirmed by the daily survey and the monthly interview. In fact, there is a
decreasing trend in the rank of the questionnaire that accentuate the decaying status
of the health and an increasing care burden. Moreover, the interview reports how the
caregiver itself is affected by some back pain due to the advanced age that contributes
both to the limitation in the daily activities’ routine and a major effort for taking care
of the dementia patient.

More in detail, studying the correlation between the biomedical data and the
questionnaire during the validation period, it is possible to observe that a decrease in
the caregiver’s self-reported health status representing a higher limitation in the daily
activity of the caregiver is strictly connected with an increase of the bodyweight. The
correlation between the daily survey and the bodyweight shows a Pearson coefficient
of−86%.Apossible explanation is the limited amount of the daily activity performed
by the caregiver due to the caregiver health status and to the repeated stress condition
associated with the caregiver’s task.

This consideration comes from an accurate analysis provided by the association
of multiple quantities which are domotic data, physiological data and information
provided by the caregiver. Therefore, weight measurements can be interpreted as
a partial index of the caregiver health status that as to be linked to the progress of
illness. In conclusion, this paper shows that with a heterogeneous sensor network
installed in the home environment is possible to extract the behavior and health status
of people inside the home and evaluate the behavioral variations in different period
of time. The aggregation between environmental data, physiological parameters and
questionnaire provides relevant information to identify the caregiver burden.

Future works will be focused on increasing the number of participants to the
experimentation to test themethodology and improve the statistical analysis. Patients
at different stages of dementia and their caregivers could be included in the study
and a longer period of daily report could improve the results.
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A Vision-Based Approach
for the at Home Assessment of Postural
Stability in Parkinson’s Disease

Claudia Ferraris, Roberto Nerino, Antonio Chimienti, Lorenzo Priano,
and Alessandro Mauro

Abstract Postural instability is one of the main burdens of Parkinson’s Disease as it
increases the risk of falls and injuries. Monitoring any changes in postural stability,
as a consequence of therapies and disease progression, is therefore highly desirable
to preserve people’s safety and quality of life. In this context, we present a vision-
based system built around an optical RGB-Depth device for the automatic evaluation
and home monitoring of postural stability. The system is able to track and evaluate
body movements, and can be self-managed by people with impairment through an
easy-to-use human–machine interaction. A set of static and dynamic balance tasks
are delivered and analyzed by the system to estimate some postural and temporal
parameters used for the objective and automatic assessment of postural stability.
Compliance between automatic and clinical assessment is supported by a machine
learning approach with supervised classifiers. Preliminary results of the study are
presented and discussed.
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1 Introduction

The alteration of postural stability is one of the symptoms in Parkinson’s Disease
(PD) which negatively affects the people’s safety and quality of life, as it increases
the risk of falls and injuries [1], and worsens with the disease progression causing a
significant cost for the healthcare system [2].

Several clinical scales are available to assess the postural stability and balance
dysfunctions: TimeUp andGo (TUG) test [3]; Postural Instability andGait Difficulty
(PIGD) [4], a sub-score of Unified Parkinson’s Disease Rating Scale (UPDRS) [5];
Berg scale [6]. The combination of multiple balance tests [7] and the execution of
concurrent cognitive or secondary motor tasks in steady standing conditions [8] can
provide a better assessment of postural stability in PD than each scale separately.

Recent studies on standing stance [9] and dopaminergic treatments [10] in PD
have shown the strong correlation between balance dysfunctions and postural sway,
which refers to the continuousmovement of theCenter of bodyMass (CoM) activated
to maintain balance. Therefore, frequent monitoring of postural sway is desirable to
control alterations of stability that could cause the subject to fall.

Recently, several non-contact approaches to body movement analysis based on
low-cost optical tracking devices [11] have been successfully proposed as non-
invasive alternatives to on-body inertial sensors [10] in different applications. In PD
and other neurological diseases, non-contact approaches have been employed for the
evaluation of Time Up and Go test [12], automatic classification of gait patterns and
disorders [13], and objective assessment of UPDRS tasks [14].

Considering both the importance in PD of evaluating postural stability frequently
as a predictor of the risk of falls and the advantages of several balance scales
and concurrent tasks, it is desirable to develop solutions for the characterization
of postural stability through the analysis of body movements in multiple dedicated
tasks.

Along this line of research, a vision-based system has been developed for the auto-
mated assessment of postural stability at home. The system captures and analyzes the
subject’s body movements while performing specific tasks designed from standard
balance scales. The aim is to emphasize balance dysfunctions by concurrent cogni-
tive tasks (dual-task condition) and multiple balance tests, this to produce different
types of postural stress and provide a more complete assessment [7]. The quantita-
tive evaluation of postural stability is based on objective parameters estimated from
CoMmovements. Amachine learning approach with supervised classifiers is used to
automatically evaluate postural stability through postural and temporal parameters
correlated with standard clinical evaluations. Preliminary results on the effectiveness
and accuracy of the system, compared with clinical assessments, are presented and
discussed.
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2 Framework Description

2.1 System Description

The acquisition system has been designed to be low-cost, based on non-contact
measurements and suitable for home monitoring: particular attention was paid to
Human–Machine Interaction (HMI) to make it easily manageable without technical
skills.

2.1.1 System Hardware, Software and Human–machine Interaction

The developed solution is a vision-based system built around an RGB-Depth camera.
As part of a broader implemented solution for the remote monitoring of PD subjects,
the setup makes use of Microsoft Kinect v.2, a long-range camera that provides
synchronized color and depth streams at 30 FPS. The camera is connected to a mini-
PC (i.e., Intel® NUC i7) via a USB port. A monitor is used to display the Graphical
User Interface (GUI) to provide visual information and feedback to the user (Fig. 1a).

The software running on mini-PC consists of dedicated C++ and MATLAB
routines to access and analyze the information provided by the Software Devel-
opment Kit (SDK) of the camera, in particular video streams and skeletal model.
The acquisition and data processing of the skeletal model in real-time are crucial
to ensure a reliable human–machine interaction based on simple gestures or actions
such as positioning, raising or moving some parts of the body (Fig. 1b).

Each GUI consists of interactive objects and implements an augmented reality
(AR) environment in which the user see her/his movements by a real-time visual
feedback. In addition, the interactive objects are arranged to limit the movements
required and are customizable to ensure good visibility. Finally, each GUI uses text
messages, video and audio to suggest the steps required to complete the test session.

(a) Acquisition system (b) GUI with interactive object    

Fig. 1 a The vision-based system consisting of RGB-Depth camera, mini-PC and monitor.
b Example of GUI with interactive objects to perform selections
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(a) Skeletal model with joints position (b)   COMBody position 

Fig. 2 a Skeletal model and joints positions (joints related to hand and fingers are not represented).
b Example of CoMBody position (magenta) with the position of CoM of body segments used for
Eq. 1

2.1.2 Body Center of Mass Estimation

The skeletal model consists of 25 three-dimensional joins (Fig. 2a) that follow the
real-time body movements. The 3D coordinates of the joints are resampled at 30 Hz
and filtered with a second order low pass Butterworth filter (cut-off 8 Hz) to remove
high frequency noise. The Center of Mass of the body (CoMBody) is calculated as a
weighted average (Eq. 1) of the center of mass (CoMi) of six body segments (namely
head, arms, trunk and legs), as in [14].

CoMBody = 1

6

6∑

i=1

CoMi ∗ wi (1)

CoMi are evaluated from the joints of the skeleton model; weights (wi) are set
from anthropometric tables [15]: Head = 0.081 (w1); Total Arm = 0.05 (w2,w3);
Trunk = 0.497 (w4); Total Leg = 0.161 (w5,w6). An example of CoMBody position
is shown in Fig. 2b. Note that CoMBody is a 3D point since it is estimated from 3D
joints.

2.2 Participants

Ten PD subjects were recruited, according the UKParkinson’s Disease Society Brain
Bank Clinical Diagnostic standards [16], with no history of neurosurgical proce-
dures, previous injuries to lower limbs, excessive tremor (severity <= 1) or cognitive
impairment (Mini–Mental State Examination Score >= 27/30). An expert neurolo-
gist assessed the subjects’ scores for the Berg scale, the TUG test and the PIGD score,
defined as the sum of four UPDRS tasks namely: arising from chair, gait, posture and
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postural stability. Subjects characteristics were: Hoehn and Yahr score (average 2.4,
min 1, max 3); PIGD score (average 8.2, min 3, max 12); Berg score (average 53.8,
min 52, max 56); TUG time (average 10.2, min 9.7, max 14.3); age 54–75 years;
disease duration 3–9 years. An age-matched control group (CG) of 10 volunteers
was created: the exclusion criteria were previous falls and any neurological, motor
or cognitive disorders. All participants subscribed informed consent according to
the Declaration of Helsinki (2008). They were initially instructed by technicians
on the use of the system in a laboratory environment, then they used the system
autonomously via the HMI. CG subjects performed the same set of tasks under the
same operative conditions of the PD subjects.

2.3 Experimental Procedure and Data Acquisition

Each test session consists of the following tasks, built on standard scales for the
assessment of balance dysfunctions: Up-Stand-Down (USD), Tandem-Standing
(TS), Reaching-Standing (RS), One-Leg-Standing (OLS) and Time-Up-and-Go
(TUG). During the USD task, the subject has to get up from a chair, stand without
support for 1 min and sit down; in the TS one, she/he has to stand for 1 min with
feet spaced one step ahead; in RS one, she/he has to stand for 1 min with arms
outstretched; in OLS one, she/he has to stand for 10 s on the dominant leg; while in
the TUG one, she/he has to get up from a chair, walk 3 m, return to the chair and sit
down.

The USD, TS, RS and OLS tasks are designed directly from the Berg balance
scale. To ensure safety at home without supervision, only few of the Berg scale tests
were considered, excluding those requiring closed eyes, rapid body movements or
rotations. The TUG task is the standard 3-m long walk. All tasks are performed with
open eyes. In the USD (Fig. 3), TS and RS tasks, the 1-min phase is divided into two

Fig. 3 Schemaof theUSD task: Sit-To-Stand, Stand for 30 s (ST), Stand for 30 s (DT), Stand-To-Sit.
TUSD is the total time to complete the task


