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ABSTRACT

COVID-19 has had a devastating impact worldwide, including in care homes where there
have been substantial numbers of cases among a very vulnerable population. A key mechanism
for managing exposure to the virus and targeting interventions is contact tracing. Unfortunately,
environments such as care homes which were most catastrophically impacted by COVID-19 are
also those least amenable to traditional contact tracing. A promising alternative to,recall and
smartphone-based contact tracing approaches is the use of discrete wearable devices that exploit
Bluetooth Low Energy (BLE) and Long-Range Wide Area Network (lsoRaWAN) technologies.
However, the real-world performance of these devices in the contextiof €ontact tracing is uncer-
tain. A series of experiments were conducted to evaluate the performance of a wearables system
which is based on BLE and LoRaW AN technologies: In gach‘experiment, the number of success-
ful contacts was recorded and the physical distance*between two contacts was compared to a cal-
culated distance using the Received Signal Strength Indication (RSSI) to determine the precision,
error rate and duration of proximity. The averall average system contact detection success rate
was measured as 75.5%; when wearables were used as per the manufacturer’s guidelines the
contact detection success raté increased to 81.5%, but when obstructed by everyday objects such
as clothing or inside abag the contact detection success rate was only 64.2%. The calculated dis-
tance using RSSI was close to the physical distance in absence of obstacles. However, in the
presence of typical obstacles found in care home settings, reliability of detection decreased, and
the calculated distance usually appeared far from the actual contact point. The results suggest
that under real-world conditions there may be a large proportion of contacts that are underesti-
mated or undetected.

Keywords: Bluetooth, COVID-19, digital devices, LoORaWAN, sensors, wearables



INTRODUCTION

Up to half of all COVID-19 deaths in many countries have occurred in residential care
homes (Farrell 2020). Cases in care homes result from both resident-to-resident transmission as
well as transmission from staff to residents. Many care homes experienced significant re-
strictions to control transmission including periods with no visitors and extremely limited social
interactions (GOV.UK 2021). This had a substantial negative impact on the wider health and
wellbeing of care home residents (Cahill and Diaz-Ponce 2011; Valtorta et al: 20163 Chu et al.
2020; Bethell et al. 2021).

Contact tracing is a key infection prevention and control (IPC) meastre enabling identifica-
tion and isolation or testing of potentially infected cases. Contacttracing offers a possible means
of targeted IPC approaches that pose fewer restrictions on other staff and residents. However,
traditional contact tracing involves individuals recalling from memory their contact(s) with po-
tentially infected people - when and where they happened, and the length of exposure. Up to 70
percent of care home residents have somedorm of memory or cognitive deficit (Gruber-Baldini
et al. 2000), staff have many contacts on each shift, and such contact is unavoidable as it is a key
mechanism for providing quality eare (Haunch et al. 2021). Reliably recalling information on the
number and duratien of contacts is therefore difficult for both residents and staff.

Digital contact tracing can be an effective way to collect data on close contacts, location, mo-
bility of people and their health status. The study by Grekousis and Liu 2021 provided a review
of the use of digital devices to interrupt the chain of infection and suggested such devices can
overcome manual contact tracing regardless of technology limitations and trade-offs between
privacy and effectiveness. Contact tracing using smartphone apps that exploit Bluetooth Low

Energy (BLE) technology has been the subject of considerable interest during the pandemic



(Parker et al. 2020; Jalabneh et al. 2021; Madoery et al. 2021), and includes analysis to estimate
COVID-19 risks from BLE contact data sets (Aljohani et al. 2021). The smartphone approach
can effectively record contacts with other app users and has been shown to be workable in the
wider community. However, it has limited utility for care homes as residents rarely use phones
and staff are often discouraged from using phones at work. Wearable BLE devices are a poten-
tially low-cost means of digital contact tracing (Rawat et al. 2020). They consume little energy,
exchange minimal data efficiently, are lightweight, small and can be worn in avariety of forms.
Wearable fobs and other stand-alone devices have been suggested as being potentially beneficial
for collecting data or getting alerts for older people or other vulnerable groups (Wilmink et al.
2020).

This study is part of the CONTACT trial, a UK National\Institute for Health Research (NIHR)
funded study in care homes evaluating the feasibility of BLE-enabled wearables for contact trac-
ing and informed IPC decision making; to the best of the authors’ knowledge this is the first ap-
plication of wearable Internet of Things'(IoT)devices for contact tracing in care homes. The
overall purpose of the CONTACT trial is to understand how, based on device-enabled infor-
mation, care home managersicanemploy infection prevention and control measures, including
restrictive measures such as isolation and quarantining specific residents and staff. These re-
strictions in,care homes mean that it is vital that BLE wearable devices are accurate and reliable
to avoid imp@sing unnecessary constraints.

The CONTACT trial's wearables are intended to capture and store data when individuals
wearing the devices are within 2 m of each other for 15mins or more. This threshold is in line
with WHO Guidance for the highest risk exposures for Covid-19 (WHO 2022). However, it is

important to understand whether this contact threshold can be measured effectively by the wear-



able devices. This study reports the performance of wearable devices during a series of con-

trolled experiments and simulations of differing building layouts, materials, and usage that are

representative of likely situations in care homes. The main contributions of this study are as fol-

lows:

Evaluation of system performance: The study provides a comprehensive evaluation of
the performance of the wearable system in different scenarios, quantifyingrits reliabil-
ity and accuracy.

Identification of contact detection success rates: The study measures the overall aver-
age system contact detection success rate and highlights‘the impact of following the
manufacturer's guidelines on increasing the success rate.

Understanding the impact of obstructions: The study explores the effect of everyday
obstructions, such as clothing or bags,"en the accuracy of the system, emphasizing the
need to minimize obstructions foriaccurate contact tracing.

Comparison of device types: The study finds that different forms of BLE devices
(watch, fob, card) have,similar accuracy, suggesting that different types can be used

effectively for ¢ontact tracing.

These contributions provide valuable insights into the performance, limitations, and fac-
torsdaffecting the accuracy of wearable BLE-based solutions for contact tracing in care
home environments, aiding in the development and implementation of effective contact

tracing strategies.



BLE AND LoRaWAN TECHNOLOGY FOR CONTACT

TRACING

BLE devices are self-contained battery powered devices that work by "advertising" them-
selves to contacts in the vicinity. BLE devices broadcast a periodic message containing data in-
cluding the date and timestamped transmitted signal power at the antenna, which allows, the re-
ceiver to detect and estimate the power level of the advertising device. The receiver,estimates
theReceived Signal Strength Indication (RSSI)measured in decibels of received power relative to
a milliwatt (dBm). RSSI can therefore be used as a proxy to estimate(thesphysical distance be-
tween BLE devices.

The LoRaWAN (Lee et al. 2019) is a low-power and wide area networking protocol which
functions using the LoRa, a sub-gigahertz radio frequencymnetwork. LoRaWAN is designed to
wirelessly connect battery operated devices to the‘internet, and also to manage communication
between local devices and network gateways involved in the process. In the CONTACT trial,
LoRaWAN hubs are used to provide a'local network for recording and transmitting contact data
between BLE wearables. LoORaW AN devices are low energy and can run for ten years on a small
battery (Rawat et al. 2020; Flueratoru et al. 2022).

A number of studies have studies the network architecture for contact tracing systems. Ng et
al. (2021) proposed a Smart Contact Tracing (SCT) system for contact tracing using RSSI values
for proximity sensing in close contacts and showed promising results in a restricted environment.
Cunche et al. (2020) discussed the implementation model of BLE and other technical aspects on
different smartphone operating systems. An evaluation framework based on mobile contact trac-

ing solutions is proposed by Dar et al. (2020) to speed up the process of manual tracing. They



conclude that the proposed solutions are not appropriate for all general scenarios and recommend
open source solutions to avoid security issues. Solutions using fobs/wearables are suggested to
be suitable for the organizations or environments where privacy is a priority (Barthe et al. 2022;
Flueratoru et al. 2022) with location beacons alongside wearables to identify areas for contact
tracing.

Accuracy and reliability in digital contact tracing is important and needs to consider the epi-
demiological sense of sensitivity [probability of recording a contact when there reallythas been
one] and specificity [probability of ruling out no contact when there really hasmot been one].
Many factors can influence the accuracy of BLE devices. Other devices using the same frequen-
cy (Wi-Fi, mobile phones, wireless technology such as speakers,or'baby monitors) can interfere
with signals. Different building materials, furniture, and objects within the environment can af-
fect signal strength, as can humans that block direct line=of-sight propagation (shadowing). An-
tenna patterns when BLE devices scan can be anisotropic, with large variations in gain from dif-
fering angles and polarization (Schulten‘et al2019). Propagation indoors is vulnerable to multi-
path (Rayleigh) fading from nearbyseflections. These factors make an evaluation of the accuracy

and reliability of the CONTACT tr1al’s BLE wearables necessary.
System Architecture and Data Flows

The CONTACT trial and the experiments conducted in this study used a combined BLE -
LoRaWAN gateway system from MICROSHARE (Microshare Ltd, London). The system com-

prised of the following components (See Figure 1):

LoRaWAN Gateway



Comprises a Kerlink iFemtocell Evolution, which receives radio transmissions from wave
scanner devices and an integrated cellular/mobile connection that sends encrypted data to cloud

SErvers.

Wave scanner devices

Local hubs that collect contact data from BLE devices, reset the memory and clock of the de-

vices, and transmit data to the LoORaWAN gateway.

Location Marker

Small, fixed position BLE devices placed in a designated area.

Wearable BLE Devices

Designed as a card or fob to be worn on a lanyard, or.fob on a key ring or wristband, which
were assigned to residents, staff, and visitors.

When a fixed or wearable BLE device senses another device within range, the duration and
the signal strength are both recorded. During the CONTACT trial, the BLE system was set such
that when contact was <2 m.and for a duration of more than 15min, a “proximity event” was rec-
orded. The duration and"proximity information was captured by the Wave scanner devices and
uploaded to a central ¢loud server-hosted database by the Gateway where data was then down-
loaded for analysis (see Figure 1). In the experiments carried out in this paper, contacts at greater

distances were also recorded to test the accuracy of the BLE devices.



METHODS

Test Scenarios

To assess the accuracy of the devices, a series of 200 experiments over 13 scenarios were
conducted under controlled conditions. In all cases, the contact duration and/or distance as calcu-
lated from the BLE device using the RSSI were compared with the measured physicalidistance.
All the experiments were carried out in a domestic environment, simulating typical scenarios
from care homes (see Table 1). Experiments were set up by positioning one.or more devices and
a location marker at known locations, and then recording the presencg or absence of contact be-
tween the device and location marker (or between two or more devices) as well as the signal
strength. Experiments initially considered measurement of distance via devices at fixed locations
(Cases 1 and 2 in Table 1), followed by several proximity event scenarios that incorporated mo-
bility by recording the contact detection during a‘pre-defined sequence of locations. The specific
set up for each case is detailed with the results.

All proximity events were recordedby the BLE wearable devices and then data were sent to
the data server via the wave scanner device. The recorded data includes a number of parameters
including RSSI value, contact time; duration of a contact, battery level, and the unique QR code
of the BLE device:"The.experiments in Case 1 were carried out with a range of different BLE
devices: a fob mounted on a wrist bracelet, a fob on a key-chain, and a card that can be worn on
a lanyard. Bracelet-mounted fobs are easier to wear and change the battery and are easily visible
to staff. Lanyards are commonly used by staff, and the card form BLE battery lasts at least twice
as long (but is harder to change) and is easier to clean. All wearable forms use the same technol-
ogy but device orientation and likely location relative to clothing and body shape can affect sig-

nal strength. All other experiments were carried out using the key-chain fob device.



Several experiments considered the influence of obstacles. In the real-world conditions of the
CONTACT trial, it was apparent that residents with cognitive impairments such as dementia
were prone to removing devices and placing them into containers such as drawers, baskets, or
tissue boxes. Some devices were also relegated to a handbag or pocket or wrapped in a handker-
chief or scarf. Any material that comes between two fobs/cards with potential for signalabsorp-
tion constitutes an obstacle. To understand the effects of these obstacles on signal prepagation,
performance using various items as experimental absorbers was evaluated. The experimental
absorbers included placing one or more BLE devices under a scarf, inside a bag, or inside a tis-

sue box.

Distance Computation

The strength of a device’s Bluetooth signal power (RSSI) is recorded by the receiving device
during a contact event. Devices detected each other when the RSSI was higher than -70dB (Im
distance). To log an event, each device should detect each other four times or more in a window
of seven scans, which requiréd.a minimum time of 160s to complete the process. In the experi-
ments, the physical distance between devices was measured before recording proximity events.
The calculated distance'based on the RSSI value was computed using the following formula

(Qureshi et al.2019):

Distance = 10"{%} (D]

Where:
N = Power profile

RSSI = Received Signal Strength Indicator



P= Measured power, the expected RSSI at 1m to the beacon

The power profile ‘N’ decays with distance. Normally, the N=2 (i.e. in free space), but varies
from 2 to 4 (low to high), depending on the environmental factors. In the considered scenarios,
the objective was to detect proximity events within a range of 2m with limited obstructions,
which is therefore considered a normal value. Measured Power is usually set by the manufactur-
er, which indicated the expected RSSI at Im to the beacon (a value of -69). When combined with
the RSSI, the distance between the device and the beacon can be estimated. For each'scenario the
"contact detection success rate” is defined as the successful recording of a contact event and
“contact detection failure rate” as the absence of any record of an event despite an actual occur-

rence of the event.

RESULTS

Table 1 highlights the contact detection‘success tate for each group of experiments in terms of
whether the scenario was recorded as_a ‘contact or not. The total number of experiments were
200; 130 were conducted withoutany ebstruction, while 70 were conducted in presence of one or
more obstacles. Overall, 75.5% of events were successfully recorded (among them 53% and
22.5% were without and with obstruction, respectively). The contact detection success rate of
standalone experiments in the absence of an obstacle was recorded as 81.5%, while the average
contact detection success rate was 64.2% in the presence of obstacles. A higher error rate was

also observed in the presence of obstacles as discussed below.

Evaluation of distance between fixed devices

Figures 2 and 3 compare the calculated distance with physical distance for two devices at

fixed distances from 0.5 to 2.5m. Case 1 (Figure 2) has no obstructions between devices, while



Case 2 (Figure 3) considers BLE fobs and cards placed in drawers, bags, beneath a scarf, mixed
with clothing in a laundry basket or inside a tissue box. All other parameters - environment, ob-
jects present in the room - were held constant.

Results indicate that the signal strength in the card form was stronger and more reliable than
the other two wearable forms. This is likely due to the card orientation, when worn on a lanyard,
having a more reliable orientation between devices. Differences in signal strength between all
three types of devices were not high, but the key-chain fob tended toward more false'fiegatives
where the calculated distance was greater than measured physical distance. Experiments with
obstacles indicate that each type of material can disrupt the Bluetooth signal differently. There
was a poor signal quality when devices were placed inside apolyester bag, hidden under a scarf
(cotton), or placed in a tissue box. In these cases, the calculated distance appeared greater than
the physical distance, whichcan lead to a falsefegative indication of a contact. This can be sig-
nificant, particularly for contacts at greater distances. As shown in Figure 3, some of the contacts
at a physical distance 2.5m were estimated ‘asfar away as 10m when obstructed. There was no
significant difference in signal strength if devices were placed in an open basket or box or worn

as instructed.

Single Proximity Events between Devices

The first two proximity scenarios tested are presented in Figure 4. Case 3A (Figure 4(a)) rep-
resents a single contact event between two people recorded at location marker, L;, installed in a
kitchen. People carrying BLE fobs X; and X, stayed at marked points 2m apart for /5min, after
which X, was sent to another room (study) where the wave scanner was installed to collect and

synchronize fobs when in contact. The study was on a different floor of the building and was



considered to be of sufficient distance as to not be regarded as a proximity event. The experiment
was repeated five times with a successful contact recorded on three occasions, and the calculated
distances were close to the physical distance, indicating accuracy of the system when events
were recorded.

Case 3B considered a sequential proximity event with three BLE fobs i.e., X;, X5, X3 and two
Location markers L; and L, (see Figure S1 in supplementary information). L; was installed.inside
the kitchen, and L; is placed in the living room, both on the ground floor. X; and X, were posi-
tioned 1m apart in the kitchen; the distances of X; and X, to L; were 2.5m and{/.5m, respective-
ly. After 20min, X, was moved to the living room, where X3 was alteady present at a distance of
1.5m. After 30min, X, moved to the study to download data yia‘the'wave scanner. The experi-
ment was repeated five times, but the logged data was received only four times. The results again
showed that in most contacts there was no significant difference between real physical and calcu-
lated distance. However, X; and L; were caleulated to be 2.5m apart, when they were 2m from
each other; in this case, the contact would be.missed if the proximity for detection is set at 2m.

Cases 4A and 4B included outdoor proximity events to test whether distances recorded re-
mained accurate in a setting'without the influence of walls and furnishing on the Bluetooth sig-
nal. Case 4A followed the,same sequence as 3B, however X; was located outdoors in a park, and
the outdoor.contact between X, and X3 was at 0.5m for 15min. In Case 4B, the sequence involved
X, and X; in the park, followed by X, and X; in the kitchen, and then a second contact between X»
and X; in the study. Full details of both scenarios are given in the supplementary information
(Figures S2 and S3). Both cases were repeated five times with contact detection success rates of
4/5 and 3/5 for cases 4A and 4B respectively. In Case 4B for the remaining two attempts, X3 ac-

tivity was recorded only one time, and no activity was recorded for all tags in the final at-



tempt. Where events were successfully recorded (see figure S4 in supplementary information),
the average computed proximity was a good representation of the real distance for both cases.
However, it is noticeable that there was a much greater range of predicted values for the scenari-

os involving outdoor events compared to all the other results from this study.

Proximity Events for Complex Scenarios with Mobility

In Case 5A, multiple proximity events were recorded at four separate places Within.a home
(see Figure S5 (a) in the supplementary information). This scenario was designed to replicate a
care worker who may visit several residents in a care home sequentially: Six fobs (X; to Xs) and
a location marker L; (installed in the kitchen) were used. X; and X were first located 2.5m and
1.5m to L;, respectively and had contact for /5min. X, thenshad,contact with X; for another
15min in the living room at /.5m. Then X, sequentiallyvisited two bedrooms and the study
where it contacted X, X5 and X5, espectively, each'for /15min. Five replications of this experi-
ment were carried out. As shown in Figure,S, the calculated and physical distance are again simi-
lar. In a few cases, the calculated‘distanee appeared closer than the physical value. As an exam-
ple, the 2.5m distance between X; and L; was calculated as ~2m which may indicate that the de-
vice would log a falsg’positive event.

Multiple proximity:events at a single location in which the distance between each contact per-
son was not'the same were measured in Case 5B. The scenario (see Figure S5 (b) in the supple-
mentary information) used seven fobs separated by distances between 1.29m and 2.84m with a
single location marker. Each fob was present for /5min at the location. The experiment was re-
peated five times and successfully recorded all activities, with similar findings to previous exper-

iments regarding accuracy of the measurement (see Figure S6 in the supplementary information).



Results from multiple proximity experiments suggest that accuracy and success in detecting a
contact are independent of the number of sequential contacts recorded and are comparable be-

tween BLE fobs.

False Positive/Negative Proximity Events with Obstacle

The final set of experiments considered proximity events with the presence of aniobstacle.
Cases 6A to 6C were single 20min proximity events between L;, X; and X in the same room. X»
was placed inside a handbag in Case 6A while it was located under a scarf in, Cases 6B and 6C.
In Case 6C fob X; was also located under a scarf, while it was uncoveréd in the other two cases.
Case 6D considers proximity events between L; and fobs X; and X; with both an open and closed
door to observe the impact on signal propagation. L; was installed in the kitchen and X, was po-
sitioned in the living room. X; was in the corridor between the kitchen and living room for 20min
located 3m away from L; and 1m from X5, Diagrams showing each scenario in Case 6 are given
in the supplementary information (Figures\S7 =S10).

Figure 6 shows that the accuracy is'substantially lower in the three cases with obstacles, with
the calculated distance significantly greater than the physical distance. This concurs with the
trend shown in the static measurements in Figure 3. It is also noticeable that there was a greater
discrepancy in the measurements between the two fobs (X; and X,) compared to the measure-
ment to the lo€ation marker, L;. As with the outdoor data, these events show much greater varia-
bility in the signal strength, which led to a greater variance in the calculated distance. Obstacles
also affected the detection characteristics; in Case 6A, the event duration was 20mins, however it

was only recorded as 15min by the devices.



In Case 6D (see Figure S11 in supplementary information), contacts were successfully record-
ed for 5/5 events with the doors closed but only 4/5 events when doors were opened. The signal
propagation was good with an open door and the calculated distance is close to the physical dis-
tance, although it was overestimated. However, the data would suggest that X; and X, had con-
tact, but in fact, both were in the different rooms. In this scenario, a false proximity event is re-
ported. With the door closed, the devices appear a little farther from the physical distance, but a
false event is still recorded between X; and X, at 2m distance. This highlightsthat some recorded

activities were not true due to signal propagation through walls and obstacles.

DISCUSSION

This study involved approximately 200 experiments to/observe the deployed BLE wearable
system behaviour in terms of contact event detection, accuracy of measurement, and to evaluate
the successful data flow through the dedicated network and collected data from cloud servers.
The experiments included static fobs, single proximity events, multiple proximity events and
measurements in indoor spaces, outdoor.spaces and with the presence of obstacles.

Overall, the majority of contacts were recorded during the experiments with over 90% contact
detection success rateswhensthe devices are indoors and not obstructed. However, obstructions
can reduce the successful detection of contacts substantially. As highlighted in Table 1, the con-
tact detectionsuccess rate dropped to as low as 60% for scenarios with an outdoor contact and in
some cases as low as 50% for scenarios where fobs were hidden by everyday obstacles.

Exploration of accuracy indicates that recording of contacts based on a threshold value may al-
so have led to false negative or positive contacts. It was observed that the calculated distance

using signal strength was usually close to the physical distance, but there were occasions where



the system under or overestimated the distance, which may lead to false positive or negative con-
tacts being recorded. This is particularly the case in the presence of obstacles where the calculat-
ed distance appears greater than the physical distance, and this difference can be substantial. For
example, the physical distance between X; and X; in scenario presented in Figure 6 Case A was
only 1m however the calculated distance based on signal strength was 2.7m, which would be
recorded as false negative contact - the contact happened but the event would not have been rec-
orded because of a false distance estimation. The results overall show that the presence of obsta-
cles weakens the signal propagation which affects both the calculated distancetas well as the
overall system performance.

The experiments reported here are designed to replicate scenarios'that are found in typical care
home environments in terms of the type of setting (domestie), the objects used as obstacles, and
the distance and duration of contacts. The expérimental tesults therefore give an insight into the
relative factors that influence the reliability and accuracy of the system, and include scenarios to

represent multiple contacts that would"be,seen'in a real care home environment.

LIMITATIONS

The experiments capried outin the study were idealised with controlled placement of devices
and without the complex behavioural factors that are present in a real-world scenario. Therefore
it is importantto consider the limitations of the work. These include:

e Sample size and duration of contacts: The study was conducted on a relatively small
sample size of using a maximum of seven BLE devices at any one time. The experiments
were also conducted for a limited duration of 15-20 mins, which may not have captured

the full range of interactions and contacts that occur in care home environments. In a care



home setting, there would likely be many more devices deployed and therefore further
study would be needed to assess the performance of the system with many contacts hap-
pening in some cases simultaneously.

Detection of mobile contacts: The study focused on static contacts and contacts where
mobility happened between specific locations with at least 2 min duration between the
movement of a device. Detection of continuously moving contacts was not eonsidered in
the experiments. The contact detection mechanism of the system requifed at a duration of
least 160s to detect a contact. Therefore, high mobility case scenarios tnay be challeng-
ing to detect with good accuracy, particularly where devices,come into close proximity
for very short periods of time.

Application to real-world environments: The experiments were conducted in a domestic
environment which is representative of the physical setting of a care home and consid-
ered some of the typical behaviours.that may obstruct or result in inaccurate contacts.
However all of the measurementsswere made under controlled conditions which may
therefore not fully reflect.both the real-world physical conditions and behaviours with
BLE devices in care homes. Further study, particularly to understand how people use
BLE devices in real-world settings, would be valuable to compare to the controlled
measurements reported here.

Application to other devices and settings: This study only evaluated a limited range of
BLE-based devices from one supplier, which may not represent the full range of devices
available in the market. The study only focused on evaluating the performance of the
wearable system for contact tracing and did not explore other potential applications of the

technology in care homes or other settings.



It is likely that these real-world complexities may challenge the accuracy and reliability of
devices further than was measured here, and the results presented in this study may represent a
best case scenario for contact detection. Further data to evaluate the contact detection success
rate and reliability of BLE devices in a real-world setting would be valuable, however it is likely
to be challenging to effectively collect data on large numbers of real contacts andsphysical dis-

tances to compare to the calculated data from the devices.

CONCLUSIONS

Contact tracing is a proven method of mitigating the spread of.infectious diseases, and digital
technologies could help to ease this process. This study eyvaluated the performance of a wearable
BLE based solution combined with LoRaW AN teehnology, using experiments in a range of dif-
ferent scenarios to quantify the reliability and,accuracy of the system. The results show that the
system performance depends on the environment, with the following key conclusions drawn:

e The overall average systém’s'contact detection success rate was measured as 75.5%.
When wearables were used as per the guidelines the rate increased to 81.5%., but when
obstructed the rate' was only 64.2%.

e The difference in accuracy between different forms of the BLE devices (watch, fob or
card) was small, suggesting that all types of devices can be used in a similar way.

e Everyday obstructions such as placing the device in a bag or under a scarf significantly
reduced the accuracy of the system, with calculated distances greater than physical dis-
tances. This is likely to lead to false negative contacts when used with a particular time-

distance contact threshold.



e Contacts measured outdoors were accurate in terms of distance but had a greater variance
and a lower contact detection success rate than for experiments conducted indoors.

e Bluetooth propagation through walls and doors means that false positive contacts can be
recorded by the system even when devices are located in different rooms.

Based on the results of the experiments reported here, BLE devices are likely to provide an ef-
fective proximity detection system in environments where the mobility of participantsiis not sig-
nificant, and the devices are worn correctly without obstruction. However, in settings such as a
care home where there may be multiple close contacts and devices may be routinely obstructed
by obstacles the approach lacks reliability. To reduce the false positives and negatives, the con-
tact tracing device systems require the design and data collec¢tion mechanisms to improve. Appli-
cation of devices in practice is likely to be very dependent'on behaviour and successful deploy-
ment would need actions to reduce the likelihoodwof participants reducing the signal strength

through obstructing the devices.
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Table 1. Summary of considered scenarios along with number of experiments and success rate

Scenario Conditions N Experi- Success rate
ments (%)

Evaluation of distance between fixed devices

1 Comparison of differ- Without obsta- 70 84.7
ent wearable cles

2 Effect of obstacle on With obstacle 30 50
signal strength

Single proximity events between devices

3A Proximity event(s) be- Without obsta- 10 80
tween two devices cles

3B Proximity events be- Without obsta- 10 90
tween three devices in cles
two separate places

Single proximity events including outdoor contact

4A Proximity events be- Outdoor/indoor 10 70
tween three devices
with one outdoor loca-
tion

4B Outdoor and indoor Outdoor/indoor 10 60
proximity events

Multiple proximity events between devices

S5A Fob X5 records multi- Without obsta- 10 100
ple proximity events cles
in various places

5B Multiple proximity Without obsta- 10 100
events in same loca- cles

tion

Single proximity events with obstacles




6A Proximity event with With obstacle 10 90
one tag inside a hand-
bag

6B Proximity event with With obstacle 10 50
one fob under a scarf

6C Proximity event with With obstacle 10 50
both fobs under a scarf

6D False proximity events With obstacle 10 70

with open and closed

door
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