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Abstract
Received Signal Strength Indication (RSSI) fingerprinting is a popular technique in the field
of indoor positioning. Many studies on the subject exist acknowledging Wi-Fi signal variation
connected to Wi-Fi signals, but does not discuss possible signal variation created by
connected devices nor consequential precision loss.
Understanding more about the origins of signal variation in received signal strength indication
(RSSI) fingerprinting would help deal with or prevent them as well as provide more
knowledge for applications based on such signals. Environments with a varying number of
connected devices would benefit from knowing changes in localization precision resulting
from the devices connecting and disconnecting from the access point because it would
indicate whether workarounds for such circumstances would be necessary.
To address this issue, the work presented here focuses on how the precision of RSSI
fingerprinting vary given different levels of connected Wi-Fi devices. It was carried out by
conducting real world experiments at times of low- and normal levels of connected devices to
access points on two separate locations and evaluating precision changes between stated
activity levels. These experiments took place at the University of Borås as well as at Ericsson
in Borås.
Experimental findings indicate that the accuracy does deteriorate in higher levels of activity
than in low activity, even though not enough evidence to determine the precision of
deterioration. The experiments thereby provide a foundation for location-based applications
and services that can communicate the level of positional error that exist in different
environments which would make the users aware but also make the applications adapt
accordingly to different environments. Based on the precision achieved, we identify various
applications that would benefit from our proposed model. These were applications that would
track mobile resources, find immobile resources, find the movement flows of users as well as
navigation- and Wi-Fi coverage applications.
Further research for investigating the exact correlation between access point stress and
precision loss is proposed to fully understand the implications connected devices have on
RSSI fingerprinting.
Keywords: RSSI fingerprinting, Connected devices, Indoor positioning, Indoor localization,
Suitable applications
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1 Introduction
In the age of automation and ubiquitous computing, the need for context-aware applications is
increasing. Said applications use different forms of context in order to deliver relevant and
helpful information for its users, e.g. time, interests, calendar appointments or location. These
can separately or together form context useful for a user in order to, e.g., save time and get
information the user wants (Bisgaard et al 2004).
Location-based services are a way of delivering context for applications and already exist in
consumer-ready applications, for instance Google Now. In order to deliver relevant
information such as current weather-, traffic- or travelling information, a rough estimation of
the user’s position is required (Hill, 2016).
In collaboration with Ericsson, a multinational company that specializes in network and
cellular infrastructure, several indoor positioning functions with intent to improve work
conditions have been identified. These functions, sometimes regarded as use-cases in system
development include the following:






Finding and booking a nearby available conference room
Finding and using nearby equipment such as printers
Find where the next booked meeting is taking place based on the current location
Being able to report malfunctioning equipment and materials at the current location
Notification of when it is time to walk towards the next meeting to get there in time

In order to realize many of the previously mentioned functions, there is a need for indoor
localization of the user in relation to the resource in question. Moreover, each function require
different levels of accuracy, from a 2-3 meter radius in the case of reporting malfunctioning
equipment, to room level in the case of being able to be notified when it is time to go to the
next meeting, or building section or floor level in the case of finding nearby available
conference rooms.
To further develop context aware services, these positioning services need to be able to work
well indoors, a problem which in consumer products nowadays cannot be achieved via Global
Positioning System (GPS) nor other satellite positioning systems. Even though GPS and other
satellite systems can deliver excellent outdoor positioning, they do not deliver an adequate
level of accuracy indoors even though localization requirements are different for different
kinds of applications.
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1.1 Background
The reason why GPS cannot attain a sufficient level of accuracy indoors is due to signals
getting blocked by buildings and their different materials, which result in signal multipath,
high attenuation and signal scattering (Mautz, 2012; Khodayari et al., 2010). Furthermore,
temporal variation due to, e.g., presence of people and opening of doors, make satellite
positioning indoors an insufficient solution (Mautz, 2012).
Mautz (2012) proposed that indoor positioning methods could be classified into 13 different
technologies. These technologies included cameras, infrared light, tactile and polar systems,
sound, radio-frequency identification, inertial navigation, magnetic systems, Wi-Fi amongst
others.
Each technology would perform differently when it came to accuracy, coverage, price and
typical applications, and since most of these technologies require special equipment and
hardware, this study focused on Wi-Fi technology. Since the infrastructure for Wi-Fi access
points is available at most homes and offices, it was deemed most suitable for achieving a
solution that could work in many different environments at a low cost and without significant
infrastructural changes.
When locating a device with the use of Wi-Fi, there are according to Tian et al. (2013) three
typical techniques; time of arrival, angle of arrival, and Received Signal Strength Indication
fingerprinting (commonly known as RSSI fingerprinting).
Time of arrival is based on measuring the time for a radio signal to travel from a radio
transmitter to a receiver (Mautz, 2012). This relies on the clock of the devices (both sender
and receiver) being synchronized as well as a known traveling velocity for the signal (speed
of electromagnetic waves). Even if the times differ by a nanosecond, it could result in a
distance error of 30 cm. Furthermore, knowing the signal speed indoors is another difficulty,
since there are walls, doors, people, and other obstacles in different materials which can
reflect or absorb the signal (ibid.).
Angle of arrival is a way of determining a position by measuring the angles of which the
signals are arriving relative to the receiving device (Mautz, 2012). By determining the angles
of multiple signals reaching the receiving device in position can be calculated using
triangulation.
Both of the above mentioned techniques does however demand hardware other than standard
laptops or smartphones, devices that are found in normal home and office environments.
RSSI Fingerprinting is a technique for positioning users indoors by creating a radio map
containing reference points of a limited area with RSSI strengths from available access points
(Quan et al., 2010), shortened in this thesis as APs. The RSSI values are measured in decibelmilliwatts (dBm) and the position of a device can then be predicted based on a supplied set of
RSSI strengths. The signal strength of Wi-Fi APs usually scales from around -20 dBm as
direct output from the AP to around -100 dBm at the lowest received signal strengths in
consumer smartphones. These strengths can however differ between different sending and
receiving hardware and the correlation between distance from AP and signal strength is not
linear (Faria, 2005).
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The phase of creating the radio map, referred to as the offline phase, consists of measuring
and saving the received signal strength from every AP at a certain reference point (RP), as
illustrated in Figure 1.1 below. A RP represents a specific indoor position and the set of signal
strengths available at the RP thereby represents a unique fingerprint for that location and are
saved in a database.

Figure 1.1 A reference point (red circle) is defined by the signal strengths of all available access points (green
circles) at a given location.

The phase of predicting a position based on a set of signal strengths, is also called the online
phase. It predicts the position of a user by finding the set of signal strengths in the radio map
which is the most similar to the set of signal strengths at the position (which is illustrated in
Figure 1.2 below), and this is usually accomplished through different machine learning
techniques.

Figure 1.2 Sample of data used when predicting positions using RSSI fingerprinting. A device supplies a set of
signal strengths, and the position is determined by finding the most similar signal set in the radio map.

The main concern regarding RSSI fingerprinting is the manual and time consuming process of
creating the radio map. There is also a risk of making the radio map inaccurate if the indoor
environment changes, e.g., by moving furniture around or taking down walls. The reason for
this is that furniture can block the radio signals, which can result in RSSI values changing for
certain RPs. It is therefore important to keep the radio map up to date and representing the
real world (Mazuelas et al. 2009).

1.2 Related work
One of the most well-known implementation of RSSI fingerprinting was done by Bahl &
Padmanabhan (2000) in a system called RADAR. Their research showed it was possible to
build an indoor positioning system with a median error distance of 2-3 meters despite the
hostile nature of radio channels. The study was conducted using an external Wi-Fi expansion
card for laptops, and different propagation models are selected based on the varying
conditions and signal fluctuations during a normal day. There was a brief mention of the
problems with signal fluctuations due to the varying number of people in a building, but not in
terms of AP stress levels. AP stress describes the amount of connected devices and the stress
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they cause to the finite processing power of an AP, whereas the article rather focused on the
temporal effects people and their movements cause.
Significant hardware improvements have been made since the year of 2000, and today Wi-Fi
networks are more widely used, and not only laptops are able to connect to these since the
emergence of smartphones. It is therefore understandable that the authors discussed the effects
of the presence of people rather than the influence of AP stress.
Faria (2005) displayed the signal attenuation of Wi-Fi signals over distance from an AP. As
can be seen in Figure 1.3 below, the signal strengths at 10, 20 and 30 meters from the AP does
not follow a linear pattern, where they actually are at around -60, -70 and -75 dBm. The
correlation between signal strength and distance clearly is not linear, which means that the
signal strength difference between two points at a given distance from each other do not have
a linear correlation, and that it diminishes as the distance from the AP increases.
The alpha variable in Figure 1.3 is known as the path loss exponent and describes the
environment of the experiments carried out in the article. The alpha of 4.02 (solid line)
represents a normal indoor environment with walls, doors, furniture and other normal signal
obstacles, while the dotted line represents the signal attenuation in free space, which has an
alpha-value of 2.0.

Figure 1.3 Wi-Fi signal strength attenuation over distance (Faria, 2005).

Viel & Asplund (2014) have identified that even though RSSI fingerprinting has been around
for some time and there are many researchers that claim to have found a solution, something
is “holding a successful deployment back”. One of the concerns the researchers mention is
that different devices can have a RSSI variation of up to 12 dBm on the same location, which
makes crowd-sourced solutions hard and demand algorithms that can cope with these
conditions. They also present a graph to display the RSSI variation on a static point, but it is
unclear in what timeframe and under which conditions the test was done. Conditions such as
the amount of connected clients and the stress of each AP were not mentioned.
Several articles e.g. as Tian et al. (2013) as well as Chen et al. (2013) have proposed ways of
dealing with the signal variation of the RSSI, but neither of them investigate the reasons why
they exist.
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Existing work reviewed during this thesis is rather ambiguous regarding their execution and
there is a risk that they may have taken place in isolated- or laboratory experiments, where
many connected devices never became an issue and some even are straightforward about such
circumstances. For instance, Bahl & Padmanabhan (2000) used three computers with wireless
access as APs instead of connectable Wi-Fi routers or hubs, which resulted in an isolated
experiment where connected devices could not be an issue. Largely however, not much detail
of environmental conditions can be found in the research, and even though there have been
articles discussing signal fluctuations, the interest from the field of finding out when or why
they appear seem absent.
To summarize, some of the research made in the field are mentioning the variation of Wi-Fi
signals, some of them even try to resolve the problems that occur because of them, e.g. Tian et
al. (2013) and Chen et al. (2013). Few of them however try to explore the reasons of the
signal variation, none of which (to the authors’ knowledge) in terms of the influence of the
number of connected devices and stress on an AP.

1.3 Problem statement
Indoor localization enables a new area of context aware applications, which is sought after by
companies such as Ericsson and Google. Many studies on indoor positioning have been
carried out, none of which to the authors’ knowledge discuss the correlation between
connected devices and precision of predictions.
In order to understand how to make RSSI fingerprinting a good enough solution for indoor
localization in environments with varying number of connected devices, we argue the
importance of knowing the influence these variables may have on indoor localization
predictions. Knowing more about the origins of signal variation in RSSI fingerprinting would
help deal with or prevent them as well as provide more knowledge in the area. Environments
with a varying number of connected devices would benefit from knowing changes in
localization precision resulting from the devices connecting and disconnecting from the AP
because it would indicate whether workarounds for such circumstances would be necessary.
The purpose of this thesis was therefore to find out how the precision of indoor localization
using RSSI fingerprinting is influenced by different levels of connected Wi-Fi devices to APs,
these were defined as normal activity and low activity levels. Normal activity would represent
average day to day usage, where the usual number of devices would be connected to the APs,
whereas low activity on the other hand would represent when Wi-Fi usage was low or nonexistent.
To fulfill the research purpose the following research question were to be answered:
How does the precision of RSSI fingerprinting vary given different levels of
connected Wi-Fi devices?
To realize this, experiments in real environments needed to be carried out at different times to
capture the difference between low activity and normal activity on Wi-Fi APs. The results of
the experiments could then be evaluated by looking at how the location predictions of two
experiments change at separate locations and levels of connected devices.
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1.4 Expected results
Based on the related studies in the field, we did not know what results to expect, since none of
the studies previously read had touched upon the possibility of AP stress causing a loss in
prediction accuracy. We had seen that stress on APs could cause significant speed issues,
which seemed natural due to the finite processing power of the APs. This lead to believe that
AP stress could also influence the signal strength sent from each AP, even though a result of
slower responses from the AP instead of weaker signals would not have been unlikely.

1.5 Experimental challenges
Even though the experiments carried out in this thesis may be enough to demonstrate that
precision loss is related to the devices being connected to APs at low and normal activity
occasions, it proved to be a challenge to investigate the exact correlation between connected
devices and the precision loss. Answering the research question would thus be in the form of
indicating whether precision is influenced by the number of connected devices rather than
explaining the connection between said variables.
In order to investigate such a correlation, a laboratory experiment is proposed, where the
number of connected devices could be controlled and monitored. At the same time, the RSSI
levels could be monitored and linked to corresponding predictions in the prediction models,
thus a model for precision loss over number of devices could be produced.
The experiments performed in this thesis took place at two different locations, where a
number of variables, such as localization devices, APs, areas were explicitly explained.
However since these experiments took place in natural settings, there were a number of
uncontrollable and unknown variables, which could potentially bias the results. Since Wi-Fi
signals can be influenced by a large number of variables including air temperature, furniture
and walls, the exact environment for the experiments could not be described nor replicated.
The effects of these unknown variables could have had an effect on the results, and
differences in results between experiment locations would be caused by either them or any of
the known environmental factors.
Usage of K-Nearest Neighbors (KNN) in collaboration with standard deviation was chosen
due to its effective and straightforward implementation. As mentioned in the Related work
section (1.2), there are multiple proposed ways of dealing with variation in the field, but since
the nature of the method in this thesis enabled only a way to establish precision loss due to
activity levels instead of proving the correlation, there was no need for using more effective
methods such as ensemble methods.
Furthermore, the devices used for creating the radio maps were limited to one per location, as
well as the APs in the experiments were the ones already in place at experiment locations.
Previous studies have shown that smartphones of the same brand and model, can differ
significantly in RSSI levels on the same position (Viel et al., 2014), and considering APs of
diverging models have different hardware specifications, even they have various capacity and
react differently to the same amount of connected devices.
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1.6 Thesis outline
The machine learning basics chapter of the thesis describes the concept of machine learning in
general; how it works and what approaches are generally used.
In the methodology chapter the method used to carry out the experiments is supplied as well
as the methods used to collect data and evaluate the results.
The experiments chapter depicts the experiment instances performed in the thesis at Ericsson
Borås and University of Borås. Known and relevant variables as well as circumstances for the
experiments are described in order to understand how they have been conducted.
The results chapter consists of descriptions and tables concerning the outcome of the two
experiments that were performed. They are depicted according to the method supplied in the
methodology chapter. The results are presented for each of the experiments on their own as
well as summarized.
The discussion chapter includes an interpretation of what presented experiment results mean
in order to answer the research question. Furthermore the results are evaluated in order to
understand why results turned out the way they did. Possible applications which would work
in a precision level corresponding to the experiment results are discussed. The method used in
the thesis is evaluated before future research is discussed and proposed.
Finally the conclusion summarizes the thesis and embodies its finding.
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2 Machine learning basics
The positional predictions for RSSI fingerprinting needs a way of finding the most similar
sets of signals in a radio map compared to a given set of signals. This can be achieved in
several ways, and different machine learning (in this thesis shortened ML) techniques are
popular for this type of task (Bahl & Padmanabhan 2000).
ML is a broad term of techniques and algorithms with roots in pattern recognition. Based on
observations, a computer gets the ability to learn without explicitly programming it to solve a
specific problem (Shalev-Shwartz & Ben-David, 2014). Russel & Norvig (2010) describes it
as a way to adapt to new circumstances and to detect and extrapolate patterns.
In today’s society we are surrounded by devices and software that use ML techniques, e.g.
face recognition in cameras, voice detection and commands in smartphones, accident
prevention systems in cars, anti-spam software and fraud detection software in bank
transactions (Shalev-Shwartz & Ben-David, 2014).
It can be categorized into supervised and unsupervised learning, where supervised learning is
to predict output based on seen and labeled training data, and unsupervised learning is to find
patterns in unlabeled data and thereby find a way to describe it (Shalev-Shwartz & BenDavid, 2014).
There are two ways of prediction in supervised learning, where in cases where the output
consists of a finite set of values, such as sunny, cloudy or rainy, or simply true or false, the
problem is called classification. Should the output however consist of real numbers e.g.
temperatures or stock prices, the problem is called regression (Russel & Norvig, 2010).
Some of the well-known ML techniques include artificial neural networks, support vector
machines decision trees and KNN. Artificial Neural Networks have in its construction
similarities with how the biological brain works (Russel & Norvig, 2010). Usage include
finance market, where it can be used to predict stock trends (Bahrammirzaee, 2010). Support
vector machines (SVM) creates a linear hyperplane separating the input. The real world usage
for SVM include computer vision for classifying images (Zhang, Y. & Wu, L. 2012).
Decision trees is a classification algorithm, that builds a tree structure based on input data see
Figure 2.1 much of its usage can be found in medical research. (Kokol et al, 2012).
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Figure 2.1 Decision tree for the problem of whether one should wait for a table at restaurant. (Russel & Norvig,
2010)

There are to the authors knowledge no best technique for estimating the position in RSSI
fingerprinting at the time of writing, but many of the articles in the field use the KNN method
or one of the ML technique described in section above.
Bahl & Padmanabhan (2000) were first to use RSSI fingerprinting in a research environment
and used KNN when predicting positions. This choice formed the following research, and
many of the studies the authors read used KNN when implementing RSSI fingerprinting.
KNN is an algorithm which takes the K nearest neighbors from the training data relative to a
test data point of unknown class, and classifies the unknown data point according to the
majority of the neighborhood, as illustrated in Figure 2.2 below.

Figure 2.2 Illustration of KNN with 4 neighbors and one red unknown record. Majority vote rules that the
unknown record will be classified as a minus.

The K value, also described as the number of neighbors, is the number of neighbors that will
be grouped into a cluster. Different values of K will affect the predictions depending on the
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type of training data supplied to the model, but a general rule of thumb is to use the square
root of the number of data points, as described by Hassanat et al. (2014).
When calculating the distance to each neighbor, different distance functions can be used, e.g.
Euclidean or Manhattan distance. The neighborhood formed in the KNN algorithm use
majority vote to decide which class unlabeled sample should be categorized to. With this in
mind, each labeled sample have a weight, that decides how much influence each sample
should have in voting, and different weight functions can be used.
In pseudocode, KNN can be described as:
// X: training data, Y: class labels of X, : unknown sample
-Nearest Neighbor Classify (X, Y, )
for =1 to
do
Compute distance (X , )
end for
Compute set I containing indices for the k smallest distances (X ,
return majority label for {Y where
∈ }

).

(Tay et al., 2014)
KNN is the most effective in small-medium sized datasets, which can be seen in the pseudo
code above. For each test sample, a loop through the all training points is performed, hence
large training samples makes the algorithm slow.
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3 Methodology
This chapter feature the method used to carry out the experiments of this thesis. The research
method describes the way the experiments were planned. The research design section
describes the way the experiments were carried out in order to reach the results featured in the
thesis. Finally, the research ethics section contains information of how the thesis handled
sensitive information and the role Ericsson had in it.

3.1 Research method
The thesis was carried out by conducting experiments in natural settings (a fixed design
approach). By using experiments the results of positional predictions under different
conditions could be investigated, as stated by Robson (2011). It was deemed more appropriate
to carry out the experiments in real world settings instead of in a laboratory since many of the
factors which influence Wi-Fi signals would have been lost in a laboratory, such as temporal
variation when a group of people pass between an AP and the positioning device, or closing
the door to the room where the AP is located. Indoor positioning is a problem which in many
cases will involve environments with a lot of movement and other temporal variation, which
thus made real world experiments appropriate. The artificiality of laboratory experiments and
thus bias results as a product of it, would be avoided (Robson, 2011).
Experiments were conducted at two separate locations in order to see if different AP setups
and other environmental factors would affect the result of the predictions. This also served the
purpose of making the results more generalizable and increase the validity, since the two real
world locations were independent of each other (Robson, 2011). Variables which changed in
the different experimental locations included the quantity and the type of Wi-Fi APs as well
as different Android smartphones that were used for creating the radio map. Previous work by
Viel & Asplund (2014) showed that different smartphones would give different signal
strengths at the same position, so different smartphones were used for each experiment
location when creating the radio maps. This motivated using the same smartphone for creating
both the radio map as well as the validation points.
The radio map area and size for each experiment location as well as number of RPs were
noted, and an approximation of the number of connected devices at the time of the
experiments.
For each of the locations, two different experiments were carried out, where the only
difference between normal and low activity experiment were supposed to be the number of
connected devices to the APs. Thus, by trying to only change a parameter (level of connected
devices), the experiments would prove the difference between the levels of connected devices.
Since the experiments took place in natural settings, the total control of all variables which
may exist in a laboratory environment, was not obtainable (Robson, 2011). This may have
resulted in some of the unknown variables (which could affect experiment results), to change
between experiments, as discussed in the Experimental challenges section (1.5).
The benefit of using experiments in natural settings however included the ability to generalize
the results (Robson, 2011), and to make the case that, since the results of carried out
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experiments were true to two separate and independent real world environments, they should
work in other real world environments as well.
Experiment results were analyzed using a quantitative approach (measurements), which
would be able to answer the research question regarding precision loss based on connected
devices to APs. By looking at the predicted precision in the ways described in the Result
evaluation section (3.2.5), an answer to the research question would be able to be found.

3.2 Research process
3.2.1 Activity level-finding
To be able to answer the question of how connected devices influence the precision of RSSI
fingerprinting, the experiments had to explore the difference between low (or none) activity
and normal activity on Wi-Fi APs.
A Raspberry Pi was used to measure signal strengths on a static point at Ericsson in Borås. It
scanned all available Wi-Fi networks every second (using wireless-tools for Node.js) and
stored them in an MS-SQL database.

Figure 3.1 Average signal strength for 4 access points during 24 hours, collected by a Raspberry Pi at Ericsson
in Borås.

Figure 3.1 displays the significant improvement in signal stability on times when there were
few or no connected devices in the vicinity of the Wi-Fi networks. The average signal
strengths of 4 APs are displayed over 24 hours at a fixed location. It became obvious at what
time of the day devices connected and disconnected from the Wi-Fi, and based on that,
appropriate occasions for the experiments could be found.
For the experiment at the University of Borås, the low activity experiment took place at a
Saturday, during which none or few people were present in the building and we did not find it
necessary to measure the strength differences over time like in the case with Ericsson, where
access to the building during weekends were limited.
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3.2.2 Data collection
Data collection was conducted using an Android application we developed for radio map
creation. The application consisted of a map view, where the center of the map contained a
pin marking the position that was currently being saved as a reference point. Dragging the
map moved the pin until the correct position was set and the position could be saved by the
press of a save button. When saving of RP was initiated, Wi-Fi networks were scanned before
the RSSI values were saved. In order to make sure no weak or varying signal strengths nor
non-permanent APs would be saved, only a selected number of APs’ signal strengths
available at each experiment site were saved, these are stated in the description of each
experiment. Non-permanent APs such as smartphone-hotspots, smart TVs or other networks
are not always turned on and could even change positions, which would result in an
inaccurate radio map.
Due to the signal fluctuations in different levels of connected devices, it is not possible to
define a position in the novel way that the RSSI fingerprinting is described; a position cannot
be defined by a single static signal strength for each AP, signals for a given position are
dynamic. It is thus not possible to predict a position by using signal strengths in a radio map
where two RPs located 10 meters apart based on a single static RSSI value. Even the best case
signal difference between the two points could be 5 dBm (Faria, 2005), so there is no way to
determine a position in such a way when the signals fluctuate around 12 dBm (as seen in
Figure 3.1).
Thus, in order to capture the standard deviation of the signal variation and define a position by
the dynamic signal variation for each AP, 12 Wi-Fi scans were conducted for every RP. Each
scan took approximately 4 seconds and relied on the getScanResults() function in the class
android.net.wifi.WifiManager found in the Android Software Development Kit.
The reference points for the training data were created in a grid with 2.5m between reference
points defining positions as x/y-coordinates with each axis based on a corner of the radio map
area. Straight after collecting training data, validation points were collected on all reference
points using the same method as for the training data, which resulted in same number of
validations and training points.
3.2.3 Pre-processing
RSSI values were then normalized, changing the range from [-100, 0] to [0, 1] and posted to a
Representational State Transfer Application Programming Interface often referred to as REST
API. The API was developed in ASP.NET Web API 2.
Table 3.1 Example of a data row for position 1, 3. RSSI values from AP1 to APn have been normalized.
Position

AP1

AP2

..

APn

1, 3

0.6

0

..

0.1

The radio maps were then converted into comma separated values files (CSV) to make them
easy to use in the Scikit-learn Python library. Since not all APs were visible at all RPs, but the
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CSV-format demands a value at all columns, 0 was used in those cases. By using 0 instead of
for instance a null-value, the prediction model would become better at handling predictions at
locations with low AP signals. Because an AP can be barely detected at a given position and
not detected at all only meters away, the usage of 0 instead of a null-value made the
prediction model believe such positions were close to each other instead of being completely
different (e.g. the difference between a value of 0.05 and 0 is less than between 0.05 and a
null-value or another given form of value absence characterization).
Average RSSI values and their standard deviation for each RP were calculated, since the
signal strengths varied on the different measurements of a RP. Standard deviation is good
at representing variability, which can be seen at Figure 3.2 below. Regardless of K-value, the
accuracy was in most cases significantly better with the use of standard deviation.

Figure 3.2 Accuracy of predictions with and without standard deviation with different values of K.

3.2.4 Training and prediction
The CSV-files were opened in a Python environment and read into Pandas DataFrames,
where the target values were separated from the training data and fitted into the Scikit training
model.
The prediction model used was the KNeighborsClassifier from Scikit-learn’s Neighborslibrary with a K-value set as the square root of the number of data points rounded to the
nearest integer, as described in the Machine learning basics chapter (2). Due to the 20 RPs
(data points) in each radio map, this resulted in a k-value of 4. Furthermore the model was set
to use Euclidean distance in signal space to weigh the classes in predictions.
The prediction model used was a classifier instead of a regressor, which is the traditional
model for predicting real numbers. A physical position can however be defined in a number
of ways, such as lat/long coordinates, x/y-coordinates, decimal degrees or even room names.
With that in mind, we used classification in this thesis for the prediction models even though
some of the coordinate types mentioned are based on real numbers. By doing so, any type of
coordinate system or arbitrary form of positioning definitions can be used as strings.
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In the prediction step, the prediction model (trained by the collected training data) predicted
the position of each validation data point (collected in the same manner as the training data)
and the error distance of each prediction was saved.
3.2.5 Result evaluation
In order to evaluate the precision of predictions in different activity levels, two criteria were
chosen. The most widely used criteria for evaluating predictions in indoor positioning was
accuracy, a measure which indicates the reliability of the method, hence how probable it is to
predict a correct position (Liu, H., et al., 2007; Bahl & Padmanabhan, 2000). The accuracy
measurement gives a mean error distance of predictions (Liu, H., et al., 2007). To find the
accuracy of an experiment, the mean error distance of all predictions was calculated by
summarizing the error distances from all predictions and dividing by the number of
predictions. Such a mean of evaluation would in good prediction represent a low number of
meters (error distance), but be described as high accuracy. In the case of this thesis, accuracy
deterioration between activity levels would intend a higher error distance, whereas accuracy
improvements would intend low error distance.
Furthermore, both Bahl & Padmanabhan (2000) and Khodayari et al. (2010) used accuracy in
different percentiles to see the different probabilities of accuracy. Khodayari et al. (2010) used
accuracy in the 90th, 80th and 70th percentiles as well as minimum and maximum error
distances. These would display the distribution of the predictions, where the percentile levels
indicate the accuracy in 90-, 80- and 70 percent of the predictions and seemed fitting for this
thesis.
The accuracy of predictions did however not seem enough to characterize and evaluate
precision, as a single outlier on its own could displace the accuracy. Since the prediction
model would not be aware of how well a prediction is after it has been trained, applications
using said model would need to know how large the error distance could be. The second
criteria therefore became the maximum error distance, which together with the accuracy in
different percentiles would give an indication of how far from the real position a prediction
would risk ending up. Thus a way of evaluating the distribution of predictions was added
(displaying worst case predictions in different probabilities).
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3.2.6 Algorithm description of the research process
The process of carrying out the experiments in this thesis is summarized by the following
pseudo code:
INIT
INIT
INIT
INIT
INIT
INIT
INIT
INIT
INIT

i to 0
x to 0
y to 0
rawdataset to null
dataset to 3 dimensional array
train to null
test to null
targetTrain to null
targetTest to null

SET i TO 0
WHILE i < 2
WHILE haveReferencePointsToScan
FOR x = 1 to 12
CALL getScanResults()
SET scanresults[x] to return value from getScanResults()
ENDFOR
CALL uploadDataToServer(scanresults)
ENDWHILE
SET i TO i+1
ENDWHILE
CALL getdataset(“EricsonTrain”)
SET rawdataset[0] to return value from getdataset()
CALL getdataset(“EricsonTest”)
SET rawdataset[1] to return value from getdataset()
FOR i=1 TO 2
FOR x=1 TO 4
FOR y=1 TO 5
SET rps to rawdataset[i][x][y] (contains all measurements on point x,y in
dataset[i])
calculate average RSSI from rps
calculate standard deviation from rps
SET dataset[i][x][y] to standard deviation and averageRSSI
ENDFOR
ENDFOR
ENDFOR
SET
SET
SET
SET

targetTrain to x, y coordinates from dataset[0]
targetTest to x, y coordinates from dataset[1]
train to RSSI values from dataset[0]
test to RSSI values from dataset[1]

INIT classifier from scikit with 4 neighbors
CALL classifier.fit(train,targetTrain)
CALL classifier.pred(test)
compare predicted values with actual values in targetTest with metrics from

3.2.7 Research ethics
In order for Ericsson to make sure that no sensitive information was leaked, a non-disclosure
agreement was signed, as well as an agreement which gave Ericsson the right to proof-read
and approve the thesis before release. No private information (e.g. network SSIDs, entire
building plans or private business plans) from neither the University of Borås nor Ericsson is
presented in the thesis.
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4 Experiments
This chapter features the experiments conducted as described in the methodology chapter.
Known environmental variables are described in order to capture the setting of each
experiments as thoroughly as possible. Radio maps were created in a hall at Ericsson in Borås
as well as at a computer lab at the University of Borås and the settings of these experiments
are described in this chapter.

4.1 Computer lab, University of Borås
The first experiment location was a computer lab at the Sandgärdet building of the University
of Borås, a room of roughly 75 square meters. The low activity experiment was conducted a
Saturday, and the normal activity experiment was conducted on a Wednesday, both of them at
noon. The normal activity time was determined by choosing a day in the middle of the week
and conducting the experiment at the time most occupants were having their lunch at the
university. For the low activity experiment, a Saturday seemed suitable since no education
was conducted in the building and the fact it was a weekend, hence low or no activity in the
building.
The building had a network of Wi-Fi APs which consisted of Aerohive AP370 and provided
the eduroam network. Eduroam is an international initiative which strives to provide roaming
network access across research and education networks.
The Sandgärdet building consists of the school library as well as lecture halls, computer labs,
teacher offices and other ordinary school facilities. According to the library’s visitor statistics,
they have around 1600-1800 entries a normal day based on entry sensors at the library
entrance. We approximate that around 30% of these passages consisted of people who went
away for lunch and came back afterwards. Considering the amount of lecture halls, computer
labs, study rooms as well as teachers offices, leads us to thinking that the entire building
would have at least double the amount of visitors to the library during a full day (somewhere
between 2250-2500 people). A final estimation during the normal activity experiment
(Wednesday at noon) was that there were around 1500 people in the building considering that
it was during lunch time for most people.
Taking in consideration that the entire building had around 30 APs, and an approximation of
at least 75% of the visitors were connected to the Wi-Fi, an average of 38 devices were
connected to each AP at the time of the normal activity experiment, whereas barely any
devices were approximated to have been connected during the low activity experiment.
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Figure 4.1 Radio map of computer lab at University of Borås. Light blue markers display RPs of the radio map
and the green markers display the APs visible, others are located outside of the cropped map image.

For scanning the RSSI strengths, an LG Nexus 5X running Android 7.11 was used, and the
scans were performed in a grid of 2.5 meters between RPs, which resulted in 20 RPs as can be
seen in Figure 4.1. There were 6 APs available in total during the experiment at both normal
and low activity.

4.2 Ericsson, Borås
The second experiment location was conducted in a part of hall 8 at Ericsson in Borås, an
office area of around 600 square meters. Both of the experiments were conducted on a
Wednesday, the normal activity experiment at around 16.00 and the low activity experiment
at 18.30. By looking at the signal fluctuations of the experiment location in Figure 4.2, it was
determined that these times were suitable for conducting the experiments.

Figure 4.2 Radio map of hall 8 at Ericsson in Borås. Light blue markers display RPs of the radio map and the
green marker displays the AP visible, others are located outside of the cropped map image.
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The building had a network of Wi-Fi APs consisting of HP MSM422 AP providing a network
which demanded a certificate for connecting to it. Many of the office workers were connected
to the network through their laptops, however most of them did this through cables which did
not affect the Wi-Fi APs. The number of devices connected to each Wi-Fi AP during the
normal activity experiment was approximately 15 according to the central management
system at HP (who managed the networks at the site), whilst no exact number could be
retrieved for the low activity experiment due to the later time of conduction. The
measurement of signal strengths on a static position carried out by a Raspberry Pi (Figure 3.1)
however clearly stated that signal fluctuations had leveled out at the time of the experiment.
The radio map was created by using a Samsung Galaxy S6 running Android 6.0.1, and the
scans were performed in a grid of 2.5 meters between RPs, which resulted in 20 RPs as can be
seen in figure 4.2. There were 9 APs available during both experiments.
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5 Results
For evaluating the results of the experiments, the predictions of the normal and low activity
models at each location were assessed using the criteria described in the Result evaluation
section (3.2.5). Finally, the experiments were summarized based on the achieved results,
which became the foundation for the Discussion chapter (6).

5.1 Computer lab, University of Borås
The experiments at the University of Borås resulted in an overall accuracy of 3.69 meters
during normal activity, whereas the low activity experiment resulted in an accuracy of 2.88
meters (see Table 5.1 below). Over stated percentiles, the difference between the low and
normal activity level accuracies are stable (differs between 0.81-0.9 meters).
Table 5.1 Prediction result table of experiments at the University of Borås. Accuracy is displayed in different
percentiles. All distances are expressed in meters.
Experiment

Accuracy
100%

90%

80%

70%

Normal activity

3.69

3.19

2.89

2.54

Low activity

2.88

2.29

1.91

1.58

Furthermore, Table 5.2 below displays that maximum error distances decrease rapidly
between the different percentiles. In low activity this is displayed more clearly. The general
maximum error distance is 9.01 meters under both activity levels, whereas they are slightly
worse under normal activity for the other percentiles.
Table 5.2 Maximum error distance result table of experiments at the University of Borås. All distances are
expressed in meters.
Experiment

Maximum Error Distance
100%

90%

80%

70%

Normal activity

9.01

7.50

5.60

5.00

Low activity

9.01

5.59

5.00

3.53
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5.2 Ericsson, Borås
The overall accuracy obtained at Ericsson in Borås in the normal activity experiment was
3.91 meters, whereas the low activity experiment resulted in a 2.4 meter accuracy (see Table
5.2). Over measured percentiles, the difference between activity levels were unstable (varies
0.47-1.17 meters).
Table 5.3 Prediction results of experiments at Ericsson in Borås. Accuracy is displayed in different percentiles.
All distances are expressed in meters.
Experiment

Accuracy
100%

90%

80%

70%

Normal activity

3.91

3.26

2.73

2.4

Low activity

2.44

2.09

1.82

1.57

Table 5.4 below displays that the maximum error distances decrease rapidly between the
different percentiles under normal activity, whereas the decrease is smaller under low activity.
Table 5.4 Maximum error distance result table of experiments at the Ericsson in Borås. All distances are
expressed in meters.
Experiment

Maximum Error Distance
100%

90%

80%

70%

Normal activity

10.61

7.50

5.00

3.53

Low activity

5.60

5.00

3.53

3.53
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5.3 Result summary
There were similarities in the results of both experiment locations, where the accuracy was
lower in the normal- than in the low activity level regardless of location or percentile
examined (Table 5.1 and Table 5.3). Furthermore the maximum error distance in normal
activity decreased similarly over percentiles for both locations, however the Ericsson location
achieved significantly lower maximum error distances in low activity (Table 5.2 and Table
5.4). Over both experiment locations and all percentiles, a lower maximum error distance was
achieved in the low activity experiment than in normal activity, with the exception of the
general predictions at the University of Borås, where the same maximum error distance was
achieved in both activity levels.
At the same time both accuracies over different percentiles demonstrated significant
improvements (Table 5.1 and Table 5.3), which shows the worst case predictions were few
and far from the average predictions at both experiment locations, this can be supported by
the fact that the maximum error distance also displayed significant improvements over
different percentiles (Table 5.2 and Table 5.4). The distance between the accuracy and
maximum error distance also diminishes over percentiles, which further supports previous
observation.
Due to the low activity accuracy being better at Ericsson than at the University of Borås, lead
the overall accuracy deterioration being 62% between low and normal activity there,
compared to the University of Borås overall accuracy deterioration of 28% between low and
normal activity.
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6 Discussion
The results of the experiments are discussed in order to fully answer the research question, as
well as discussing why these results have occurred. Furthermore, different approaches of
dealing with the issues detected in the results are discussed. The possible applications of an
indoor positioning system with achieved max error distance are discussed before proposing
future research. Finally the method evaluation section feature a discussion and evaluation of
the method used in the thesis.

6.1 Result analysis
The accuracy achieved in normal activity on both of the experiment locations had a strong
resemblance of each other over the percentiles, which gave the opportunity to validate the
accuracy achieved by the used method. Thus, the normal activity accuracy of the method used
in this thesis was credible and since the results were achieved through two separate real world
experiments, the used model was valid and would produce the same results in a third location
of similar environment.
However as the low activity accuracy were not as similar as the normal activity between
locations (28% accuracy deterioration at University of Borås and 60% deterioration at
Ericsson), there was no way of generalizing such a deterioration. Should the deterioration be
generalized with an average accuracy loss (44%), the validity of the thesis would be
questionable because making an average accuracy loss on two such dissimilar deteriorations
would not be representative for the results. By reason of this we instead focused on the fact
that the accuracy does deteriorate in higher activity levels than in low activity rather than put
a number on the exact deterioration. This interpretation was supported by the decreasing
values in both accuracy as well as the maximum error distance between activity levels over
percentiles.
The exception in the case where the general maximum error distance at the University of
Borås was the same in both activity levels, could be explained by the environmental factors
tied to the experiment locations. The low activity experiment at Ericsson displayed a bigger
reduction in maximum error distance than at the University of Borås, which suggests that its
environment in low activity is less prone to signal variation.
As both maximum error distance and accuracy was decreased over percentiles, it was clear
that a few poor predictions influenced both means of measure, thus skewing the probable
predictions. This can further be supported by the difference between maximum error distance
and accuracy becoming smaller over percentiles regardless of location and activity level (with
the exception of low activity at Ericsson, where the reason is the same as discussed in the
previous paragraph).
The reasons for all differences in results between experiment locations ought to have existed
in the environmental differences tied to them. Even though the two experiment locations
consisted of radio maps of the same size, the indoor environments were different. The
Ericsson experiments were conducted in a considerably open area, albeit the University of
Borås experiments had more walls, desks and computers blocking the direct line of sight of
signals. Whereas the experiments at Ericsson had direct line of sight to two of the APs, no
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direct line of sight was available for the experiments at the University of Borås. These and
lots of other factors (e.g. AP type, Wi-Fi channel interference, smartphone used, etc.) could
have influenced the results, making the results at Ericsson generally a bit better. It is
important however to remember that only the low activity experiments at Ericsson resulted in
slightly better results compared to the University of Borås. Thus, the normal activity results
were at a comparable level at both locations making the accuracy and maximum error
distance of those circumstances reliable and reproducible numbers for other locations.
However, since the worst case predictions ended up 10.61 meters from the true position and
the worst possible prediction would have been 12.5 meters from the true position, the actual
accuracy obtained in the thesis are difficult to validate. Building a larger radio map could
potentially have increased the maximum error distance accordingly. It is however unclear how
the accuracy would have been affected by this, especially throughout the percentiles, as the
current experiments resulted in a few poor predictions displacing the accuracy. In the 90th or
80th percentile, the accuracy may have stabilized even in a larger radio map.

6.2 Implications
The issue and presence of varying signal strengths has already been identified by previous
research (as mentioned in the related work section 1.2) and studies has been conducted
proposing ways of dealing with these conditions. For instance, the research made by Bahl &
Padmanabhan (2000) explored ways of dealing with the different signal circumstances by
using different prediction models based on the current status of the signals. The novel
approach of using the standard deviation in this thesis is not a superior way of dealing with
these kinds of differences, and many of the already proposed algorithms for dealing with
should be able to better deal with the problem. This thesis will therefore not contribute to the
research in that manner, but rather in the way of shedding some light to the origin of the
problem.
In order to deal with the signal variation and its implications however, not only software
solutions are available. A way to diminish the signal variation factor from a RSSI
fingerprinting positioning system could be by using alternative hardware. This type of
hardware would not be connectable for users and thus would not have different levels of
connected devices.
This could be done by using a separate set of Wi-Fi APs, which would not even need to be
connected to a network, just be turned on. Although it would defeat the purpose of using
already installed infrastructure, it would however not require new hardware for the users of
the positioning system (laptops or smartphones). This type of solution should achieve the
same level of precision and accuracy as the low activity level experiments carried out in this
thesis, which is a bit better than the precision achieved in normal activity. Issues including
channel disturbance could however increase due to the increased number of APs.
Apart from using only Wi-Fi infrastructure, mobile consumer products today (laptops and
smartphones) often also have Bluetooth connectivity. Bluetooth Low Energy beacons consist
of sender units powered by power cords or small batteries, which could last for months or
even years because of the small amounts of data transmitted (Accent Systems, 2016). The
reason for this is that beacons simply transmit data without ever receiving data from other
devices (more than for setup purposes). They should therefore not be affected by the number
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of devices in the proximity and thus may be more resilient than Wi-Fi APs in RSSI
fingerprinting.
Should AP manufacturers make APs which made sure of constant signal strength output
however, these alternative hardware solutions would not be necessary. Thus, one of the many
factors making RSSI fingerprinting difficult could be eliminated. The amount of work in
order to produce such hardware or even whether if it would be possible remains to be
examined.
Based on the results of performed experiments, several applications were found to be suitable
for using indoor localization. Because of the few poor predictions causing a low accuracy as
well as high maximum error distance, the 90th percentile was used as a probable means of
measure for applications. The accuracy for the model in the 90th percentile was around 3.2
meters whereas the maximum error distance was 7.5 meters. This means the average
predictions using the model in this thesis would get an error distance of 3.2 meters, whereas
no predictions (in 90% of the cases) would perform worse than 7.5 meters from the correct
position. Such an error distance is by no means enough to realize every conceivable
application indoors, but we believe that the communication of the precision increase the
usability of applications. If the users realize that a positional error of a certain scale exist, they
would be able to use their predicted location even though it would not be perfect, as illustrated
in Figure 6.1. This type of communication already exist in outdoor mapping applications like
Google Maps, where a circle around the user's position displays the accuracy of the predicted
location, resulting in the users knowing that they are somewhere inside of that circle rather
than exactly at some position (displays the quality of service).

Figure 6.1 An illustration of how map software could present the error distance of 7.5 meters in predictions. The
tracked device is located somewhere in the circle.
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6.3 Suitable applications
One of the applications that seem suitable for the level of precision achieved would be
tracking mobile resources. The position of certain mobile resources would be reported and
stored in a given interval to know where these are located in real time. For example in
emergency situations, time is critical and thus finding people in need of rescue. A stafftracking application could thus possibly save lives since emergency staff do not have to
search the entire building in order to find them. The downside of these kinds of tracking
applications is the aspect of violating the privacy of the staff. If the application would end up
saving their lives would however justify this violation. The precision acquired from the
experiments would be sufficient for this kind of application and even though e.g. a fire could
make the wifi network stop working, the last reported position could still be used as a
reference, thus making the search and rescue operation easier.
Other applications which seem fitting include the ability to employ a user's current position in
order to find immobile resources. In relation to the mobile resources, where the position itself
is the primary information sought after, the primary information for immobile resources are
not position-based. This resources are interesting for users to find in an indoor environment
because of the information which can be used from the resources themselves rather than only
the position of them. For example, in finding the closest printer for a user, the motivation and
goal is not about finding the printer, but to rather use it to print a document. Moreover the
ability to see if the closest located conference room is booked or not is more important than
the position of the room itself. The position of the resource in relation to the user's position
however is an important aspect.
The need for outside navigation is obvious and it is widely used, and indoor applications
ought to benefit from it in the same way. Navigation that would help users (especially in new
surroundings) find the fastest route to their destination. Turn-by-turn navigation could
however prove a problem due to the large error distance obtained in most positional
predictions. Such applications would thus need to tolerate the achieved error distance, which
could prove difficult when e.g. navigating in areas with many rooms or narrow corridors.
Finding the movement flows of anonymous users could provide valuable customer insight and
be applied to fields like retail. By looking at how visitors act and move, popular and
unpopular areas and routes can be found. One way of visualizing this would be through a heat
map, where movement patterns would be obvious to see. Less privacy issues are tied to such
applications because of the fact that locations can be sent anonymously, and not be tied to
specific users.
Finding movement flows of specific users could be a way of providing customer insight on a
personal level. In spite of the obvious privacy issues of tracking and profiling a certain user,
valuable information could be retrieved for e.g. advertising purposes in retail. This would
provide possibilities of seeing where a user goes in e.g. a shopping mall in terms of stores and
through the level of precision in this thesis (at most 7.5 meters error distance), the user's
preferred parts of the store. Such information could be used to see what a user prefers in terms
of stores and types of products and a sort of “real world cookie” could be saved based on the
physical location history rather than the standard Internet cookie, which is based on Internet
history. Advertising relevant products to users is consequently possible.
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Finally since a radio map consists of the signal strengths at lots of different positions, this
kind of database could be used to ensure optimal Wi-Fi coverage is achieved. By looking at
the strongest available signal at each position of the radio map, the total Wi-Fi coverage can
be analyzed through e.g. a Wi-Fi coverage heat map. This presents opportunities to have
control over Wi-Fi coverage, which could be used to provide better Wi-Fi connection for e.g.
employees or customers.

6.4 Method evaluation
Experiments were carried out at two different locations, which gave a chance to find
similarities in results between real world environments. These similarities gave an ability to
generalize the findings and also display the reproducibility of the method used. Two locations
however may not have been enough to ensure such generalizations, it became more of an
indication. Adding more experiment locations may have resulted in a more accurate
generalization, but seeing as the method used was not enough to fully answer the research
question, two locations was enough to display that precision was influenced by different
levels of connected devices.
The experiment locations proved to be a limitation to the results of the thesis, as there was no
way of getting the exact number of connected devices to each AP. In the case of the
University of Borås it was particularly difficult, as no access to the APs and the amount of
connected devices was available. The only approach available was based on the number of
people passing through the doors at the library in the building the experiments were carried
out. Based on that number, a number of hypothetical factors had to be taken into account
before performing a very rough estimate. As for the experiments at Ericsson, there was a way
of getting live statistics through the IT support during the normal activity, but as the low
activity experiment took place after office hours, there was no way to receive such statistics.
Due to time limitations, no scanning of the Wi-Fi environment during a full day could be
performed at the University of Borås, as done at Ericsson. The low activity experiment was
instead performed during noon on a Saturday, but due to the lack of ability to see the amount
of connected devices, there was no certainty as to prove the actual activity level. The
dissimilarity of the low activity results at both locations may have appeared for that reason.
The precision obtained using our method may be difficult to consider valid, as the worst case
predictions ended up near the worst possible predictions, which was previously discussed. As
the purpose of the thesis was not to propose a better prediction model than already existing
ones, rather than find out how precision was affected by the number of connected devices, the
precision obtained in the experiments was not considered an important part of the thesis.
Furthermore, even though the applications proposed were discussed based on the obtained
precision, their utility would still remain and could be used by any prediction model able to
reach their precision requirements, even though our own model may not (in a larger area).
In the experiments carried out in this thesis, 12 scans on each RP were performed, which took
a total of 48 seconds per RP. A more sophisticated solution could make a first estimation of
position as soon as the first Wi-Fi scan would finish (which takes 4 seconds), and then
improve the predictions step by step as the variation of the location is being gathered. This
would require a way of knowing when a user would move in order stop finding signal
variation for a location as the user would move, something that would be possible by using
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inertial measurement units e.g. the accelerometers or gyroscopes found in many of the modern
smartphones.
Performing 12 scans at each RP was an arbitrarily chosen number for capturing the standard
deviation of the signal fluctuations at a RP. No previous indications as to how many scans
were enough for capturing the standard deviation was found. The effects of choosing more or
less scans per RP were not investigated due to time limitations, but could have been made
possible by measuring the signal variation during for instance an hour, calculating the
standard deviation, and gradually increase the number of scans performed until the standard
deviation would have been captured.
The number of scans per RP also made the creation of radio map time costly (12 scans at 20
RPs took approximately 10-15 minutes). In an area the size of Ericsson in Borås (roughly 30
000 square meters), building a radio map would take more than 8 full work days doing
scanning alone, not mentioning the time of moving between RPs and selecting the position in
the radio map creation application.
An alternative approach for solving such an issue would be generating a radio map via
crowdsourcing, where the users of the positioning system themselves could help build the
radio map. This approach would significantly reduce time per person spent creating the radio
map as well as an opportunity to engage users of the system in keeping it up to date. The
limitations of said approach would be that RPs may have to be defined in advance to ensure
their validity and certainty. This is mainly because of the human factor. The use of an indoor
map where users freely could drop markers on map and thus reporting RP fingerprints, sounds
good in theory, but the difficulty of estimating a position on a map with just furniture and
other static resources as reference, would most likely result in inaccurate fingerprints.
Previous research by Viel & Asplund (2014) also showed that crowdsourcing can prove
difficult due to the different signal strengths received by different smartphones on the same
location.
The grid size of the experiments (2.5m) was arbitrary and used to make sure enough reference
points would be created at the experiment location at the University of Borås. Due to the room
size (75 square meters), the grid size was reasonable as it generated 20 RPs. Different grid
sizes may influence the precision of the model, and further evaluation may be valuable as to
find such a correlation. This would be especially important when using classification instead
of regression for predicting positions, as a prediction always end up at a saved RP rather than
in between RPs.
An aspect of using RSSI fingerprinting in environments with dynamic levels of connected
devices is the circumstances for creating the radio map. In this thesis, a radio map for each
activity is compared to validation data from the same activity level, whereas the implications
of how a radio map created in low activity would perform when predicting validation points
collected in normal activity remains unknown. These implications could have been further
researched based on the data collected in the experiments and would have proven valuable.
The abstract term of precision used in this thesis was created by us in order to more accurately
describe the performance of an indoor localization method. Most of the previous research
(especially when proposing new algorithms) focused on measuring the mean or median error
distance. This was however deemed an unfair measurement for application purposes, as they
benefit from knowing how far from the real prediction they risk ending up. By combining the
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established measurement unit of accuracy with the maximum error distance and comparing
them over different probabilities, a more representative way of measuring precision could be
made. This kind of new measurement could help better understand where the typical
prediction would end up as well as where it risked ending up, which is beneficial for the
applications using an indoor localization system.

6.5 Future work
By showing there is a difference in precision between different levels of connected devices
using the model in this thesis, further research for finding the exact correlation between the
influence of connected devices and precision is proposed for the future, since this was not
possible through the experiments carried out in this thesis. As discussed in the Experimental
challenges section (1.5), the exact number of devices are not known in the experiments, so
little is still known about the exact correlation between precision loss and connected devices,
which makes further research interesting.
An aspect which could have affected the results of the experiments carried out in this thesis,
was the bandwidth usage rather than the number of connected devices. Because of the finite
processing power of an AP, some activities ought to have a larger impact on the signal
strength than others. Further investigating the correlation between data traffic in relation to
the number of connected devices and signal strength could generate valuable knowledge in
order to make RSSI fingerprinting in high activity environments a better solution. Questions
including, if a sole user streaming videos online affect the precision more than 10 users
browsing the web could then be answered.
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7 Conclusion
The purpose of this thesis was to find out how the precision of indoor localization using RSSI
fingerprinting was affected by different levels of number of connected Wi-Fi devices to APs,
which would answer the stated research question:
How does the precision of RSSI fingerprinting vary given different levels of connected Wi-Fi
devices?
Experiments at two real world locations were carried out at different times to capture the
difference between low activity and normal activity on Wi-Fi APs. The findings of the
experiment results indicated that the accuracy deteriorates in higher levels of activity than in
low activity, even though not enough evidence was collected to determine the precise
deterioration in said criteria.
The experiments provides a foundation for location-based applications and services that can
communicate the level of positional error that exist in different environments which would
make the users aware but also make the applications adapt according to different
environments. Based on achieved accuracy and max error distance, multiple applications
suitable for achieved conditions have been proposed.
Further research for investigating the exact correlation between AP stress and precision loss is
proposed in order to fully understand the implications connected devices have on RSSI
fingerprinting.
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Högskolan i Borås är en modern högskola mitt i city. Vi bedriver utbildningar inom ekonomi och
informatik, biblioteks- och informationsvetenskap, mode och textil, beteendevetenskap och
lärarutbildning, teknik samt vårdvetenskap.
På institutionen Handels- och IT-högskolan (HIT) har vi tagit fasta på studenternas framtida behov.
Därför har vi skapat utbildningar där anställningsbarhet är ett nyckelord. Ämnesintegration, helhet och
sammanhang är andra viktiga begrepp. På institutionen råder en närhet, såväl mellan studenter och lärare
som mellan företag och utbildning.
Våra ekonomiutbildningar ger studenterna möjlighet att lära sig mer om olika företag och förvaltningar
och hur styrning och organisering av dessa verksamheter sker. De får även lära sig om samhällsutveckling
och om organisationers anpassning till omvärlden. De får möjlighet att förbättra sin förmåga att analysera,
utveckla och styra verksamheter, oavsett om de vill ägna sig åt revision, administration eller
marknadsföring. Bland våra IT-utbildningar finns alltid något för dem som vill designa framtidens ITbaserade kommunikationslösningar, som vill analysera behov av och krav på organisationers information
för att designa deras innehållsstrukturer, bedriva integrerad IT- och affärsutveckling, utveckla sin förmåga
att analysera och designa verksamheter eller inrikta sig mot programmering och utveckling för god ITanvändning i företag och organisationer.
Forskningsverksamheten vid institutionen är såväl professions- som design- och utvecklingsinriktad.
Den övergripande forskningsprofilen för institutionen är handels- och tjänsteutveckling i vilken kunskaper
och kompetenser inom såväl informatik som företagsekonomi utgör viktiga grundstenar. Forskningen är
välrenommerad och fokuserar på inriktningarna affärsdesign och Co-design. Forskningen är också
professionsorienterad, vilket bland annat tar sig uttryck i att forskningen i många fall bedrivs på
aktionsforskningsbaserade grunder med företag och offentliga organisationer på lokal, nationell och
internationell arena. Forskningens design och professionsinriktning manifesteras också i InnovationLab,
som är institutionens och Högskolans enhet för forskningsstödjande systemutveckling.
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