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Abstract

This study defines a methodology to measure physical activity (PA) in ageing people working in a social
garden while maintaining social distancing (SD) during COVID-19 pandemic. A real-time location system
(RTLS) with embedded inertial measurement unit (IMU) sensors is used for measuring PA and SD. The
position of each person is tracked to assess their SD, finding that the RTLS/IMU can measure the time in which
interpersonal distance is not kept with a maximum uncertainty of 1.54 minutes, which compared to the 15-
minute limit suggested to reduce risk of transmission at less than 1.5 m, proves the feasibility of the
measurement. The data collected by the accelerometers of the IMU sensors are filtered using discrete wavelet
transform and used to measure the PA in ageing people with an uncertainty-based thresholding method. PA
and SD time measurements were demonstrated exploiting the experimental test in a pilot case with real users.

Keywords: inertial measurement sensors; acceleration signals; discrete wavelet transform; social distancing; physical
activity.

1. Introduction

Measuring social distancing (SD) during Sars-CoV-2 (COVID-19) pandemic is becoming particularly
important especially in contexts where vulnerable individuals could find themselves in contact with potentially
infectious people [1]. In these situations, sensors with applied data analytics methods provide measurement
systems which can help maintain SD [2]. However, social distancing rules as well as the restrictions imposed
by Governments during this pandemic are causing ageing people to become more and more sedentary [3], [4],
which has a negative impact on their health and wellbeing [5], [6]. That of encouraging ageing people to
maintain SD and still do physical activity (PA) is considered a growing field of research, with many different
applications in the area of Ambient Assisted Living (AAL) and wellbeing assessment. In fact, it has been
demonstrated that PA affects the ageing process [7] and its monitoring is crucial for the assessment of the
quality of life of ageing people [8].

There are several methods for measuring PA [9]. Subjective methods, such as questionnaires and surveys, are
inexpensive, but often depend on individual observation and subjective interpretation, making evaluation
results inconsistent [10]. Questionnaires are able to capture the PA over a period of time (weeks/months), but
have documented limitations including recall bias, especially in older adults [11]. These limitations underscore
the importance of objective PA measurement. Various wearable sensors have been developed to objectively
measure PA in free-living conditions. Pedometers are the simplest devices for measuring PA. These sensors
are able to count the number of steps and to estimate the distance travelled and the expended energy.
Furthermore, being inexpensive, portable and lightweight, they are well accepted by users [12]. A strong
limitation is due to the inability to record the intensity of the vertical displacement of each step, with the
consequence that the estimated energy expended for a run or a walk is the same. Heart rate monitors are an
excellent method for measuring the intensity, duration and frequency of PA. They have the benefit of tracking
the user’s heart rate (HR) during PA [13], with the drawback given by the sensitivity of the HR to emotions
and stressful situations, factors that will increase it regardless of PA levels. Heart rate monitoring is used also
to estimate the energy expenditure based on the assumption of a linear relationship between HR and oxygen
consumption [14]. However, this is only an estimate of calorie expenditure and is prone to error: the person's
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age, fitness, gender, and body mass all affect the accuracy of the results. Accelerometers, like pedometers, are
small, non-invasive, lightweight, and portable sensors, and they can measure acceleration in gravitational units.
The recorded acceleration data are calibrated against measures of known criteria such as energy expenditure,
metabolic equivalents (MET) or oxygen consumption [15]. Given the correlation between acceleration data
and oxygen consumption, in [16] PA is classified as sedentary, moderate or intense based on published
thresholds. Accelerometer data processing algorithms are often proprietary, so users do not have access to the
criteria by which PA is classified, although in some cases, sensors allow access to raw data, but these require
programming to calculate PA intensity. Recent developments have made it possible to create inertial
measurement units (IMUs) consisting of accelerometers, magnetometers, and gyroscope in a single unit.
Inertial sensors have therefore become the most used systems to objectively measure PA [17], particularly
because they are well accepted both in clinical/laboratory settings and in free living environments [18], [19].
The raw acceleration data measured requires filtering, processing, and computational analysis to provide
meaningful measurements. These procedures are applied by the proprietary algorithms of the devices to obtain
PA performed and the energy expended. Inertial sensors are used in several research areas of health monitoring,
e.g. fall detection [20]-[22], body posture [22] and sport [17]. Moreover, technological advances have led to
a decrease in their size and cost while increasing their functionality. These sensors are typically worn on a
variety of anatomical positions, but most often on the wrist, being the most accepted place given the most
comfortable and least burdensome position [23], [24].

With regards to the monitoring of SD, methods that can be found in literature include the analysis of
information acquired from videos of people in urban areas or indoor environments [2] as well as by Bluetooth
Low Energy (BLE) [25] or Ultrawide band (UWB) [26] wearables and Global Navigation Satellite System
(GNSS) technologies which use smartphones [27].

In this work, ageing people are monitored while attending social garden activities in an outdoor environment
to investigate their health and social wellbeing. These activities include all those actions that are usually done
inside a garden, such as watering the plants, pruning, digging, raking, harvesting, and sowing. The outdoor
environment is a social garden designed and realised for subject over the age of 65 with raised tables to
facilitate the gardening activities and avoid pain and overexertion for the seniors. The garden is equipped with
non-invasive measurement technologies for the assessment of activity and physiological quantities then stored
in a database which was developed in the framework of the SMARTAGE project, as one of the intended
measures to support the work of social care cooperatives in the earthquake area of Piceno (Marche Region,
Italy). This inner area of central Italy, which was named the “Crater”, was heavily damaged by a series of
earthquakes in 2016 as a consequence of which the “Crater” became depopulated. Of its current population
27% is over 65 years old. Therefore, one of the main needs of social care cooperatives working in this area is
to create spaces where ageing people can spend time together while attending social activities. For this reason,
there is a strong need to support social care cooperatives through the promotion of new business models based
on innovative measurement and data analytics technologies. In the social garden here presented ageing people
can carry out gardening activities together.

In this context, a user-friendly, non-invasive measurement system able to monitor and analyse PA and SD of
ageing people could have a significant impact. There are two different issues that need to be solved at the same
time using a low-cost technology: the measurement of PA and the assessment of SD according to COVID-19
prevention rules while users are carrying out activities.

The innovation of this study is the definition and development of a common measurement setup composed of
inertial measurement unit (IMU) sensors integrated with a real-time location system (RTLS) network for the
acquisition of accelerometer signals and position data of ageing people in the social garden. Once filtered using
the discrete wavelet transform (DWT) method to improve accuracy, the accelerometer signals are employed
to measure the PA level, for which dedicated metrics are applied. The position data are used to monitor SD
according to COVID-19 prevention rules, while assessing the relative uncertainties that are fundamental in the
evaluation of a possible risk of infection.



The remaining part of the paper is organised as follow: Section 2 presents the proposed hardware and signal
processing for PA and SD monitoring, Section 3 discusses the test results and uncertainty analysis, while
Section 4 describes the main conclusions of the paper.

2. Materials and methods

2.1. Measurement setup

In RTLSs, tags are small electronic devices that are attached to the objects that need to be tracked. In addition
to being applied to objects, as in the retail field or in asset tracking, they can also be worn by people who need
to be monitored while doing sports [28] or need to receive adequate assistance during daily life [29]. Tags send
signals that are received by anchors and then forwarded to a location server that calculates their position. In
this study, Tag Leonardo iMU ® by Sewio (dimension: 55x46x17 mm) was used. The technical characteristics
of this electronic device are reported in Table 1.

Table 1. Technical characteristics of Tag Leonardo iMU by Sewio.

Components = Usage Description

Tag emits blinks and RTLS provides precise localization via API. This

Decawave device has calibration accuracy up to 30 cm in position detection (Tag

g;\é\é)% N'ngl)o Positioning Leonardo iMU [/ Personal - Sewio Documentation,
WWW.sewio.net/uwb-tags/).
Bluetooth Firmware

Low Energy | update BLE is used for wireless firmware update.

NFC Configuration Provides zero-spend energy Tag reconfiguration.

Raw data . .
Provides raw data (Xx-y-z axis accelerometer, gyroscope and

9-axis IMU Sensor fusion magnetometer signals) from inertial unit for custom processing like

. i hit/fall detection, jumps etc. or sensor fusion and 3D orientation.
3D orientation

Provides raw atmospheric pressure data or could be used for direct z-

Barometer Z-axis . A
axis estimation.

RTLS use UWB (Ultra-Wide Band) technology to provide precise positioning, in the case presented, of people
(Figure 1) through three communication steps:

1. tobe tracked, users are equipped with tags that send out a UWB signal to anchors for their localisation,
2. the anchors transmit UWB signals to synchronise with each other,

3. to find users’ exact location, a feedback signal from at least 4 anchors must be received. The search
for the signal continues until the requirement is satisfied, the data collected by the anchors are then
sent to the RTLS server to calculate users' position.
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Figure 1. Communication network of the Sewio tracking system.
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The experimental setup consisted of six anchor nodes placed around the perimeter of the social garden area,
as shown in Figure 2, and the tags worn by the subjects involved in the test, Figure 3. Five ageing people (>
65 years old) were involved in the study. The age of the ageing people was chosen based on the SMARTAGE
project aim. In fact, the aim of the project is to realise a space where ageing people (= 65 years old) could
spend time together by doing social activities. The social garden is designed and realised for subject over the
age of 65 with raised tables (Figure 4 A) to facilitate the gardening activities and avoid pain and overexertion
for the seniors. All the participants involved in the test were volunteer and they gave written informed consent
to use their personal data and were duly informed about the goal of the research. Furthermore, a COVID-19
self-declaration form was signed by each subject to prevent the health status of all subjects involved in the test.
The conducted study fully respects and promotes the values of freedom, autonomy, integrity and dignity of the
person, social solidarity and justice, including fairness of access. The study was carried out in compliance with
the principles laid down in the Declaration of Helsinki, in accordance with the Guidelines for Good Clinical
Practice. The subjects were asked to carry out activities in the garden while wearing a tag on their dominant
wrist for the duration of the test. The wrist was taken as a reference because the activities they were asked to
carry out were mainly gardening activities, so they worked mainly with their hands, Figure 4 B, 4 C.

The test consisted in monitoring the subjects while they were at work in the garden. It took place on two
different days. Three subjects simultaneously participated in the test on the first day and two on the second.

The data were acquired at 10 Hz. Once sent to the RTLS server, the data were saved in a database to be post-
processed to track the positions of the subjects during the test, evaluate their interaction and SD as well as
measure the PA performed and the energy expended (EE).



Figure 2. Aerial view of the social garden. The dotted line indicates the perimeter of the garden while the red dots indicate the
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Figure 3. Experimental setup.
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Figure 4. A raised table in the social garden (A). Users at work wearing the IMU tag on their dominant wrist (B, C).

2.2. Data Processing and Physical activity level assessment
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Figure 5. Steps followed to compute the PAL and EE of the subjects from their body acceleration. DWT: discrete wavelet transform;
VM: vector magnitude; RMS: root mean square; PA: physical activity; EE: energy expenditure.

To obtain the PA level and EE of the subjects in relation to the activity their carried out during the test, the
accelerometric data acquired were processed following four steps (Figure 5):

- Step 1: Accelerations obtained from IMU measurement

The acceleration data recorded by the IMU sensor integrated into the tag placed on the dominant wrist of the
subjects, which had a root mean square (RMS) uncertainty of 1 m/s2, were classified along the 3 axes, where
the x and y axes corresponded to the horizontal plane of the monitoring area and the z axis to the vertical one.
The IMU acceleration data were expressed in the reference frame of the sensor, named @/, at each measure
i € [1, n] and could be represented as a vector according to the values on the 3 axis of the sensor (Eq. (1)).
Thanks to the presence of microelectromechanical components, in addition to the acceleration of the IMU
sensor, the measurement of vertical acceleration included gravity (g = 9.806 m/s?), so g was subtracted from
the acceleration module along the z axis (Eq. (2)) as reported in [31]. By doing so, the acceleration that the tag
placed on each subject's wrist (@,ersor,) Measured during monitoring was obtained (Eg. (3)).

apyy (@) [sz] = [axipy (D) aymy (@ azpy (@] 1)
aperson(i) [Sﬁz] = ay(D) — g7 = [axiyy (D) ayy (@) azyy (@) — gl 2
aperson(i) I:SEZ:I = [axperson(i) ayperson(i) azperson(i)] (3)

- Step 2: Data filtering using Discrete Wavelet Transform

The accelerometric data were filtered through a denoising procedure using Discrete Wavelet Transform
(DWT). The properties of the DWT were employed to recover the original data from the data affected by noise
[32], [33], so as not to extract incorrect information. The order 4 Daubechies wavelet was applied to the
accelerometric data, obtaining numerically transformed data composed of detailed coefficients and
approximate values. To denoise the data, the detailed coefficients were set to zero, and the inverse of the DWT
was applied to obtain the original accelerometric noise-free data. An example of a denoised accelerometric
signal extract is shown in Figure 6.
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Figure 6. Extract of an accelerometric signal along the x axis (in blue) and its denoised acceleration signal (in red). The denoised
signal was obtained by applying the order 4 Daubechies wavelet to the original signal.

- Step 3: Calculation of PA using the uncertainty-based thresholding method

Referring to [34], to compute the PA carried out during the test, the Vector Magnitude (VM) values of each
acquired value i of the accelerations along the 3 axes was calculated [35] through Eq. (4):

VM (i) [sz] = \/axperson(i)z + a}’person(i)z + aZperson(i)Z (4)

Data reduction was applied as reported in [31] by computing the RMS for windows of VM of 30 s (Figure 7).
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Figure 7. RMS computed for 30 s windows of VM.

According to [36], tasks that involve the use of both the upper and lower body (such as digging, raking) require
moderate PA intensity for an old person, while those that involve the use of the upper body while standing or
squatting (for example pruning, planting, or harvesting) require low-intensity PA. Considering this, the authors
of this study identified PA levels based on the social garden scenario, which was specifically developed to
avoid excessive physical strain for its ageing users. Therefore, activities such as standing still were considered
as light, activities such as pruning or walking were considered as moderate, while activities such as digging
were considered as high. On the basis of the considerations above, to evaluate the PA performed by the
subjects, three RMS thresholds that reflect the three PAs identified were set: light, for RMS < 5 m/s?; medium,
for 5 m/s>< RMS < 11 m/s?; high, for RMS > 11 m/s?. The RMS threshold values were selected considering
as starting point the study of [31], in which the PA performed by young subjects was differentiated into three
levels by analysing the accelerometric data acquired through IMUs. Given the RMS threshold values of young
subjects in [31] and taking into account a decline in physical strength of approximately 5% per decade [37],
the RMS threshold values for ageing subjects were calculated. For the classification of PA, the uncertainty of
+1 m/s? of the IMU sensors was considered. This uncertainty affects the RMS samples that falls between
light/medium and medium/high PAs. The authors identified that the PAs could be divided in light, medium
and high for the RMS samples that are not affected by the sensor uncertainty and, in addition, light/medium



and medium/high PAs for the RMS samples that would change classification level when the uncertainty
interval +1 m/s? is summed to the measured value. The consequent classification percentage in light,
light/medium, medium, medium/high and high PAs was obtained dividing the number of RMS samples falling
into each PA level by the total number of samples.

- Step 4: Calculation of total EE

In the last step, the total EE (EE,,;) value in kcal was computed. The EE at each instant of time (kcal/s) was
computed through Eqg. (5), as reported in [38], where MV represents the mean value of the VM assumed during
the test. The computed value was then multiplied (Eg. (6)) by the duration of the test in seconds (time) to
obtain the EE::

kcal 4.83 MV+122.02
EE [T] - ( 3600 ) )
EE;o: [kcal] = EE X time (6)

2.3. Monitoring social distancing

The trajectories performed by each subject during the test were traced based on the acquired data related to
their positioning and considering the uncertainty of the system in measuring the coordinates in the test area.
The level of interaction between the subjects during the test was then analysed in terms of SD time, which is
a particularly critical parameter in this period in which, according to COVID-19 prevention measures, to reduce
risk of transmission, people should not stay at a distance of less than 1.5 m for more than 15 minutes. By SD
time the authors refer to the time spent by a person at a distance of at least 1.5 m from another person. The
Vermont Department of Health considers a close, and therefore dangerous, contact that of people being within
1.5 m of an infectious person for a total of 15 consecutive minutes or more [39]. SD time was calculated for
pairs of subjects that simultaneously took part in the test. Even in the case in which more than two subjects are
in proximity, the calculation is carried out between each pair of subjects (for example, considering three
subjects in proximity, the SD time is evaluated between subjects 1-2, 1-3, 2-3), thus increasing the number of
equations. The SD time between each pair was first evaluated by reconstructing the spatial trajectory travelled
on the xy plane, taking into account the system's uncertainty (&) of 30 cm, then by computing the distance
between the trajectories and the time of the test in which the trajectories were close (< 1.5 m) (Eq.(7)). The
areas of the social garden where the distancing was not respected were represented by heatmaps, which
highlight those areas in which the interaction between users was maximum, therefore highly dangerous.

vi  distance(@) = /[(x, (D) £6) — () £ )12 + [(y1 (D) £6) — (v, (D) £ 8)]2

if distance(i) < 1.5 m then
tdanger(i) = tdanger(i -D+1s (7)

where x; (i), y; (), x5 (i), y, (i) are the i"" x and y components of the positions recorded by the IMU tag, being
the indexes 1 and 2 referred to the two subjects compared, and tg4n4¢r iS @ counter that measures the time in

which the two subjects are at a distance of less than 1.5 m from each other. The t;4,, 4 COUnter increments
the value obtained in the previous distance comparison (tggnger(i — 1)) by 1 s each time the proximity
condition (distance(i) < 1.5 m) occurs.

Figure 8 summarises the methodology of tag signal acquisition and processing and shows how it is possible to
track trajectories and compute the values of PA and EE from the raw data relating to the subjects’ position
and acceleration.
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Figure 8. Diagram summarising the steps followed to process the signals acquired by the RTLS/IMU. UWB: ultra-wide band; IMU:
inertial measurement unit; VM: vector magnitude; RMS: root mean square; EE: energy expended; PA: physical activity; SD: social
distancing.

3. Results

Figure 9 shows the trajectories performed by each subject during the test taking into account the uncertainty
of the positioning system, which is of 30 cm.
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Figure 9. Trajectories performed by each of the subjects during the test (in blue) + uncertainty of the positioning system (in red). For
each subject, the map of the social garden on which the subject’s trajectory is visible is also reported.
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Figure 10. Heatmaps showing the areas of the social garden most frequented by each subject during the test. The legend indicates the
colour relating to the state of attendance of a specific area, where 1 is associated with the maximum attendance and 0 with the minimum
attendance. The areas shown have different perimeter dimensions due to the different trajectories drawn in the test area.

The heatmaps of Figure 10 are related to the most frequented positions in the test area. They were created
knowing the position of each subject. The heatmaps give a two-dimensional representation of the test area as
a matrix in which each cell coincides with a portion of the area (0.5 m?). Therefore, according to each subjects’
attendance of a specific cell, each cell is associated with a value between 0 and 1. The areas most frequented
by each subject (values tending to 1) are represented by red cells, while the less frequented ones (values tending
to 0) with blue cells.

Table 2 shows the period of time during which the interpersonal distance of 1.5 m between subjects was not
respected throughout the test. Considering that the risk of infection is higher when the distance between two
subjects is less than 1.5 m for a time of at least 15 minutes, it is important to evaluate how long the subjects
found themselves in a similar situation during the test.

Table 2. Time duration of the test in which the distance between the subjects was not respected (+ measurement uncertainty).

Duration of the test in which the
interpersonal distance (< 1.5 m) is not
respected [min] = uncertainty

Compared
subjects

1-2 0.76 £0.10




1-3 3.71+£154
2-3 6.28 £ 0.57
4-5 1.62 +£0.91

After assessing how long the subjects were at risk of infection during the test, the areas in which contacts were
most relevant were represented, i.e. when users were less than 1.5 m apart. Figure 11, therefore, reports the
heatmaps related to the interpersonal distance maintained between each pair of subjects that simultaneously
took part in the test. The areas in which the distance between the subjects tended to 0 m (high risk of infection)
are shown in red, while the areas in which the distance tended to the limit (1.5 m) suggested according to

COVID-19 prevention measures (low risk of infection) are shown in blue.
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Figure 11. Heatmaps related to the interpersonal distance maintained between the subjects that simultaneously took part the test. The
areas in which the distance between the subjects tended to 0 m are shown in red, while the areas in which the distance tended to the
limit of 1.5 m suggested according to COVID-19 prevention measures are shown in blue.

Figure 12 reports the PA for each subject evaluated by comparing the RMS values for the duration of the test
with the PA thresholds. The black dotted lines represent the thresholds that distinguish light PA from the

medium one (5 m/s?) and medium PA from the high one (11 m/s?).
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Figure 12. PA for each subject evaluated by comparing the RMS values with the three thresholds set (LIGHT: RMS < 5[532]; MEDIUM:
5[522] <RMS < 11[;"—2]; HIGH: RMS > 11 Lﬂz]) The black dotted lines represent the thresholds that distinguish light PA from medium

PA (5[%]) and medium PA from high PA (11[%]).

Table 3 shows the day on which the test was carried out, the start and end times, the duration of the test, the
percentages of PAs, the mean RMS with the respective associated PA, as well as the EE in kcal related to
the duration of the test for each subject. Considering the uncertainty of 1 m/s? of the IMU sensors, the
classification percentage in light, light/medium, medium, medium/high and high PAs are computed dividing
the number of RMS samples falling into each PA level by the total number of samples.

Table 3. Day of the test, start and end times, duration of the test, computed percentages of PA related to the duration of the test,
uncertainties in PA measurement and EEtt for each subject.

1

Subject

Day

08-10-2020

Test
start
-end

08:16

09:34

Test
duration Percentage of PA
[min]
Light: 0%
Light/Medium: 2%
78 Medium: 24%

Medium/High: 29%

High: 45%

Mean RMS
and PA

11.7 m/s?

Medium/High

EEtot
[keal]

229




Light: 10%

08:16 Light/Medium: 13%

9.1 m/s?
2 08-10-2020 - 88 Medium: 26% 241

09:44 Medium/High: 32% Medium

High: 19%
Light:1%
08:16 Light/Medium: 14%
3 08-10-2020 - 106 Medium: 37% 2 295
10:02 Medium/High: 36% Medium
High:12%
Light: 2%
08:46 Light/Medium: 3%

14.9 m/s?
4 19-10-2020 - 40 Medium: 4% 9 ms 127

09:26 Medium/High: 5% High
High: 86%
Light: 1%
08:46 Light/Medium: 1%
: 9.8 m/s?
5 19-10-2020 - 40 Medium: 46% 111
09:26 Medium/High: 44% Medium

High: 8%

4. Discussion and conclusions

The goal of this work is based on the need of monitoring physical activity in ageing people since it is one of
the most important things to do for health. Performing PA during this time when the COVID-19 pandemic
requires maintaining interpersonal distancing is a problem [40] that can be solved by monitoring SD while
performing PA. In this context, the aim of this study is to present an innovative data measurement and analysis
method for assessing the PA level of ageing people while maintaining social distancing during the COVID-19
pandemic. This study is conducted as part of the SMARTAGE project, which aims to create a space where
ageing people can spend time together carrying out social activities. The hypothesis of the study is the
definition of a non-invasive measurement methodology for the assessment of the PA and SD based on remote
user monitoring, which ensures data anonymization and privacy.

Using a commercially available tracking system composed of a RTLS with an embedded IMU sensor, five
ageing people were monitored in an innovative scenario: the social garden. The position of each subject
measured from the tracking system was used to know their movements to assess whether each subject



maintained the social distancing suggested by COVID-19 prevention rules. The time intervals during the test
in which the interpersonal distance of 1.5 m between each pair of subjects that simultaneously took part in the
test was not respected was measured.

Considering the RTLS uncertainty of 30 cm in the position measurement, the maximum uncertainty of the
system in the measurement of the time in which SD was not respected is 1.54 min. As it can be seen from the
results, the temporal values of interaction between the users during the test were limited and in any case below
15 minutes, which is the period of exposure considered at risk. This demonstrates that social distancing was
respected throughout the test. Although some of the uncertainties in percentage have a considerable weight in
determining the time intervals during the test in which the safety distance was not respected, if compared to
the 15 minute-limit they are still not relevant quantities.

Besides location detection, the tracking system, which is provided with an embedded IMU sensor, was used
for measuring the acceleration signals from the subjects’ wrists, which were then processed to measure the PA
of the subjects in the garden. Currently there are no studies that compare the effects of different window lengths
for ageing people. In the study here presented the authors chose to calculate the RMS values for windows of
VM of 30 s, considering this interval a suitable time window for evaluating changes in physical activity. To
assess the PA, it was then necessary to define an uncertainty-based thresholding method setting RMS
thresholds that reflected in the classification of PAs. RMS values < 5 m/s? were assigned to light PA, RMS
values between 5 m/s?and 11 m/s? to medium PA, while RMS values > 11 m/s?to high PA. The uncertainty
of +1 m/s? of the IMU sensors was then considered for the classification of PAs and the consequent
classification percentage in light, light/medium, medium, medium/high and high PAs was computed.

The uncertainty-based thresholding method was defined in order to establish PAs that reflected the intensity
of the work done by the subjects in the garden also considering the uncertainty of the IMU sensors. For this
reason, in setting these values, the authors took into account the age of the subjects as well as the fact that the
fatigue threshold is lower in an ageing person than in a young/adult subject. According to the results obtained,
the subjects carried out mostly medium and high gardening activities, since they mostly walked or did
gardening work such as pruning and digging.

The last phase of the analysis consisted in the calculation of the total energy spent during the monitoring. Table
3 shows the percentage of PA related to the duration of the test for each subject together with the associated
total energy spent.

In conclusion, this work demonstrated the possibility of measuring the PA of ageing people and their SD time
within the social garden scenario by using a sensor network consisting of a RTLS with embedded IMU sensors.
The uncertainty seems to be compatible with the requirements for the application. The proposed methodology
is suitable to be applied in many different contexts, ranging from working/construction sites to sport facilities.

4.1. Limitations and strengths

Since this work deals with the development of a measurement system to non-invasively and remotely measure
the PA and SD of ageing people in a social garden scenario, limitations and strength are presented in this
section. Technological limits have been introduced by the measurement system concerning the uncertainty of
the positioning system of 30 cm and the uncertainty of 1 m/s? of the IMU sensor. The uncertainty of the
positioning system was demonstrated to be acceptable considering the maximum uncertainty of 1.54 minutes
found in this work in measuring interpersonal distance time, while the uncertainty of 1 m/s? of the IMU sensor
resulted in the identification of five PA levels instead of three. Furthermore, limitations are also focused on
the cost of the measurement system composed by anchors and tags instrumentation. In the specific scenario of
the social garden, the cost is well covered by the social care organization, but this measurement system could
become expensive if the scenario includes more than one perimeter of investigation. In fact, this measurement
system is already used in malls to monitor the shopping trolley routes [41] or in sport facilities where the
outputs can be used to increase the business model of the facility [42]. The same measurement system is not



suggested to be installed in private environments where more than one room needs to be monitored to extract
information regarding the behaviour of the residents. Moreover, a limitation on the use of wearables, i.e. tags
worn by the ageing people on the wrist, could be identified due to user acceptance [43]. Since the wearable tag
is worn for a short time in this scenario, the wearable is well accepted by the involved subjects. On the other
hand, this work presents some strengths. In particular, the privacy of the user is respected by using this
measurement system guarantying the data anonymization. A context that can certainly benefit from the use of
this type of system is long-term care setting. The application of RTLS technology can in fact be used in the
patient/resident assistance process for the measurement of their physical activity and social interaction. In this
scenario, the monitoring system can be installed within the common environment in the long-term care setting,
which represents the fulcrum of social life where residents gather to carry out most of the activities. The
caregivers are thus able to monitor each resident via the RTLS platform, which reports their state of physical
activity and level of social interaction, so that they can check if there is a significant change in seniors’ routines.
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