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Indoor positioning system for movement path analysis
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Abstract
In this paper, we describe an indoor positioning system designed to provide data on the movement patterns of
hospital personnel. The data collection is ongoing and part of a larger study project, which aims to evaluate the
impact of an information system implemented in a hospital setting. The indoor positioning system was designed to
be non-intrusive and straightforward to deploy in multiple hospitals, while requiring minimal existing infrastructure. To this end, the system is based on battery-powered Bluetooth beacons, and mobile phones measuring the
signal strength of the beacons to position their bearers. This paper describes the design and implementation of the
system. We analyze the positioning accuracy of the system in order to evaluate its fitness for purpose. Based on
the results, the system is suitable for short-term deployments due to its low cost and ease of installation.
Keywords: indoor positioning, navigation, bluetooth low energy, hospitals

Introduction
Tracking technology has a variability of applications in
the health care setting and research on this technology
is on the increase. The technology often utilizes wearable devices such as smartphones (see e.g. [1-3]) or
smart-watches [4], and it may also be implemented in
garments (see e.g. [5,6]). The cost and effort needed to
obtain and deploy a fancy system may however become
arduous for research purposes. Therefore, easy to use
and low cost solutions are also needed.
This paper describes the design of an indoor positioning
system used as one data collection method in a larger
study with the aim to explain the impact of an information system on the patients’ care processes and the
shift leaders’ work in a hospital setting. In this larger
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study, the indoor positioning data is collected to describe the differences in the movement patterns of the
professionals responsible for the daily coordination of
care during a specific shift, including nurses and physicians. This larger study is conducted in the emergency
departments of three Finnish hospitals and the data is
collected one month at a time for five months in total
during 2015-2016. All data is collected anonymously to
protect the participants. The nurses’ and the physicians’
movement patterns are explored separately in each
participating unit. The interest lies on the movement
patterns of these professionals during each data collection month in total and not on the movement of any
specific individual. The movement patterns are compared before and after the implementation of the information system.
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This paper presents the indoor positioning system and
its design together with the validation in a controlled
environment (the Agora building in Turku and a pilot
test in one hospital unit). The goal is to evaluate the
performance and suitability of a simple and low cost
indoor positioning system for the larger experiment
being conducted in the hospitals. A separate paper will
later present the findings on the movement patterns in
the hospitals.
The paper is laid out as follows. In the Materials and
Methods section, we describe the requirements and
design choices made for the system; the components of
the indoor positioning system; and the measurements
for validating the system. The analyses of the measurements are presented in the Results section, which is
followed by the Discussion and ethical considerations.

Material and methods
System requirements and background
The system was to be deployed by untrained personnel,
so from the outset it had to be designed to be simple.
Overall the most important requirements for the system were:
–
–
–
–

–
–

room-level accuracy preferred
simplicity, and thus short development cycle
minimal supporting infrastructure should be
necessary
quick and easy deployment and disassembly,
to be performed by personnel not familiar with
the system
fairly inexpensive, since the system would only
be used for one series of studies
safety and confidentiality issues should be
acknowledged.

There are many different approaches to indoor positioning, many of which use radio signals for positioning.
In addition, to radio-based positioning techniques there
are also techniques based on using sound, computer
vision, and detecting variations in magnetic fields for
example [7].
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Most technologies require some supporting infrastructure — i.e. radio transmitters, cameras, loudspeakers
etc. — to work. An example of an infrastructure- less
technology is using the magnetometer (compass) found
in many mobile phones to build a map of magnetic field
variations in a building [8]. This requires building a map
of the building first, however, which decreases the
simplicity of deployment by untrained personnel.
Since Wi-Fi is commonly found in many buildings, navigation using received signal strength indication (RSSI)
from different Wi-Fi access points has been a rather
popular option. The density and placement of Wi-Fi
base stations in the building will have a major impact on
performance in such a system, however. Relying on
existing Wi-Fi infrastructure would have introduced too
much risk, and would have required obtaining maps of
base station placement in each facility in our case. A
number of commercial WiFi based locationing systems
1
exist (eg. Walkbase ) however they are built for specific
purpouses, and cannot readily be translated into a hospital environment. Recently, Bluetooth Low Energy
(BLE) [9] beacons have been introduced, using simple
protocols such as Apple’s iBeacon protocol to broadcast
a unique identifier to nearby BLE-enabled devices. Depending on how often, and at which signal strength the
identifier is broadcast, these beacons can often run on a
coin- cell battery for over a year. The beacons are also
relatively low cost, at a typical price point of USD 10-30
per beacon. We have not found any similar system in
the literature, that would satisfy our requirements on
ease of setup and of accuracy.
A device supporting BLE can thus receive the broadcast
identifiers from beacons, as well as give an RSSI. The
RSSI can be used to roughly estimate the receiver’s
distance from the beacon [10,11]. We decided to use
BLE beacons for our indoor positioning system as it
fulfills the requirements of the system quite well. Upfront development is quite simple, as we were able to
develop a mobile application that listens for BLE beacons in range, and logs their ID and RSSI to a database.

1

http://www.walkbase.com/
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Due to the low cost of BLE beacons, we would be able
to place one beacon in each room in the parts of the
building we wanted to cover. We would also place
some beacons outside rooms; in hallways, near building
entrances etc.
The dense placement of beacons means that even simple algorithms — such as the assumption that the receiver is located at the position of the beacon with the
strongest RSSI — will give fairly accurate results. The
logging of all beacon observations to the database,
however, also enables the development of more sophisticated algorithms, taking into account more distant
beacons, to run over the collected data.

roughly every 30 seconds. For each scan period, the
following data is stored in the database:
1. The time of the scan
2. An ID unique to the phone
3. The phone’s battery level
4. A list of each beacon found with the following
information:
 The unique beacon ID
 RSSI in dBm, an estimate of the distance
to the beacon in meters as calculated
by the Android Beacon Library
 A value for the transmission power of
the beacon in dBm (for calibration)

Installation of the system is straightforward for untrained personnel, since it only involves placing a beacon in each room of interest, and noting the ID and
position of each beacon on a map. Use of the system
ideally only involves carrying a mobile phone in the
pocket, and making sure to charge the phone regularly.

In the database, we also store the map coordinates of
each beacon. The knowledge of each beacon’s location
combined with the measured signal strengths from
each beacon allows us to estimate the location of the
smartphone for each scan period.

From a safety standpoint, the beacons do transmit at
2.4 GHz similarly to Wi-Fi, and the system might thus be
unsuitable for use in certain locations, where the use of
cell phones is prohibited. From a privacy perspective,
the beacons only emit signals and do not collect any
information. In order to be tracked, one has to carry a
phone running the tracking application. We discuss the
ethical issues in more detail in section Ethical considerations.

Measurements
In order to evaluate the accuracy of the indoor positioning system, we installed beacons on one floor of Agora,
a building on a university campus in Turku, Finland. The
beacons were placed so that one beacon was present in
each room, where measurements were made. Beacons
were also placed in hallways and open spaces. The
beacons used were the iBKS 105 and 105A models from
Accent Systems. These beacons were also deployed in
hospitals.

Experimental setup
The indoor positioning system consists of BLE beacons
deployed at locations of interest. Each person to be
tracked carries an Android smartphone equipped with a
Bluetooth receiver.
The Android application includes a local Couchbase Lite
database, into which measurement results are stored. If
Internet connectivity is present, the local database
content is also transferred to a master Couchbase database running on a server. The Android application uses
the Android Beacon Library4 to scan for BLE beacons

22.5.2017

Measurements were performed in 8 different locations.
Two phones were used at each location. The phones
used were the same Motorola Moto-E devices that
were also used for measurements in hospitals. One
phone was laid on a table, and the other phone was
placed in the pocket of a person sitting at each location.
We measured for roughly 10-20 minutes at each location. The locations measured are described in table 1.
All rooms contained at least one beacon, except for
SR2, a small “quiet-room” inside a larger open-plan
office. A large coffee-room/sitting area contained four
beacons placed in each corner of the area.
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The location of the phone, based on measured RSSI for
each beacon within range, was estimated using two
different algorithms. The first algorithm is the simplest.

Here we estimate the position of the phone to be the
position of the beacon with the strongest RSSI.

Table 1. Measurement locations.
Location

Description

Beacon in room?

MR1

Meeting room

Yes

MR2

Meeting room

Yes

CR (mid)

Middle of large coffee-room/sitting area

Yes (4 beacons)

CR (N)

Upper part (on map) of coffee-room

Yes (4 beacons)

CR (NE)

Upper-right (on map) part of coffee-room

Yes (4 beacons)

SR1

Small room inside an open-plan office space

Yes

SR2

Small room inside an open-plan office space

No

SR3

Small room near MR2

Yes

The second position-estimation algorithm uses all beacons within range to estimate the position. The distance
d to a beacon is estimated according to the following
formula in the Android Beacon Library [5]:

where C1, C2, and C3 are device-specific coefficients.
Prssi is the RSSI. Ptx is sent by the beacon to indicate its
transmission strength. Ptx is typically defined to be the
RSSI at a distance of one meter from the beacon using a
reference Apple iPhone 5 device [5].
We used the default coefficients C1, C2, and C3 provided by the Android Beacon Library. For the best performance, these should be calculated separately for each
phone model [5]. This was not done for this paper,
however. Performing a device-specific calibration would
improve distance calculation results to some extent.
The position estimate (x, y) that minimizes the following
is chosen:
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Here bx and by are the x and y coordinates of a beacon
in the set B of scanned beacons, and bd denotes the
distance estimate according to equation 1.
RSSI measurements are unreliable, and tend to become
n
more unreliable with in-creasing distance. The term b
is used to assign larger weight to stronger beacons. We
chose n = 3 in the measurements performed for this
paper, as it was found to yield quite good results for our
use case.

Results
Fig. 1 is a map, showing position estimates for the case
where the phone is in the pocket, and the position is
estimated to be at the beacon with the strongest signal.
The black dots on the map are beacons. Some jitter has
been added to the position estimates to prevent them
from stacking on top of each other at the beacon location.
We can see that most of the position estimates are
correct, i.e. the phone is estimated to be at a beacon in
the space where the person was sitting. Some estimates, however, are assigned to a beacon outside the
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measurement location. For example, in some scans, the
beacon outside the door of MR1 was estimated to be
closer than the beacon inside the room. Similarly, in
some cases the phone was estimated to be outside the
rooms MR2 and SR3. The phone in SR1 was always
correctly estimated, perhaps since there neigh-boring
beacons were quite far away. The phone in SR2 was
estimated to be at one beacon close to that room, since
SR2 did not contain a beacon. Measurements in the
coffee-room were quite spread out across the four
beacons in the area, and were not always estimated to
the physically closest beacon.
The map in Fig. 2 shows the position estimates calculated according to equation 2. Here the position estimates
tend to fall between the strongest heard beacons. This
keeps the estimates mostly within the correct room for
MR1 and SR3, while measurements in MR2 are “pulled”
into MR1. The beacon in MR2 was placed quite close to
the wall of MR1, however, which contributes to this.
The measurements in SR2 are more accurate, while still
not placed inside the correct room. Measurements in
the coffee-room are estimated closer to the middle of
the area in general.
Finally, Fig. 3 shows the estimates according to equation 2 when the phone was placed on a table. This improves the estimates significantly especially for measurements in the coffee-room, and also MR1. Estimates
for SR3 are worse, however. Here we can see that the
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phone being in a pocket affects the results significantly.
This is to be expected, however, since RF emissions at
2.4GHz are strongly attenuated by the human body.
In addition to the experiments in the Agora building, an
initial test in the hospitals was done. This experiment is
shown in Figure 4. A representative of one hospital was
asked to walk between rooms of his choosing and make
a note of the route. Two separate routes in the hospital
were recorded with two different phones. The recorded
path is shown in Fig. 4 using the estimation algorithm in
equation 2. Relevant room numbers in the hospital
have been added to the map. According to the notes
provided by the hospital representative, the first route
(Route 1 in Fig. 4) consisted of the following sequence
of rooms: 5, 4, 3, 2, 1. The second route was the following: 8, 1, 9, 7, 6.
The position estimates of Fig. 4 correspond well to the
noted routes. Some position estimates on the second
route are incorrectly placed in rooms next to the route.
This is one disadvantage of the current setup and estimation algorithms: position estimates while walking
between rooms may not be reliable due to the rather
long sampling time of half a minute, and also due to the
relatively sparse placement of beacons in hallways
outside of the rooms. These false readings could perhaps be minimized by for example filtering out estimates that remain stationary for only one half-minute
period.
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Figure 1. Closest beacon in Agora with the phone in a pocket.

Figure 2. Position estimate in Agora with the phone in a pocket.
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Figure 3. Position estimate in Agora with phone on table.

Figure 4. Two routes recorded in a hospital.
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Discussion
For this paper, we examined the accuracy of a simple
indoor positioning system using Bluetooth beacons.
Mobile phones record nearby beacons and their signal
strengths in order to enable estimation of the phone’s
position. The system is suitable for short-term deployments due to its low cost and ease of installation. The
system also requires minimal existing infrastructure in
addition to the battery-powered beacons, and recording cellphones.
The experiments, which were performed in a university
campus building showed that the system is able to
provide approximately room-level accuracy. Especially,
if the phone was carried in a pocket. The position estimates were erroneous at times, due to neighboring
beacons’ signals, which were stronger than the physically nearest beacon’s signal.
Further field-trials performed in a hospital indicated
that the system is fit-for-purpose. Some filtering of
position estimates may be necessary during analysis,
however.

Ethical considerations
Positioning systems may be used to track both humans
and objects indoors and outdoors. This has a great
potential in the health care setting. The tracking of
scarce and expensive equipment reduces the risk of
misplacements and supports the users to rapidly find
needed equipment at the point of care. However, several ethical issues related to the privacy, the autonomy,
the dignity and consent in the use of positioning systems with humans need to be addressed.
In general, tracking methods have been used with people who suffer from cognitive impairment, such as dementia [6]. These devices may reduce the time and
effort required to find a missing person, increase the
independence, autonomy and freedom of a person with
middle- to moderate dementia, and reduce the caregivers level of stress [12]. The literature strongly suggests
that these technologies should not be forced, and that
the decision of using them should be made in formal
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meetings involving the individual concerned, the family
members and the professionals involved in the care
[13,14]. These issues should also be confronted during
the product development and implementation phases
[15].
Tracking technology has however the potential to support other users as well such as in tracking the activities
of daily living, detecting falls, supporting visually impaired, and tracking people suffering from cardiovascular disease in case of a critical cardiac event [16]. However, the ethical aspects of use beyond the point of care
in the elderly care setting has received little attention.
The technology could for example be used to track
professionals at work, but the motivation for doing this
must be carefully considered and the consent of the
professionals obtained. The technology could also be
used to support researchers in a variety of areas, especially when assessing the impact of a new intervention.
One such example is the tracking of professionals after
an organizational change, and another the tracking of
movement related to an exercise intervention.
Nonetheless, how and what data is collected, stored
and used becomes extremely important when using
tracking technology and privacy, autonomy, dignity and
consent of the users must be assured. Whatever the
reason for the interest in using positioning technology,
the usage of such a system must always be carefully
considered. The benefits of the use must always outweigh the possible harms and informed consent of all
users must be obtained before implementation regardless of the purpose of the system implementation.
From an ethical point of view, the system in this study is
opt-in: the beacons do not collect any data, and the
system requires the user to actively run the phone application in order to be tracked.
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