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ABSTRACT

As portable computers and wireless networks are becoming ubiquitous, it is natural to con-
sider the user’s position as yet another aspect to take into account when providing services 
that are tailored to meet the needs of the consumers. Location aware systems could guide 
persons through buildings, to a particular bookshelf in a library or assist in a vast variety 
of other applications that can benefit from knowing the user’s position. 

In indoor positioning systems, the most commonly used method for determining the lo-
cation is to collect samples of the strength of the received signal from each base station that 
is audible at the client’s position and then pass the signal strength data on to a positioning 
server that has been previously fed with example signal strength data from a set of refer-
ence points where the position is known. From this set of reference points, the positioning 
server can interpolate the client’s current location by comparing the signal strength data it 
has collected with the signal strength data associated with every reference point.

Our work proposes the use of multiple successive received signal strength samples in 
order to capture periodic signal strength variations that are the result of effects such as 
multi-path propagation, reflections and other types of radio interference. We believe that, 
by capturing these variations, it is possible to more easily identify a particular point; this is 
due to the fact that the signal strength fluctuations should be rather constant at every posi-
tion, since they are the result of for example reflections on the fixed surfaces of the build-
ing’s interior.

For the purpose of investigating our assumptions, we conducted measurements at a site 
at Växjö university, where we collected signal strength samples at known points. With the 
data collected, we performed two different experiments: one with a neural network and one 
where the k-nearest-neighbor method was used for position approximation. For each of the 
methods, we performed the same set of tests with single signal strength samples and with 
multiple successive signal strength samples, to evaluate their respective performances.

We concluded that the k-nearest-neighbor method does not seem to benefit from multi-
ple successive signal strength samples, at least not in our setup, compared to when using 
single signal strength samples. However, the neural network performed about 17% better 
when multiple successive signal strength samples were used.

Keywords: k-nearest-neighbor, neural network, positioning, received signal strength in-
dicator (RSSI), signal strength, WiFi, wireless networks.
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1. INTRODUCTION

With the emergence of affordable and ever faster laptop computers, the demand for wire-
less networks increase; perhaps partially due to the continuously accelerating trend of mo-
bility and mobile services. As always, currently available technology drives the develop-
ment of new services – and, eventually, new technologies –  that aim to streamline busi-
nesses, make everyday life more comfortable or simply provide an interesting possibility to 
use the technology, even before this usage’s applications are invented. Wireless positioning 
is not currently particularly well-known or widespread, but it is on the verge of becoming 
truly useful and, as is always the case when it comes to technology, only the imagination 
imposes limits on the number of possible applications.

What the future holds is impossible to know, but it is not unlikely that the ubiquity of 
portable and handheld computers will drive demand for wireless positioning and that it 
eventually becomes a natural and integrated part of everyday life, as was the case with the 
Internet that became a necessity at the dawn of the new millennium and wireless net-
works, that now, within a decade of the Internet’s universal adaption, are present at 
schools, companies, train stations and even onboard airplanes. At present, “location aware-
ness” among the general public is beginning to emerge with services such as Google™ 
Earth and GPS equipped mobile phones and even though such services are primarily tar-
geted towards outdoor localization, they might help to spur demand for indoor positioning 
as well. An example application of indoor positioning can be illustrated with the following 
example: imagine that a library offers a public wireless network that everyone can use. 
When associated with the network, your web browser will be redirected to the library’s 
start page where you, without logging in – which might be required to access the Internet – 
can search for books in the library’s databases. When you find the book you are looking for, 
a Java applet, for example, might provide a display of your current location relative to the 
book, guiding you to it. When you are there, the system might suggest the closest place 
where you can sit down and read the book. For similar scenarios, “library” can be replaced 
by “airport”, “subway station” or any other large indoor complex where the presence of a 
wireless network that can aid in positioning is likely.

Another possible scenario, where positioning can be truly useful and actually save lives, 
is in the healthcare sector. In the event of cardiac arrest, it is vital that revival is started as 
soon as possible. The placement of crash carts are highly regulated, but it is of course pos-
sible that the closest one is currently in use. A positioning system might assist in locating 
the second closest one five or ten seconds faster than it otherwise would take; this short 
time period might actually be the difference between life and death.

Naturally, in such an application, reliability and exactness are key qualities. Therefore, 
we assume that all methods that attempt to improve the positioning accuracy are more 
than welcome.

1.1. PROBLEM DESCRIPTION
The precision with which a location can be determined depends on a large number of fac-
tors, such as how radio waves interfere with each other, how they are reflected and so on. 
Naturally, greater precision is always better and desired. Our work focuses on an attempt 
to improve the usage of the received signal strength indicator to provide greater precision. 
The primary questions that we aim to investigate are:

1. can the positioning error – that is, Euclidean distance from the approximated 
point to the correct point – be lowered by using multiple successive received 
signal strength samples, compared to using a single one,

2. which approach seems to produce a better result: a neural network or the k-
nearest-neighbor method and

3. how can our results be generalized?
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1.2. PURPOSE AND GOAL OF THIS REPORT
The purpose of this report is to investigate the questions mentioned above and try to estab-
lish a set of tests for verifying our assumptions – that we indeed can reach a higher preci-
sion by using multiple successive samples and that the results can be generalized, so that 
they can be generally applicable. The goal of the report is to present results that can be eas-
ily verified, if needed, and to answer the primary questions. In other words, we have made 
it our task to verify to what extent our assumptions hold by performing a series of tests and 
to present the results in such a manner that the gain or loss in precision when using our 
method, compared to a traditional method, is easily conceivable. 

1.3. LIMITATIONS AND CONSTRAINTS
Even though we aim towards general applicability of our method, we will not make claims 
that the results do apply to all environments in which wireless positioning theoretically can 
be conducted with our method. Further, we base our results on those that were rendered 
from measurement data collected at a single particular site and therefore, it is possible that 
our method gives skewed results that are significantly worse or better than the average 
case. For example, the interior design of the building in which we performed our measure-
ments is such that it is impossible to place our reference points in a grid pattern and, addi-
tionally, there are large metal structures that might affect radio wave propagation to a 
large extent, which in turn might skew our results in either direction.

1.4. DISPOSITION OF THIS REPORT 
Initially we present an overview describing wireless networks and wireless communication, 
positioning basics and finally we describe how positioning in wireless networks is done to-
day, which is what borders on our method. Our proposed method is described together with 
our assumptions and implementation choices. We then describe our results and an analysis 
of them, after which we give suggestions on future work.
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2. THEORY

2.1. WIRELESS COMMUNICATION
It all started with the need for long distance communication. In the pre-industrial age, a 
sophistic signing language based on patterned flags were used for long distance communi-
cation; the sender and receiver were situated in tall watchtowers. To increase the range, 
binoculars were used. In 1835, Samuel Morse introduced the telegraph system together 
with a combination of long or short signal pulses representing letters and digits. This was 
called the Morse alphabet or Morse code [1]. About fifty years later, the pioneer Marconi 
made the first analogue radio transmission reaching a distance of more than 2 km [2]. This 
was the official birth of analogue radio communications. Digital radio communications had 
its breakthrough with the Alohanet developed in the early 1970’s at the University of Ha-
waii. The goal was to connect four remote locations together. The technique used was based 
on grouping the information into one or more packets before sending it in a burst; instead of 
sending each information piece separately, a whole packet’s worth of data were sent con-
secutively. The developers of Alohanet defined a set of protocols for routing and channel 
access whose basic principles are still in use in today’s wireless networks [3]. During the 
period of time that Alohanet was being developed and until the early 1980’s, the Defense 
Advanced Research Projects Agency, DARPA, invested a large amount of money to set up a 
wireless network which was intended to be used in military operations. 

Wireless communications did not become widespread before the beginning of the 21st 
century, due to its low bandwidth and lack of, at the time, useful applications. Further, the 
introduction of the high-speed Ethernet protocol diminished the advantages of the wireless 
network protocol even more [4]. In 1985, the Federal Communications Commission, FCC, in 
the USA granted the commercial use of the Industrial, Scientific and Medical, ISM, fre-
quency bands with one restriction: that the usage of these frequencies should not interfere 
with existing usage. These frequencies eventually became very popular with the vendors of 
wireless LAN because they didn’t require a special license to use them. However, for the 
end user the cost of peripherals was too high and the performance, with respect to commu-
nications bandwidth and area coverage, was low. Additionally, no standardization existed 
that allowed the different vendors’ products to work together [4]. As the number of laptop 
users exploded, the need for wireless communication grew, which gave rise to the need for 
standards. 

2.1.1. THE 802.11 STANDARD
In 1990, the Institute of Electrical and Electronics Engineers, IEEE, organization set up a 
workgroup called 802.11. Their initial task was to form a standard for wireless data com-
munication. It took them seven years to form the initial standard, which was published in 
1997. The standard covers two different frequency ranges: the 802.11a standard operates in 
the 5.15-5.85 GHz frequency range and the 802.11b operates in the 2.4 GHz band. The 
802.11 protocols can operate in two different modes: infrastructure mode and ad hoc mode. 
In infrastructure mode, base stations or access points, are used as the controlling device in 
a network, with which the clients communicate. The clients do not exchange messages di-
rectly between themselves. In ad hoc mode, the clients together form a network without 
central coordination [5]. 

The 802.11 protocol suite allows overlapping, sharing of the same medium and usage of 
the same channel for transmission. This makes the frequency usage very effective. The pro-
tocols used are divided into two groups, the Media Access Control, MAC, and the Physical 
Layer, PHY [6]. The MAC layer provides a variety of functions for the operation of 802.11 
based LANs. It coordinates and manages the communication between stations in the net-
work. The MAC layer uses the PHY layer for message transportation.

To gain access to the medium, that is, the frequency used, 802.11 uses a derivate of the 
protocol Carrier Sense Multiple Access with Collision Avoidance, CSMA/CA, called Distrib-
uted Coordination Function, DCF. The DCF uses a polite way of gaining access to the me-
dium: the station checks the medium to see if there is another station sending and if there 
is, the station wanting to send backs off, letting the current sender complete. DCF waits for 
a defined period of time plus a small extra random delay; the random delay is intended to 
prevent a situation in which many stations that are all waiting for the medium to be free to 
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simultaneously reattempt transmission. Additionally, to gain access to the medium the 
sending station first has to check its NAV, network allocation vector, to see that all entries 
are zero. Before sending a frame the sending station calculates the time needed to send the 
frame based on the frames length and the data rate on the medium. The calculated value is 
then inserted in the header of the frame so that the receiving station can add it in its NAV. 
The NAV is pruned continuously and as long as it contains values higher then zero the sta-
tion is not permitted to send [7].

The PHY includes what is called a Physical Layer Convergence Procedure, PLCP, and a 
Physical Medium Dependent, PMD, system. The PLCP prepares the frames for transmis-
sion and the PMD sends and receives signals, changes radio frequencies and performs other 
low-level tasks. When a station wishes to transmit a frame, the PLCP creates a packet 
called PLCP Data Unit, PPDU, which it passes on to the PMD [8], [9].

Over the years, the 802.11 standards and drafts have developed and now there exist five 
different derivates: the 802.11a, 802.11b, 802.11e, 802.11g, 802.11i and 802.11n standards. 
802.11e updates the MAC functions to provide Quality of Service, QoS. This is used to 
guarantee that transport of streaming media, such as audio, video and voice over WLAN, is 

Major MAC functions in 802.11a/b/g/n

Scanning

For the client, there are two ways of knowing what 
access points it can use. Passive scanning waits until 
the access point sends a beacon, which is typically 
done a few times per second. When the beacon ar-
rives, the client’s network card can measure the sig-
nal strength. After having received beacons during a 
predefined period of time, typically around 100 ms, 
the client can connect to the best, with respect to 
signal strength, access point. An active scan works in 
the opposite way; the client broadcasts what is called 
a probe request which is replied to, with a probe re-
ply, by all access points. The active scan yields the 
same data about the access points as a passive scan, 
but the advantage is that the client does not need to 
wait for a beacon to arrive. On the other hand, the 
client’s transmission occupies more network band-
width.

Authentication

The simplest form of authentication is called the 
open system authentication, in which the client 
sends an authentication frame with the access 
point’s SSID to the access point, which replies, either 
accepting or denying access. The different protocols 
in the family employ varying authentication types, 
ranging from WEP, which is generally considered 
insecure, to more advanced techniques emerging in 
802.11i and 802.11n. 

Association

A decision on data rate and other connection 
parameters to be used in the communication between 
the client and the access point must be made before 
the client can start to send data. This information is 
exchanged during association, which begins with the 
client sending an association request to the access 
point. The access point replies with an association 
response.

Table 2.1.1. An overview of the major functions performed by the 802.11 MAC layer
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allocated a sufficient amount of resources, to ensure that timing and bandwidth constraints 
are met [10]. The 802.11g standard brought a much wanted bandwidth boost to the WLAN; 
now the standard could handle 54 Mbps compared to the original 11 Mbps supported by 
802.11b [11]. 802.11i deals with security issues found in the original 802.11b/802.11g stan-
dards. 802.11i provides backward compatibility, as well as introducing temporal key integ-
rity protocol, TKIP, and counter mode with cipher block chaining message authentication 
code protocol, CCMP, protection algorithms [12]. The proposal of the 802.11n standard, 
which is in its final development state, aims towards increasing the throughout to over 100 
Mbps. This is achieved by modifications in the MAC and PHY layers of the initial standard 
and by using Multiple Input Multiple Output, MIMO, to increase the throughput. MIMO 
access points have multiple antennas, allowing them to take advantage of multi-path 
propagation [13], which is explained further in the following section. The standard is sup-
posed to be finalized during 2006 [14].

2.1.2. WIMAX
The WiFi Microwave Access, WiMAX, standard, is developed by the IEEE organization’s 
workgroup number 16; hence the standard name IEEE 802.16. It is a wide area wireless 
network standard and is currently in use in a few cities around the world. One major dif-
ference between WiMAX and the other wireless standards is that WiMAX uses licensed 
frequencies, unlike most other standards that uses the ISM frequency band. The primary 
advantage of using a licensed frequency spectrum is that it can support a much greater 
number of channels, which in turn lets the signal travel greater distances. Further, there 
will be less interference than in the crowded ISM frequency band The theoretical range 
during optimal conditions is about 50 km, but as with all wireless technologies, the useful 
range will typically be shorter. WiMAX can be used for e.g. the final distance between an 
internet subscriber and the internet service provider, eliminating the need for cables. When 
utilizing the possibility to quickly switch between base stations, VoIP can be used as an 
alternative or replacement to conventional mobile systems, making cheap voice communi-
cation possible. WiMAX offers great throughput, but have one restriction in the original 
standard: the need for line of sight between the antennas. An addendum to the standard, 
called 802.16e, is in development, which proposes the use of the ISM frequency band [15], 
[16].

2.2. POSITIONING
A position can never be absolute; instead it is always a relative measure stating 
the distance from a fixed point, the origin. Any position determined is therefore 
simply a coordinate in a coordinate system, whose origin must be agreed upon. 
The text in this section is based on this simple fact. All systems and methods for cal-
culating a position relies upon measurements of angles and/or distances from the unknown 
point to known points. The distance or angle can be derived through a number of methods, 
some of which will be described here as an introduction to the subject, before approaching 
the solutions used specifically in wireless networks.

If the distance from some mobile device to one point, with a known position, can be cal-
culated, it can be determined that the mobile device must be placed along the circumference 
of a circle with its center at the known point and a radius equal to the distance from the 
device to the known point. If a second distance measurement, to another known position, 
can be done, all locations, except the two points at which the circles intersect, can be elimi-
nated as possible options. When a third distance is taken into consideration, there will be 
one point in which all three circles intersect; this is the point at which the mobile device 
resides. Three reference points is sufficient to determine the mobile device’s position in a 
plane, but a fourth reference point will be needed in three-dimensional space. Further, po-
sitioning methods can often make use of an excess number of reference points to improve 
the accuracy of the location approximation. To better understand why having more than 
the minimum required number of points might be advantageous, it is important to realize 
that in practice, no distance measurement can be performed with complete precision due to 
interference, delays and a number of unknown variables. When having more reference 
points than necessary, the system might use some algorithmic approach that can benefit 
from a greater amount of data to compensate for errors. The technique described above, 
that uses the distance from three known points to the mobile device, is called trilateration. 
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Figure 2.2.1 provides an example of the technique: the red point is the mobile host, 
whose location is to be calculated. First, measurements are done to derive the distance from 
the red point to each of the blue points. Since the red point must be located somewhere 
around the circumference of all three circles, it can only be located where they intersect.

Another technique, called triangulation, illustrated in Figure 2.2.2, is not seldom con-
fused with trilateration, but differs in that it uses two angles and one, known, distance to 
calculate the unknown distance. In the figure, the distance l between the two reference 
points is known, together with the angles, α and β. By using basic trigonometry, d can be 
determined in the following way: d = l/(cot α + cot β). 

In the following subsections, we will first cover the basic technique that is used to calcu-
late the distance between two points: by deriving the distance from the time it takes for a 
signal with known propagation speed to travel between the points. Secondly, we will pre-
sent a number of the actual methods used for the measurement of distance.

2.2.1. CALCULATION OF DISTANCE BETWEEN TWO POINTS
In theory, it is a trivial mathematical operation to derive a mobile host’s current location 
from a vector of distances to a set of fixed points with known locations. All systems and 
techniques that are covered in this report are based on trilateration or some other method 
for determining the distance from the mobile host to a set of known points; none of them 
bases positioning calculations on triangulation. A basic assumption, on which all methods 
that are described below rely, is that the distance between two points or objects can be de-
termined with some certain precision. Since distance travelled is a function of time, any-
thing that can travel through the medium – or lack thereof – between the two objects can, 
in theory, be used. A number of positioning systems have been proposed that are based on 
infrared light or ultrasound – for example [17] and [18], respectively. 

Electromagnetic radiation, such as infrared or visible light, radio waves or gamma rays, 
travels at the speed of light, c = 299,792,458 m/s, in vacuum and at approximately the same 
speed in air. The speed of sound varies more: in elementary physics we learn that the speed 
of sound in air is approximately vair = 331.5 + 0.6TC m/s, where TC is the air temperature in 
degrees celsius. That the varying speed with which sound travels through air can cause 
great inaccuracies can be demonstrated with a simple thought experiment: consider a 
situation in which the distance between two devices is to be measured. A sound pulse is 
emitted from the first device and when it reaches the second device, it reflects the pulse or 
responds with a similar pulse. The roundtrip time, 2t, can be used to determine the dis-
tance d between the two devices: d = t × vair. However, since vair varies greatly with the 
temperature, the precision falls rapidly with distance; as an example, say that 2t ≈ 6.0332 
⇒ t ≈ 3.0166. This would yield a distance of 3.0166 × 331.5 = 1 000,0029 ≈ 1 km at 0°C. 
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Figure 2.2.1. Determining a position (red) 
based on known distance to three reference 
points (blue).

Figure 2.2.2. Triangulation:  if the angles α and 
β are known, together with the distance l, d is 
easily calculated.
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However, at 40°C, the sound would travel 3.0166 × (331.5 + 0.6 × 40) = 3.0166 × 355.5 ≈ 
1 072,4013 m ≈ 1,07 km during this time, and conversely, if the measurement equipment is 
calibrated for 0°C, in 40°C, when the sound pulse travels only for 2.8129 seconds, the dis-
tance would be approximated to 932.4922 m ≈ 0,9 km.

Simply put, unless the temperature is taken into consideration, the measured distance 
might differ from the correct distance by between -10% and 10% during the course of a 
year. Further, sound waves have a tendency to rather quickly diminish in amplitude, which 
imposes a limit on the distance that can be measured. Additionally, sound requires a me-
dium to travel in. In contrast, light from a laser can traverse vast distances in vacuum, a 
fact that made it possible to determine the distance from Earth to the Moon with an accu-
racy of 3 centimeters [19].

In the rest of this report, no more attention will be given to the techniques for approxi-
mating distances based on sound waves, laser or infrared light. The techniques covered 
from this point on will be such that they can be used in wireless networks, which normally 
do not have devices equipped with lasers or ultrasound emitters. 

2.2.2. IN PRACTICE: TECHNIQUES FOR DISTANCE OR ANGLE DETERMINATION
A variety of techniques have been proposed and used to calculate the position of wireless 

devices in practice and among them, methods based on received signal strength or time-of-
flight – that is, the time needed for the signal to travel between the base station and the 
mobile host – are the most common. For example, received signal strength is used in [20], 
[21] and the commercially available systems Ekahau [22] and AeroScout [23], while the 
signal propagation time as a means for distance calculation is covered in [24], among oth-
ers. In this section, we will present a brief overview of the techniques that have been used 
for determining the distance between two points, in general a base station and a mobile 
client. We will focus on techniques that have been used or have been proposed for use in 
conventional wireless networks or similar.

Time-of-flight is the technique described in the previous section, where the distance be-
tween two points is calculated based on the time it takes for a signal to travel between 
them. One advantage of calculating distance based on time-of-flight is the exactness with 
which a distance can be determined; the signal always moves with the same speed, so the 
limiting factor is the precision of the clock that is used to measure propagation time. Dur-
ing one nanosecond, the signal will travel 299.792 millimeters, so time measurements must 
be done with nanosecond precision for the spatial error to be reasonably small: 3 nanosec-
onds ≈ 1 meter. Unfortunately, such high-precision time measurements are problematic in 
a conventional wireless network, containing a heterogeneous client population. For the 
method to work, all mobile hosts must be able to respond very quickly and deterministi-
cally, but in  general, mobile hosts cannot be assumed to respond within a very short range 
of time; for example, interrupts might already be queued for processing and might take 
several thousand times longer than a few nanoseconds to complete.
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Figure 2.2.2.1. The black signal is cancelled out 
by its (perfect) reflection, the purple signal, 
resulting in perfect silence.

Figure 2.2.1.1. Distance derived from the signal 
propagation time 2t.
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Instead of measuring time, another “distance derivative”, namely received signal 
strength, can be used to approximate the distance. The strength of a received signal will 
decrease with the distance travelled and for a certain frequency, the rate of attenuation is 
known; this knowledge can be used to approximate the distance from the signal source to 
the signal receiver. However, not only does distance alone weaken the signal, but also the 
air and other media through which the signal travels. A wall of concrete will weaken the 
signal more than a door of plywood. Not only will walls  – and, of course, ceilings and floors 
– decrease the signal’s amplitude, but they will also cause reflections. Objects made of 
metal, for example a large whiteboard, will reflect more of the microwaves than materials 
such as plastic or cloth. A rather conventional office or home will contain a variety of ob-
jects made of all the mentioned materials – and many more – and they will most likely not 
be placed in a way that minimizes reflections. Another problem is that there probably will 
be cordless phones, microwave ovens and Bluetooth devices in the proximity of the mobile 
host and/or base station, which, since they all use the same unlicensed 2.4 GHz frequency 
range, will cause additional noise. To conclude: in an indoor environment with furniture 
and walls, the strength of a signal will not decrease with the distance at the same rate as in 
theory, but might be attenuated much faster by walls or people moving on the premises. 
Additionally, what is called multi-path propagation might affect the received signal in un-
predictable ways. In Figure 2.2.2.1, it is shown how two signals together can cause silence. 
In theory, this can happen, but in reality, the reflected signal will always be at least some-
what weaker than the primary signal. However, a wall can reflect the signal, as is depicted 
in Figure 2.2.2.2, so that it arrives to the receiver with a slight delay. This might decrease 
the amplitude of the received signal significantly more than the air, that it travels through, 
would have attenuated it, giving the client the perception that it is located farther away 
from the base station than it actually is. The reflection might also cause the signal to be 
amplified instead of weakened, giving the client the impression of being closer to the base 
station than it is. Additionally, when signals are propagated from the source to the receiver 
along many paths, situations where the signals alternates between weakening and amplify-
ing each other can occur; actually, if, in a conventional wireless network, the received sig-
nal strength is measured at a stationary client and emitted from a fixed base station, it will 
fluctuate for no apparent reason, due to the effects of multi-path propagation.

For the reasons mentioned above, it is generally not possible to exactly determine the 
distances from the mobile host to the radio signal source by simply basing the estimate on 
the received signal strength. Instead, the most common approach, used in both the Ekahau 
and the AeroScout systems, is to perform sample measurements at a set of reference points, 
whose location are known. The received signal strength profile, that is, a vector represent-
ing the relative received signal strength at the client from each base station visible at a 
particular point, is, together with the point’s known position, stored in a database. When a 
number of such reference points have been stored, a client seeking its current position can 
request that some server, with access to the database containing the (position, received sig-
nal strength profile) pairs, maps the client’s current received signal strength profile to a 
position. The location engine, that is, the mentioned server, will then perform a lookup to 
find the nearest matching point, or it might use a set of fixed points between which the cli-
ent appears to be located and by means of interpolation calculate a more accurate position. 
Such calculations can use statistical or probabilistic methods or methods based on neural 
networks [25], but they all strive to map a list of received signal strength measurements to 
a geographical location. 

Yet another technique, illustrated in Figure 2.2.2.3, for measuring distance from a client 
to a base station, or more generally, between two nodes, is called time-of-arrival and have 
been proposed as a method for positioning in wireless networks [26]. Time-of-arrival re-
quires that the base stations receiving the signal from a mobile host are tightly synchro-
nized (e.g. with an atomic clock). When the mobile host sends a message, the base stations 
can record the time at which it arrives. This timestamp can then be passed on to some cen-
tral coordination point which can compare the messages’ arrival times to the different base 
stations and, based on their known locations, calculate the client’s position. Naturally, the 
spatial error is indirectly related to how tightly synchronized the base stations’ clocks are. 
A similar technique called time-difference-of-arrival, which does not require that the abso-
lute time at which a signal is received, but relies on measuring only the difference between 
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when the signal arrives at the different base stations, has also been proposed for position-
ing in wireless networks; an example is  the method covered in [27].

 Instead of relying on received signal strength or signal propagation time, the angle at 
which the signal falls onto the receiver can also be measured – a technique called angle-of-
arrival. Through the use of antenna arrays or directional antennas, the signal’s bearing 
relative to known points (in this case, the base stations) can be determined; the point at 
which the direction vectors intersect is the location of the client. However, due to the prob-
lems with multi-path propagation, radio shadows and other distortions that plague an in-
door environment, the strongest signal reaching the receiver might be a reflection and in 
such a case, the estimation of the angle at which the client is located relative to the base 
station might be afflicted with severe errors. On the other hand, angle-of-arrival has many 
applications in outdoor environments, such as triangulation, which was briefly described in 
the previous section.

2.2.3. PREVIOUS WORK IN THE FIELD OF POSITIONING
The methods covered in the previous section have many different applications and in this 
section, we will mention a subset of the systems that are commercially available today or 
that have been proposed. This section will demonstrate how the results from the methods 
described in the previous section can be applied, or in other words how, for example, a sam-
ple of the received signal strength from each visible base station at the client’s unknown 
location can be mapped to coordinates. When timing (i.e., time-of-arrival, time-difference-of-
arrival or time-of-flight and so on, or variants thereof) is used, the primary problem is to 
record the time with high resolution.  If the time can be measured very accurately, calculat-
ing the distance is a rather simple mathematical operation. The same applies to methods 
based on direction, such as angle-of-arrival. As for methods based on received signal 
strength, the situation is the opposite: it is a trivial operation to determine the received 
signal strength from each base station at a particular point, while it is rather problematic 
to perform the mapping to coordinates; signal strength is not a function only of the distance 
to the base station, but of a large number of unknown variables, such as reflections, at-
tenuation, interference and so on.

The overview that follows is partially based on [28], which presents just that: “an over-
view of the technical aspects of the existing technologies for wireless indoor location sys-
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Figure 2.2.2.3. Each base station (blue) that 
hears a client (red) reports, to a coordinator 
(purple), the time at which the signal arrived 
to  them. The coordinator can, based on the 
time-stamps, estimate the client’s location.

Figure 2.2.2.2. The client (red) receives a signal 
from the base station (blue). The signal is 
partially reflected,  which might make the 
signal stronger or weaker.



tems”. Other works, referenced as they are mentioned, have also formed the basis for this 
overview.

The simplest approach to estimate a client’s position based on the received signal 
strength is to assume that the client’s position is the same as the base station from which 
the client receives the strongest signal. In principle, with such an approach, the positioning 
resolution will be directly related to the density of base stations but, if the path between the 
nearest base station and the client is blocked by material attenuating the signal, the 
strongest signal received might actually originate from a base station significantly farther 
away, as illustrated in Figure 2.2.3.1. The approach might therefore yield larger errors 
than the maximum possible distance from a client to a base station. In an indoor environ-
ment, where architectural structures, such as walls, are rather common, the method might 
not determine the position particularly well. In an outdoor environment, base stations are 
likely to be spaced rather far apart – maybe several kilometers – and in such a case, the 
positioning error will be very large.

Since most buildings’ general layout, that is, the placement of walls and floors, rarely 
change, the signal profile at a particular point will be rather constant, if the effects of peo-
ple moving or water running through pipes, disturbance from electrical equipment and so 
on, are excluded. Thus, a sample of the signal profile at a particular position can be taken 
and be associated with the location. When a client’s position needs to be determined, the 
client’s current signal profile can be compared with the set of previously recorded (signal 
profile, position) pairs in the database to find the closest matching signal profile and its 
corresponding position. In such a case, the error depends on the number of reference points 
in the database, since all locations are approximated to the nearest reference point.

If greater accuracy than “nearest reference point” is required, it must be possible for the 
position calculation to yield as a result points that lie between the reference points. This 
can be achieved by finding some number, call it k, reference points with signal profiles that 
most closely matches the signal profile that was recorded at the unknown position. When k 
matching signal profiles are found, their corresponding positions can be averaged. 

As an example, consider Figure 2.2.3.2, a much simplified illustration of the concept. 
Assume that the base stations, numbered from AP 1 through AP 4, are located so that they, 
in the coordinate system used for positioning, have the positions (±1, 0) and (0, ±1). The re-
ceived signal strength from each base station is always 100 – indicating the maximum 
value possible – when the client is located in the exact same point as the base station, 33 
when the signal is from an adjacent base station and 0 otherwise; in other words, the signal 
from a base station at the opposite side of the figure will not be audible. The client is 
located in the middle of the coordinate system with equal distances to all base stations. The 
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Figure 2.2.3.1. Conceptually: the 
client (red) receives the strongest 
signal from the base station 
farther away, since the nearest 
base station’s signals are 
attenuated by walls.

Figure 2.2.2.4. Client’s (red) signals enter the 
base stations (blue) in the opposite direction of 
the arrows. The client must be located where 
the directional vectors intersect.



received signal strength from every base station is 50. Suppose that the clients position now 
is to be determined and that the system should choose among four best matching signal 
profiles. Simply put, when the system sees that the signal profile shows that the received 
signal strength from each base station is the same, it can assume that the distance to all 
base stations also is the same, since the signal strength decrease with distance. In the ex-
ample, the fact that the signal strength decreases non-linearly with distance and that the 
attenuation also depends on a large number of factors in the environment has been ignored.  

The previously mentioned Ekahau system uses a pattern matching approach that 
weighs coordinate probability based on filtering of historical data or predefined low-
probability and high-probability zones. By doing this, it can estimate the client’s position 
with greater precision and determine at which point between the predefined reference 
points – in the Ekahau system called calibration points – the client most likely is located 
[29]. 

Methods based on neural networks have also been proposed, such as [25], already men-
tioned in the previous section. The methods based on neural networks, or more precisely a 
multi-layer perceptron architecture, requires an initial training or learning phase, during 
which the neural network is supplied with a number of (signal profile, position) pairs. The 
authors state that “the objective of the training algorithm is to build a model with good 
generalization capabilities”, which means that the system should be able to “guess” the 
output (position) when an input (signal profile) not seen before is presented. There is a risk 
that the system is over-trained so that it memorizes the (signal profile → client position) 
mapping instead of seeing patterns and regularities. If the system is able to generalize,  it 
would enable it to estimate an unseen position based on the knowledge it already possesses. 
The authors compare the results from tests using the multi-layer perceptron neural net-

AP 1

Position (-1, 0)
SigProf (100, 33, 0, 33)

AP 2

Position (0, 1)
SigProf (33, 100 33, 0)

AP 3

Position (1, 0)
SigProf (0, 33, 100, 33)

AP 4

Position (0, -1)
SigProf (33, 0, 33, 100)

Client

Position (x, y)
SigProf (50, 50, 50, 50)

Figure 2.2.3.2. A client (red) and four base stations (blue). The received signal strength profile 
at each point is displayed in the yellow boxes. 
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work with tests based on k-nearest-neighbor, a rather simple method that finds k nearest 
matching signal profiles and averages their corresponding positions, in a similar way as the 
example just mentioned. The result of the comparison reveals that the average test error is 
more or less the same between the two approximation methods: the neural network’s error 
was 1.82 meters while the k-nearest-neighbor method achieved an error of 1.81 meters us-
ing standard average and 1.78 meters for weighted average.

2.2.4. THE K-NEAREST-NEIGHBOR ALGORITHM
The k-nearest-neighbor algorithm is a simple algorithm for finding the nearest neighbor to 
someone or something. Given a point in a coordinate system, a human can probably find 
the nearest point quite easily, provided that the number of points is small enough. For a 
computer, an algorithmic approach is needed.

The Euclidean distance between two points is determined by calculating the square root 
of the squared distance between the X coordinates plus the squared distance between the Y 
coordinates. In other words, for a fixed point X, its closest neighbor, Y, is the point with 
smallest Euclidean distance to X.

The k-nearest-neighbor algorithm computes the distance between a fixed point P and all 
other points. It then returns the k points with smallest distance to P, preferably ordered by 
distance in ascending order.

Received signal strength

N e a r e s t b a s e 
station

The base station whose received signal strength at the 
client is the strongest is assumed to be the clients 
location.

Nearest reference 
point

The signal profile is determined and a lookup is 
performed in the database containing the reference 
points, to find the reference point whose signal profile 
most closely matches the signal profile recorded at the 
client. The goal is to find the reference point with the 
smallest Euclidean distance from the client’s position.

A p p r o x i m a t e d 
position

Based on the signal profile, a set of reference points, 
between which the clients most likely is located, are 
found and, by interpolation, an intermediate point – the 
client’s position – is approximated. Methods based on 
neural networks or that uses statistical or probabilistic 
techniques have been proposed and used.

Measured propagation time

Time-of-arrival

The time at which a signal enters the base station for 
the client is recorded and sent to some central 
coordinator. The coordinator can use the timestamps to 
calculate the distance from each base station, which 
gives the client location.

Time-of-flight

Every nanosecond of delay implies a distance of about 30 
cm from the base station; if the time for a signal to 
“bounce” back can be measured with great accuracy, so 
can the distance to the base station.

Table 2.2.3.1. An overview of different methods, and their variants, proposed for or currently 
used for positioning in wireless networks.
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2.3. NEURAL NETWORKS
This section introduces the concept of artificial neural networks and is based on the infor-
mation on the subject presented in [30] and [31].

The term neural network refers to a network of interconnected neurons. A large and 
complex network of this type if found in the human brain, which is composed of approxi-
mately 10 billion neurons, each of which are connected to thousands of other neurons. In 
the brain, the neurons communicate through electrochemical signals, neural transmitters, 
that travels out from the neural cell bodies, soma, through dendrites and into other neural 
cell bodies through axons. Every individual neuron can be seen as a very simple processing 
element, only reacting as a result of input. The neuron is said to fire when the level of input 
exceeds a certain level. There is no partially active state; the neurons either fire or they do 
not. A neuron might be either excitatory or inhibitory, which is to say that their activation 
will result in increasing or decreasing, respectively, the probability of connected neurons to 
fire. For simplicity, excitatory neurons can be assumed to output positive values while in-
hibitory neurons output negative values; consequently, input from inhibitory neurons will 
decrease the sum of input values while input from excitatory neurons will increase it. 

Even though the behavior of each single neuron can be easily described – whenever the 
level of stimulation exceeds a certain threshold, the neuron activates – the macroscopic be-
havior of, for example, the human brain is exceptionally complex. Artificial neural net-
works, although not nearly as complex as the brain, have shown to be suitable for tasks 
such as character or image recognition, which is something that the human brain is very 
good at. It is important to realize that everything that an artificial neural network can do, 
can be performed with traditional algorithmic methods as well. However, artificial neural 
networks do not require that programmers fine-tune a possibly very large number of pa-
rameters, rules and statements; instead, the networks learn by themselves, seeking to op-
timize their internal structure so that an input value presented to the network will return 
the desired output. 

In the following sections, the fundamentals of artificial neural networks, such as how 
they are constructed, how they generate output when given some input and how they learn, 
are presented.

!

Figure 2.3.1. A perceptron: a number of inputs 
whose weighted sum is fed to a step function.
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2.3.1. THE ARTIFICIAL NEURON
For the discussion in this section it is assumed that all input and output values lies in the 
range -1 to 1 and are discrete. In other words, only those values v, such that 

 v ∈ {-1, 0, 1} 

are allowed. 
The artificial neuron, which is also sometimes referred to as a perceptron, is a rather 

simple entity: it has a number of inputs, that is, unidirectional connections from other neu-
rons, that supplies an input value and a step function that is fed with a weighted sum of 
the input values. The microscopic behavior of a neuron is determined by the weights and 
the transfer function, as it is called. A neuron might for example be “tuned” so that its out-
put is zero (0) when the average value from its inputs is below 0.5 and one (1) otherwise. 
The transfer function can be arbitrarily complex, meaning that greater input values not 
necessarily must result in a greater output value.

2.3.2. THE NETWORK
The first layer of neurons, those that are connected to some system exterior to the neural 
network itself, is called the input layer. The number of neurons in the input layer is equal 
to the number of information units that are simultaneously presented to the network as 
input. If the network is to predict a future value of one variable based on the current value 
of four other variables, the network would have four inputs and one output. As one could 
expect, the single neuron emitting the output value resides in the output layer. Between 
the input layer and the output layer, there could be zero or more hidden layers. To under-
stand the motivation behind hidden layers, consider the following: an example is provided 
in Figure 2.3.2.1, where a neural network implements the Boolean  function. The network 
consists of only one single perceptron that behaves like the example neuron described in 
the previous subsection: it outputs 0 when its input is less than 0.5 and 1 otherwise. If it is 
desired that the network should output 1 whenever a = b = 1 and 0 otherwise, the network 
can be constructed as demonstrated in the figure, since if a = 1, a will add 0.4 to the input, 
due to the connection’s weight, which will not be enough for the neuron to fire. However, if 
both a and b is 1, the total input will be 0.8 > 0.5, so the neuron will fire. With different 
weights another function could be implemented; for example, with the weight 0.5 on both 
connections, the network would implement the Boolean OR function. However, no combina-
tion of weights can make the neuron output 1 only when either a or b is 1 and 0 otherwise – 
that is, there is no combination of weights that can make the neuron implement the XOR 
function. Figure 2.3.2.2 gives an example of a network that can compute the XOR function. 
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Figure 2.3.2.2. Example neural network 
implementing the Boolean XOR function.
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Figure 2.3.2.1. Example neural network 
implementing the Boolean AND function.



To see how this works, consider the case when both inputs are 0. Since zero multiplied with 
anything still is zero, the input to both the neurons in the middle layer will be 0. Thus, the 
output to the neuron in the last layer will also be 0 and hence, the output from the network 
as a whole – that is, the output from the neuron in the output layer – will be 0. If both in-
puts are 1, the weighted sum of inputs will be (1 - 0.6) at the neurons in the middle layer. 
Since (1 - 0.6) = 0.4 < 0.5, the output from both neurons in the middle layer will be 0 and 
therefore, the output from the network as a whole will be 0. However, if, for example, the 
topmost input, I1, is 1, the weighted sum of inputs for M1 will be 1 + 0 = 1 ≥ 0.5, which will 
yield 1 as output. M2 will receive -0.6 - 0 = -0.6 < 0.5, which yields 0 as output. At the out-
put neuron, the two inputs will be 0.5 and 0, respectively, which, since 0.5 + 0 = 0.5 ≥ 0.5, 
will yield 1 as output. 

In Table 2.3.2.1, inputs and outputs to and from all neurons in the network for all com-
binations of output is displayed. As the mentioned XOR example implies, it is important 
that the weights on all connections fall within some specified range – that is, there are con-
straints that must be met for the network to produce the desired output for a particular 
input. In this particular case, the desired output for each input is known or, expressed in 
another way, there is a known function that should be applied to the input values to pro-
duce the desired output; in this case, XOR. 

While it is satisfying to see that it is possible to realize the XOR function in a neural 
network, it is not a very interesting application, since the function is known. What makes 
neural networks interesting is their ability to approximate unknown functions by learning 
from examples. Hitherto, for the purpose of the discussion, it has been assumed that the 
network already have been learned and therefore can generate the desired output when 
input is presented. In the following subsection, we explain how the network learns – or 
rather, is learned – from examples.

2.3.3. HOW A NEURAL NETWORK LEARNS
As previously demonstrated with a simple example – the XOR function – a neural network 
can learn to exhibit a desired macroscopic behavior by implementing a certain microscopic 
behavior. In the XOR example, small modifications to the network, such as changing the 
weight on some connection, will alter the network in such a way that it no longer imple-
ments the XOR function but instead gives another output as a response to certain input. 
Such modifications are the essence or learning or, as it is referred to by some authors, 
training. In principle, a network can be trained either under supervision, a process that, 
not surprisingly, is called supervised training, or without supervision. The latter kind of 
training, unsupervised training, is beyond the scope of this report; interested readers can 
acquire the information in practically any literature dealing with neural networks.

Humans employ different strategies to learn, but generally, repeated exposure to a fact 
will, sooner or later, result in the creation of a memory. When a sufficient number of memo-
ries have been collected, most people will obtain the ability to generalize. An example of the 
ability to generalize is that most people, at least when given some time to think, would be 
able to guess that the number following 25 in the string of numbers “1, 1, 2, 3, 5, 8, 13, 25, 
...” is 38. How the human brain performs such generalizations is a process that is complex 

Table 2.3.2.1. Table displaying the input to and output from each neuron in the network.

XOR example: every combination of input values

in I1 in I2 out I1 out I2 in M1 in M2 out M1 out M2 in O out O

0 0 0 0 0 0 0 0 0 0

0 1 0 1 -0.6 1 0 1 0.5 1

1 0 1 0 1 -0.6 1 0 0.5 1

1 1 1 1 0.4 0.4 0 0 0 0
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beyond comprehension and neural networks that can guess numbers, learn how to operate 
a car and autonomously learn one or several languages will probably be unseen for decades 
to come. However, for specialized tasks, such as pattern recognition or function approxima-
tion, neural networks have proven useful.

A neural network can learn in much the same way as a human can and the metaphor of 
a teacher and a student is rather appropriate. In the initial state, the neural network does 
not know anything; all its connections have random weights and when presented with an 
input, it will produce a seemingly random output. The teacher is unaware of the exact rela-
tion between input and output or, put differently, given input x, f(x) is known, but the func-
tion f is not. However, to aid in the learning process, the teacher has a set of (input, output) 
values which serve as examples of correct input values and their corresponding desired 
output values. The teacher will present the first input value to the network, which will pro-
duce an output. The teacher can then examine the output to see how much or in what way 
the network’s output differs from the desired and thereafter modify the network so that it 
will produce an output that more closely matches the desired the next time the same input 
is given to it. For example, weights could be modified or connections could be established or 
broken. The training method depends on the type of network and, naturally, on the desired 
behavior of the network.

The learning rate determines how much the weights of the network can be changed 
every training iteration; consequently, a very low training rate might result in a large 
amount of iterations being required for the network to learn. On the other hand, if the 
learning rate is too high, the network might not reach a stable state but instead oscillate 
between different extreme states that does not yield good global results. Choosing the 
learning rate is not an exact science, but requires some experimentation. 

The momentum is used to stabilize the weight change during learning and can be help-
ful in speeding up the learning process, so that the network learns quicker and avoids set-
tling in what is called a local minimum, which is a state where the network’s state is not 
globally optimal. The momentum’s effect on the learning process can most easily be de-
scribed with a metaphor: inertia, meaning that the weight change will have a tendency to 
continue in the same direction as during the last few cycles, “pushing” the network beyond 
local minima. Just as is the case with the learning rate, there is no momentum that is gen-
erally optimal, but instead experimentation must be used to obtain suitable values for a 
particular network and data set.
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3. RSSI FINGERPRINTING

In this section, we describe our proposed method and the rationale behind it.
The proposed method, which we refer to as received signal strength indicator finger-

print, “RSSI/fp”, is based on the assumption that the variation of the received signal 
strengths from each audible base station at a client’s location can be captured by repeated 
sampling of the received signal strength and further, that a series of samples, which we 
collectively refer to as a location signal strength profile fingerprint or, for short, fingerprint, 
with greater precision than relying on individual samples, as is done in the systems pro-
posed or in use at the time of this report’s writing, can 

1. identify a certain position,

2. withstand or in fact, contrary to present methods, benefit from short-term sig-
nal strength variations at each position and

3. provide more data with which an approximation of a point between reference 
points can be made.

3.1. THE RATIONALE BEHIND THE METHOD
To understand the rationale behind our method, it is important to realize that at every 

position, the received signal strength from a base station will oscillate due to multi-path 
propagation and reflection effects. At each different point, this effect is likely to yield 
slightly different signal amplitude variations due to the varying angles at which the inter-
fering signals will arrive and the different distances that they must travel to intersect. 
Even though the sampling that we employed is unable to detect high-frequency oscillations, 
simply because the signal frequency is much greater than the sampling frequency, we be-
lieve that we can detect changes in signal amplitude that is the result of interaction be-
tween signals. 

For the purpose of clarity: we do not, and are not able to, detect high-frequency signals 
or signal variations themselves; in fact, we can only determine the variations in the re-
ceived signal strength as they are detected by the wireless network card in the receiving 
station. Even though the origin of these variations is not vital, we will attempt to reason 
about them in order to provide the reader with a better understanding of their cause and 
behavior.

Since the signal strength variations are determined by a rather complex set of interac-
tions between the signals themselves, we will not fully describe the cause of the signal 
strength variations or during which circumstances that they will occur and be detectable. 
However, we will attempt to provide a discussion concerning the frequencies of signal 
variations that we should be able to detect. Firstly, we must consider the sampling fre-
quency that we use: 550 ms ≈ 1.82 Hz. According to common knowledge in the realm of sig-
nal analysis, this implies that we will be able to recreate any signal with a frequency lower 
than approximately 0.91 Hz, by sampling it at 1.82 Hz. However, since we are not inter-
ested in recreating a signal, it should be sufficient that the frequency is a multiple of 0.91 
Hz for us to detect it. Secondly, we must take our fingerprint sampling time into account: 5 
x 550 = 2,750 ms. In order to detect a variation in signal amplitude, the frequency must not 
be so low that the amplitude change is not detectable within 2,750 ms. To be able to detect 
a whole cycle, the frequency cannot be lower than approximately 0.36 Hz. Thirdly, the frac-
tion of a cycle that is needed for a signal to be detected varies with the signal’s amplitude; if 
the amplitude is very low, it might be undetectable under all circumstances, since the net-
work card cannot detect all non-zero changes in signal strength. On the other hand, if the 
amplitude is very large, only a smaller fraction of the cycle is needed for the network card 
to detect a signal strength change.

If we assume that, in the general case, at least half a cycle is needed in order to detect 
the signal strength variation, the lowest frequency that the signal strength can oscillate 
with, and still be detectable, is 0.18 Hz. It is important to realize that this is a rather specu-
lative statement, since it depends on the sensitivity of the equipment and the amplitude of 
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the signal. It is also assumed that half a wavelength is sufficient for detecting the change, 
which might not be the case if the amplitude is too small.

To summarize, we should be able to detect received signal strength variations  frequen-
cies that are multiples of 0.18 Hz through 0.91 Hz.

3.2. THE TEST SETUP
For the purpose of investigating the performance of our method, we chose a region of the 
second floor, with an area of approximately 745 m2, in the new library building at Växjö 
university.  The area was chosen so that the reference points could be located within a 
square, to simplify the distance measurements. The distance measurements were con-
ducted with a laser instrument and we estimate the error to below 30 mm, taking the ±2 
mm error of the equipment and human error into account.

The reference points’ coordinates, together with the corresponding fingerprints that 
were recorded at each location, were stored in a database.

3.2.1. REFERENCE POINTS
We chose to place one point in every other aisle of bookshelfs. We also tried to place points 
rather close to walls and corners. The walls, such as the wall to the right of point A1 (see 
appendix A), have metal surfaces that we assume will cause reflections and partially ob-
struct the signal. The point A3 is not visible from any base station and was assumed to be in 
a radio shadow. Afterwards, the test data would reveal that this was the reference point at 
which the total sum of all measured signal strengths was the lowest. 

We also selected a point, called q0, about 30 meters beyond the imaginary boundary of 
our rectangular test area. This point is not included in our set of reference points, but 
serves only as a test point so that we can observe how the neural network behaves when 
presented with input data – a fingerprint – that belongs to a point that is located far away 
from all other reference points.

3.2.2. FINGERPRINTS
The signal strength measurements were carried out with a 1.33 GHz PowerBook G4, model 
PowerBook6,4. The PowerBook was equipped with an AirPort Extreme card with firmware 
version 404.2 (3.90.34.0.p16). Signal strengths from all audible base stations were collected 
repeatedly, spaced in time approximately 551 milliseconds apart. Table 3.2.2.1 shows an 
example of the data collected. Ten signal strength samples were collected in swift succes-
sion. The time needed for one sample was, on average, 550.453 milliseconds with a stan-
dard deviation of 0.195 milliseconds. The processing time needed after each sample, when 
the read signal strength were stored in a fixed-sized, statically allocated array, was consid-
ered too short to be accurately measured. The processing involved consisted mainly of a 
short for loop, iterating between nine and eleven times, once for each base station detected, 
and a nested switch statement for inserting the base station’s received signal strength 
reading at the correct position in the array. The number of iterations required varied be-
cause of detected ad hoc networks. However, the processing time was considered short 
enough to be approximated to zero milliseconds. The total time required for recording ten 
samples was, on average, 5,504.531 milliseconds with a standard deviation of 0.825 milli-
seconds.
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As earlier stated, our fingerprint is five samples long, implying that a single fingerprint 

require approximately 2.8 seconds to capture. For greater variation and to increase the 
amount of samples, the ten samples recorded for each of the 101 series of samples at each 
position are used to create ten fingerprints, each five samples long; each fingerprint con-
sists of samples 1-5, 2-6, … 9-3 and 10-4. Thus, for each reference point, 1,010 fingerprints 
were collected. In total – excluding point q0 – we collected 22,240 fingerprints.

3.2.3. THE NEURAL NETWORK
A few points were randomly selected as test points and different networks configurations 
and data representations were tested, to see which network and which data representation 
was the most suitable. Networks with up to three hidden layers and several hundred neu-
rons in each layer were tested. Eventually, after a rather large series of automated testing 
with different configurations, we settled for a network with 45 inputs: 1 for each received 
signal strength reading for each of the 9 base stations and 5 such samples for each finger-
print. The hidden layer contained 12 neurons, a number that seemed suitable and that we 
decided upon after some experimentation. The output layer contained 2 neurons, one for 
each dimension. This network was used in our first tests where we determined the per-

Table 3.2.2.1. The table shows example data that was collected at position M1. Note that this is 
only the first fragment of the fingerprint; there are 90 received signal strength values,  10 for 
each of the 9 base stations.

Fingerprint data

X Y Pos Time 1 2 3 4 5 6 7 8 9

5990 23986 M1.X+ 550.603027 0 0 20 22 0 0 39 46 0

5990 23986 M1.X+ 550.530029 0 0 17 22 0 0 42 53 0

5990 23986 M1.X+ 550.528015 0 0 22 22 0 0 40 49 0

Figure 3.2.3.1. Our network configuration. The 
first number in each pair denotes the number 
of neurons that were used in the network for 
fingerprints and the second number the 
number of neurons that were used in the 
network for single samples.

45/9 inputs

12/3 hidden neurons

2 outputs
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formance of position approximation with fingerprints. For the purposes of performance 
comparison, we constructed a neural network, with 9 inputs, 3 neurons in the hidden layer 
and 2 outputs, that were trained and tested with single samples. 

All networks were trained for 700 iterations, a process that required about five minutes 
of CPU time on a computer with one AMD Athlon XP 3500+ processor and one gigabyte of 
DDR memory running at 400 MHz. Ten fingerprints or samples taken at the, for the net-
work, unknown position, were used as input to the network after training. The learning 
rate of the networks were set to 0.02 and the momentum to 0.02.

3.2.4. K-NEAREST-NEIGHBOR
For the k-nearest-neighbor approach, we chose to experiment with four values of k: 3, 4 and 
5, 6. We wanted to choose at least three points in order to ensure that it was possible for 
the neighbors of the unknown point to be located at both higher and lower coordinates on 
both axes; in the ideal case, the unknown point should be in the center of an imaginary tri-
angle with corners in the three points found by the k-nearest-neighbor algorithm. We did 
not bother to perform tests with values of k higher than six since there are only 22 refer-
ence points, implying that most of the reference points are located on a relatively large dis-
tance from the unknown point, which in turn implies that if k is too large, the algorithm 
will generate a result that is greatly influenced by irrelevant reference points.

For simplicity and flexibility, each fingerprint, its corresponding coordinates and its 
name was stored in a MySQL database; the fingerprint table contained 22,240 rows. For 
each of 2,245 randomly selected fingerprints, a position was estimated and inserted into a 
summary table containing the reference point’s name, the estimated X and Y coordinates, 
the error – that is, the distance, in millimeters, from the correct position – and the value of 
k used in the k-nearest-neighbor algorithm. The summary table hence contained 8,980 
rows. From this summary table, the minimum, average and maximum error can be calcu-
lated. We suspected that the error for the points along the perimeter of our rectangular test 
area would be larger than for points that had reference points on all sides. For this reason, 
we excluded points A1, A2, A3, B1, C1, D1, E1, F0, G1, H1, H3, J1, J2, J3, L1, M1 and M2, where-
after we repeated the tests, using only the remaining fingerprints – in that test, 495 of 
them – as test points. For the purpose of comparing the performance between RSSI/fp and 
position approximation based on a single sample, we repeated our experiments with the 
same method on a version of the data table without columns a21 through a59. The queries 
were, of course, adjusted accordingly. 
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4. RESULTS

In this section, we present our key results. For complete results, see the appendices.

The first test that we conducted involved all points, excluding q0. In the test, we used 
the k-nearest-neighbor method, described in the previous section, and calculated the mini-
mum, average and maximum error together with the standard deviation. The average error 
was approximately 7.1 meters with a standard deviation of 3.5 meters. The test was per-
formed as follows: each point, in turn, was excluded from the data set, with the remaining 
points and their fingerprints serving as reference points. Simply put, when we determined 
the error for point A1, every point except A1 were treated as a reference point, and so on.

This test was a repetition of the first, with the reference points along the perimeter of 
our test area excluded. The average error was 5.3 meters with a standard deviation of 2.5 
meters.

Table 4.1. The minimum, average and maximum error for four different values of k when all 
points were used as test points.

kNN RSSI/fp, all points

K = FP count MinErr AvgErr MaxErr StdDev

3 2,246 829.80 7,045.80 17,918.40 3,575.44

4 2,246 540.04 7,130.16 16,856.20 3,570.49

5 2,246 94.46 6,989.54 16,843.40 3,493.41

6 2,246 599.66 7,189.25 15,776.60 3,449.00

{3, 4, 5, 6} 8,984 94.46 7,088.69 17,918.40 3,523.32

Table 4.2. The minimum, average and maximum error for four different values of k when a 
subset of the reference points were used as test points.

kNN RSSI/fp, selected points

K = FP count MinErr AvgErr MaxErr StdDev

3 496 829.80 5,661.83 11,257.19 1,944.66

4 496 597.55 5,450.56 10,457.19 2,485.33

5 496 94.46 5,273.32 9,951.89 2,763.82

6 496 938.30 4,868.45 10,222.91 2,557.82

{3, 4, 5, 6} 1,984 94.46 5,313.54 11,257.19 2,473.84
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Test 3 was a repetition of test 1; the difference lies in the input data that were used: 
instead of fingerprints, we used single samples. The average error with this method is 7.1 
meters with a standard deviation of 3.4 meters.

Test 4 was a repetition of test 2 but with samples instead of fingerprints. The average 
error was 5.2 meters with a standard deviation of 2.4 meters.

Table 4.3. The minimum, average and maximum error for four different values of k when all 
points were used as test points and single samples were used in the k-nearest-neighbor 
method.

kNN with single sample, all points

K = FP count MinErr AvgErr MaxErr StdDev

3 2,238 1,041.48 7,238.88 21,350.57 3,475.41

4 2,238 597.55 7,012.29 19,411.96 3,241.67

5 2,238 94.46 7,046.98 20,055.96 3,437.64

6 2,238 248.82 7,259.35 17,996.16 3,510.86

{3, 4, 5, 6} 8,984 94.46 7,139.38 21,350.57 3,419.77

Table 4.4. The minimum, average and maximum error for four different values of k when a 
subset of the reference points were used as test points and single samples were used in the k-
nearest-neighbor method.

kNN with single sample, selected points

K = FP count MinErr AvgErr MaxErr StdDev

3 530 1,041.48 5,690.12 12,445.08 2,305.17

4 530 597.55 5,495.17 11,804.87 2,343.98

5 530 129.06 5,016.68 12,526.62 2,426.21

6 530 581.57 4,643.71 10,222.91 2,529.93

{3, 4, 5, 6} 2,120 129.06 5,211.42 12,526.62 2,437.47

Table 4.5.  The minimum, average and maximum error for all points, selected points and 
for all points, except for the five with the greatest average error.

Approximation results from the neural network: fingerprints

Points MinErr AvgErr MaxErr StdDev

All points 483.98 8,919.69 43,669.73 2,104.75

Selected points 483.98 7,970.14 16,575.15 621.18

Five worst excluded 483.98 5,859.66 13,430.64 914.09
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100 fingerprints, randomly selected, from each reference point, excluding the reference 
point serving as test point, was used as training data for the neural network. After 700 
training iterations, 10 fingerprints, randomly selected, from the test point were fed to the 
network and the distance from the correct position to the approximated position at the net-
work’s outputs was calculated. For all points, the average error was 8.9 meters with a stan-
dard deviation of 2.1 meters; for selected points, the average error was 8.0 meters with a 
standard deviation of 0.6 meters; when the five worst points was excluded, the average er-
ror was 5.9 meters with a standard deviation of 0.9 meters.

This test is a repetition of the previous one but with single samples instead of finger-
prints. The samples were extracted from the fingerprints used in the first test, by simply 
dropping the 4 last samples of each fingerprint. The average error was 10.7 meters with a 
standard deviation of 2.4 meters when all points were taken into consideration. When only 
the selected points are included in the average, it decreased to 9.3 meters with a standard 
deviation of 0.4 meters and when all but the five worst points are included, the average er-
ror was 7.7 meters with a standard deviation of 2.4 meters.

In summary, it can be concluded that the absolute performance of the k-nearest-method 
is better and does not differ significantly between fingerprints or single samples. However, 
the standard deviation is greater than when a neural network is used. The neural networks 
– at least those that we constructed – seem to prefer fingerprints as input data: the error is 
approximately 1.8 meters smaller than when single samples are used. Further, the stan-
dard deviation is smaller when fingerprints are used.

The smallest average error is 7.1 meters, for k-nearest-neighbor. The smallest standard 
deviation, 2.1 meters, was achieved with a neural network when fingerprints were used as 
input.

Table 4.6.  The minimum, average and maximum error for all points, selected points and 
for all points, except for the five with the greatest average error.

Approximation results from the neural network: single samples

Points MinErr AvgErr MaxErr StdDev

All points 109.00 10,690.13 32,450.96 2,379.05

Selected points 3,113.11 9,263.82 15,379.19 359.91

Five worst excluded 109.00 7,663.41 29,498.23 2,353.71

Table 4.7. Summary of all results:  k-nearest-neighbor and neural networks with 
fingerprints and single samples as input.

Summary of results

Method Input Average error Standard deviation

kNN FP 7,088.69 3,523.32

kNN 1S 7,139.38 3,419.77

NN FP 8,916.69 2,104.75

NN 1S 10,690.13 2,379.05
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5. DISCUSSION

In this section, an analysis of our results is presented. While we aim to be objective, the 
results have to be interpreted and analyzed, which tend to “color” them with the authors’ 
subjective thoughts and perceptions; however, we will attempt to clearly state how we in-
terpret the results and why, so that the reader can establish their own opinion.

5.1. RESULTS FROM THE K-NEAREST-NEIGHBOR METHOD
The k-nearest-neighbor method is rather easy to grasp and reason about. The positioning 
error depends, in principle, on four factors:

1. The reference point density: the higher density, the less the interpolation error 
will be.

2. That the right k reference points are chosen: ideally, the k points should be the 
k closest reference points; if not, the error will immediately be relatively large.

3. How the position approximation is done: we used a standard average, which 
means that the coordinates for two points that are close to each other, but 
whose nearest neighbors are the same, will be approximated to the same posi-
tion.

4. That there are suitable reference points to choose: if the test point is located in 
a corner, the k closest reference points will have positions that are such that 
they are either all in positive X direction or negative X direction and either 
positive Y direction or negative Y direction; in other words, the reference 
points will not be able to “surround” the test point.

To see how these factors impact our results, let’s start with considering the reference 
point density. The average minimum distance between two points is 4,513 millimeters. In 
other words, from each of the reference points, the distance to another reference point is, in 
the average case, circa 4.5 meters. The minimum distance’s standard deviation is 753 mil-
limeters. In the ideal case, where the points are placed in a perfect square pattern, the 
standard deviation should be 0. In such a case, 4 would probably be the most suitable value 
for k if the same test method, where each reference point is, one by one, selected as the test 
point; k = 4 would be ideal since there will be one point in each direction – above-right, 
above-left, below-right and below-left – and they will all be on equal distance from the test 
point. Thus, the average positioning error would probably be very small or even zero; the 
only situation wherein a non-zero positioning error would occur is when the k-nearest-
neighbor algorithm finds the wrong neighbors. With our placement of the reference points 
and k = 4, the theoretically best average error is 5,945 millimeters, compared to our result 
of 7,130 millimeters. The average error for “non-corner” points were 5,495 millimeters, 
compared to the theoretically best average error of 4,998 millimeters. 

In our initial tests, we could conclude that for the most part, the correct nearest neigh-
bors were chosen. An example of the contrary is point D1, which also has a rather large av-
erage error.

When the above mentioned factors are taken into consideration, we subjectively judge 
our result to be “rather good”, without claiming to have proven that a fingerprint – multi-
ple, successive samples – gives better performance then single samples. Instead, we con-
clude that there seems to be no advantage with using our so-called fingerprint in our test 
environment; how it would perform in the general case can, of course, only be guessed. 
However, using a fingerprint does not seem to yield a worse result than using a single sam-
ple.

5.2. RESULTS FROM THE NEURAL NETWORK APPROACH
While the k-nearest-neighbor algorithm gave approximately the same results regardless of 
input type – fingerprints or single samples – the neural networks seems to “prefer” finger-
prints, possibly because the greater amount of data that they contain. The neural network 
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might also benefit from the diversity values in the fingerprints recorded at each specific 
location, while this might confuse the k-nearest-neighbor method.

The results indicate that fingerprints might help a neural network to estimate the posi-
tion with greater precision than with single samples. In our test, we achieved a 17% im-
provement when fingerprints were used, compared to single samples. However, the per-
formance of the neural network was still lower than with a simple standard average used 
in the k-nearest-neighbor method. Algorithmic improvements of the k-nearest-neighbor 
method could possibly widen the gap between the neural network and the k-nearest-
neighbor method even further.

It is interesting to note that the neural network achieved a lower standard deviation, 
which is desired because it indicates that the error does not vary as much as with the k-
nearest-method.

5.3. CONCLUSIONS
Reviewing our results and considering what has been mentioned in the previous two sec-
tions, we can draw the following conclusions and answer our primary questions that we 
aimed to investigate:

1. No. The k-nearest-neighbor method, which produces the best results, shows no 
improvement when fingerprints are used instead of single samples. Even with 
fingerprints, there are no better neighbors to find or, put differently, kNN 
identifies the correct nearest neighbors in almost all cases, even with just 
single samples.

2. In our tests, k-nearest-neighbor produced the best results, as shown in the 
results chapter, table 4.7.

3. For our results to be generalized, further investigation must be conducted, for 
example by repeating experiments in different environments under different 
circumstances.

5.4. POSSIBLE IMPROVEMENTS AND FUTURE WORK
In the event that we were to repeat our investigation, we would have increased the density 
of the reference points, in order to avoid the issue that we mention in section 5.3. It would 
also be interesting to repeat the experiments with different fingerprint lengths, both 
shorter and longer than five samples.

Further, for a real-life implementation, k-nearest-neighbor would most likely benefit 
from the addition of a layer of logic that exclude those fingerprints that logically are unre-
lated, but that k-nearest-neighbor still consider “close”.
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APPENDX A: BLUEPRINT OF FLOOR 2

Blueprint of floor 2 in the new library, building R, at Växjö university.
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APPENDIX B: REFERENCE POINTS

Reference points

Point X Y

A1 11,732 1,305

A2 18,540 0

A3 27,162 194

B1 3,025 2,851

B2 13,273 4,696

C1 26,030 5,103

D1 6,908 6,912

D2 18,085 6,641

E1 26,151 8,731

F0 4,626 10,928

F1 11,696 10,796

F2 18,785 10,499

G1 25,376 13,249

H1 2,044 14,953

H2 14,154 15,736

H3 18,073 15,064

J1 198 19,609

J2 8,289 19,241

J3 18,222 19,078

M1 5,990 23,986

M2 19,233 23,156

L1 12,457 20,724

q0 15,518 54,046
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APPENDIX C: ACCESS POINTS

Access points

Access point X Y Z

AP1 21,645 30,896 2,719

AP2 5,310 5,596 2,710

AP3 4,517 32,231 2,676
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APPENDIX D: APPROXIMATION RESULTS
kNN/RSSI/fp, all points as test points, k = 3

Point # of fingerprints MinErr AvgErr MaxErr StdDev

A1 97 2,379.10 7,691.44 9,517.76 2,205.77

A2 104 4,350.32 8,966.43 15,326.50 2,732.09

A3 117 11,265.90 13,203.45 17,918.40 1,396.44

B1 101 5,902.68 6,054.96 8,694.63 574.26

B2 95 5,353.88 6,685.82 10,369.90 1,585.13

C1 114 5,043.62 10,395.36 14,433.80 1,736.85

D1 88 2,949.35 10,792.52 16,823.70 4,679.23

D2 102 829.80 4,256.05 7,978.77 1,821.43

E1 108 4,813.19 7,673.54 11,750.40 2,072.13

F0 88 9,085.89 14,700.23 16,651.60 1,316.10

F1 91 5,064.30 7,749.16 10,174.80 1,220.07

F2 104 1,760.80 4,590.82 5,600.61 835.43

G1 108 4,678.19 5,145.89 7,203.16 920.07

H1 100 2,988.82 9,144.34 17,132.30 3,954.45

H2 116 3,303.35 4,812.41 7,656.77 1,375.02

H3 107 1,299.90 5,770.56 10,454.40 1,874.30

J1 106 5,247.43 6,515.34 8,879.81 1,731.45

J2 90 1,352.67 4,544.89 6,695.07 1,993.54

J3 99 1,528.39 3,875.76 8,104.03 2,106.34

L1 109 1,623.94 2,824.22 3,165.54 363.72

M1 107 4,245.37 4,553.64 7,905.61 794.85

M2 95 5,708.35 5,858.34 7,477.16 478.07

2246 829.80 7,045.80 17,918.40 3,575.44
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kNN/RSSI/fp, all points as test points, k = 4

Point # of fingerprints MinErr AvgErr MaxErr StdDev

A1 97 2,797.53 7,103.72 8,108.65 1,395.54

A2 104 6,186.52 8,479.95 13,170.20 826.30

A3 117 10,260.00 12,667.75 15,119.30 1,287.80

B1 101 7,674.51 8,017.36 8,148.86 212.33

B2 95 3,827.90 6,297.66 10,359.40 1,986.21

C1 114 5,802.53 10,222.24 12,790.00 1,464.07

D1 88 2,870.42 11,479.80 15,630.20 4,143.83

D2 102 814.04 3,726.66 8,919.03 1,596.52

E1 108 3,936.58 7,640.29 9,267.53 1,613.79

F0 88 9,799.76 15,358.47 16,638.10 2,140.27

F1 91 7,181.21 8,682.51 10,457.20 617.77

F2 104 597.55 3,849.59 6,435.90 1,684.56

G1 108 5,069.12 5,249.84 6,985.21 555.39

H1 100 6,938.77 10,164.48 16,856.20 2,732.38

H2 116 2,277.16 4,885.33 5,805.80 1,253.64

H3 107 953.19 5,155.04 9,337.27 1,778.68

J1 106 6,997.98 7,260.37 10,029.40 801.12

J2 90 540.04 4,203.26 7,605.66 1,076.48

J3 99 1,173.49 3,536.17 8,227.10 1,783.78

L1 109 1,449.98 1,772.04 4,101.78 691.51

M1 107 5,035.88 5,779.62 8,325.28 339.50

M2 95 6,167.22 6,516.94 8,655.26 427.81

2246 540.04 7,130.16 16,856.20 3,570.49
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kNN/RSSI/fp, all points as test points, k = 5

Point # of fingerprints MinErr AvgErr MaxErr StdDev

A1 97 4,091.21 6,244.13 7,121.40 1,143.85

A2 104 5,728.53 8,082.61 9,725.88 584.69

A3 117 10,794.30 12,010.80 14,336.10 1,043.21

B1 101 9,245.45 9,245.45 9,245.45 0.00

B2 95 3,944.28 6,495.03 9,316.99 1,863.83

C1 114 6,838.14 8,933.76 12,784.70 1,156.84

D1 88 5,002.45 10,674.39 16,363.20 3,923.25

D2 102 600.21 3,708.06 9,390.32 1,647.97

E1 108 3,067.14 7,544.94 9,541.20 1,317.87

F0 88 10,198.30 14,324.77 15,564.40 1,560.06

F1 91 7,134.84 9,258.58 9,951.89 576.83

F2 104 129.06 2,784.44 6,120.15 1,199.94

G1 108 4,483.42 6,737.26 8,448.11 464.76

H1 100 5,469.27 10,551.18 16,843.40 2,235.25

H2 116 94.46 3,759.39 6,574.60 1,311.71

H3 107 120.91 4,776.30 8,897.63 1,936.00

J1 106 7,315.64 8,511.66 11,625.30 552.66

J2 90 1,341.93 2,583.74 5,866.91 1,380.90

J3 99 1,535.81 3,641.11 8,884.30 1,665.41

L1 109 868.39 1,754.51 6,093.12 1,262.65

M1 107 5,081.36 6,507.93 7,580.57 519.16

M2 95 6,577.55 6,735.40 9,549.37 499.42

2246 94.46 6,989.54 16,843.40 3,493.41
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kNN/RSSI/fp, all points as test points, k = 6

Point # of fingerprints MinErr AvgErr MaxErr StdDev

A1 97 4,255.54 5,434.52 6,008.18 749.37

A2 104 6,978.97 8,541.49 8,828.31 590.61

A3 117 10,711.80 11,632.81 15,337.80 1,016.58

B1 101 11,526.40 11,526.40 11,526.40 0.00

B2 95 4,460.72 6,785.39 10,222.90 1,712.38

C1 114 7,633.88 8,645.48 11,707.70 820.20

D1 88 7,191.81 10,427.36 15,552.00 3,741.89

D2 102 1,008.70 3,725.51 6,624.73 1,386.22

E1 108 5,766.49 7,631.32 10,357.50 1,185.06

F0 88 11,817.50 13,482.69 13,672.40 562.05

F1 91 6,253.70 8,041.22 9,676.58 586.09

F2 104 1,436.73 2,628.03 5,243.29 867.73

G1 108 5,805.49 7,697.87 7,877.80 542.81

H1 100 6,588.93 11,140.13 15,776.60 1,757.31

H2 116 938.30 2,876.00 7,803.51 1,086.19

H3 107 669.31 4,847.84 8,807.79 1,723.40

J1 106 10,016.20 10,030.58 11,540.00 147.30

J2 90 599.66 3,180.35 3,668.80 757.63

J3 99 2,305.33 4,192.88 8,598.34 1,271.04

L1 109 1,558.52 2,049.74 7,269.79 980.40

M1 107 6,095.97 6,970.31 7,520.33 527.29

M2 95 6,747.94 7,698.03 9,148.50 427.42

2246 599.66 7,189.25 15,776.60 3,449.00
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kNN/RSSI/fp, selected points

K = Point # of FPs MinErr AvgErr MaxErr StdDev

3 B2 92 5,353.88 6,766.26 10,369.90 1,608.62

3 D2 94 597.55 5,450.56 10,457.19 2,485.33

3 F1 105 829.80 4,322.01 10,174.84 1,081.58

3 F2 116 1,760.80 4,637.29 5,600.61 692.06

3 H2 89 3,303.35 4,816.71 7,656.77 1,421.13

3 496 829.80 5,661.83 11,257.19 1,944.66

4 B2 92 3,827.90 6,379.13 9,756.67 1,910.57

4 D2 94 1,391.09 3,566.88 8,919.03 1,450.50

4 F1 105 7,181.21 8,747.26 10,457.19 692.59

4 F2 116 597.55 3,729.90 5,534.83 1,828.95

4 H2 89 2,277.16 4,833.46 8,755.96 1,342.44

4 496 597.55 5,540.56 10,457.19 2,485.33

5 B2 92 3,944.28 6,793.13 9,657.81 1,922.71

5 D2 94 209.74 3,644.53 9,390.32 1,217.40

5 F1 105 7,134.84 9,187.03 9,951.90 542.32

5 F2 116 129.06 2,970.87 6,120.15 1,266.29

5 H2 89 94.46 3,806.24 9,578.70 1,557.19

5 496 94.46 5,273.32 9,951.90 2,736.82

6 B2 92 4,460.72 6,968.43 10,222.91 1,820.11

6 D2 94 1,033.71 3,777.37 6,624.73 1,435.99

6 F1 105 6,253.69 7,997.09 9,665.08 568.20

6 F2 116 1,436.73 2,550.56 5,243.29 922,12

6 H2 89 938,30 3,180.05 9,746.45 1,467.14

6 496 938.30 4,868.45 10,222.91 2,557.82

Grand total 1,984 94.46 5,313.54 11,257.19 2,473.84
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kNN/single samples, all points as test points, k = 3

Point # of samples MinErr AvgErr MaxErr StdDev

A1 94 4,452.07 6,680.20 9,517.76 1,258.32

A2 117 4,004.46 9,098.41 12,531.35 2,209.56

A3 93 10,154.11 14,301.78 18,772.81 2,490.62

B1 112 5,902.68 7,657.26 14,902.00 1,269.85

B2 90 1,650.90 5,998.04 12,445.08 2,720.62

C1 101 5,043.62 10,355.90 12,716.59 1,994.59

D1 104 2,713.67 9,959.41 14,801.80 2,769.11

D2 104 1,283.77 6,659.80 11,257.19 1,824.89

E1 93 2,893.01 8,731.26 11,750.42 2,225.69

F0 108 7,689.98 13,258.01 21,350.57 2,251.57

F1 101 5,283.86 7,860.34 11,741.37 1,338.87

F2 108 1,041.48 3,807.99 5,586.48 1,611.00

G1 109 4,678.19 5,931.37 14,238.72 1,482.21

H1 109 6,387.15 9,554.18 13,300.88 2,379.84

H2 103 1,130.37 4,250.39 7,656.77 1,088.25

H3 97 1,299.90 4,211.81 11,811.67 2,287.84

J1 87 5,009.66 7,232.58 8,879.81 1,277.58

J2 91 2,080.85 4,867.07 19,154.34 2,418.76

J3 88 1,528.39 3,694.35 6,654.72 1,987.02

L1 99 1,623.94 2,918.00 8,306.25 895.23

M1 116 4,245.37 5,636.56 7,905.61 1,507.86

M2 114 5,499.70 5,991.69 11,866.91 684.70

2,238 1,041.48 7,238.88 21,350.57 3,475.41
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kNN/single samples, all points as test points, k = 4

Point # of samples MinErr AvgErr MaxErr StdDev

A1 94 4,087.56 6,049.92 8,108.65 891.50

A2 117 4,611.71 8,054.68 10,584.02 1,134.64

A3 93 9,702.19 12,945.41 16,102.09 951.39

B1 112 7,358.21 9,618.46 16,933.72 1,292.48

B2 90 1,740.28 6,178.15 13,184.79 1,997.71

C1 101 6,624.58 10,170.76 12,790.03 1,400.70

D1 104 2,870.42 9,818.16 15,981.90 3,089.13

D2 104 1,391.09 5,895.44 9,815.33 2,176.71

E1 93 4,662.57 7,766.01 12,461.46 1,653.01

F0 108 8,394.75 12,506.08 16,971.99 1,828.98

F1 101 4,532.03 7,956.42 10,934.20 1,767.79

F2 108 597.55 2,636.95 5,122.64 1,063.22

G1 109 4,611.87 5,473.28 10,992.55 1,066.35

H1 109 5,032.24 9,239.28 14,138.97 1,598.39

H2 103 1,174.51 5,177.97 9,034.80 1,374.41

H3 97 1,041.12 4,460.79 13,209.67 1,975.26

J1 87 5,552.68 7,195.32 11,101.04 766.51

J2 91 777.89 3,845.25 19,411.96 2,133.37

J3 88 1,173.49 3,742.30 8,169.35 1,286.80

L1 99 798.91 2,060.59 9,884.88 1,355.87

M1 116 5,035.88 5,824.23 9,224.19 915.26

M2 114 6,167.22 6,736.10 12,788.12 885.44

2,238 597.55 7,012.29 19,411.96 3,241.67
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kNN/single samples, all points as test points, k = 5

Point # of samples MinErr AvgErr MaxErr StdDev

A1 94 4,421.86 5,698.63 7,121.40 1,011.04

A2 117 5,834.49 8,023.00 9,725.88 736.61

A3 93 11,185.98 11,781.26 14,394.89 818.08

B1 112 8,801.30 9,106.49 16,546.59 1,132.39

B2 90 3,425.28 6,012.77 11,143.39 1,589.23

C1 101 6,401.98 10,342.25 14,051.90 1,450.41

D1 104 2,953.09 10,447.43 14,639.80 2,848.59

D2 104 1,789.08 4,546.41 10,487.92 2,143.97

E1 93 5,072.58 9,007.14 11,604.75 1,798.57

F0 108 10,198.28 13,650.70 17,668.29 1,590.09

F1 101 2,447.09 7,693.62 11,190.18 1,708.03

F2 108 129.06 2,207.81 4,351.08 1,151.22

G1 109 4,220.32 5,943.53 10,716.30 1,193.32

H1 109 4,489.24 9,676.57 14,403.15 2,106.55

H2 103 94.46 4,973.40 6,405.61 1,291.91

H3 97 790.19 4,329.51 10,361.49 1,677.82

J1 87 6,688.05 8,725.09 11,625.29 706.96

J2 91 1,341.93 2,377.12 20,055.96 2,070.21

J3 88 2,411.37 4,205.57 7,624.32 1,216.42

L1 99 868.39 1,833.52 8,868.84 1,697.28

M1 116 5,081.36 6,492.81 9,553.98 629.67

M2 114 6,577.55 6,962.21 12,474.17 891.50

2,238 94.46 7,046.98 20,055.96 3,437.64
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kNN/single samples, all points as test points, k = 6

Point # of samples MinErr AvgErr MaxErr StdDev

A1 94 4,255.54 5,795.51 8,319.75 517.22

A2 117 6,443.30 8,399.59 8,828.31 606.13

A3 93 11,926.81 12,888.16 15,337.78 536.10

B1 112 9,479.26 9,862.92 17,732.64 1,340.15

B2 90 3,033.89 6,183.60 12,516.59 1,557.56

C1 101 6,512.65 10,235.63 13,567.14 1,108.61

D1 104 4,623.30 9,429.82 14,577.86 2,287.53

D2 104 1,347.19 4,226.21 8,743.24 1,665.14

E1 93 6,107.93 8,349.73 11,104.45 1,250.87

F0 108 9,364.59 14,031.22 16,599.50 1,580.83

F1 101 3,011.75 7,827.02 10,427.54 1,362.26

F2 108 581.57 1,843.81 4,677.43 1,260.19

G1 109 4,308.41 6,468.80 10,109.40 1,257.62

H1 109 5,698.05 10,427.67 15,776.62 2,239.07

H2 103 938.30 4,211.77 6,250.03 1,626.90

H3 97 248.82 3,958.12 10,730.84 2,048.49

J1 87 7,986.85 9,693.10 10,016.17 690.54

J2 91 599.66 3,474.41 17,996.16 1,726.68

J3 88 2,305.33 4,679.61 8,378.38 1,273.99

L1 99 1,558.52 1,914.94 9,772.61 1,396.09

M1 116 6,095.97 7,098.88 7,520.33 597.98

M2 114 6,265.99 7,717.16 10,509.45 652.44

2,238 248.82 7,259.35 17,996.16 3,510.86
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kNN/single samples, selected points

K = Point # of FPs MinErr AvgErr MaxErr StdDev

3 B2 93 1,650.90 6,335.28 12,445.08 2,409.05

3 D2 101 3,129.49 6,893.98 7,978.77 1,481.70

3 F1 92 5,283.86 7,898.24 12,419.02 1,468.37

3 F2 123 1,041.48 3,695.12 5,586.48 1,653.37

3 H2 121 1,130.37 4,538.47 7,656.77 1,398.24

3 530 1,041.48 5,690.12 12,445.08 2,305.17

4 B2 93 3,827.90 6,288.70 10,714.27 1,702.34

4 D2 101 1,391.09 6,053.29 9,815.33 2,092.54

4 F1 92 4,532.03 8,031.62 11,804.87 1,758.97

4 F2 123 597.55 2,697.89 5,122.64 1,149.03

4 H2 121 1,174.51 5,334.37 5,805.80 934.50

4 530 597.55 5,495.17 11,804.87 2,343.98

5 B2 93 3,869.27 5,991.02 11,143.39 1,341.99

5 D2 101 1,586.20 5,067.07 10,487.92 2,195.37

5 F1 92 2,447.09 7,894.81 12,526.62 1,551.94

5 F2 123 129.06 2,079.68 5,033.27 1,155.11

5 H2 121 1,765.95 5,022.96 7,014.45 1,179.12

5 530 129.06 5,016.68 12,526.62 2,426.21

6 B2 93 3,033.89 5,989.11 10,222.91 1,371.93

6 D2 101 1,347.19 4,508.68 8,743.24 1,791.30

6 F1 92 3,011.75 7,975.99 10,170.12 1,013.38

6 F2 123 581.57 1,596.05 4,677.43 1,211.85

6 H2 121 938.30 4,286.73 6,250.03 1,489.37

6 530 581.57 4,643.71 10,222.91 2,529.93

Grand total 2,120 129.06 5,211.42 12,526.62 2,437.47
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Neural network with fingerprints: all points and their corresponding error

Point MinErr AvgErr MaxErr StdDev

A1 3,125.63 10,887.23 13,430.64 3,825.47

A2 4,988.85 5,811.38 8,174.80 1,022.93

A3 15,345.72 33,699.95 43,669.73 10,449.65

B1 657.05 4,415.02 8,488.19 2,222.39

B2 9,973.86 10,246.47 10,609.78 207.45

C1 3,057.11 3,850.15 4,820.57 585.38

D1 12,255.96 15,472.64 17,478.04 1,428.87

D2 2,347.71 3,236.85 3,903.18 429.96

E1 873.95 2,881.25 4,857.03 1,108.98

F0 19,767.04 20,647.70 21,227.65 448.31

F1 11,919.54 15,261.35 16,575.15 1,437.36

F2 6,637.76 7,182.76 8,020.58 394.81

G1 1,546.19 1,990.39 2,703.23 291.52

H1 4,763.48 7,254.70 10,618.24 2,397.29

H2 483.98 3,923.29 5,955.63 1,737.81

H3 4,777.96 6,720.86 10,201.67 1,450.86

J1 4,260.35 5,178.59 6,753.79 751.03

J2 10,568.56 11,537.26 14,073.52 1,027.57

J3 4,822.19 6,384.87 8,684.90 1,042.47

L1 8,077.86 9,415.48 11,137.12 836.89

M1 3,909.36 5,931.03 7,038.96 1,078.24

M2 3,774.70 4,303.99 4,845.52 386.59

483.98 8,919.69 43,669.73 2,104.75
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Neural network with single samples: all points and their corresponding error

Point MinErr AvgErr MaxErr StdDev

A1 6,936.16 10,010.76 14,232.57 3,117.67

A2 3,055.48 4,286.49 10,256.71 2,069.18

A3 12,620.70 25,308.81 32,450.96 7,182.17

B1 10,766.95 15,982.76 18,869.17 2,949.80

B2 11,424.77 11,847.46 13,129.70 515.14

C1 1,511.50 3,872.82 4,932.75 1,388.56

D1 7,730.77 16,458.41 19,971.46 3,457.84

D2 3,113.11 5,055.18 7,493.03 1,233.73

E1 1,851.50 4,513.49 7,444.78 1,821.54

F0 18,368.93 19,392.08 20,077.53 553.82

F1 12,330.62 12,824.43 15,379.19 898.58

F2 6,849.15 9,922.73 10,937.80 1,535.34

G1 2,478.10 2,850.43 3,844.30 372.69

H1 2,557.59 14,321.36 26,370.19 10,513.66

H2 5,442.58 6,669.31 10,463.94 1,340.33

H3 4,601.67 7,015.35 13,488.49 2,842.80

J1 26,419.82 27,762.87 28,591.07 607.47

J2 109.00 2,132.26 7,792.18 2,055.43

J3 6,185.36 7,477.04 10,116.09 1,239.69

L1 3,288.29 5,924.76 8,019.82 1,752.17

M1 1,543.59 7,566.33 12,626.61 3,519.74

M2 9,626.25 13,987.77 29,498.23 5,552.53

109.05 10,690.13 32,450.96 2,379.05
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APPENDIX E: MINIMUM DISTANCES

Minimum distances between reference points

P1 P2 Distance, millimeters

A1 B2 3,724.723

A2 D2 6,656.569

A3 C1 5,037.827

B1 D1 5,618.667

C1 E1 3,630.017

D1 F0 4,619.067

D2 F2 3,920.990

F1 H2 5,517.732

G1 E1 4,583.989

H1 F0 4,781.982

H2 H3 3,976.197

J1 H1 5,008.598

J2 L1 4,423.970

J3 H3 4,016.764

M1 J2 5,272.611

M2 J3 4,201.453
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APPENDIX F: ACRONYMS AND ABBREVIATIONS

Acronyms and abbreviations

AI
Artificial intelligence; commonly refers to methods and tech-
niques for enabling computers to “reason” and “think” like 
humans or, possibly, some lower form of intelligent life.

AoA Angle of arrival; determining at which angle a signal falls 
onto the receiver. 

DECT
Digital enhanced cordless telecommunications; a standard 
for short-range digital communications, primarily used for 
wireless phones in indoor environments.

GPS
Global positioning system; a system composed of a set of 
satellites orbiting Earth while broadcasting time and 
positioning data.

GSM Global system for mobile communications; still the primary 
standard for mobile phones throughout the world.

RSS Received signal strength; the strength of a signal from a base 
station as it is perceived at the client’s location. 

RSS profile
Received signal strength profile; the signal strengths from all 
audible base stations at the client’s position – can be 
regarded as a vector of (base station, signal strength) pairs.

RSSI
Received signal strength indicator; a number within a certain 
range, such as 0-100 or 0-255, that represents the received 
signal strength.

TDoA
Time difference of arrival; related to the observed difference 
in time when a signal from a source arrives at different, 
spatially separated, receivers.

ToA Time of arrival; the time at which a signal arrives at a 
receiver from a sender.

ToF Time of flight; the duration a signal is in transit between a 
sender and a receiver.

WLAN Wireless local area network; a local area network, LAN, that 
uses radio waves or micro waves as communications medium.
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