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Abstract

Positioning of mobile phones or other handheld devices in indoor environments
is hard because it’s often not possible to retrieve a GPS-signal. Therefore,
other techniques need to be used for this. Despite the difficulties with indoor
positioning, the Swedish mining company LKAB want to do exactly this in their
processing plants. LKAB has developed an Apple iPhone mobile application
to maintain real-time process data and documents for their machines. To
retrieve the information an OCR code need to be manually scanned with the
application. Instead of manually scanning these codes, LKAB want to develop
an Indoor Positioning System|that can automatically locate handheld devices
in their production plants. This thesis aimed to create a |proof of concept
Apple iOS application that can position devices without GPS-signals. In the
system developed [Bluetooth Low Energy|iBeacons is used to transmit data
to the application. From this data |Received Signal Strength Indication|values
is collected and sent off to a server that transform the values into positioning
fingerprints. These fingerprints are used together with the classification
algorithms [K-Nearest Neighbour|to determine in which, on pre-hand created,
group the user is located. In these created groups there is a defined set of
machines that is being presented back to the user. Test results conducted with
the [proot of concept| application shows that the implemented system works
and gives a positioning accuracy of up to 75%.

Keywords: RSSI, KNN, fingerprints, indoor positioning, Apple, iOS, applica-
tion, iBeacon, Beacon
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Introduction

Background and problem motivation

The Swedish mining company LKAB has developed a smartphone application,
named InfoHub, that will help their mechanics and technicians. This applica-
tion is capable to show real-time data and documents for a chosen type of
machinery out in their iron ore production plants. These documents could for
example be blueprints for the machine or real-time flow data for a pump.

To show data for a specific machine an on-site OCR code need to be manually
scanned with the application. When a user scans a verifiable code, the
application will fetch the documents and real-time data for the machine that
matches the code. The application gets the data from Microsoft’s Azure cloud
services that is being uploaded from LKAB’s local on-site systems. Due to the
harsh and dirty environment in these production plants the application could
face difficulties reading these codes. The manual scanning also means that
the user must know the location of the code, which sometimes could be hard
to find.

A better way to get the information for a machine is to automatically fetch its
data when the user is standing close to it. This could be done by knowing the
user’s position in the processing plants and display the corresponding data to
the user. This is happening in indoor environments where there is no access
to GPS signals, which means that the positioning needs to be done with other
techniques such as WiFi or Bluetooth Low Energy| Beacons.

Overall aim

The overall aim in this thesis work is to investigate and implement a proof of
concept solution for indoor non GPS positioning for LKAB’s specific needs
and environment. The purpose with the positioning is to be able to skip the
manual OCR code scanning step in the InfoHub application.
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Problem statement

The problem statement in this thesis work is stated as follows: How, as
accurate as possible, locate handheld devices in indoor environments without
GPS signals?

Verifiable goals
1. Investigate how an[Indoor Positioning System| (IPS) works by studying
the field

2. Design a system that can position a device without GPS-signals

3. Develop afproof of concept| (PoC) Apple iOS application that implements
the designed system

4. Evaluate the positioning accuracy of the implemented by physical
testing

Scope

The focus in the positioning area will be to only position smartphone devices at
one floor plan. The proof of concept system will therefore not take multiple floor
plans into consideration. The system will be tested in a home environment
and not in any of LKAB’s production plants due to limitations in testing areas.

Outline

In Chapter 2| the relevant theory of this work is being presented. Here the
reader will gain knowledge about the different techniques that are being
presented. It will help the reader to understand the different parts in the project.
In Chapter [3 the methods are being described in detail. Here arguments
for the developed software and tests being motivated as well as presented.
Chapter [4] describes how the software in this project has been implemented
and presents details for this. In Chapter [5] the result from the tests and
the developed software is being presented. Chapter [6] presents a deeper
discussion about the measured result, the implemented system and ethical
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aspects. Lastly in Chapter|[7|the conclusion of the thesis is being discussed
as a project summary and how well the goals were fulfilled. Here is also the
validity of the work summarized, and future work discussed.



2.1

Automatic retrieval of data for industrial machines with handheld devices
Linus Sjébro 2021-06-17

Theory

This chapter presents the theoretical part is this work. It starts with an
explanation of the company LKAB, followed by different techniques used to
position a device without access to GPS-signals.

LKAB

Luossavaara-Kiirunavaara AB (LKAB) is a high-tech iron ore and mineral
mining company with its base in northern Sweden established year 1890.
LKAB is operating in twelve countries over the world with a total of 4300
employees. Iron ore is their main area which is being mined and processed in
Sweden. Other areas in the company are industrial minerals, drilling systems,
rail transport, rockwork services and property management. In 2019 LKAB
produces 27 million tonnes of iron ore products, with a net sales amount of 31
billion SEK. [1]

LKAB stands in front of one of the largest industrial investments ever in Swe-
den. An investment of between 10 and 20 billion SEK that extends over more
than 20 years and will create between 2000 and 3000 new jobs opportunities.
This investment will result in carbon-dioxide-free iron ore products. [2]

LKAB was the first underground mine with wireless connectivity and today has
the largest underground WiFi-network in the world. With LKAB 5.0 all vehicles
and personnel will be connected to these WiFi-networks. This shows that the
company has a high digitalization maturity. [3]

The processing plants that process the mined iron ore needs constant main-
tenance and overseeing to be fully functional. Due to the large number of
machines and the complexity of certain machines it’s hard to service them
without any additional help. LKAB has developed an Apple iOS application
called Infohub that help the employees out in the processing plants to show
real-time process data and documentation for machines.
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Received Signal Strength Indication

[Received Signal Strength Indication| (RSSI) is an indication of the signal
strength between a sender and receiver. It's a less complex method than
other technologies such as Time of Arrival, Time Difference of Arrival or Angle
of Arrival that require a proper time synchronization between the sender and
receiver. The benefits with based measurements is that it will reduce
the complexity of the signal measurement and opens up for easier software
implementations. It does also have a high accuracy, low power consumption
and a low cost due to the less complex systems required. It became a popular
choice to use in non-GPS based positioning because of these benefits.[4], [5]

[RSSI measurements can be divided into three different categories.

e Trilateration
e Approximate Perception

e Scene Analysis [4]

Trilateration

Trilateration is a positioning technique where three or more senders and
receivers convert the signals into spatial distances. This is used to create
radius of circles and where all the circles intersect with each other is where
the device is located. [4]

The radio frequency can easily be affected because of the complexity of
the indoor space, which will impact the signals from the transmitters. In the
conversion from signal strength to spatial distances it can therefore introduce
errors that will lower the accuracy of the positioning. A solution to assist the
technique is path loss models that will increase the accuracy. Since spatial
distances are used to position a device, the exact position of the WiFi
(AP) must be known. Together with this exact position and the path loss
models the technique is not practical to use, and also has a low positioning
accuracy of around 40 meters.[4]
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Approximate Perception

In approximate perception the signal from the strongest base station is the
positioning criterion. Positioning with this technique requires information of
the base stations location as well as the area they cover. This technique has
a low positioning accuracy, of around 100 meters, and to make it more precise
researchers have used a cluster of antennas. This cluster is then placed at a
known location and will improve the accuracy. [4]

Scene Analysis

Scene analysis is the most used technique for indoor positioning. It uses
fingerprint matching and does not require any information of where the base
stations are located, which is needed in both trilateration and approximate
perception. The positioning is done with the signal strength from multiple base
stations at a given reference point. Together with a fingerprint data structure,
the reference point will act as a localization point for the positioning system.[4]

Measurements based on transmitters [RSS]| values can be used to make signal
fingerprints to build up a radio map database that will position the device.[6]

Positioning fingerprint

Fingerprints is a popular method to use in positioning systems that does not
rely on GPS-signals. These fingerprints are often based on [RSSI| values
collected from the transmitters used in the Indoor Positioning System| (IPS).
[7]. [8]

However, a system that use fingerprints can run into problems. It's shown
that the collected [RSSI| values that form’s the fingerprints can vary between
different devices, even if the devices are of the exact same model. [9]

Apart from [RSS]| fingerprints can be built with [Pedestrian Dead Reckoning]
traces. uses the accelerometer and the compass in the mobile
phone. With this the number of walked steps can be counted from a starting
point and then position the device. [8], [10] With [PDR] the system has a
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high error propagation, which is a result from relative movements. Different
step lengths and that each step often have a different direction will make the
system to take approximations of the position. To solve this, the need
to be recalibrated at a fixed set of intervals. For a[PDR| system to be more
precise it needs to be combined with other techniques such as[RSSI|or regular
GPS. [11]

Fingerprint positioning can be used both for indoor and outdoor positioning.
In an [[PS| WiFi[AP|transmitters is the most popular alternative. [4], [7].

Fingerprint based localization is not only used in WiFi based systems but can
also be used with other hardware, such as [Bluetooth Low Energy|Beacons.
[12]

A fingerprint positioning system is built up in a two-phase process. An offline
and online phase.[4]

Offline phase

In the offline phase (also called observation phase) the fingerprints are being
collected and mapped to a location in the environment. The mapped finger-
prints are then being stored in a radio map database. Figure [2.1|shows the
flow for collecting the [RSS]| signals, mapping them to a location and storing
them in the database. [4]

Sender RSSI values

Collection of RSSI > Mapping of
Values X,y coordinates Radiomap

database

Figure 2.1: Fingerprint offline phase flow [4]
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Online phase

The online phase is the part where a user is interacting with the stored
fingerprints. A device is collecting[RSS]| values from nearby senders in real-
time. These collected values is then being compared with the fingerprints in
the database. If a match between the real-time [RSSI values and the radio
map occur the location is being yield back and the device can be positioned.
Figure 2.2/ show an illustration of the online phase. [4]

Sender RSSI values Radiomap

database

Realtime RSSI > Positioning >

values collection algorithm Yield back position

Figure 2.2: Online phase positioning flow[4]

Bluetooth Low Energy

The wireless technology Bluetooth Low Energy| (BLE) is part of the core
specifications of Bluetooth 4.0 and is also referred to as Bluetooth Smart. BLE]
focuses on short-range communication where the transmission strength often
is measured in dBm. A closer distance between the receiver and transmitter
means a higher dBm-value, which typically range between around -30 dBm to
0 dBm. [6]

The [BLE] protocol is designed to send messages with a short duration. With
this comes a low-power consumption and often low cost, which makes [BLE|a
good candidate for various different tasks. [12], [13]

WiFi and is working in the same radio frequencies, but does not
suffers from the same problems as WiFi does. WiFi has a passive scan, which
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lowers the update rate and make the positioning harder because of fewer
updates. Also, WiFi wasn’t designed to broadcast the signal strength in any
specific unit. [13]

iBeacons

iBeacon are small battery powered devices developed by Apple that is based
on the existing [BLE| technology. Using the iBeacon technology together with
the Apple iOS platform open up for a variety of opportunities when it comes to
implementing position-based applications. Because of the small footprint and
low cost of these devices, they are easy to deploy in an environment where
they can be used together with a smartphone application. [14]

The iBeacon is sending out an advertisement signal that consists of three
parts [15].

e 16-byte UUID
e 2-byte major value
e 2-byte minor value

The UUID value is a fixed identifier that will identify a set of beacons. This
value needs to be the same for all the beacons that will be used. The major
value is used to identify a large set of beacons with the same UUID, and the
minor value is used to identify a specific beacon. [15]

An example of the iBeacon deployment mentioned in [15] is a global retail
store. The UUID will be the same for all stores, the major value is used to
identify a specific store and the minor value to identify a department in each
of the stores. [15]

Instance-based learning
Instance-based learning is a set of algorithms within data mining and machine
learning and is often referred to as lazy classification. In the training phase
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the algorithms do not require much work since it is being trained on already
stored instances. 16, p. 78]

The real work is done when a new instance is being classified. This new
instance is compared to all other, already stored, instances. The comparison
between a new instance and the stored ones is being classified with a distance
metric, where the closest, already stored, instance is used to assign a class to
the new one. This classification method is called nearest-neighbour classifica-
tion, and when being compared to k neighbours it’s called k-nearest-neighbour.
[16, p. 78]

With instance-based learning, new examples can be inserted into the training
set at any time, which is possible thanks to the low training time of the
algorithm. This means that the set easily can be extended with new data as
the number of data points increases. [16, p. 135]

K-Nearest Neighbour

In[K-Nearest Neighbour| (K-NN) classification a data instance is being com-
pared to a set k of its nearest neighbours. These neighbours are like in general
instance-based learning previously stored instance that are being used to
compare against. The method is perfectly suited when this new instance
needs to be classified [16, p. 77-79]

If a set of numeric values is compared, the computation of the distance
between the two points are trivial. It only computes the difference between
these two values. With two or more values the computation is almost as
straightforward. In these cases, the Euclidean Distance method (which is
the default) is used to make the computation and comparison of the values.
An important part is that the data need to be normalized and of equally
importance. One of the problems in the learning phase is to determine the
important values. [16, p. 77-79]

Figure 2.3 illustrates a representation when a new instance is being classified
into an already existing set or area. The green and red dots are already

10
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existing instanced, and the blue dot is new and is going to be classified. In
this case the new instance is going to be classified as red, if k = 3.

Figure 2.3: K-NN classification of a new instance where k = 3

2.6 Related work

In this sub-section related work and previous research that is related to this
thesis is being presented.

2.6.1 Development of a Smartphone-Based University Library Nav-
igation and Information Service Employing Wi-Fi Location
Fingerprinting
In the paper [17] A. Leb et al. is creating an indoor fingerprint-based position-
ing systems with the help of WiFi[AP]s.

The fingerprints are made with [RSSI| values from the nearby WiFi[APJs and
is then being stored in a radio map database. This database is then used to
position the user with the stored fingerprints. In the article they mention the
disadvantages with radio map based databases, which is the time it takes to
perform a site survey. They also mention the need to update the database if
new transmitters or other structural changes is being made. This is important
to do because the [RSSI| values would no longer be valid fingerprints since
they aren’t the same, and therefore need to be collected once again.

11
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However, the advantages outweigh the disadvantages because of the high
accuracy that can be achieved with a fingerprint-based positioning system.

As A. Leb et al. mentions privacy and security with is a major factor.
Therefore, the [PS| operator should ask how the users can trust the system,
which A. W.H et al. mentions in [18]. The best way to assure as high security
level as possible is to let the device itself take care of the computation that is
needed to determine the position. The security is hold strong since no data is
leaving the device and can therefore not be used to track the device and its
user. But with this comes a higher power consumption since all calculations
need to be done on the device. So, for a better security comes a higher power
consumption.

Another factor A. Leb et al. is mentioning is the cost of an [[PS] system.
This depends on several different factors such as money available, time,
infrastructure and energy. The time that they’re mentioning is the time for
installation and maintenance. The cost is the true cost for servers, transmitters,
software and system maintenance. Transmitters in a WiFi based [PS|can in
some cases be overseen since the network might already be deployed.

The relation between the article and this thesis work is the way the positioning
is done, where [RSSI| values are being collected in a fingerprint database.
In the article is also a decentralized based system with a server described,
and the benefits with this. This has been used when designing the software
implemented in this thesis.

Practical Fingerprinting Localization for Indoor Positioning

System by Using Beacons

In [12] P. Jae-Young et al. has investigated how an[[PS]system based on[RSS]|
fingerprints and [BLE| Beacons can be implemented to reduce the number of
reference points in the system.

The[IPS]system in the paper has an estimation error similar to the error given
by a weighted [K-NN] system, which is being done in [19]. To reduce the

12
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number of reference points the authors use a combination of both beacon
[RSSI fingerprints together with Weighted Centroid Localization (WCL).

WCL is a flexible system which is easy to implement and consume less time
but comes with a drawback. It has a large location error, which is further
mentioned by H. Suk-seung et al. in [20].

In the proposed system by P. Jae-Young et al. the fingerprint[RSSI| values to-
gether with a position coordinate is being stored in a reference point database.
When implementing an [PS|the [RSSI| values often comes with a lot of noise.
To reduce the estimation errors in the system a Gaussian filter is being applied
to the values to soften them out, which result in smoother values in the online
phase that leads to fewer errors.

The proposed technique to combine both [RSSI|fingerprint and WCL values
are being collected individually. Just as in a[K-NN|algorithm, the localization
is done with k nearest neighbours on the observed online value. After this the
weight is being determined depending on their Euclidean distance against the
first estimated WCL coordinate.

With k = 3 the estimation error for the localization was the smallest, which
means that the three nearest reference points are used to estimate the location.
It's also worth to consider that the distance between the different reference
points do affect the accuracy of the [[PS, where a high space reduces the
accuracy and a small space increase it. Meanwhile, if the reference points are
to close too each other the impact of the accuracy is not affected that much,
since the different fingerprints are very similar to each other.

The test bed that P. Jae-Young et al. used was two different building configura-
tions, a corridor and a room. In the corridor configuration the lowest average
error was 0.9 meters. With the papers proposed method the number of refer-
ence points could be decreased with around 42%. In the room configuration
the lowest average error was just below 1 meter at 0.98 meters. The number
of reference points could be reduced by around 49%.

13
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Similarities between this paper and this thesis is the use of fingerprints and
[RSSI|values. In this paper they are also using BLE|beacons instead of WiFi
to position the devices. This shows that a[BLE|beacon approach is possible,
which has been used in this thesis. It does also use WCL together with
and can show how they work together. This has been a good knowledge to
gather in the planning phase of the project to oversee which techniques to
use.

Bluetooth Low Energy based Indoor Positioning on iOS plat-

form

In the paper [14] written by N.S. Duong et. al an based on|BLE|iBeacons
is being implemented on the Apple iOS platform. To give a higher accuracy
they use Kalman filtering on the collected [RSSI| values to smooth out the
values and remove the fluctuations.

The fingerprints are built with a structure where the minor value from the
strongest beacon is used in the fingerprints, together with the three strongest
[RSSI|values. Their Kalman filter is in both the offline and online phase.

In their result they get a localization accuracy without the Kalman filter of 20%
and with Kalman an accuracy of 60%.

In this paper the relation between this thesis implementation and the paper
lies in the used platform, and how the fingerprints are being designed with the
iBeacons data.

A Comprehensive Study of Bluetooth Fingerprinting-based

Algorithms For Localization

In the study [21] by C. Gurrin et al. three different fingerprint-based algorithms
is compared to each other. These algorithms are different[K-NNjtypes,
[Neural network| (ANN) and [Support Vector Maching] (SVM). In the paper they
use BLE| beacons as transmitters where the fingerprints are based on their
values.

14
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The result of the testing done by C. Gurrin et al. shows that the [K-NN|
algorithms takes the shortest time to train. After K-NN|comes [ANN]and last
comes where training takes almost 3 hours. Beside from the training
time of it has a good accuracy and precision but fails because of the
long training time. [ANN|is average in all aspects and [K-NN|achieves the best
precision of the three.

This paper has helped to decide which classification algorithm to use in this
thesis project.

Indoor Positioning System Using Artificial Neural Network
In [22] by H. Mehmood et al. an[[PS|has been conducted where [ANN]is used
to classify the positioning. They use WiFi[APJs as transmitting devices and is

creating the fingerprints with the values.

Their result with the fingerprint-based showed an accuracy of 30%
within 1 meter and 50% accuracy within 1-2 meters.

This article was interesting in the manner that they did comparisons between
different classification methods. This helped to decide what to use in the
thesis, but also to know what other techniques that could be used. It did also
help to motivate the chosen method.

15
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Method

This chapter describes and motivates the chosen methods in this thesis work.

Method framework motivation

In the literature review presented in section it was showed that all papers,
which implemented an [ndoor Positioning System| (IPS), has no clear method
but was all following the same structure. They all started with a problem
formulation followed by the software design, implementation, testing and an
evaluation. Software project does often use this kind of structure, and since
the method was being used in the reviewed papers a similar method structure
was used in this thesis project. The used method structure is being presented

in Figure [3.1]

1. Research analysis
and problem »| 2. Software design o

definition

5. Evaluation  |[€— 4. Software tests |€—

3. Software <
implementation

Figure 3.1: Overview of the used method framework

A method framework that is well-defined is presented in the paper Secrets of
successful simulation projects [23]. The paper describes how a simulation-
based project should be performed for a successful result. This thesis project
is not a simulation project, but the proposed method framework can still verify
that the method structure in this thesis is relevant.

Another well-known model framework is the CRISP-DM framework [24] used
in data mining projects. The methods used in the reviewed papers, and in
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this thesis, can also be referred to this model. It contains of six parts, which
is business understanding, data understanding, data preparation, modelling,
evaluation and deployment. As presented in Figure the used method
framework could be matched with the Crisp-DM model, where the modelling is
divided into software design and implementation. Also, the data understanding,
and deployment parts of CRISP-DM is not needed since there is no data to
understand nor any deployment, because this thesis just implements a[PoC]
system.

Research analysis and problem definition
To fulfil goal [f]and [2 presented in section[1.4] a problem definition, in the form
of a case study, and a research analysis was performed.

Problem definition

To succeed with a project a clear understanding of the problem is a large
factor. Discussions with the customer is therefore important to create a deep
understanding of the problem. Without this knowledge a project will almost
always fail. [23]

This project was faced towards the company LKAB, and their positioning
problem mentioned in the overall aim and problem statement for this thesis
project. Meetings was conducted with the company to fully know what they
wanted to solve. This resulted in a requirement’s specification which can be
seen in appendix [Al

Research analysis

The research analysis was performed as a literature review on previously
made research in the area. Only scientific resources in the form of white
papers and conference publications were used in this analysis. The gained
information about previously implemented positioning systems was used as a
support in the implementation in this thesis project. The chosen techniques
were the ones that showed the best results in the implemented positioning
systems. Section presents the results from the literature review.
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Software design
Although software design is an iterative process that can change over time,
it's an important step to conduct before the development starts. [25], [26]

When the software is being designed before implemented, obvious obstacles
could be avoided and therefore save time, which is important in these kinds of
projects. This was an important part to get right from the beginning because
of the time frame for the project.

The software was designed based on two factors, the accumulated knowl-
edge how to design an[[PS|based on performed research analysis, and the
requirements from the problem definition. See appendix [A for the resulting
requirement’s specification.

Design motivation
Motivation of the design choices is being presented in this sub-section.

Classification method

The classification algorithm used to position the device in this work fell on
[K-Nearest Neighbour| (K-NN), because it showed the best result in compar-
isons to |Artificial Neural networkl and |Support Vector Machine, mentioned in
section It's also easier to implement and together with the benefits it was
the best choice.

Fingerprint structure

In the conducted literature review all the reviewed papers used
[Signal Strength Indication| (RSSI) based fingerprints to position the devices.
This together with its relative high accuracy in an[[PS| and the way the system
is designed in this thesis, the choice fell on [RSSI|fingerprints.

Mobile platform

LKAB uses the Apple iPhone as their mobile platform. To develop a
lof concept] (PoC)) application that can be used in LKAB’s system the chosen
platform therefore fell on Apple iPhone.
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Database
The database used in the [PoC|application in the Cosmos Database by Azure.
This is a two-part motivation.

First because LKAB use Azure to their current Infohub application described
in section 1.1l So, to mimic their current architecture the choice fell on an
Azure based database.

Secondly, Cosmos, which is a NoSQL database, was used to save time since
a table structure nor table relations needed to be taken into consideration. This
was well suited in this project since both the relation between the data and
what each data collection was going to include was hard to decide pre-hand.

Data processing
The calculation of the data and the determination of the position can be done
in two different ways. Either in a centralized manner where all the data is
being processed directly on the device, or at a decentralized server. As being
presented in section [2.6| different approaches has been taken in different [PS]
implementations.

In this thesis the choice fell for a decentralized strategy that use a server to
perform all data processing. This opens up for a more flexible system since
the server takes care of the data and the device just send data to, and retrieve
data from, the server.

Transmitters

The transmitting technique chosen in this work was [Bluetooth Low Energy|
(BLE) beacons where the beacons had support for Apple’s iBeacon protocol.
This choice depended on two different factors.

The first reason is limitations in Apple’s iOS platform. A developed application
can only read data from the WiFi the device is connected to. Reading of all
nearby WiFi’s can only be done if the application has access to the closed
internal iOS NEHotspotHelper API. To gain access to this APl Apple need to
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be contacted for permission. Access is only given in special cases, such as
for applications that will help a user to find nearby WiFi networks [27]. This
makes it impossible to fetch information from other WiFi[AP|'s than the one
connected to the device, which can only be one at a time. With this hardware
limitation the transmitting choice fell on BLE] beacons since these can be
scanned without any special permission with the iOS CoreLocation API.

The second reason was that there was no access to a sufficiently large WiFi
network to perform the software tests. A Beacon network is easy and
fairly cheap to implement and has a large flexibility on how to position the
beacons. WiFi[AP]s is often permanent mounted and is therefore hard to
move. It's also hard to expand the network if needed.

Defined localization space

The defined space that was to be located in the system is a group. These
groups are being created together with a set of mapped fingerprints as well
as a set of machines. When the positions the device, the group is what’s
being located, and the machines tied to the group is being presented to
the user. Groups are used to be able to position two or more machines at
the same location without the need to map each machine separately, which
is required according to point [2]in the requirement specification, located in

appendix [Al

Software implementation

In the implementation of the software in this project, the work has been
conducted with an Agile approach, because of its high flexibility and success
[28]. Since an Agile approach is mainly used in larger teams and not in
one-man projects, only some parts of it have been used. It has been used as
a guidance of how to set up an easy maintained and flexible backlog structure.
This backlog could easily be re-prioritized if something needed to be changed
along the implementation. A result from this is that the project was easy to
maintain, but also the ease to see the overall implementation progress. This
backlog was built with the gathered knowledge described in section[3.2.1] The
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implementation is being described in chapter [4]

Software tests

Tests were conducted to investigate and measure how well the implemented
system could position a device in a set test environment. This environment
was supposed to be a real-world industrial hall, but due to limited test areas it
was instead performed in an apartment that tried to mimic the environment.

Hardware

The beacons used in the test was the RadBeacon Dot by Radius Networks
[29]. Specification of these beacons can be seen in Table below, and
Table [3.2) presents the used configuration.

Table 3.1: RadBeacon Dot specification [29]

Name | RadBeacon Dot
Standards | iBeacon, AltBeacon, Eddystone

Transmit power | +4dBm - -20dBm
Advertisement rate | 1Hz-10Hz
Line-of-sight | 5m to 50m
Frequency | 2.402GHz - 2.480GHz

Table 3.2: Configuration of used beacons

Standard | iBeacon

Transmit power | -3dBm

Advertisement rate | 5Hz

Test layout

In a real-world scenario a broad signal coverage of the industrial hall would
be required to be able to position devices around the whole area. This would
be easiest to fulfil if the beacons were placed at both the longest walls of the
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hall and as high as possible. The idea is to cover the whole hall with a signal,
and to make it equally strong closest on the opposite side. A stronger signal
means fewer beacons to place out which in turn means less hardware and a
lower cost.

The apartment used in testing was not large enough to conduct a full-scale test
and the beacons was therefore places closer to each other than they would
normally be to maximize the area. The number of used beacons opened up
for more signal variance in the layout, which in turn creates fingerprints based
on different beacons for each group. It's also shown in [30, Sec. 4.3], where
the test areas were around the same size as the apartment, that more than
five beacons had a low impact on the positioning accuracy. [13] does show
the same result with the number of beacons. They cut the number of beacons
down by around 40% and got an error from 2.5 meters to around 5.5 meters.
Their result also showed that with more than 8-10 beacons the positioning
accuracy did not get better.

The beacons were arranged in two rows where the first row of four beacons
was placed 4 meters apart, and the second row with three beacons was
spaced 5 meters apart. The two rows were spaced 6 meters apart.

Three groups, blue, brown and yellow, was set to be tested where each of the
groups had nine points each to be mapped for the fingerprint offline phase.
The blue and yellow groups was 3 meters by 2.5 meters and the brown group
was 3 meters by 3 meters. Figure[3.2]illustrates an estimation of the test setup
with the placement of the iBeacons (green dots) as well as the three groups.
The numbers represent the point name for each group.
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Figure 3.2: Estimated test setup with iBeacons placement and areas to test
against

Another layout where the beacons were placed around the marked groups
was considered. A layout like this would benefit in a real scenario if the groups
are created before the transmitters is being installed. This would create a
wider signal coverage around the created groups. Thus, it would require more
hardware to cover the whole hall since more obstacles would weaken the
signals. Due to the limited space in testing this approach was not the chosen
one since it wouldn’t make any difference of the number of beacons in range,
because of the small area.
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Test parameters
The following parameters was set to be tested.

e Number of mapped offline fingerprints per location point

- 1 fingerprint per point

- 4 fingerprints per point

These parameters were being tested to see which effect the number of
mapped fingerprints for each point had on the positioning of the created
groups. With one fingerprint the mapping for each point would only be done in
one direction. Here the human body can interfere the signal from the beacons
and give a lower accuracy while testing the system. A result from this means
that the position of the user can make the prediction harder, if the user is not
position in the same way when creating the groups. With four fingerprints per
point the fingerprints would be scanned 360 degrees around the point. This
prevents the human body to interfere the signal in a negative way and there-
fore increase the positioning accuracy. It would also give more fingerprints to
predict against.

Because of the limited space and low number of collected fingerprints for each
group the number of neighbours in the [K-NN| classification was set to k = 3
and did not change. This means that in the testing only one parameter was
being changed, and not multiple.

Evaluation

Evaluation of the tests was conducted by measuring which answer the de-
veloped [[PS] was predicting on each of the given points in the test layout,
being presented in Figure [3.2/above. This answer is which group the device
is being located in. The testing does not include an exact point positioning
accuracy, since the exact position isn’t important because of the systems
group approach.
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To reduce [RSSI| noise and fluctuation when positioning the device, ten mea-
surements was taken at each point in the groups. With these ten measure-
ments the majority of the predicted groups decided which group the device
belongs to. Each group was also tested three times to further smooth out
the results of the prediction. From this an accuracy, A, could be calculated
for each group with help of Equation (3.1). Table explains the equation
variables. This accuracy presents how well the system can position the device
in the correct group.
C

A= Wg (3.1)

Table 3.3: Equation variable explanation

Variable | Description

A | Group position accuracy
C, | Total number of correct predictions
N | Total number of measurements per point

The accuracy was being calculated for one mapped fingerprint per point and
four mapped fingerprints per point. The results from the measurements could
then be compared with each other for each group, which is being presented in
section[5.3] This was to see how well different number of fingerprints could
affect the prediction. A total accuracy was also calculated with the results
from all three groups to get a combined performance of how well the system
worked.

Besides from the prediction accuracy, the majority resulting group was being
plotted for each point to show in which group the point did locate the device.
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Implementation

This chapter describes the details about the development of the
lconcept| (PoC) application that's being implemented to meet requirement
number 1] presented in appendix [A] and to fulfil goal 3] presented in section [1.4

Architecture

To fully understand the implementation of this project some architectural
descriptions is needed. This section will present different techniques and
architectures used in this implementation.

Machine

A machine is being defines as some kind of equipment places around an
industrial hall in a manufacturing environment. This could for example be a
water pump or electrical engine that drives a stone crusher. A machine in this
thesis project is only a set of data collections in a database and not a real
physical machine.

Group

A group in the system is what’s being located with the positioning. The system
sets up invisible boundaries in an undefined spaced out in a production hall.
When a device is being located by the system a group will be yield back
instead of a physical exact position. Machines are tied to these created
groups where the machines data will be shown when the group is positioned.

Device
A device refers to a mobile hand held device that’s in this work is an Apple
iPhone 12 pro. This device is running the developed application.

Beacons
A beacon, also mentioned as iBeacon, is the transmitting hardware used to
position a device with the developed system.
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Server

All calculations are being taken care of by a server. This server is not being
hosted to any cloud service or a physical server in a data centre. Instead,
it’s running on a local computer where the device will communicate with the
server only in the same LAN.

Frontend vs. backend

In the developed [Indoor Positioning System| (IPS) there are two major parts, a
front- and backend. The application is defined as the frontend of the system,
since this is the part that a user will interact with and get data presented
to it. The backend is the developed server software that takes care of all
calculations and data predictions and delivers this to the frontend.

API

An APl is the data connection between a device and a server. Data it sent
from the device to the server via specific AP| endpoints that is being defined
in the application and created in the server. The developed API works with
two different types of requests, POST and GET.

In a POST request the device is giving some kind of data to the server that will
be processed. When the server is done processing a response is being yield
back to the device with either some resulting data, or just a success message.

In a GET request the server is only asked to give data back to the device
without any data being sent to the server. When these different endpoints
are being called from the device the server will perform various processes
depending on how the API is developed.

Apple iOS application

An Apple iOS application was developed in the native iOS platform language
Swift. To meet requirements and [4] presented in appendix [Al This section
describes the implementation of the [PS]and how the application is used to
position the device.
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4.2.1 Create a new group
Point [2]in the requirement specification (appendix [A) states that one function-
ality of the application is to create new groups. When a new group is being
created a set of machines should be selectable and different|Received Signall
[Strength Indication] (RSSI) values mapped to it. Figure [4.1]show the flow chart

for the creation of a new group.
Get machines Map beacon
Start from server Set group name
(GET request)

(—[ Sort beacons data ](7/Store beacon data
Send group data
Choose machines to server
(POST request)

Figure 4.1: New group creation flow chart

>= 3 beacons
in range?

Get machines

To be able to choose machines for a new group they first need to be grabbed
from an Azure Cosmos database container. The server is taking care of the
database handling, which means the application will get the machines from
the server with a HTTPs GET request. The API endpoint that is being called
is .../api/machines/all. In the application this request is handled with the iOS
ResourceUrl API.

On a successful request all machines are loaded into the application. These
machines are then being presented to the user in a list. The entries in the list
is selectable via a touch action, where the selected machines is mapped to

28



Automatic retrieval of data for industrial machines with handheld devices
Linus Sjébro 2021-06-17

the group. A machine can be used in several groups, so the machines’ IDs
are stored in the group.

Set group name

For a group to be easier identifiable by a user, a name is set for it. In the
application a text field is filled with the name and then being sent to the server
with the rest of the data.

Map position

A group is the part of the system that is being identified as a position in
the undefined space and need position fingerprints tied to it. This mapping
is the offline phase in a fingerprint-based system. Nearby [Bluetooth Low|

(BLE) iBeacon signals is picked up in the application with the iOS
CorelLocation API.

The positions are being manually mapped within the application’s user inter-
face. Since the fingerprints that being used by the server are based on three
[RSSI|values, a criterion is set where at least three iBeacons must be in range
to be able to map a new position to the group. If this condition is not met, a
warning modal is being showed to the user and the data will not be collected.
When the condition is met a snapshot of the nearby iBeacons is collected and
the data is being cleaned. In the cleaning only the and minor values
from the iBeacons is saved. Listing [1| present an example of the formatted
iBeacon data.

[ {"rssi": -80, "minor": 12},
{"rssi": -22, "minor": 9},

{"rssi": -44, "minor": 14} ]

Listing 1: Formatted iBeacon fingerprint

For each collected snapshot the data is being inserted in a 2D array, which is
being presented in Listing 2|
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[
[
{"rssi": -80, "minor": 12},
{"rssi": -22, "minor": 9%},

{"rssi": -44, "minor": 14}

[
{"rssi": -41, "minor": 5%},
{"rssi": -11, "minor": 9%},
{"rssi": -68, "minor": 14}

1,

[
{"rssi": -12, "minor": 7%},
{"rssi": -4, "minor": 4},
{"rssi": -10, "minor": 1}

Listing 2: A set of collected fingerprints for a group

Send data to server

When a name is set, machines selected and iBeacons data mapped the group
is ready and can be sent to the server as aJavaScript Object Notation| (JSON)
object. This is done against the server AP| endpoint .../api/group/create with
a HTTPs POST request, where the iOS ResourceUrl API takes care of the
request in the application. Appendix [B| presents an example on a full data
example of a new group.

4.2.2 Display machines for a set position
This section describes how the application takes the current position and
display its mapped data, which fulfil the project requirements[3|and 4] (appendix
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[A). Figure presents a flow chart that shows how the device is being

positioned and corresponding data displayed.
Send beacons
to server
(POST request)
Warning modal

Start Regd Beacgn
data in real time
Get machines
Display machines for position
(POST response)

Figure 4.2: HTTPs post request flow chart how to get machines from server

>= 3 beacons
in range?

based on the current position

Reading of nearby beacons

As illustrated in Figure [4.2] the first part to get the machines for the current
position is to read the nearby iBeacons. This is done with help of the iOS
CoreLocation API. The application constant read all nearby iBeacons, but it's
a user decision when to manually map against a position.

The mapped fingerprints stored in the groups is made on the values from three
iBeacons. Because of this, the application needs to control that at least three
iBeacons are in range. If the condition is not met a modal will be shown to
the user and the scanning for nearby iBeacon will continue. If the condition is
met all the data for the nearby iBeacons will be collected and cleaned. In this
cleaning step the RSSI|and minor values is being stored in a[JSON| formatted
array, in the same format as Listing [1] above.

Send and retrieve data

When the data is cleaned it will be sent to the server with a HTTPs POST
request controlled with the iOS ResourceUrl API, where the JSON| data is
stored in the body of the request. The server is processing the data, and then
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returning the machines for the positioned group in the response message of
the HTTPs POST request. A list presentation of these machines is then being
presented to the user.

Backend server

For the developed application a server that takes care of the classification,
creation, and data handling is implemented. In this section the implemented
functionalities for the server software are being described. Together with the
application the server helps to solve the problem statement in section and
to fulfil goal [3]in section[1.4]

Group creation

When a new group is created with the application the server API endpoint
.../api/groups/create is called, which is a HTTPs POST request endpoint.
Figure presents the flow chart when a new group is created.

Data from device . .
Start (POST request data) /%’ Group ID creation /L)| Sort iBeacon data
Create new item in ) .
PO?T resporse Azure Cosmos DB Crealte fingerprints
with "Success" msg . from iBeacons data
with group data

Figure 4.3: New group creation flow chart

Data preparation

Since the server takes care of the group creation against the Azure Cosmos
Database, the ID is not created by the application. A [Universally unique|
lidentifier] (UUID) is created by the server when the API endpoint mentioned
above is called.
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Fingerprint processing

In the iBeacon data that comes from the application the data it not formatted
in the right way and looks like the example presented in Listing 2| To form
a fingerprint this data need further processing where it's being cleaned and
sorted into an integer array with the format presented in Figure [4.4]

Minor value for strongest iBeacon

l 1st strongest RSSI

2nd strongest RSSI
3rd strongest RSSI

Figure 4.4: Format of group fingerprint

Only the minor value from the strongest iBeacon is saved together with the
top three strongest[RSSIvalues. After this operation, the values from Listing
looks like listing [3| below.

[9, -22, -44, -80]

Listing 3: Single fingerprint after cleaning and sorting

In the sorting operation each iBeacon data object is inserted in a fingerprint
array with the format presented in Listing 3} When all the data presented in
Listing |2 has been processed, the final fingerprints for the groups looks like
the example presented in Listing
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(9, -22, -44, -80],
(9, -11, -41, -68],
(4, -4, -10, -12]]

Listing 4: Multiple processed fingerprints to be stored in the new group

These fingerprints are being stored for later use in the online phase of the
system, where the positioning is conducted.

Database

When all data is being prepared and processed it’s inserted into the Azure
Cosmos Database as a new record. How the data is formatted when it’s being
sent to the server, see appendix [B] that present a whole group data object.

4.3.2 Mapping a position
A position is set when a call is made to the server HTTPs POST API endpoint

.../api/machines/. Figure present the process of mapping a position and
returning the machines.
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Start Co"eCtZ‘;SeaCO”S Prepare data ]—)[ KNN prediction

‘ Machinesl l
Filter machines ) }
on KNN predicted Pull machines from Predicted
Cosmos group ID
group

Filtered Send machines data
machines to client

Figure 4.5: Flow chart of the process to set a position and return the corre-

sponding machines

Data processing

The collected RSS]| values from the device is being sent to the server via the
above mention API endpoint. Before this data can be used to classify the
position with help of [K-Nearest Neighbour] (K-NN), it needs to be prepared. In
this preparation the data is being transformed to match the style of the offline
stored fingerprints. Listing [5] show the raw data that is being delivered from
the application and Listing [6] show the processed data.

[{"rssi": -20, "minor": 5},
{"rssi": 66, "minor": 7},

{"rssi": -84, "minor": 4}]

Listing 5: Raw collected iBeacons data from the application
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[5, -20, -66, -84]

Listing 6: Precessed data to match offline fingerprints

In this processed data presented in Listing [6] above the major value of the
iBeacon with the strongest[RSSI|value is saved followed by the three strongest
values.

This formatted data is now the online fingerprints that will be classified with
the help of the offline fingerprints stored in the groups.

KNN testing

[K-NN| need to test on already existing data before it can predict any groups.
This data is all mapped fingerprints in every created group. In Figure [4.6|the
process of testing a[K-NN] classifier with the correct data is presented.

Get groups data
Start _)[from Azure CosmosH Clean the data H Cleaned data /4
Test KNN ](—‘

Figure 4.6: K-NN testing flow chart

First the data is being collected from the Azure Cosmos Database group
container. After this the data is prepared, so it can be used in the K-NN| testing.
For every fingerprint the corresponding group ID and the fingerprint itself is
being stored in an array, illustrated in Figure [4.7]
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Group fingerprint
Group ID

o | ]

Figure 4.7: Illustration of K-NN test data

After the data has been collected, it's divided in two separate arrays. One
with only the IDs and one with all the fingerprints. In this format can be
tested with the fingerprints and matched with their true groups.

KNN classification

When the data is processed, according to the data preparation step above,
and are in the fingerprint form it can be used to predict the position of the
device. The prediction is made with the [K-NN] classifier that control the online
fingerprint with the three nearest offline fingerprints, that will say k = 3. From
the classification, the offline fingerprints that is closest to the online fingerprint
will set which group the device is being predicted to. The prediction then
returns the ID of the group.

Filter machines

First, all machines are being collected from an Azure Cosmos Database
container. After this, all machines are being filtered on the resulting group 1D
from the [K-NN] prediction.

Response data

When all machines are filtered a collection of the data is being sent back to
the application, which is done in the HTTPs POST response. The application
then takes care of the data presentation to the user.
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Results

In this chapter the resulting application is presented followed by the results for
the application tests.

Software design
This section presents and shortly explain the resulting software design.

Group creation

Figure present the data flow how a new group is created. As explained in
section[4.2.1] a new group is created in the iOS application. In this new group,
a set of chosen machines is selected as well as a name. In the application a
number of data points based on iBeacons data is mapped against the group.
These data points are, in the server, converted to fingerprints and stored in
an Azure Cosmos Database.

Application

Choose machines [ Map positon [  Create group

W B W

Figure 5.1: Resulting software design to create a new group

Details about the implementations for a new group is being presented in
section4.2.1land[4.3.1
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Show machines for position

When a set of groups is created and mapped in an environment, the developed
iOS application can be used to position the device. In Figure [5.2]the data flow
how a device are being positioned is presented.

The Apple iOS application collects the nearby iBeacon signals and send
these to the server for further processing. In the server, the location is being
determined from the collected signals with the help of [K-NN| classification.
From the classification, a predicted group (of which the device is probably
located in) is used to filter out which machines to send back to the device.
These machines are then retrieved by the application and is presented to the
user.

Application Server -

Read beacons —> Store RSSI m

Collect beacons Get groups
RSSI from database
Send data POST request Classification with

to server KNN

¥ ap

Retrive data <& POST response Get predicted
from server - ‘ group
Display data Get and sort

machines data

Figure 5.2: Resulting software design to position a device in a group

More details and explanations of the implementation is described in sec-
tioni4.2.2 and 4.3.2
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Apple i0S application
This section presents the resulting implementation of the Apple iOS applica-
tion.

In Figure [5.3athe result of the application screen to set a position and show
the corresponding machines is being presented. Section describes
technical details how machines is being presented when a position is set.

Figure present the application screen to look at the details for a machine.
This screen is meant to present the documents and real-time process data for
a selected machine, which is not being done in this thesis.

Figure present a screen that shows all nearby beacons with its value that
the application can read.

In Figure all created groups is being presented. From this screen the
details about a group can be viewed, presented in Figure[5.3€] Another feature
is to create new groups within the application, which is being presented in
Figure [5.3f, How the new group feature is implemented is being described in
section4.2.7]
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Figure 5.3: Application screens
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Positioning

The positioning test is conducted for three different groups, blue, yellow and
brown, that was set to be created. Each of these groups has a total of nine
fixed points. The groups are being created with two different numbers of
mapped fingerprints per point. First one fingerprint and later four fingerprints
per each of the nine points. The created groups are then used to position in
which group the device is being located in. For each point in each group ten
measurements are taken when the device is being positioned. Each group
is then tested three times. The result for each point is the majority predicted
group from the ten measurements and three test runs.

Measurement results per point

This sub-section presents to which group each point measurement has been
classified. In the presented results the measurements for one fingerprint and
four fingerprints per point is being compared.

Blue group

In Figure it's shown that the blue group does get predicted most of the time
for both one and four fingerprints/point. It's also shown that the brown group
is almost never predicted. This can be explained by the location of the yellow
group, which is closer than the brown group. Between the area of the blue
group and the yellow and brown there was a large concrete wall. Beacons far
away would be more affected by going through this wall than nearby beacons
would, which is the case for the yellow group.
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Point measurements prediction in blue group

Yellow A

Blue -

Resulting group on measure

Brown A

1 2 3 4 5 6 7 8 9
Measured points

= One fingerprint/point Four fingerprints/point
Figure 5.4: Measurement result per point for blue group

In the cases where the yellow group is being predicted it can be explained
by the beacon’s placement. At certain points beacons far away from the blue
group, and closer to the yellow groups, has a clear line of sight. A result from
this is that nearby beacons have a weaker signal than beacons far away. This
explanation is true for both one and four points since the beacons has the
same arrangement.

Why the brown group get predicted at all has its explanation in signal fluc-
tuation. If the signal of nearby beacons fluctuates a lot it will make a false
prediction, that can be of a group further away.

Yellow group

In the yellow group the fluctuation is low with the majority calculated groups
which is shown in Figure 5.5 This is a result of a more open space where the
signals are not being reflected by any walls, as well as more beacons are in
range with a clear line of sight, which will give a better prediction accuracy.
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Point measurements prediction in yellow group

Brown A

Resulting group on measure

Yellow A

1 2 3 4 5 6 7 8 9
Measured points

= One fingerprint/point Four fingerprints/point
Figure 5.5: Measurement result per point for yellow group

Since the brown and yellow group is close to each other minor fluctuations in
the [RSS]|signals can cause the classification to predict the wrong group
in some cases, as seen in Figure 5.5

Brown group

In the predicted points for the brown group presented in Figure [5.6] the resuilt
is not as self-explaining. As seen in the figure, the blue group get predicted
at two points. This has to do with similar[RSSI values of the beacons, where
beacons near the blue group, and beacons in or near the brown group has
similar values. A result from this makes the prediction more unstable with the
different mapped fingerprints in the groups.
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Point measurements prediction in brown group

Blue -

Yellow A /
Brown A /

1 2 3 4 5 6 7 8 9
Measured points

Resulting group on measure

= One fingerprint/point Four fingerprints/point
Figure 5.6: Measurement result per point for brown group

With one fingerprint/point the prediction is only correct in the first point. This
has the same explanation as in the beginning of this sub-section, that the
[RSSI|values can fluctuate so much that the outcome of the prediction changes.
The prediction is stabilizing with four fingerprints/point because there is more
data to predict against, and signal fluctuations doesn’t have as large impact.

5.3.2 System accuracy
Figure presents the accuracy of the testing for each group with one
fingerprint/point and four fingerprints/point, as well as the overall accuracy.

45



Automatic retrieval of data for industrial machines with handheld devices
Linus Sjébro 2021-06-17

One vs four fingerprints per point and totalt accuracy

100

80

60 A

40 A

Correct prediction (%)

20

Blue Yellow Brown Overall
Group

HEE One fingerprint/point I Four fingerprints/point
Figure 5.7: Total accuracy per group for one and four mappings

As seen in the right most part of Figure the overall accuracy of four
fingerprints (75%) is higher than one fingerprint (44%). These differences are
a result of how well the system can predict the location of the device. With one
fingerprint/point the position is sensitive to signal changes, since there is only
one mapped fingerprint at each point in the created groups. The [K-Nearesf|
Neighbour] (K-NN) classification also has fewer fingerprints to test on which
will make the prediction more uncertain.

With four fingerprints/point the accuracy is higher, since the prediction is
not as sensitive to signal fluctuation because there are more fingerprints to

test against. This means that the [K-NN| classification is able to make better
predictions.
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Discussion

This chapter presents the discussion around this thesis project. It starts
with a discussion about the implemented [[ndoor Positioning System| (IPS) in
general. Following this the implementation of the Apple iOS application and
the backend server is being discussed, which then leads to the result and is
being topped off with ethical and social aspects.

Indoor Positioning System

An implementation of an is the core of this thesis work. By developing
an ([P application indoor positioning is possible without any GPS signals. To
develop an advance and complex application without any form of backend is in
most cases not a good idea, since the system gets locked down to the chosen
platform. In cases where new platforms are going to be implemented into the
system the application would need a lot of work because of its complexity.
It would also lead to higher costs since it takes longer time to develop. A
backend-based system would reduce the application complexity and make
the adoption for new platforms easier.

When it comes to [PS]s itself, it's mature enough to be implemented in real
scenarios. There are some obstacles with these systems such as positioning
accuracy and the requirements to keep the system updated with both main-
tained hardware and radio maps. The [IPS]in this thesis work was a
lof concept| (PoC) application to show the possibilities with a system like this,
and how it can be implemented. The environment where this system will be
implemented and used is in large industrial environments. These environ-
ments are changing from time to time and means that new site surveys need
to be carried out to keep the radio map updated. This is factor to take into
consideration when implementing a system like this.
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Software development
The developed [PoC| system consist of two parts. An Apple iOS application
and a backend server.

Apple iOS application

Since the developed software was a [PoC] application, some functionalities
have been left out by purpose. The Apple iOS application has no security
against the developed backend server, which would need to be implemented
in a real production application. This to protect the APIs from unauthorized
access and make sure the data transmitted between the server and devices
is safe.

Also, some parts of the application are not needed in a production state, except
for power users and admins. These features are the ability to create new
groups and to control which beacons that are being read by the application.
If these functions were available for a regular user, they could cause some
significant damage that would need to be fixed. A user could for example
delete a group by accident. The deleted group would then need to be recreated
again with all its work.

The developed user interface that’s presented in the result is a good start. It
does however need some more work to make a better user experience and to
show relevant information.

Backend server

Just like the application, the backend server contains some parts that would
not be necessary in a production environment. Also, some parts of the server
are neither best practice nor optimized.

When a position is being set by a user in the application the server would
be called and return the position with help of [K-Nearest Neighbour| (K-NN).
This [K-NN| algorithms is being trained at every new request to the localization
endpoint. If this were implemented in a real production, it would not be a
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suitable solution. The [K-NN|should only be trained if there are any changes to
the existing data, such as a new group or additions to an already existing one.
But in testing purpose where new groups were created often this approach
was necessary.

When the different endpoints in the server is called, the server will download
data from the Azure Cosmos Database every time. This could be avoided by
instead cache all or some of the data. This would save money in the long run
since each request against Azure is a cost.

Test results

As presented in section [5.3] the test showed that four fingerprints per point
gave the highest accuracy. When there is only one fingerprint per point, the
measurement for that point will get unstable because of signal fluctuation.
This means that the point only has one value to relate to, except its neigh-
bours, when [K-NN]does its prediction. In the case where each point has four
fingerprints, [K-NN| foremost has more data to predict against. But it can also
accept fluctuations in the [Received Signal Strength Indication| (RSSI) values
when positioning, since there are more fingerprints to compare against. The
results also shows that even when a point is being scanned far away from
another group the prediction can be wrong and locate a group far away. This
does mostly depend on the fluctuates of the RSSI signals from the iBeacons,
but also how the signal is being interfered by different obstacles.

Other works done in the area showed that a high accuracy is hard to achieve
with an [IPS] To be able to get a high accuracy a stable signal is a very
important factor. With Bluetooth Low Energy|beacons, which are low powered
devices, the signal can fluctuate a lot because of its limited power. If it does
the positioning can be affected, which was shown by the accuracy in this
thesis result. Related work showed that an implementation of a Kalman or
Gaussian filter will make the prediction of the positioning better, and more
accurate since the unstable [RSS] signals are being smoothed out. It was
also shown in the related work that they got a higher accuracy than in this
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project. This can depend on the model of Beacons used, differences in the
implemented systems and the testing setup. Most of the related work did test
in an open environment such as a large hall or library. In these environments
there are fewer obstacles that can affect the signals.

The area where the tests was being conducted cannot really be used as
a guidance how well an works, since it differs so much from the real
environments where this technique would be used. The best suitable solution
for testing is to perform these in the right type of industrial environments,
which was not possible in this thesis due to the Covid-19 pandemic.

Another placement of the beacons could be tested to see how well the system
would perform. For example, the beacons could be placed around and closer
to the groups that will be created. However, to do this, the groups must be
determined before the beacon network is being deployed in the environment.
With a different placement the fluctuation of the signals could also be lower
because of fewer obstacles that will interfere the signals. This could result in a
better performing positioning and could be further tested in a real environment
implementation.

In previous conducted research it's shown that in a fingerprint-based position-
ing system the captured [RSS]|signal can change between different devices.
This is something that has not been taking into consideration in the developed
[PoClsystem in this thesis project. But it does need further research and testing
to be proved to cause problems in an implemented system.

The results do however give a pointing finger what to be expected in terms of
accuracy in an[IPS]

Ethical and social aspects

Ethical aspects are always important in a positioning system. Technically a
positioning system that use positioning data from the device can be used to
track the end users. If the developed system run all calculations on-device
this is not an issue, since no data leaves the device. But with a system where
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data is sent to a remote server this is a consideration. If these positions
are mapped to an x, y-coordinate the user can be positioned and therefore
surveillance of the users can be implemented. With this in mind it’s always
important to inform the users what kind of data that is being used and in which
way.

With the developed [PoC|application this is not an issue since the fingerprints
are not being mapped against a coordinate. The application can therefore be
used with a good security policy that the users can trust. On the other hand,
the application uses localization functions that might be possible to be used in
the other way. A sender might snap up that a specific device is connected to
it and can track the user that way. Since protecting the end users is always
a high demand and makes up for a good security the system needs to be
secured in good ways. This includes the communication between the device
and the server, so the connection cannot be eavesdropped, and sensitive
positioning data used by third parties, which would then interfere with GDPR.

The developed system is this project does also affect social aspects in some
manner. To maintain a system like this that need constant maintenance
there will always be a trade-off between benefits and cost. If a person going
to maintain the system, this person will be a cost that is involved with the
operation of the system.
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Conclusion

An[Indoor Positioning System| (IPS) has been implemented to test what can
be achieved for a positioning system where GPS cannot be used. This thesis
project has shown that a fingerprint based [[PS| with [Bluetooth Low Energy]
beacon transmitters can be used to positioning a handheld device in an indoor
environment. The positioning accuracy is acceptable and shows that a system
like this can be deployed in a real industrial environment.

Project summary

Knowledge has been gathered how an[IPS|works, according to goals [{], which
made the goal fulfilled. With this knowledge an[IPS could be designed to meet
goal [2 which then would be implemented.

To be able to meet goal [3|a working [[PS|needed to be implemented in a[proof]
of concept (PoC) Apple iOS application which has been done. This goal has
therefore been met successfully.

To see how well the implemented and the system performed, it
needed to be tested. With this test the performance could be evaluated, which
means that goal [4] has been met. This means that all goals in this thesis
project have been fulfilled with a good result.

The project’s statement that was set at the beginning of the project has also
been able to be fulfilled. First the statement is answered in the motivation of the
design choices made (section and last the [PoC| application implemented
in chapter [4] showed how this was done.

Project validity
The validity of the project can be set to class two out of a total of three. So, it’s
at an intermediate level with the following explanation.

Due to the way the tests were performed the results from them can give a
pointing finger how the implemented system works. Fully knowledge about
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this would be to test the system in a real industrial environment, that has both
larger areas and industrial obstacles. Only then could the accuracy and the
real result be seen in its full picture.

When it comes to the implemented system it could be implemented in a real
production scenario with some more work, which is being described in future
work below.

Future work

[PS]s has a bright future and is a technology that will be adopted more and
more in the future. The result of the system developed in this thesis work
is in its simplest form. LKAB will probably use this technology and continue
to research and test in the area of indoor positioning. So, this means that a
future work on this project is possible and has a chance to be adopted in real
production environments.

In the developed system security is not taken into consideration between the
device and the backend server. Here a better security and signing of devices
that only belong to LKAB is a large part that need to be implemented. The
positioning itself could also be refined to better and more accurate position
the device. To achieve this the software first need to be tested in a real
environment to evaluate how to continue the development.

Another part that would need to be refined is the presentation of the created
groups. If the system is going to be used, the number of groups would be large.
So, to have all groups visible at all times would be a bad user experience.
Here the groups should be filtered depending on which plant and building
the device is located in. This could be done with the major value from the
iBeacons.

The same problem would occur when creating a new group. All machines
available will make a huge list that would be hard to search in. Here the
beacon major value could also be used to filter out the relevant machines.
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When it comes to the backend server, it could be further developed. One
thing that would need to be overseen is how requests is made to the Azure
database, since each server request trigger a database query. This would
end up in high bills since Azure is charging for every query. How [K-Nearest|
[Neighbour| (K-NN) is tested would also need to be changed. [K-NNis being
tested on each server request to the API endpoint that predict the device
location. Instead, it should only be tested when new groups are being created,
or already existing ones is being changed.
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Requirement’s specification

1. Develop a |proof of concept| Apple iOS application that implement an
[Indoor Positioning System|

2. Create groups that maps to a location and assign machines to the group

3. Be able to position a smartphone in indoor environments without GPS
signal

4. Display data on a mapped location in a smartphone application
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New group data output

”id"E\”aObchf1—7d77—4d36—afce—615cc1632ea0”L
”name“B "New group name"@
”fingerprints”m [
[9, -22, -44, -80],
o, -11, -41, -68],
(4, -4, -10, -12]
]
”machines"B [
"c2796570-3016-4a10-ab0b-3d875d6d5a9f ",
"ab6ba941-1068-47c8-a2ad-cf1bb59c7ced9"
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