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Abstract

Background

Most wearable devices that measure movement in workplaces cannot determine the con-
text in which people spend time. This study examined the accuracy of Bluetooth sensing
(10-second intervals) via the ActiGraph GT9X Link monitor to determine location in an office
setting, using two simple, bespoke algorithms.

Methods

For one work day (mean+SD 6.2+1.1 hours), 30 office workers (30% men, aged 38+11
years) simultaneously wore chest-mounted cameras (video recording) and Bluetooth-
enabled monitors (initialised as receivers) on the wrist and thigh. Additional monitors
(initialised as beacons) were placed in the entry, kitchen, photocopy room, corridors, and
the wearer’s office. Firstly, participant presence/absence at each location was predicted
from the presence/absence of signals at that location (ignoring all other signals). Sec-
ondly, using the information gathered at multiple locations simultaneously, a simple
heuristic model was used to predict at which location the participant was present. The
Bluetooth-determined location for each algorithm was tested against the camera in terms
of F-scores.

Results

When considering locations individually, the accuracy obtained was excellent in the office
(F-score = 0.98 and 0.97 for thigh and wrist positions) but poor in other locations (F-score =
0.04 to 0.36), stemming primarily from a high false positive rate. The multi-location algorithm
exhibited high accuracy for the office location (F-score = 0.97 for both wear positions). It
also improved the F-scores obtained in the remaining locations, but not always to levels
indicating good accuracy (e.g., F-score for photocopy room 0.1 in both wear positions).
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Conclusions

The Bluetooth signalling function shows promise for determining where workers spend most
of their time (i.e., their office). Placing beacons in multiple locations and using a rule-based
decision model improved classification accuracy; however, for workplace locations visited
infrequently or with considerable movement, accuracy was below desirable levels. Further
development of algorithms is warranted.

Introduction

How time is distributed between sedentary and physically active behaviours impacts on our
health and wellbeing. Too much sitting is detrimentally linked with cardiovascular health,
mental health, diabetes mellitus, obesity, cancer and premature mortality [1, 2]. Conversely,
being active, even at light intensities such as standing [3, 4], can be of benefit. Objective activity
monitors, which have been increasingly used in population based studies [5], have provided
important insights into the duration and time of day spent in these various activities, [6]. How-
ever, although these monitors provide a significant advance over self-report measures in terms
of their accuracy [7], most do not capture data on the contexts of behaviours, that is, where the
behaviour is occurring. Measuring movement within specific physical contexts may help to
develop more effective behaviour change strategies by enabling interventions to target the
locations in which prolonged sitting is most likely to occur, and/or the locations in which par-
ticipants most frequently make behaviour changes. For example, if most sitting time occurs in
the office, instituting changes such as sit-stand desks could be used. Alternatively, if high sit-
ting time occurs in the kitchen/lunch room, then providing standing tables and/or changing
practices for lunch time (e.g. eating outside; doing activity during the lunch break) could be an
effective strategy to enhance movement.

At present, assessment of time spent in various locations is often self-reported and may be
subject to error. Global positioning systems can, to some extent, measure a person’s location,
and, thereby, the physical context in which physical activity and sitting time occurs [8]. How-
ever, this technology is not accurate within buildings where the signal may be lost [8]. Other
methods better suited to indoor measurements have been trialled, such as wireless location sys-
tems (e.g., radio frequency identification tags; RFID) [9] and wearable cameras [10]. However,
authors of papers on both of these approaches have reported difficulties in obtaining usable
data [9, 11], with linking to activity data proving difficult with RFID tags and coding the large
amounts of information generated from cameras remaining thus far difficult to automate.

One other technology that has been identified with potential to determine indoor location
is Bluetooth signalling [8]. Bluetooth signals can be used to detect whether or not beacon and
receiver device are in proximity of each another; however, the manner in which they operate
means their proximity detection does not correspond to consistent, fixed spatial distances
[12]. Consequently, they have the potential to measure the physical setting in which the wear-
er’s activity and sitting time occurs [8], but with an unknown degree of accuracy. Recently,
Bluetooth has been added as a function of activity monitors, for example in the ActiGraph
GT3X + BT and GT9X Link (www.ActiGraphcorp.com/) monitors. Having both activity
monitoring and proximity location functions in one device is potentially advantageous to
researchers (ease of use and data already linked), and participants (lower burden). Such
devices have been employed to provide summaries of activity occurring within various loca-
tions, including within the office [13] and within a nursing home environment [13]. However,
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to our knowledge, the accuracy of proximity data derived from Bluetooth-enabled accelerome-
ters to determine location is not yet established in the published literature.

This current study aimed to address this limitation by examining the accuracy of Bluetooth
sensing to determine the physical context of behaviour in a workplace setting using the prox-
imity-detection function of the ActiGraph GT9X Link accelerometer. The workplace was cho-
sen as it has been identified as a key setting in which to address prolonged sitting time [14],
and the intervention strategies to achieve reductions in sitting may be applied in multiple loca-
tions within the work space (e.g. at the desk, in meeting rooms, in the lunch room). The accu-
racy of two data collection approaches was evaluated, both chosen in consideration of the
practicalities of applying this method within the free-living context. The first approach was to
use signals from a beacon or beacons in a single location (termed one-location-monitored
throughout the paper). Such an approach may be appropriate when a single priority location
needs to be assessed, such as an entryway to a floor or building (in an attempt to capture
when participants enter and leave) or the participant’s office (to assess time spent sitting in the
office). The second approach, termed multiple-locations-monitored, used all of the informa-
tion from signals from beacons placed in multiple locations across the workplace—specifically
the locations that were commonly occupied in that particular workplace—and then predicted
at which of these locations the participant was present. Such an approach might be imple-
mented when it is of interest to measure the time spent in multiple neighbouring locations, or
the activity occurring in these locations. A secondary aim was to assess the accuracy of both
approaches when monitors were worn as receivers on the wrist (a wear position often chosen
to improve wear compliance [15]) or on the thigh (a wear position with the potential to accu-
rately measure sitting time and postural transitions [16]).

Materials and methods
Participants

Thirty participants were recruited into the Where and When at Work study from University
staff (from one workplace building) by convenience sampling methods including word of
mouth, posters and email. Those who showed interest received an information sheet that
explained the study, including its eligibility criteria, attached to an email invitation to join the
study. To be eligible for the study, participants had to be aged over 18 years, ambulatory and
work at least one day in the test building. Eligible participants (eligibility confirmed by the
research team) provided written informed consent prior to enrolling in the study. Ethical
clearance was obtained from Bellberry Limited (Protocol 2016-01-009). Participants were
recruited from all five floors of the building, each of which had slightly different layouts. A typ-
ical layout is shown in Fig 1.

Data collection

Participants were contacted to schedule the day of data collection and were asked to identify
the places in which they commonly worked. The data collection protocol involved a single day
of monitoring during work hours. Participants were asked to visit the research project office
prior to starting work on the day of monitoring where they were given a questionnaire and fit-
ted with two ActiGraph GT9X Link activity monitors, an activPAL3 micro device and a wear-
able camera. Participants were instructed to perform their usual work tasks and to return to
the research office at the end of the work day, when the questionnaire, camera and monitors
were collected. Monitors had been initialised to record time in a consistent manner, using the
same computer, but thereafter recorded time independently. Data collection was carried out
from August to October 2016.
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Fig 1. Typical layout of workplace floor and beacon placement.

https://doi.org/10.1371/journal.pone.0193971.9001

Measures

Questionnaire. Age, gender, education, employment status, height, and weight was cap-
tured via the self-completed questionnaire. Body mass index (BMI) was determined as weight
(kg)/height (m)>.

Wearable camera. Each participant wore the MeCam camera, which weighs only 50g,
attached to the chest with a clip. This camera captures the environment of the wearer, recording
videos in MP4 file format and storing them in an external memory card of up to 64 GB (http://
mecam.me/). The camera is controlled via an iOS or Android platform through the MeCam
HD application and via on/off buttons on the camera. As recording drains the battery quickly,
researchers visited the participants at 60-90 minute intervals to replace the used camera with a
new one, thereby achieving continuous recording of the whole day at work. Due to ethical
issues, video recording was not allowed outside the test building and, therefore, meetings or
work that took place outside the building were not recorded. Additionally, participants were
asked to turn off the cameras when involved in potentially sensitive work and for bathroom vis-
its. Researchers recorded the camera replacement times and participants were asked to report if
the camera had been turned off or they had left the building. Each period of recording from the
cameras was transferred to a research computer and files were stored securely on a shared drive.

ActiGraph GT9X Link monitor. The ActiGraph GT9X Link monitor is a small light-
weight (14g; 3.5x 3.5 x 1 cm) accelerometer with Bluetooth enabled functions (www.
ActiGraphcorp.com/). One such function is the detection of proximity between two devices.
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Monitors can be initialised as receivers, beacons or both. Monitors initialised as beacons
transmit the signal with their serial number to those initialised as receivers at predetermined
intervals (e.g., 10s or 1min). Receivers then store time-stamped received signal strength val-
ues (Received Signal Strength Indicator; RSSI) that have been detected from nearby beacons
identified by beacon serial numbers. RSSI is a term used to measure the relative quality of a
received signal (in this case Bluetooth) to a device but does not have an absolute value. Acti-
Graph states that ‘RSSI value is not directly proportional to Bluetooth signal strength’ [17].
All monitors (beacons and receivers) were initialised on the ActiGraph software platform,
ActiLife 6 (version 6.13.2).

Monitors initialised as receivers: Participants wore two monitors initialised as receivers to
collect beacon signals at 10-second intervals (the shortest interval available on ActiLife at initi-
alisation). One receiver was worn on the left wrist on a wrist band. The other receiver was
taped to the right thigh (front medial aspect, approximately one third of the way from hip
flexor crease to knee) with Hypafix™ adhesive tape. Data from the receivers were downloaded
and exported as comma separated value files which contained, for each 10-second interval,
time-stamped recordings of movement (triaxial acceleration) and proximity (RSSI strength for
each beacon signal; see example of plotted RSSI output values for each location in one hour for
a single participant in S1 Fig).

Monitors initialised as beacons: Beacons were placed in locations that would likely capture
most of this sample’s work time based on participants’ responses to where they commonly
spent time at work: the corridors; the kitchen area; the photocopy room; and, the office. Only
the locations on the participants’ own floor were monitored and “office” refers to the partici-
pant’s own office (not the office of another worker). A single beacon was placed in the kitchen,
photocopy room and in each segment of the corridors (with two to four corridor beacons used
in total, depending on the floor layout). Two beacons were placed in each participant’s office—
one on the desk and one on a nearby wall—in order to explore the optimal beacon placement
(desk, wall, or both) in this key location in which participants were likely to spend much of
their time. All beacons were attached with Blu-tack™ adhesive to the walls at a height of
approximately 150cm, or to the front aspect of the office desk. The number of floors and par-
ticipants assessed simultaneously varied from one participant on one floor to three participants
across two floors. The building configuration is such that the commonly used spaces for each
floor all lie together in the main portion of the floor (350-550 square metres), which can only
be entered only via a single entryway area on each floor (12 square metres) as per Fig 1. A sin-
gle beacon was also placed in the floor entryway area, with the goal of determining whether the
accuracy in this location was sufficient to estimate when participants are at work from entry
and exit patterns measured in this manner.

activPAL3 device. Trained staff affixed the activPAL3 micro to the participant’s thigh
using hypoallergenic medical dressing. The device was placed at the recommended position of
one third of the way down the thigh along the midline, underneath and on the same leg as the
thigh-worn receiver monitor. The activPAL was initialised and downloaded in PAL version
7.2.32 (PAL Technologies Ltd., Glasgow, Scotland, UK). Due to device failure one participant
did not have activPAL3 data available.

Data processing

Wearable camera. Project staff familiar with the workplace and its spaces viewed the
video recordings and classified the location of the participant. The classifications were obtained
for every 10-second observation, as per the timestamp from the receiver monitors’ proximity
file (downloaded from ActiLife). The classifications were applied to the entire 10-second
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observation when calculating time spent in each location. Locations were coded as: entry,
office; kitchen; photocopy room; corridor; on office floor but not in the aforementioned loca-
tions; outside office floor; no camera recording; and, unable to be determined. For comparison
with the monitor-determined positions, unknown locations were excluded (i.e., images that
were unable to be coded or no camera recording). Locations determined by the wearable cam-
era were used as the ground truth for location.

ActiGraph Link monitors. The accuracy of proximity detection via the monitors, relative
to location as determined by wearable camera, was assessed for two different beacon configura-
tions: the one-location-monitored approach, and the multiple-locations-monitored approach.

For the one-location-monitored approach, signals received from beacons in locations other
than the one of interest were ignored. The participant’s presence or absence at a given location
was predicted from whether or not a signal was detected from any beacon in that location.
Signal presence or absence was used rather than using the continuous RSSI values, consistent
with the lack of a consistent, predictable relationship between RSSI values and degree of physi-
cal proximity [12]. Accuracy for the office location was evaluated under three possible condi-
tions: wall bacon only; desk beacon only; and, desk and wall beacon.

The multiple-locations-monitored approach used the information from the multiple bea-
cons in the work space to predict participant location. While a participant can only be in
one location at a time, signals can be detected in multiple locations simultaneously. For this
situation, a simple heuristic model was used so that only a single participant location per
10-second epoch would be selected. If, during a particular epoch, signals were detected
in only one location, the model selected the signal location as the participant location. Alter-
natively, if signals were not present in any of the locations, the participant location was
assigned a code of “workplace-other”. If signals were detected in multiple locations simulta-
neously during a particular epoch, the participant location was selected using a majority
vote as the location at which a signal was most frequently detected over a moving time win-
dow before and after the epoch in question (t). Several time windows, covering a range of
possible total durations between 10 seconds and 4 minutes were trialled: t+0 to t+5, t+9 and
t+12 10-second epochs. If multiple locations met the criteria for “most frequent” over the
time window, participant location was assigned by selecting among these by applying the
following preferential order: office; corridors; kitchen; then, photocopy room. The order
was chosen by ranking locations by their prevalence of signal presence across the entire sam-
ple, with this ranking serving as a simple indicator of the underlying relative likelihood that
a participant is in each location.

activPAL3 device. The activPAL3 data from the events files were extracted over the time-
frame captured by the video camera, wrist- and thigh-worn receivers, and summarised by
camera-determined location (using the same 10-second observations as per the proximity files
for the receiver monitors). For each location, total time spent sitting and standing were deter-
mined, along with time spent stepping, which was reported separately as purposeful walking
when it occurred continuously for at least 30 seconds [18] or otherwise as incidental stepping.
This data was used to describe the posture and movement of participants in each location
assessed.

Statistical analyses

Data processing and analyses were performed in SAS 9.4 (SAS Institute Inc, Cary, NC, US).
The SAS code used to implement the multiple-locations-monitored decision model is pre-
sented in Supplemental Material (S1 File). Sample descriptives including participant character-
istics, posture, movement and location usage were reported as n (%) and mean and standard
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deviation (SD). Additionally the w50%, a measure of the bout duration where half of all time at
each location is accumulated through being there this amount of time or longer [19], was used
to describe how long at a time participants spent in each location.

The locations determined from signals received by the thigh- and wrist-worn monitors
were compared with the direct observation criterion for agreement, limited to the times that
location could be determined by the video recording criterion measure (n = 67616 observa-
tions, approximately 188 hours in total). Recall, also known as sensitivity, quantified how com-
monly the monitors correctly detected the participant’s presence when participants were in a
particular location. This was calculated as true positives/(true positives + false negatives). Pre-
cision, also known as positive predictive value, quantified how commonly a participant was
genuinely present when the monitor predicted the participant was at a particular location.
This was calculated as true positives/(true positives + false positives). Overall performance was
determined by the F-score calculated as 2 x ((recall x precision)/(recall+precision))[20]. The
proportion of classifications that were correct ((true positives + true negatives)/all observa-
tions) was also reported.

For the multiple-locations monitored approach, performance was evaluated using a varia-
tion of k-fold cross-validation [21]. The dataset was randomly partitioned, by subject, into five
folds (n = 6). Four-fifths of the data were used to identify the window size that generated the
highest F-scores across locations, with the remaining one-fifth used for performance evalua-
tion. The procedure was repeated 5 times so that all 5-folds were used once as a tuning and
testing dataset. The overall performance accuracy was based on the mean (+SD) agreement
statistics from each test fold (N = 30). The analyses treated the times recorded by each device
as though they are synchronised. Supporting this approach, we saw that time-shifting each
camera’s data by +30 seconds to whatever maximised device-camera agreement for office time
frequently did not improve F scores in general and also frequently identified zero seconds as
the optimal time shift (S1 Table).

Results

Most participants were female (n = 21, 70%) and worked full time (n = 23, 77%), and nearly all
had a post-school qualification (n = 29, 97%). Participants had a mean (+standard deviation)
age of 38.3 (£11.3) years, BMI of 23.3 (+4.1) kg/m? and were monitored by video camera for
on average 6.3 (+£1.2) hours which was 88% of work hours (7.2 (+1.1) hours). The primary rea-
sons for not recording all work hours were time spent outside the building (not allowed to
record due to privacy considerations) and battery failure on the video camera.

Table 1 shows the attributes, usage and movement with five common workplace locations.
Average daily time use (measured by video) in each of the commonly reported areas ranged
from only 2.1+4.5 minutes (1%) in the photocopy room to 319.2+86.3 minutes (93%) in the
participant’s office. On average, participants spent very little time in the entryway (1.5+0.8
min). Participants tended to accrue time in their own office by being there continuously for a
long time (W50% = 49.8 minutes) with time nearly entirely spent sitting (80%) or standing
(18%). By contrast, their visits to the other locations were much shorter, with all the other
w50% under five minutes (Table 1). Presence in a particular location was extremely brief
(i.e., for only one 10-second period at a time) for only 0.4% of observations in the office, for
5-10% of observations in the other commonly used areas, and for 76.5% of observations in the
entryway. Standing was the most common activity in the corridors, kitchen and photocopy
room, while purposeful walking was the most common activity in the entryway, and sitting
accounted for most of the time spent in the office (Table 1).
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Table 1. Attributes, usage and movement within five common workplace locations (n = 30 participants).

Office Corridors Kitchen Photocopy Entry
Attributes
Identified as common?* Yes Yes Yes Yes No
Multiple entries and exits? No Yes Yes No Yes
Contains seating? Yes Yes Some floors No Some floors
Usage (video camera)®
Participants who visited, n 30 30 26 18 30
Mean +SD time occupied, min 319.2 +86.3 15.5+16.9 5.6+7.4 2.1+4.5 1.5+0.8
w50% °, min 49.8 4.9 3.2 1.1 <0.1
Movement (activPAL3)?
% of time in location spent. . .
Sitting 80% 26% 18% 3% 8%
Standing 18% 49% 69% 72% 27%
Incidental stepping ¢ 1% 13% 10% 19% 16%
Purposeful walking ¢ 1% 11% 3% 7% 49%

*Participants identified as commonly used space.
®All time within each 10-second time interval was assigned to the location measured during that ten second interval
©50% of time at the location is accumulated by being there for a period of w50% or longer.

4 Walking for <30 or >30 seconds at a time are respectively identified as incidental stepping and purposeful walking

https://doi.org/10.1371/journal.pone.0193971.t001

One-location-monitored approach

When using the one-location-monitored approach (Table 2), classification accuracy varied
widely by location and differed somewhat depending on whether the receiver was worn on the
thigh or the wrist. The wrist-worn receiver tended to have a slightly lower classification accu-
racy than the thigh-worn receiver overall, due to lower precision, but not at every location,
and it sometimes showed greater recall than the thigh-worn receiver. Consistently, the most
accurate classification obtained was for the office location and the worst classification was

Table 2. Agreement with direct observation of the monitor-ascertained presence/absence at each location, using beacons from one location at a time (n = 30 partici-
pants, n = 67616 observations).

Location Observations (Camera) Correct® Recall® Precision® F-score?
Thigh monitor Office 57454 0.958 0.984 0.967 0.976
Kitchen 1013 0.953 0.877 0.225 0.358
Corridors 2791 0.775 0.427 0.081 0.136
Photocopy room 385 0.890 0.894 0.044 0.085
Entry 277 0.991 0.361 0.181 0.242
Wrist monitor Office 57454 0.949 0.991 0.951 0.970
Kitchen 1013 0.856 0.946 0.090 0.165
Corridors 2792 0.519 0.732 0.060 0.112
Photocopy room 385 0.752 0.956 0.021 0.042
Entry 277 0.974 0.509 0.081 0.140

* (true positives + true negatives)/(true positives + false positives + true negatives + false negatives)
® true positives/(true positives + false negatives)
€ true positives/(true positives + false positives)

4 2x(recall x precision)/(recall + precision)

https://doi.org/10.1371/journal.pone.0193971.t1002
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obtained for the photocopy room. Placing a single beacon in the entryway area was not an
accurate method to detect a participant’s presence in this area, with overall F-scores of only
0.24 (thigh) and 0.14 (wrist). For each location with low performance, the main issue was very
low precision, with a large number of false positives (Table 2). A high false negative rate (evi-
denced by the low recall) was additionally an issue in the locations that largely serve as a transi-
tion to other spaces and where participants spent most time moving (the entryway and the
corridors).

When wearing the receiver on the thigh, the use of a single beacon mounted either on the
wall or desk achieved F-scores of 0.95, slightly lower than when using both beacons (F = 0.98).
With wrist-worn receivers, all options resulted in F scores of approximately 0.96-0.97 with the
F score highest by a small margin when using both beacons (F = 0.97).

Multiple-locations-monitored approach

The heuristic model chosen used a window of t+4 10-second epochs (S2 Fig). A model to select
between multiple locations was necessary as signals were simultaneously present in multiple
locations for much of the time (61%, n = 41380 observations and 31%, n = 20785 for the wrist-
and thigh-worn receivers, respectively). In the chosen model, ties occurred for 35% and 10%
of all classifications for wrist and thigh worn receivers respectively, therefore requiring the
decision rule based on prevalence to select among tied locations for these epochs. For receivers
worn in both positions, the heuristic model provided near identical F-scores for the office and
higher F scores for all the other locations (Table 3) relative to the one-location-monitored
approach. The greatest F-score improvements was seen in the kitchen and corridor classifica-
tions (improvement 0.15-0.31) with a small improvement in the photocopy room (0.07-0.08).
The best performance was observed for “office” (F-score = 0.97-0.97), followed by “work-
place-other” (F-score = 0.64-0.70) with lower performance accuracy in the other locations,
especially the photocopy room (F-score = 0.11-0.17). A figure displaying the predicted loca-
tion by actual location is shown in Fig 2. The multiple-locations monitored approach was able

Table 3. Agreement between the monitor determined location and direct observation when measuring multiple locations, using the decision model (Mean+SD
across the 5 holdout samples of n = 6 participants).

Location
Thigh monitor Office
Kitchen
Corridors
Photocopy room
Workplace-other
Wrist monitor Office
Kitchen
Corridors
Photocopy room

Workplace-other

Correct® Recall Precision® F-score’ Difference®
0.955 £ 0.016 0.975 £ 0.015 0.972 £ 0.013 0.973 £0.010 -0.003
0.99 + 0.005 0.818 £ 0.049 0.570 £ 0.097 0.668 £ 0.072 0.310
0.958 £ 0.016 0.218 = 0.064 0.469 £ 0.146 0.289 £ 0.067 0.153
0.98 £ 0.016 0.278 £0.169 0.156 £ 0.096 0.165 £ 0.104 0.080
0.956 £ 0.021 0.703 £0.217 0.702 £ 0.231 0.699 = 0.220 n/a
0.950 £ 0.010 0.977 £ 0.008 0.965 £ 0.015 0.971 £ 0.005 0.001
0.985 £ 0.006 0.572 £0.252 0.401 £ 0.182 0.469 = 0.207 0.304
0.955 £ 0.006 0.358 £ 0.097 0.433 £0.227 0.373 £0.126 0.261
0.979 £ 0.016 0.187 £ 0.137 0.094 £ 0.072 0.109 = 0.074 0.067
0.958 £ 0.019 0.567 +0.284 0.785 £ 0.208 0.642 + 0.246 n/a

* (true positives + true negatives)/(true positives + false positives + true negatives + false negatives)

® true positives/(true positives + false negatives)
© true positives/(true positives + false positives)

4 2x(recall x precision)/(recall + precision)

¢ Improvement from corresponding F-scores in Table 2 for examining a single location only.

https://doi.org/10.1371/journal.pone.0193971.t003

PLOS ONE | https://doi.org/10.1371/journal.pone.0193971 March 7,2018 9/15


https://doi.org/10.1371/journal.pone.0193971.t003
https://doi.org/10.1371/journal.pone.0193971

Using Bluetooth proximity sensing to determine location in a workplace

@'PLOS | ONE

Video locations at each location predicted by the thigh-worn receiver

Q& &
N N
\\Qp efo >
. bo@’ Q QOQ \'Z?o
i N ¢ © R
& & S O o)
O o E Q N
Office 125 0
S
Corridors 65 o =
2
®
8
Kitchen 71 150 5
o)
k=]
>
Photocopy Room 123
Workplace-Other 563 913 75 1

Predicted location

Video locations at each location predicted by the wrist-worn receiver

< &
O S
Q &
00 N
&® S8
<€ S
Office 308 330 .
§
Corridors 194 353 S
=
©
O
] o
Kitchen 30 13 —
o}
@
RS
Photocopy Room 13 78 87 87 >
Workplace-Other 891 361 258 601

Predicted location

Fig 2. Location predicted by heuristic model using beacon signals received by the thigh and wrist-worn monitors
compared with actual location determined by video camera recordings.

https://doi.org/10.1371/journal.pone.0193971.g002
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to identify the location of the participants 91% of the time using the wrist worn receiver and
92% of the time using the thigh worn receiver.

Discussion

To our knowledge this study is among the first to test the accuracy of Bluetooth sensing using
the proximity function of the ActiGraph GT9X Link for measuring location within an office-
based workplace. The accuracy, using video observation as a criterion, depended on the
amount of time participants spent in each location, whether signals from beacons in multiple
locations or from one only location were used to predict location, and to a lesser degree,
whether the monitor was worn as a receiver on the thigh (better) or wrist. Overall, when
employing the multiple-locations-monitored approach, Bluetooth sensing was able to correctly
identify the location of office-based workers out of five potential locations over 90% of the
time for both receiver wear positions. However, some locations were predicted much more
accurately than others. The location best detected was the office in which participants were
most stationary (sitting and standing) and present continuously for the longest time (w50% =
49.8 min), while the other locations that were detected more poorly were those in which partic-
ipants moved more and passed through more quickly (w50% <0.1 min to 4.9 min). These
findings will help inform measures of sitting and standing by providing contextual informa-
tion in addition to duration, which can already be measured by monitor.

Much of the participants’ time was spent in their own offices (93%). It appears to be highly
feasible to measure time spent in the office with acceptable accuracy, by placing one or two
beacons in this location, with or without placing beacons at other locations around the work-
place, when using either wrist- or thigh-worn receivers. As such, it is likely that measures of
sedentary behaviour and activity in the office can be obtained with a similar degree of accuracy
to overall measures of sedentary behaviour and activity. None of the options that were evalu-
ated were suitable for measuring the time participants spent in the other locations, and conse-
quently movements within these locations. Using the heuristic algorithm to determine a single
location from multiple Bluetooth signals improved accuracy, but not to levels that provided
accurate classifications for all locations.

Accuracy may have been highest for the office because participants were frequently there
(limiting the opportunity for false negatives), because participants spent long periods continu-
ously there (limiting problems arising from Bluetooth signals being intermittent) and/or
because participants were mostly stationary while in the office (either sitting or standing).
Movement has been shown to effect the reliability of RSSI signals with less reliable signals
received at greater walk speeds (maximum velocity 2m/s) than stationary or slow walk speeds
(maximum velocity 0.22m/s) [22]. Future research should examine the accuracy of location
detection in workers that may spend moderate periods of time in different activities and in
multiple locations, for example in Activity Based Working office designs.

Placing a single beacon in an entryway showed little promise as a method for inferring time
at work from when participants arrived at and left their workplace (taking their floor as their
workplace). Since the time spent continuously in the entryway was very short, unsurprisingly,
the proximity data collected in 10-second intervals often failed to detect that participants were
in this space (i.e., recall was low). By contrast, when signals were completely absent for at least
one epoch (10 seconds) from the office, corridors, photocopy room and kitchen, this indicated
with reasonable accuracy (F~0.6-0.7) that the participants were not in any of these areas (i.e.,
“workplace-other”). It is possible that worker presence/absence from the workplace might be
captured reasonably well by signal presence/absence for a sustained period of time across a
comprehensive set of beacons, placed in appropriate locations.
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Applying a simple heuristic algorithm to the signals collected from beacons in multiple
locations was able to improve classification accuracy somewhat. Algorithm development
might further improve accuracy. One potential area for improvement that is highly feasible
may be to improve the tie-breaking rule. This rule had informed nearly 40% of classifications
from the wrist-worn receiver, but was based on a very simple ranking of overall group-level
prevalence. Simple ideas such as individualising the prevalence rankings could be trialled, as
could more complex rules, such as considering the specific combinations of locations detected
and/or their temporal sequence. The current method did not take in to account movement
data from the accelerometer and including such information may improve methods to deter-
mine location. Indeed the future of assessing context for public health research may lie in
utilising data from multiple sensing technologies such as has been suggested in a review of
technology to identify activities of daily living [23].

Future method development may also take into account actual RSSI values rather than
reducing them to present/absent. There is no simple correspondence between continuous
RSSI signals and the physical distance between the beacon and receiver, due to surfaces and
physical barriers in the environment [12] and sources of variation in measures taken within a
single location [24]. However, recent literature has shown that the accuracy of location predic-
tion can improve when using RSSI signal strength in localisation algorithms [25]. Such meth-
ods include multilateration—which measures signal strength received from several different
beacons—and fingerprinting—which involves pre-recording RSSI values from several points
with in the location and using this data to create a characteristic feature for each location.
When used to classify the room location of a stationary piece of equipment in a hospital setting
fingerprinting provided higher percent correct location classification (79%) than multilatera-
tion (61%) [25]. When it is possible to undertake a detailed examination of how RSSI values
vary within the physical environment in question prior to data collection, fingerprinting may
provide improvements in location accuracy.

There is further potential for the proximity function of the ActiGraph GT9X Link monitors
to be set up to detect interactions between people when initialised as both beacon and receiver.
Using Bluetooth signalling for detecting interaction has been demonstrated in a study using
the Sociometer to detect proximity between staff in simulated interactions in a hospital setting
with moderate accuracy (percent interactions correctly identified: 77%; range 55-95%) [26].
The use of a single device to measure both movement and the physical context of the behav-
iour, as well as potentially capturing interactions between people, provides benefit not only in
terms of the wealth of detailed data collected, but also in relation to lowering the burden to
researchers and participants. Such information could be used for assessing the impact of inter-
ventions to increase movement and decrease sitting time by showing where changes are made
and how peer support influences those changes. This information would also be useful in
assessing innovative building design by helping designers understand the flow and interactions
between workers when spaces are designed to be conducive to activity based and interactive
work practices.

The main strength of this study is the assessment of accuracy under free-living conditions.
The use of a wearable camera facilitated this process and while issues around battery life and
privacy preclude using this method in some situations, for a validity study, this provided the
least intrusive method of recording the ground truth. The methods to obtain a location from
the proximity function of the monitors described here are also simple to employ. Researchers
looking to monitor a single location (e.g., office) or multiple locations may be able to adapt
the methods we used to similar office environments. The assessment of two wear positions is
a further strength. Researchers can employ a wrist-worn monitor, which may be more com-
fortable and less intrusive for participants, or a thigh-mounted monitor which enables the
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measurement of body position (sitting versus upright) [16]. Further, though direct observation
(e.g., by wearable cameras) is the most accurate option for measuring location, the monitors
are not only more feasible, but their limited obtrusiveness may also minimise any effect of
monitoring on participant behaviour. Limitations are that these findings may not be generali-
sable to all environments such as those where more movement takes place and where room
layouts preclude the separation of beacons (e.g. open plan offices). Additionally we collected
data at 10-second intervals, therefore, the findings are also not generalizable to data collected
with longer epochs. Examination of the effect of longer intervals between signal sampling and
the differential effect of this longer epoch on time spent in varied levels of movement and posi-
tions are currently planned. Further research is also needed to investigate the accuracy of these
devices and methods in varied work and non-work settings, with differing work patterns (e.g.,
longer periods of time across different locations), using different beacon layouts (for example
multiple beacons in some areas) and to explore more sophisticated data treatment methods
using measures of RSSI strength and movement to improve accuracy.

Conclusions

Bluetooth proximity sensing using the ActiGraph GT9X Link monitor showed good accuracy
for determining whether workers were in their office, where they spent most of their work
hours and long periods of time sitting down. Accuracy was lower for locations where partici-
pants spent less time and/or spent more time moving. The accuracy of proximity detection
was improved for most locations when a rule-based decision model for predicting location
from multiple beacons was employed. This level of accuracy may be sufficient for researchers
looking to determine where workers spend time in an office-based work environment.

Supporting information

S1 Fig. Example of received signal strength indicator output in each location for one hour
for one participant.
(PDF)

S2 Fig. Selection of best window size in the development samples (5-fold cross-validation):
highest F1-score averaged across locations.
(TIF)

S1 File. SAS code used to implement the multiple-locations-monitored decision model.
(PDF)

S1 Table. Improvement in agreement when adjusting the time-recording by -30 to +30 sec-
onds to maximise agreement in location.
(DOCX)

Acknowledgments

This research was funded by a University of Queensland Early Career Researcher Grant
(#611434) awarded to BKC. Salary for BKC is supported by a National Health and Medical
Research Council (NHMRC) of Australia Early Career Fellowship (#1107168). The NHMRC
through a Centre of Research Excellence Grant [#1057608] to ST and GNH, provides salary
support to EAHW and a top up scholarship to CLB. GNH is also supported by an NHMRC
Career Development Fellowship (#108029). CLB is also supported by an Australian Govern-
ment Research Training Program Scholarship.

PLOS ONE | https://doi.org/10.1371/journal.pone.0193971 March 7,2018 13/15


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0193971.s001
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0193971.s002
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0193971.s003
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0193971.s004
https://doi.org/10.1371/journal.pone.0193971

@° PLOS | ONE

Using Bluetooth proximity sensing to determine location in a workplace

Author Contributions

Conceptualization: Bronwyn K. Clark, Elisabeth A. Winkler, Charlotte L. Brakenridge, Stew-
art G. Trost, Genevieve N. Healy.

Data curation: Bronwyn K. Clark.
Formal analysis: Bronwyn K. Clark, Elisabeth A. Winkler.
Funding acquisition: Bronwyn K. Clark.

Methodology: Bronwyn K. Clark, Elisabeth A. Winkler, Charlotte L. Brakenridge, Stewart G.
Trost.

Project administration: Bronwyn K. Clark.
Resources: Stewart G. Trost.

Supervision: Genevieve N. Healy.

Writing - original draft: Bronwyn K. Clark.

Writing - review & editing: Elisabeth A. Winkler, Charlotte L. Brakenridge, Stewart G. Trost,
Genevieve N. Healy.

References

1. de Rezende LF, Rodrigues Lopes M, Rey-Lopez JP, Matsudo VK, Luiz Odo C. Sedentary behavior and
health outcomes: an overview of systematic reviews. PLoS ONE. 2014; 9(8):e105620. Epub 2014/08/
22. https://doi.org/10.1371/journal.pone.0105620 PMID: 25144686.

2. ProperK, Singh A, van Mechelen W, Chinapaw M. Sedentary Behaviors and Health Outcomes Among
Adults: A Systematic Review of Prospective Studies. Am J Prev Med. 2011; 40:174-82. https://doi.org/
10.1016/j.amepre.2010.10.015 PMID: 21238866

3. Buman MP, Winkler EA, Kurka JM, Hekler EB, Baldwin CM, Owen N, et al. Reallocating time to sleep,
sedentary behaviors, or active behaviors: associations with cardiovascular disease risk biomarkers,
NHANES 2005-2006. Am J Epidemiol. 2014; 179(3):323-34. https://doi.org/10.1093/aje/kwt292 PMID:
24318278.

4. Healy GN, Winkler EAH, Owen N, Anuradha S, Dunstan DW. Replacing sitting time with standing or
stepping: associations with cardio-metabolic risk biomarkers. Eur Heart J. 2015;Advance online publi-
cation. https://doi.org/10.1093/eurheartj/ehv308 PMID: 26228867

5. Wijndaele K, Westgate K, Stephens SK, Blair SN, Bull FC, Chastin SFM, et al. Utilization and Harmoni-
zation of Adult Accelerometry Data: Review and Expert Consensus. Med Sci Sports Exerc. 2015; 47
(10):2129-39. https://doi.org/10.1249/MSS.0000000000000661 PMID: 25785929

6. Wijndaele K, Orrow G, Ekelund U, Sharp SJ, Brage S, Griffin SJ, et al. Increasing objectively measured
sedentary time increases clustered cardiometabolic risk: a 6 year analysis of the ProActive study. Dia-
betologia. 2014; 57(2):305—12. Epub 2013/11/07. https://doi.org/10.1007/s00125-013-3102-y PMID:
24194101.

7. Kozey-Keadle S, Libertine A, Staudenmayer J, Freedson P. The feasibility of reducing and measuring
sedentary time among overweight, non-exercising office workers. J Obes. 2012; 2012:1-10.

8. Loveday A, Sherar LB, Sanders JP, Sanderson PW, Esliger DW. Technologies That Assess the Loca-
tion of Physical Activity and Sedentary Behavior: A Systematic Review. J Med Internet Res. 2015; 17
(8):e192. https://doi.org/10.2196/jmir.4761 PMID: 26245157.

9. Spinney R, Smith L, Ucci M, Fisher A, Konstantatou M, Sawyer A, et al. Indoor Tracking to Understand
Physical Activity and Sedentary Behaviour: Exploratory Study in UK Office Buildings. PLoS ONE. 2015;
10(5):e0127688. https://doi.org/10.1371/journal.pone.0127688 PMID: 25993515.

10. Kelly P, Doherty A, Berry E, Hodges S, Batterham AM, Foster C. Can we use digital life-log images to
investigate active and sedentary travel behaviour? Results from a pilot study. The International Journal
of Behavioral Nutrition and Physical Activity. 2011; 8:44. https://doi.org/10.1186/1479-5868-8-44 PMID:
21599935.

11. Doherty AR, Hodges SE, King AC, Smeaton AF, Berry E, Moulin CJ, et al. Wearable cameras in health:
the state of the art and future possibilities. Am J Prev Med. 2013; 44(3):320-3. https://doi.org/10.1016/j.
amepre.2012.11.008 PMID: 23415132.

PLOS ONE | https://doi.org/10.1371/journal.pone.0193971 March 7,2018 14/15


https://doi.org/10.1371/journal.pone.0105620
http://www.ncbi.nlm.nih.gov/pubmed/25144686
https://doi.org/10.1016/j.amepre.2010.10.015
https://doi.org/10.1016/j.amepre.2010.10.015
http://www.ncbi.nlm.nih.gov/pubmed/21238866
https://doi.org/10.1093/aje/kwt292
http://www.ncbi.nlm.nih.gov/pubmed/24318278
https://doi.org/10.1093/eurheartj/ehv308
http://www.ncbi.nlm.nih.gov/pubmed/26228867
https://doi.org/10.1249/MSS.0000000000000661
http://www.ncbi.nlm.nih.gov/pubmed/25785929
https://doi.org/10.1007/s00125-013-3102-y
http://www.ncbi.nlm.nih.gov/pubmed/24194101
https://doi.org/10.2196/jmir.4761
http://www.ncbi.nlm.nih.gov/pubmed/26245157
https://doi.org/10.1371/journal.pone.0127688
http://www.ncbi.nlm.nih.gov/pubmed/25993515
https://doi.org/10.1186/1479-5868-8-44
http://www.ncbi.nlm.nih.gov/pubmed/21599935
https://doi.org/10.1016/j.amepre.2012.11.008
https://doi.org/10.1016/j.amepre.2012.11.008
http://www.ncbi.nlm.nih.gov/pubmed/23415132
https://doi.org/10.1371/journal.pone.0193971

@° PLOS | ONE

Using Bluetooth proximity sensing to determine location in a workplace

12

13.

14.

15.

16.

17.

18.

19.

20.

21.

22,

23.

24,

25.

26.

XuL, F.Y,Jiang Y, Zhang L, Feng C, Bao N, editors. Variation of Received Signal Strength in Wireless
Sensor Network. 2011 3rd International Conference on Advanced Computer Control; 2011 18-20 Jan.
2011.

Loveday A, Sherar LB, Sanders JP, Sanderson PW, Esliger DW. Novel technology to help understand
the context of physical activity and sedentary behaviour. Physiol Meas. 2016; 37(10):1834-51. Epub
2016/09/23. https://doi.org/10.1088/0967-3334/37/10/1834 PMID: 27654030.

Straker L, Coenen P, Dunstan D, Gilson N, Healy G. Sedentary Work—Evidence on an Emergent Work
Health and Safety Issue—Final Report. Canberra, Australia: Safe Work Australia, 2016.

Troiano RP, McClain JJ, Brychta RJ, Chen KY. Evolution of accelerometer methods for physical activity
research. Br J Sports Med. 2014; 48(13):1019-23. https://doi.org/10.1136/bjsports-2014-093546
PMID: 24782483.

Steeves JA, Bowles HR, McClain JJ, Dodd KW, Brychta RJ, Wang J, et al. Ability of Thigh-Worn Acti-
Graph and activPAL Monitors to Classify Posture and Motion. Med Sci Sports Exerc. 2015; 47(5):952—
9. https://doi.org/10.1249/MSS.0000000000000497 PMID: 25202847

ActiGraph. What is Proximity Tagging and how does it work? Pensacola, Florida USA2017 [cited 2017
Nov]. https://actigraph.desk.com/customer/en/portal/articles/2515795-what-is-proximity-tagging-and-
how-does-it-work-.

Granat M, Clarke C, Holdsworth R, Stansfield B, Dall P. Quantifying the cadence of free-living walking
using event-based analysis. Gait Posture. 2015; 42(1):85-90. http://doi.org/10.1016/j.gaitpost.2015.04.
012. PMID: 25953505

Stephens SK, Winkler EA, Trost SG, Dunstan DW, Eakin EG, Chastin SF, et al. Intervening to reduce
workplace sitting time: how and when do changes to sitting time occur? Br J Sports Med. 2014; 48
(13):1037—-42. https://doi.org/10.1136/bjsports-2014-093524 PMID: 24815544,

Powers DMW. Evaluation: From precision, recall and F-factor to ROC, informedness, markedness and
correlation. Adelaide: School of Informatics and Engineering, Flinders University, 2007.

Lever J, Krzywinski M, Altman N. Points of Significance: Model selection and overfitting. Nat Meth.
2016; 13(9):703—4. https://doi.org/10.1038/nmeth.3968

Madhavapeddy A, Tse A, editors. A study of bluetooth propagation using accurate indoor location map-
ping. Ubicomp; 2005; Tokyo, Japan: Springer-Verlag Berlin Heidelberg.

Woznowski P, Kaleshi D, Oikonomou G, Craddock I. Classification and suitability of sensing technolo-
gies for activity recognition. Computer Communications. 2016; 89:34-50. http://dx.doi.org/10.1016/j.
comcom.2016.03.006.

Jung JY, Kang DO, Choi JH, Min OG, editors. Near field distance awareness algorithm using bluetooth
for device sociality service. 2016 18th International Conference on Advanced Communication Technol-
ogy (ICACT); 2016 Jan. 31 2016-Feb. 3 2016.

Van Haute T, De Poorter E, Crombez P, Lemic F, Handziski V, Wirstrdm N, et al. Performance analysis
of multiple Indoor Positioning Systems in a healthcare environment. International Journal of Health
Geographics. 2016; 15:7. https://doi.org/10.1186/s12942-016-0034-z PMID: 26842830

Yu D, Blocker RC, Sir MY, Hallbeck MS, Hellmich TR, Cohen T, et al. Intelligent Emergency Depart-
ment: Validation of Sociometers to Study Workload. J Med Syst. 2015; 40(3):53. https://doi.org/10.
1007/s10916-015-0405-1 PMID: 26645317

PLOS ONE | https://doi.org/10.1371/journal.pone.0193971 March 7,2018 15/15


https://doi.org/10.1088/0967-3334/37/10/1834
http://www.ncbi.nlm.nih.gov/pubmed/27654030
https://doi.org/10.1136/bjsports-2014-093546
http://www.ncbi.nlm.nih.gov/pubmed/24782483
https://doi.org/10.1249/MSS.0000000000000497
http://www.ncbi.nlm.nih.gov/pubmed/25202847
https://actigraph.desk.com/customer/en/portal/articles/2515795-what-is-proximity-tagging-and-how-does-it-work-
https://actigraph.desk.com/customer/en/portal/articles/2515795-what-is-proximity-tagging-and-how-does-it-work-
http://doi.org/10.1016/j.gaitpost.2015.04.012
http://doi.org/10.1016/j.gaitpost.2015.04.012
http://www.ncbi.nlm.nih.gov/pubmed/25953505
https://doi.org/10.1136/bjsports-2014-093524
http://www.ncbi.nlm.nih.gov/pubmed/24815544
https://doi.org/10.1038/nmeth.3968
http://dx.doi.org/10.1016/j.comcom.2016.03.006
http://dx.doi.org/10.1016/j.comcom.2016.03.006
https://doi.org/10.1186/s12942-016-0034-z
http://www.ncbi.nlm.nih.gov/pubmed/26842830
https://doi.org/10.1007/s10916-015-0405-1
https://doi.org/10.1007/s10916-015-0405-1
http://www.ncbi.nlm.nih.gov/pubmed/26645317
https://doi.org/10.1371/journal.pone.0193971

