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ABSTRACT 

Indoor location estimation, the process of reckoning the location of a device in 

an indoor environment, remains a technical challenge due to the poor 

performance of GPS in such settings. While a substantial amount of work has 

been done in this context, particularly employing the Wi-Fi fingerprinting 

technique, the very approach has certain shortcomings. A major limitation is 

the need of time-and-labor-intensive fingerprint acquisition process. What is 

more, the costly fingerprint soon gets outdated because of the dynamic 

environment. The alternative, triangulation-based systems are not only 

complex to build because of the increased multipath signal propagation 

indoors, but also require prior knowledge of the location of Wi-Fi access points 

which is not always possible, or requires dedicated beacons which is not cost-

effective. Here we present an indoor location estimation approach that 

employs an already deployed Wi-Fi network, without requiring any prior 

knowledge of the position of the access points, or the need for manually 

collecting the fingerprints, and with dynamic environmental adaptability. This 

is achieved by crowdsourcing the fingerprinting process using localized QR-

Codes and NFC tags as reference points for bootstrapping this process. We 

have developed the complete system including the location estimation 

algorithm and a mobile mapping application to demonstrate that our approach 

can achieve 10-meter accuracy for 64% of the location estimations, and 98% 

accuracy in estimating the floor, using a reference tag density of 1 tag per 400 

square meters. 

 

Keywords: Wi-Fi, QR-Code, Probabilistic fingerprinting, Radio Map, 

Context-aware.  
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TIIVISTELMÄ 

Sisätilapaikannus, menetelmä laitteen paikantamiseksi sisätiloissa, on edelleen 

tekninen haaste GPS-paikannuksen sisätilan toimivuuden rajoitteiden vuoksi. 

Vaikka työtä on tehty paljon asian puitteissa, erityisesti käyttämällä Wi-Fi 

sormenjälkitekniikkaa, on lähestymistavassa tiettyjä puutteita. Merkittävin 

rajoitus on aika-ja työvaltainen sormenjälkien eli referenssipisteiden 

hankintaprosessi. Lisäksi nämä referenssipisteet vanhenevat nopeasti 

muuttuvassa ympäristössä. Vaihtoehtoinen kolmiomittauspohjainen 

järjestelmä ei ole pelkästään monimutkainen rakentaa monitiesignaalien 

lisääntyneen määrän vuoksi, mutta myös siksi, että se vaatii Wi-Fi-

tukiasemien paikkojen tietämystä, joka ei ole aina mahdollista, tai erityisiä 

majakoita, jotka eivät ole kustannustehokkaita. Tässä työssä esitellään 

sisätilapaikannusmenetelmä, joka käyttää olemassa olevaa Wi-Fi-verkkoa 

ilman aiempaa tietoa tukiasemien paikasta, ja jossa ei ole tarvetta kerätä 

referenssipisteitä käsin, ja joka pystyy sopeutumaan muuttumaan ympäristön 

mukana. Tämä saavutetaan yhteisöllisellä referenssipisteiden keruulla, jossa 

käytetään tietyissä tunnetuissa paikoissa olevia QR-koodeja ja NFC-

tunnisteita vertailukohtana. Tässä työssä kehitettiin paikannusalgoritmin 

lisäksi sitä käyttävä ohjelmisto. Testitulokset osoittavat, että tällä 

lähestymistavalla voidaan saavuttaa 10 metrin tarkkuus 64% 

paikannusarvioista sekä 98% kerrostarkkuus käytettäessä yhtä tunnistetta 

400 neliömetriä kohti. 

 

Avainsanat: Wi-Fi, QR-koodi, sormenjälkitekniikka, Radio Map, 

tilannetietoisuus. 
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1. INTRODUCTION 

1.1. Background and motivation 

The recent growth of pervasive and mobile computing, and the comparatively 

recent widespread availability of smart handheld devices has given way to an ever 

more growing interest in context-aware services, and has opened a broad range of 

potential application areas.  

Context can be defined as any attainable information associated with the user or 

his environment. Contextual data, for instance, the user’s location, his intelligible 

actions, or the information about the surrounding environment, enables reasoning 

about what the user is doing, and is a key element of pervasive computing. A 

pervasive system can use such context to fine-tune the information presented to the 

user, present it in a more suitable way or automatically perform appropriate actions 

to benefit the user. 

Location-awareness by itself is an important element of context-awareness, 

where the system, or the user devices are able to determine their location. Indoor 

location-aware systems particularly, present opportunities for a rich set of location-

aware applications, including: mapping, navigation, monitoring, resource 

discovery, asset tracking and location-based content delivery. 

Indoor location estimation systems are the platforms that provide physical 

location information in an indoor environment, through a process called Location 

Estimation, location identification, localization, geo-localization, or positioning. 

Indoor location estimation has been an important research area due to the growing 

interest in location-aware systems and services, in contrast to the poor performance 

of the de-facto Global Positioning System (GPS), or the comparatively recent 

Global Navigation Satellite System (GLONASS) in indoor environments. 

Over the last decade many alternative approaches to GPS have been proposed, 

developed, deployed and tested. These systems span over a wide range of 

technologies, including: Radio Frequency (RF) [1-21], ambient illumination [22], 

Sonic [23-25], Inertial [26-28], Magnetic [29-32], and Physical Contact [33-37] 

based systems.  

Most of these systems however, face different technical and usability limitations. 

The most important of which is the cost of the infrastructure required to be deployed 

as a part of the system, and efficiently coping with it RF-based systems have proven 

to be a suggestively viable option. Besides providing an omnipresent coverage, RF-

based systems eliminate the need of any additional infrastructure, if the RF 

technology in question is already found to be covering the system’s targeted 

operational zone. While it is always possible to use specialized beacons and sensors, 

Wi-Fi has always proved to be a viable RF technology option elevating the value 

of its infrastructure. Since most of today’s public buildings are already equipped 
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with a Wi-Fi network, the location estimation system can easily exploit it as a part 

of the user’s context. The viability of using Wi-Fi context can be fairly assessed by 

the statements of previous researchers, for instance: “Wi-Fi based indoor location 

systems have been shown to be both cost-effective and accurate, since they can 

attain meter level positioning accuracy by using existing Wi-Fi infrastructure in the 

environment” [19]. 

1.2. Research objectives and scope 

Because of the reasons mentioned, Wi-Fi-based location estimation has gained 

significant attention in research, and numerous approaches have been presented in 

the past, particularly those employing the fingerprint technique. The fingerprinting 

technique relies on collecting a detailed RF scan of the system’s operational zone, 

and later use it as a reference for estimating the location. Any fingerprint based 

approach however, is primarily a tradeoff between three characteristic indoor 

location estimation challenges, while trying to achieve the highest possible 

estimation accuracy. We broadly define the three challenges as:  

1. Infrastructural cost. 

2. System training overhead. 

3. System’s adaptability to environmental changes.  

The infrastructural cost is the expense associated with deploying the RF 

infrastructure, responsible for providing the RF context. The system’s training 

overhead is the fingerprint collection process, which is not necessarily a one-time 

process. Lastly, adaptability is the system’s ability to adapt to changes in the RF 

space caused by the dynamic environment.   

Most of the previous works employing fingerprinting technique, handle one of 

these challenges efficiently, while primarily focusing on achieving highest possible 

accuracy. Although this increases the system’s accuracy in estimating the location, 

emphasizing on one aspect requires the system to compromise on others, as 

explained using the triangle-of-compromise in Figure 1.1. Note that such systems 

lie on the edge of the triangle, shown as the dark border. The triangle illustrates the 

placement of six state-defining labels, associated with the three vertices and the 

three sides of the triangle. The state of a given system can be represented by 

choosing any three adjacent labels i.e. one vertex and two sides, or one side and the 

two vertices. 
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Figure 1.1. Triangle-of-compromise for fingerprinting-based systems. 

Table 1.1 provides a comparison of some previous system, and the proposed 

system being plotted on the triangle-of-compromise. Note that even though GPS is 

not a fingerprinting-based system, and neither an indoor location estimation system, 

we have included it in the table for the sake of comparison.  

Table 1.1. Previous systems in terms of triangle-of-compromise 

Placement 

on triangle 

System Description 

 
Roos [8] 

High accuracy but computationally expensive. 

Low Cost: Uses existing Wi-Fi infrastructure. 

High overhead: Requires thorough fingerprinting. 

Low adaptability: Requires recalibration. 

 
Youssef [9] 

High accuracy. 

Low cost: Uses existing Wi-Fi infrastructure. 

High overhead: Requires thorough fingerprinting. 

Low adaptability: No update process defined. 

 
Yin [11] 

Highly accuracy. 

High cost: Requires sensors for adaptability. 

High overhead: Requires thorough fingerprinting. 

High adaptability: Owing to sensor probes. 

 
Bhal [12] 

High accuracy. 

Low cost: Uses existing Wi-Fi infrastructure. 

High overhead: Requires thorough fingerprinting. 

Low adaptability: No update process defined. 

 GPS 

High accuracy. (Only Outdoors) 

High cost: Satellite based system. 

Low overhead: No fingerprinting required. 
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High adaptability: Not prone to environmental 

changes. 

 
Proposed 

system 

Unknown accuracy. Scrutinizing the accuracy is the 

aim of this thesis. 

Low cost: Uses existing Wi-Fi infrastructure. 

Low overhead: Crowdsourced fingerprint. 

High adaptability: Constant crowdsourcing provides 

constant environmental probing. 

 

We present a Wi-Fi-based location estimation system that takes an impartial 

approach in dealing with the three challenges, to avoid the subsequent 

shortcomings. Essentially we can say that our system must lie inside the triangle 

rather than on the boundary, as shown in Figure 1.1. The aim of this thesis is to 

develop the system, and benchmark its performance (location estimation accuracy) 

against the previous systems, while maintaining a balance among the three 

challenges; trying to minimize the factors contributing towards them. Based on this, 

we can discretely portray the objectives as: 

1. Primary objective: Develop an indoor location estimation system that 

conforms to handle the three challenges, i.e. Infrastructural cost, training 

overhead, and environmental adaptability. 

a. Build a system that can exploit a pre-deployed Wi-Fi network. 

b. Develop a methodology to crowdsource the fingerprint. 

c. Develop a computationally-inexpensive location estimation algorithm 

that can calculate location estimates while only being provided with 

the crowdsourced data. 

d. Develop a methodology to constantly update the fingerprint to tend to 

the changes in environment. 

e. Benchmark the system against previous (complex) systems. 

2. Secondary objective: Develop a user-friendly indoor Map Application, that 

must provide the following functions: 

a. Must participate in crowdsourcing the RF Context. 

b. Provide the user with his/her location on a map. 

c. Provide a detailed indoor building map. For demonstration the Map 

Application must be built for the University of Oulu. 

Aiming these objectives, we present our approach defining a novel system that 

relies on a pre-deployed Wi-Fi network for the RF Context, and Quick Response 

Codes (QR-Codes) or Near Field Communication (NFC) tags to geo-tag the context 

to a known location, effectively evading any infrastructural cost. Since these tags 

provide the starting point for building the fingerprint, we refer them as Seed tags. 

To eliminate the need for an explicit training phase, and to implement the 
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environmental adaptability, the system relies on crowdsourcing the context 

information from the users itself. As the users use the system, they unconditionally 

participate in crowdsourcing the context data to the system. This, not only enables 

the system to train itself for the first time, but also to adapt to the environmental 

changes over the time.  

The developed system shall be tested on two different types of testbeds: A two-

floor long stretched corridor, and a Two-floor building with multiple crisscrossing 

corridors. The tests shall examine the system’s location estimation accuracy and the 

ability to adapt to environmental changes while relying on a pre-deployed Wi-Fi 

network for the context, and crowdsourcing as the means to collect the fingerprint.  

The system performance will be evaluated using constructive research method, 

by collecting discrete test samples using a purpose-built application running on a 

mobile device being operated within the defined indoor premises, or as we call it, 

the System Operational Zone (SOZ). The SOZ is defined as an area that the system 

can be expected to provide location estimation for, and is essentially the smallest 

area that can contain all the deployed Seed tags; the area that is enclosed by drawing 

a boundary that connects the outermost lying Seed tags. Lastly, the system’s 

performance shall be benchmarked against previous system that were built focusing 

on high accuracy, at the cost of one or more of the three fingerprint systems’ 

characteristic challenges mentioned in this chapter. 

1.3. Structure of the thesis 

In Chapter 2, we provide a comprehensive comparison of different Wi-Fi based 

systems, highlighting their strengths, limitations and major overheads. Chapter 3 

describes the system’s working, and explains in detail the location estimation 

algorithm. The design of the end-user Map Application, the database and Web 

Service, Map Application and Web Service integration, and the two testbeds are 

explained in Chapter 4. Chapter 5 highlights the results in terms of software 

produced, and presents the system’s performance statistics. The performance is 

benchmarked against other comparable approaches in Chapter 6, where we also 

explain the results, compare the developed system’s architecture to previous 

systems, and propose new functionalities to the existing system in addition to 

suggesting upgrades for optimizing the current performance.  
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2. BACKGROUND AND RELATED WORK 

Indoor location estimation has been an important field of research spanning over 

numerous technologies and methodologies. From the available choices, Radio 

Frequency (RF) based systems have established themselves as one of the most 

technologically viable option. The RF-based systems developed in the past can be 

classified into distinct categories either by the underlying radio technology, or by 

the location estimation methodology. As mentioned in Chapter 1, we in our 

approach employ both RF and Physical Contact technologies (NFC and QR-Codes), 

and will therefore be discussing the previous research carried out in both the 

domains. Figure 2.1 gives an overview of the technologies used by RF and Physical 

Contact-based systems, and their hierarchical placement in the overall technology 

crowd. 

 

Figure 2.1. Indoor location estimation technologies.1 

Given the research on indoor location estimation methodologies is vast, and spans 

beyond the scope of this thesis, we confine our focus, only discussing the 

methodologies for Physical Contact and RF based systems. Figure 2.2 gives a 

categorical overview of different methodologies for the two types of systems.  

The Physical Contact systems exploit the fact that the contact surfaces or Tags as 

we call them, essentially need to be deployed within a user’s physical reach. 

Naturally, the tags are placed at locations that fall inside the system’s operational 

zone, and are ultimately used as landmarks. 

                                                 

1 The term “Physical Contact” does not necessarily mean an obligatory physical contact 

requirement for the technology to work. In fact, we use the term to characterize any technology that 

only works within a proximity, near enough, that it practically makes no difference if the operation 

is contactless or not. 
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Figure 2.2. Indoor location estimation methodologies.2 

2.1. Physical contact methodologies 

Given that the landmark Tags are scattered around an indoor region, there are two 

basic methods used to provide the users with their location i.e. Discrete Locations 

and Dead Reckoning. 

2.1.1. Discrete locations 

Several systems have been presented that rely on the Tags deployed at regular 

distances all over the indoor premises at precisely known locations. The general 

idea is to store the Tag’s own physical location in it, and use it as a location 

bookmark. Montenegro et al. [33] explains his approach that utilizes QR-Codes to 

store a URL that is a function of the actual physical location where the QR code is 

deployed at. The URL uniquely identifies a specific map cluster, which the user 

application, upon reading the QR-code, pulls from a map server. Ozdenizci et al. 

[34] presents a similar approach using Near Field Communication (NFC) tags. He 

describes an approach to indoor navigation, where reading an NFC tag provides the 

current location of the user, and the user can then manually select his destination. 

                                                 

2 Although we have categorized Dead Reckoning under Physical Contact method, it must be noted 

that it is a general location estimation augmentation method, not limited to Physical Contact systems. 

Dead reckoning is typically implemented in system that cannot provide frequent location updates, 

for instance Physical Contact systems. The purpose it to augment the base system with sensor data 

fusion to reckon the user’s location by tracking his movements. 
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There is however one serious, a very obvious limitation with discrete location 

systems. They provide location information at only discrete locations. As also 

mentioned by Ozdenizci, it comes down to the user’s ability of find (and read) tags 

that fall in his way to get an update on his current location.  

2.1.2. Dead reckoning 

Dead reckoning [2, 38-39] is an augmentation method to overcome the problem 

posed by Discrete Location system. After a definite user location is acquired by 

reading a tag, the purpose-built application running on the User Device (UD) tries 

to estimate the user’s current location by monitoring the user’s movements using 

on-board motion and environment sensors like accelerometers, gyroscopes and 

magnetometers.  

2.2. RF methodologies 

RF-based systems can be classified into two broad categories – Triangulation (or 

trilateration) based, and fingerprinting-based system. One major difference is the 

type of the requisite input data the two methods need to estimate the location. While, 

to triangulate, the physical location of RF sources must be known, fingerprinting on 

the other hand requires a comprehensive database of RF values measured at 

different points inside the system’s operational zone.  

Fingerprinting systems do not need the RF nodes’ physical location. Instead, the 

system’s operational zone is thoroughly scanned to measure the value of a particular 

RF parameter. The measured values are stored in a database, tagged with the 

location the value was read at. The database is then used to estimate the user’s 

location by matching in the database, the RF values read at an unknown location. 

Such databases are commonly referred as Radio Maps by researchers.  

2.2.1. Triangulation 

Triangulation estimates a user’s location as a derivative of a particular radio 

parameter measured from at least three known RF sources, given that the User 

Device (UD) is capable of measuring the said radio parameter. Triangulation also 

requires that the system has knowledge of the actual location of where the RF source 

is installed. The measured parameter (from the three different sources) is used to 

calculate a location that satisfies the readings as if measured from the known RF 

nodes individually. Classifying by the radio parameter, the four major types of 

triangulation methods are: Angle of Arrival (AOA), Time of Arrival (TOA), Time 

Difference of Arrival (TDOA), and Signal Strength (SS) based methods. 
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Angle of Arrival 

AOA systems use the angle of arrival (absolute bearing) of the three radio signals 

arriving from three different nodes to calculate the UD’s locations. Such systems 

require the UD’s ability of measuring the angle of the radio signal, and may require 

orientation sensors like magnetometers [13]. Lim et al. [14] presents an approach 

using directional beam forming array antennas (Smart Antennas). 

Time of Arrival 

TOA and TDOA techniques estimate the distances between UD and RF nodes by 

measuring the time delay of the radio wave travelling between them. TOA, also 

known as Time of Flight (TOF) system, derives the positioning information from 

the flight-time a wave takes to travel from the transmitter to the receiver or vice 

versa. This requires that the receiver knows the exact time of transmission, which 

implies that the receiver and transmitter must have precisely synchronized clocks 

[40]. 

Time Difference of Arrival 

The problem of clock synchronization at transmitter and receiver is solved by using 

several transmitters synchronized to a shared time base. The receiver now measures 

the time difference between the arrivals of different signals sent by the transmitter 

with a small delay. If all the arriving signals from one source are plotted against the 

time, and a line is drawn joining all points having the same time difference, a 

hyperbola is obtained. Each TDOA measurement defines a hyperbolic locus on 

which the mobile terminal must lie. The intersection of the hyperbolic loci obtained 

from multiple (at least three) RF sources define the position of the user device [41]. 

Signal Strength 

Received Signal Strength Indicator (RSSI) is a generic metric for denoting the 

power of a radio signal. Any radio technology that uses RSSI as a unit of measure 

has a defined range of values, which essentially represent the strength of the radio 

signal within that technology.  

Because of the time decaying properties of a propagating radio wave, a higher 

RSSI value represents a closer proximity between the RF source and the RF receiver 

than a lower RSSI (this disregards any multipath propagation). This phenomenon 

makes RSSI a function of distance between the source and the receiver [16]. 

Here, it is worth mentioning that in addition to RSSI, the Signal-to-Noise Ratio 

(SNR) is yet another radio parameter that can be used to estimate the indoor 

location. However RSSI remains the preferred choice since it is a stronger function 

of distance than SNR [42]. 
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2.2.2. Fingerprinting 

Fingerprinting is the process of creating a radio fingerprint of the operational zone 

of any location estimation system, and using the fingerprint as a reference map to 

infer the location afterwards. The standard methodology involves the offline 

training phase where a fingerprint of the zone is created by constructing a Location-

to-RSSI database (the Radio Map). These databases are then used in estimating the 

user’s location during the online location estimation phase. The fingerprint 

collection phase is referred as offline phase by several researchers in the past, since 

the system is not online at this stage i.e. the system cannot provide location 

estimates before a fingerprint has been created.  

Fingerprinting has been the method of choice for indoor location estimation 

because of the increased multipath propagation of the radio signal, and the 

consequent increase in complexity of triangulation methods [43]. The previous 

research work on inferring the location via fingerprint matching can be categorized 

into two main types – Deterministic fingerprinting, and Probabilistic fingerprinting. 

Deterministic 

Deterministic methods [12, 44] apply direct interpretation to estimate the user’s 

location. A measured RSSI value is compared against the Radio Map and the 

coordinates of the best matches are averaged to give the location estimate. For 

example, the RADAR [12, 45] uses nearest neighbor heuristics to determine a user’s 

location. Also, during the offline training phase, they average the received samples 

using k-nearest neighborhood algorithm.  

Probabilistic 

Probabilistic techniques [1, 8, 46] store information about the signal strength 

readings in the Radio Map and use probabilistic inference algorithms to estimate 

the user location. Probabilistic techniques rely on the fact that autocorrelation 

between consecutive samples from any given access point is high enough to 

calculate the most probable value by averaging out the statistically similar readings. 

Youssef [47] has experimentally proven that the autocorrelation can be as high as 

0.9. They describe a technique to use multiple signal strength samples from each 

access point, taking the high autocorrelation into account, to achieve better 

accuracy. For example, Ladd [46] uses Bayesian inference to compute the 

conditional probabilities over locations, based on received signal-strength samples 

from various APs. Their method also includes a post-processing step, which utilizes 

the spatial constraints of a user’s movement trajectories. This is used to refine the 

location estimation and to reject the estimates showing significant changes in the 

location space. [1] Uses a joint clustering technique to group adjacent locations 

together to reduce the computational costs. This method first determines the most 
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likely cluster before going deeper into the selected group to search for the most 

probable location. The system applies a Maximum Likelihood (ML) method to 

estimate the most probable location within the cluster [11-48]. 

Milioris [49] and Ferris [20] employ statistical representation of the measured 

RSSI by means of multivariate Gaussian Model. For the Offline phase, their method 

considers a discretized grid-like form of the indoor environment and computes 

probability distribution signatures at each cell of the grid. During the online phase, 

the system compares the signature at the unknown position with the signature of 

each cell by using the Kullback-Leibler Divergence between their corresponding 

probability densities. 

Probabilistic techniques are primarily aimed to adapt to the changing 

environment using statistical analysis. For example, [47] treats the samples 

collected from an access point as a time series, and uses time series analysis 

techniques to study its time-varying characteristics. Yin [11] on the other hand, 

starts with generating a Radio Map as usual, but uses RF sensors as a way to avoid 

re-building the Radio Map. The sensors are deployed at regular intervals inside the 

premises and act as dynamic reference points, probing the environment for changes 

in radio conditions. Based on signal strength values received from the reference 

points, they apply regression analysis to obtain the estimated Radio Maps 

accommodating the corrections needed to the original Radio Map. 

Similarly, Ladd [46] and Roos [8] use a moving time average of multiple 

consecutive location estimates to obtain a better location estimate. 

2.3. Criticism 

Previous research has proven the fingerprinting approach (see Section 2.2.2) to be 

the most accurate Wi-Fi based location estimation technique. The simplistic 

approach however, poses a serious problem. In practice, any radio environment is 

dynamic, and endures changes caused by indoor layout alterations, unpredictable 

movements of the people or large unforeseen gatherings, alterations in the radio 

network itself, and environmental effects such as change in humidity levels etc.  

Therefore, the RF values measured for location estimation at any given point in 

time may significantly deviate from those stored in the Radio Map created at the 

time system was being prepared for operation. As a result, the location estimation 

based on a static Radio Map may be inaccurate. Attempts have been made in the 

past to deal with variation in environment by deploying dedicated sensor probes to 

the system [15]. This although guarantees the accuracy, but the cost of hardware 

becomes a major prohibitive factor. 

Earlier we argued that the cost of the radio infrastructure required, has always 

been one of the major shortcomings for RF-based indoor location estimation 

systems. However, due to decreasing cost and ease of installation of access points, 

indoor location estimation using Wi-Fi signal strength are becoming more and more 
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popular. Having said that most of today’s public buildings are already equipped 

with a Wi-Fi infrastructure (open or protected), two major technical challenges still 

persist for current Wi-Fi based location system: The need for manual offline 

calibration i.e. the fingerprinting process, and inaccuracies caused by unpredictable 

environmental dynamics. 

Acquiring a fingerprint is a process that is labor and time intensive, since a 

thorough RF scan of the entire operational zone of the system is required to create 

a fingerprint, which is done manually. Moreover, the numerous approaches 

presented based on this method, relied on a single time fingerprint. A mentioned 

before, this type of setting can be ideal for a laboratory environment, but fails all 

together in a real world environment. 

Based on this discussion, we can say that an ideal fingerprint system must have 

the following three properties: 

1. No need for a dedicated RF infrastructure. 

2. Easy to obtain fingerprint. 

3. Adaptability to the changing environment. 

These three points define the basis of our crowdsourcing-based approach that we 

have explained earlier in Section 1.2. 
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3. LOCATION ESTIMATION 

3.1. A typical RF fingerprinting-based system 

An indoor location estimation system is an entity that can provide a user (a user 

device) located inside an indoor premises with its location. Explaining on a an 

abstract level, any RF fingerprinting-based system is composed of six blocks: an 

RF Network, a Radio Map, a Scanning Device, Training Algorithm, Location 

Estimation Algorithm, and the User Device lying inside the System Operational 

Zone, that uses the system to get its location. See Figure 3.1.  

 

Figure 3.1. A typical RF-based indoor location estimation system 

The System Operational Zone (SOZ) is a definite area within a building that the 

user device must be lying inside, for the system to be able estimate its location. The 

SOZ must fall under the coverage of the RF network that provides the context 

information. The Radio Map is the database that stores the radio fingerprint. The 

database is populated by the Training Algorithm, which is fed the RF Context 

information and the exact location where the context was read at, by the Scanning 

Device. It should be noted that mostly the human operator scanning the premises is 

responsible to provide the location information to the scanning device. Lastly, 

Location Estimation Algorithm is the algorithm that calculates a location estimate 
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by matching the User Device’s sensor provided RF Context to the fingerprint 

provided by the Radio Map.   

3.2. Proposed system 

Previous systems face two major shortcomings, as also mentioned in previous 

chapters. First, the Radio Map, which is arguable one of the most important element 

of a fingerprint based system, is costly; acquiring a fingerprint has always been a 

time-and-labor-intensive process. The Training Phase as illustrated in Figure 3.1, is 

the process of acquiring the fingerprint, where a human operator (or human-assisted 

machine) thoroughly scans the SOZ premises for collecting the RF context using 

the Scanning Device. The operator also provides the location at which the context 

was collected from. The second major problem with this technique is that the costly 

fingerprint soon gets outdated because of the dynamic environment.  

Unlike any other system developed in the past (to the best of our knowledge), we 

employ a crowdsourcing approach, tackling the two problems simultaneously. Not 

only we eliminate the requirement of having a manually collected fingerprint before 

the system can be operational, our system is also capable of adapting to the 

environmental dynamics. Principally, the same method that initially crowdsourced 

the fingerprint, also updates it over the time the system is being operated. This 

means that while the Radio Map database is being created, the system must be able 

to provide location information to the users in parallel. To have this possibility, we 

have devised a concept of Seed tags – the reference points of precisely known 

locations, marked by QR-codes or NFC tags, to build the Radio Map around.  

To explain the system’s working in a clear way, the rest of this section presents 

a scenario of a user using the system immediately after it is deployed. Figure 3.2 

presents an example of a near ideal system deployment. 

The figure shows an indoor premises with a multiple Access Point (AP) Wi-Fi 

network providing an omnipresent RF coverage. Note that the actual location of the 

APs is not known. The figure further shows the crisscrossing corridors, and the Seed 

tags deployed throughout the premises. It should be noted that the Seed tags are 

places at precisely known geo-location, and they store the location coordinates they 

are placed at. The smallest area that can encompass all the Seed tags forms the 

System Operational Zone (SOZ), inside which the system can provide location 

estimates. 

At the time the system is deployed, the Radio Map database is empty. Any user 

who requests his/her location estimate (through a purpose-build application running 

on the User Device), is replied with an error message directing him to find and read 

the nearest Seed tag to obtain his/her location, as shown in Figure 3.3. 
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Figure 3.2. An example system deployment scenario. 

 

Figure 3.3. Instructing a user to read the nearest Seed tag. 
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The user finds and reads the nearest Seed tag using the QR-Reader or NFC reader 

integrated within the application to get his/her definite location, as shown in Figure 

3.4 and Figure 3.5. 

 

Figure 3.4 A user reading a Seed tag. 

 

Figure 3.5. Presenting Seed provided location to the user. 
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As soon as the user reads a Seed tag, the application not only shows his/her 

location on the map, but also starts a Wi-Fi scan without the user’s consent, and 

sends the scan results to be populated into the Radio Map database. The Wi-Fi scan 

result is basically a list of the Medium Access Control (MAC) addresses and the 

signal strength measures of the Wi-Fi access points serving at the location the Seed 

is located at. See Figure 3.2 for reference; every Seed tag falls under the coverage 

of a set of Access Points. Over the course of time, the Radio Map database expands 

using this crowdsourced data, and is eventually able to estimate the user’s location 

without requiring the user to read a Seed tag. This time, the user’s request for a 

location estimate is returned with an estimated location, calculated using the Radio 

Map and the current RF Context provided by the device. See Figure 3.6. 

 

Figure 3.6. Presenting estimated location to the user. 

3.3. System architecture 

Like any other fingerprinting-based location estimation system, the overall system 

functions can be divided into two main steps; the training phase3, and the online 

phase. However, unlike previous systems that require an explicit training phase and 

                                                 

3 Unlike previous systems, we do not refer to the training phase as “offline” training, since the 

training data is crowdsourced and system is live in this phase. 
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consequently a scanning device, we rely on the user device itself for the system 

training. See Figure 3.7, Step 1-4. 

 

Figure 3.7. System Architecture. 

After enough samples are crowdsourced, the Radio Map database is significant 

enough to estimate user’s location based on the data collected at the reference 

points. When a user requests a location estimate, the User Device (UD) reads the 

RF Context and requests relevant portion of the Radio Map by sending the collected 

RF Context (Step 5). The database server, extracts the relevant Radio Map cluster 

(Step 6) and sends it to the UD (Step 7). The UD now locally estimates the user 

location by analyzing the RF Context collected from the environment, to the Radio 

Map entries received from the database (Step 8). If a location estimate is obtained, 

it is communicated to the mobile application that requested the location (Step 9).  

Figure 3.8 below gives the precise details of the steps, and the communication 

that takes place between different entities, for both the training and location 

estimation phases.  

Note that practically Step 1 through Step 4 have to be performed repetitively to 

construct a Radio Map. Step 5 through Step 9 provide a one-time location estimate, 

and have to be repeated for subsequent estimates. However, more importantly, it 

must be noted that Steps 1-4 form a non-interleavable sequence, and so do Steps 5-

9, but the two sequences themselves are temporally independent of each other. 

Sections 3.4 and 3.5 explain in detail the system architecture for the two phases 

respectively. 

Chapter 6 compares our system architecture to previous systems, and provides 

similar high-level block and sequence diagrams generalized for all fingerprint-

based indoor location estimation systems (See Figure 6.1 and Figure 6.2). 
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Figure 3.8. System operation sequence. 

3.4. System training and temporal averaging 

The system is trained by collecting RF scans at Seed locations, deployed throughout 

the Systems Operational Zone. An RF scan is a list of the Medium Access Control 

(MAC) addresses of all the Access Points (AP) discovered at a location, along with 

every AP’s measured Received Signal Strength Indicator (RSSI) value. The RF 

scan, and the location of collection are communicated to the database server as pairs 

called ‘Sample’. The database (Radio Map) is primarily a collection of Samples, 

collected at different Seed locations. Figure 3.9 shows the block diagram illustrating 

the Radio Map structure. 

It is important to note that the primary Radio Map database, is not populated 

directly. Instead, it is fed through an intermediate database that logs all the Samples 

reported since the system was set live. Referring to Figure 3.9, it can be seen that 

the Radio Map is a collection of Samples. Since, the Samples are stored with respect 

to the Seed Location, the number of Samples equal with the number of Seed tags. 

All the Samples that are read at a particular Seed location, are averaged out, and the 

database contains the averaged RF values identified uniquely by the location. For 
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example, if three different MAC addresses are scanned at a given location, a Sample 

is created in the database, and the three MAC addresses are stored against the 

location, along with the respective measured RSSIs. The value of Count is set as ‘1’ 

for all the three MACs. If the next scan discovers only two of the previous MACs, 

the RSSI values of those two MACs are averaged with the previously stored values, 

and the count is incremented by 1. This way, the Radio Map contains temporally 

averaged RSSI values of these two MACs. 

 

Figure 3.9. Radio Map structure. 

The constant averaging is performed to tend to the environmental changes. It 

must also be noted that every time a new Sample is received, it is permanently 

logged in the intermediate database. The average RSSI is averaged over last k 

samples, and the old RSSI in the Radio Map database is replaced with the new one. 

Ultimately, the Radio Map contains temporally averaged RSSI values of the MACs 

discovered at every Seed location. The value of k directly affects the location 

estimation accuracy, and is discussed in Chapter 5.  

3.5. Location estimation 

The location estimation algorithm runs on the User Device, and the relevant data is 

fetched from the Radio Map database. This algorithm forms the core of the system, 

and comprises of three major steps: 

1. Retrieving and preparing the data to be fed to the algorithm. (Section 3.5.1) 

2. Generating a location estimation probability circle for every MAC address 

present in the feed data. (Section 3.5.2) 

3. Collectively analyzing all the probability circles using Venn diagram to 

estimate the final location. (Section 3.5.3) 
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3.5.1. Retrieving and preparing feed data 

The UD scans the environment for Wi-Fi signals and generates a scan list, 

containing all the discovered APs, uniquely identifying them with their MAC 

addresses, along with the measured RSSIs. While keeping a local copy of the scan 

list, the UD requests the fingerprint cluster from the Radio Map database by sending 

the list. 

The database server, queries the database for all the MACs in the list, and 

compiles another list of MAC-RSSI values, given that a particular MAC exists 

against two or more unique locations.  

After receiving a response from the Radio Map server, the algorithm prepares 

Feed Data List, the data to be fed to the next step. As it will be explained in the 

Section 3.5.2, the second step of the location estimation algorithm needs to be fed 

with two different Location-RSSI pairs of a particular MAC address at a time. The 

total number of two-pair combinations depends on the number of MACs discovered 

by the device (Figure 3.10 (a)) and the number of locations found against each MAC 

in the Radio Map (Figure 3.10 (b)). 

 

 

Figure 3.10. Data acquisition from Radio Map for location estimation. 

This can be better explained using an example. Assuming that the UD discovered 

only one AP ‘MACA’, and there were three locations found against MACA in the 

Radio Map database (LocationA1, LocationA2 and LocationAn), the number of two-

pair sets can be calculated using statistical combinations nCr. Where n is the number 

of locations, and r=2, as the location estimation algorithm requires two locations at 
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a time. Therefore, in this example the total combinations are 3C2 = 3, illustrated as 

three rows in Figure 3.11. 

 

Figure 3.11. Feed Data List for location estimation algorithm. 

Note that in practice the number of APs discovered in the scan is always more 

than one. The feed list in the figure above depicts feeds generated from one AP. In 

case of multiple APs, the list is appended with similar combinations generated from 

all other MACs before being fed to the next step.  

3.5.2. MAC-based independent location estimation 

The location estimation algorithm employs a Maximum Possible Radius (MPR) 

approach, estimating the center point, and the maximum possible radius for a 

‘Circle’ that must contain the UD. The center point and MPR are calculated for each 

element of the Feed Data List (feed data is explained in Section 3.5.1). This gives 

us a list of center points and radii, equally big as the size of the Feed Data List. This 

newly generated list called the ‘Circle List’, is further processed to estimate one 

center point (the user’s location) using Venn Diagram Probability as explained in 

Section 3.5.3. 

It must be strictly noted that MPR, as the name suggests, estimates the largest 

possible region the UD can lie inside. Undoubtedly, by using more advanced 

algorithms, we can reduce the size of estimated circle, or even estimate more 

intricate shapes than a circle. For example, instead of a complete circle, a smaller 

sector (slice shape) can be estimated. However, this will require more complex (and 

therefore computationally expensive) algorithms which contradicts objective 1.c of 

the thesis. We are conversely interested in testing simpler algorithms, and therefore 

consent with taking the larger estimation zones in this step, which we try to shrink 

with steps explained in Section 3.5.3. 

From the Feed Data List, a Circle List is populated by traversing every item of 

the list. The RSSI measured by UD is denoted as SSUD (signal strength measured 

by user device), and the RSSIs measured at the two location are denoted as SS1 and 

SS2. Note that the larger of two signal strengths is selected as SS1. The two locations 

are denoted as Seed1 and Seed2 respectively.  Please refer to Figure 3.12 as reference 

to the symbols used throughout this chapter. 
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Figure 3.12. Symbols used in Section 3.5.2. 

Based on the values of SS1, SS2, and SSUD, a given scenario can be associated to 

one of the following five categories:  

1. Condition I: SSUD ≈ SS1  

SSUD is approximately4 equal to SS1 (Figure 3.13 (I)). 

2. Condition II: SSUD ≈ SS2 

SSUD is approximately4 equal to SS2 (Figure 3.13 (II)). 

3. Condition III: SS1 > SSUD > SS2 

SSUD lies between SS1 and SS2 Figure 3.13 (III)). 

4. Condition IV: SSUD > SS1 > SS2 

SSUD is greater than SS1 and SS2 (Figure 3.13 (IV). 

5. Condition V: SS1 > SS2 > SSUD 

SSUD is less than SS1 and SS2 (Figure 3.13 (V)). 

 

Note that in figure, the vicinity is only used for illustration purposes. Overlapping 

vicinities are used to signify approximately equal signal strength values. 

                                                 

4 The maximum difference-in-values limit that declares two values to be approximately equal, 

and therefore declaring the two entities to be lying inside each other’s vicinity, directly affects the 

location estimation accuracy. Changing the limit has produced varying results, which are discussed 

in Chapter 6. 
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Figure 3.13. Location estimation conditions based on signal strength values. 

 

Condition I: SSUD ≈ SS1 

In a linear arrangement, to satisfy Condition 1, the AP can only lie to the left of a 

mid-way point between Seed1 and Seed2. Figure 3.14 shows the two extreme 

positions the AP can lie between, based on AP’s signal decay trend.  

As shown in Figure 3.14 (a) any possible position of the AP to the left of Seed1 

will always be satisfying Condition 1. Moreover, Figure 3.14 (b) shows that the 

condition is also satisfied if the AP lies to the right of the UD, but only up till a 

point where the distance5 between AP and Seed1, and distance between AP and 

Seed2 becomes equal. At this point SS1 is equal to SS2. However, if AP moves any 

                                                 

5 The calculations performed in this chapter do not take into account the effects of environment 

on signal propagation, and assume a linear signal decay. The diagrams however show an exponential 

signal decay for better illustration. All the assumption and limitation are listed in Chapter 5. 
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more towards Seed2, it will result in SS2 to be greater than SS1, which negates the 

condition. 

 

Figure 3.14. Possible AP positions for Condition I. 

Given that Seed1 and Seed2 were deployed at any arbitrary location, we can 

calculate the distance between Seed1 and AP as shown in Figure 3.15. The 

calculation is based on assuming a maximum value for SSAP (The assumptions and 

results are explained in Chapter 5). 

 

Figure 3.15. Distance calculation for Condition I. 

In the figure above, the known variables are: location of Seed1, location of Seed2, 

signal strength value measured at Seed1 (SS1), signal strength value measured at 

Seed2 (SS2), and the signal strength value measured by the User Device (SSUD). By 

assuming a value for maximum AP signal strength (SSAP), we can calculate the 

distance ∆𝑑1−𝐴𝑃 between the AP and Seed1 using plain Unitary Method. In the 

equation below, ∆d1-2 is the distance between the two Seeds, calculated using their 

known geo-locations. ∆SS1-2 is the absolute difference in signal strength values of 
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the two Seeds, and ∆SS1-AP is the absolute difference between the signal strength 

value of Seed1 and the assumed signal strength value for the AP. 

  

Based on our calculations, assumptions, and imposed conditions, we can estimate 

a Circle that the UD must be lying inside of. As illustrated using Figure 3.16, the 

potentially possible position of AP lie over the dashed circular path.  

 

Figure 3.16. MPR Circle calculation for Condition I. 

The larger grey area represents the possible regions the UD can lie inside, by 

overlapping multiple coverage regions the AP can be covering if placed anywhere 

on the dashed path. This region, which we will call a Circle, centers on Seed1, and 

its radius r can be calculated to be: 

 

∆d1-AP=
∆d1-2 meters

∆SS1-2  dBm
 × ∆SS1-AP dBm   (1) 
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Condition II: SSUD ≈ SS2 

Exactly as for Condition 1, the AP can lie at the same two extremes (and anywhere 

in between) to satisfy Condition 2, as illustrated in Figure 3.17. 

 

Figure 3.17. Possible AP positions for Condition II. 

As shown in Figure 3.18 for Condition 1, the distance between Seed1 and the AP 

can be calculated in a similar manner for Condition 2 (see Equation (1)). However, 

the Circle is not the same, since AP’s coverage must now be extended to include 

Seed2 also, as shown in Figure 3.19. 

 

Figure 3.18. Distance calculation for Condition II. 

Given that 𝑆𝑆𝑈𝐷 ≈ 𝑆𝑆1, 

𝑟 = 2 × ∆𝑑1−𝐴𝑃 where 𝑐𝑒𝑛𝑡𝑒𝑟 = 𝑆𝑒𝑒𝑑1 
(2) 
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Figure 3.19. MPR Circle calculation for Condition II. 

As illustrated in Figure 3.19, the larger grey area centers at Seed1. Taking into 

consideration the left most possible position of the AP, we can calculate the distance 

between AP and Seed2 to be Δd1-AP + Δd1-2. This is the radius of the AP’s coverage 

zone. The radius of the larger grey area can now be calculated by adding Δd1-AP to 

the calculated radius of the AP, since the AP lies at an offset distance of Δd1-AP from 

Seed1.  

 

Condition III: SS1 > SSUD > SS2 

Figure 3.20 below shows the two extremes the AP can lie at while satisfying 

Condition 3. 

Given that 𝑆𝑆𝑈𝐷 ≈ 𝑆𝑆2, 

𝑟 = (2 × ∆𝑑1−𝐴𝑃) + ∆𝑑1−2 where 𝑐𝑒𝑛𝑡𝑒𝑟 = 𝑆𝑒𝑒𝑑1 
(3) 
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Figure 3.20. Possible AP positions for Condition III. 

The left most extreme is anywhere to the left of Seed1 as shown on Figure 3.20 

(a). The right most position is the point exactly in the middle of Seed1 and UD, at 

which SSUD becomes equal to SS1, as shown in Figure 3.20 (b). We can calculate 

the distance between AP and Seed1, and Seed1 and UD as shown in Figure 3.21. 

The larger grey area is centered at Seed1. In the same way as we calculated the 

radius of the Circle for previous condition, the radius can be calculated by adding 

the offset distance (distance between Seed1 and AP) to the radius of the AP’s 

coverage region, represented as a single circle. The distance between Seed1 and AP 

is Δd1-AP, and the radius of the AP’s coverage region is Δd1-AP + Δd1-UD. The radius 

of circle can therefore be calculated as: 

 

Given that 𝑆𝑆1 >  𝑆𝑆𝑈𝐷 > 𝑆𝑆2, 

𝑟 = (2 × ∆𝑑1−𝐴𝑃) + ∆𝑑1−𝑈𝐷 where 𝑐𝑒𝑛𝑡𝑒𝑟 = 𝑆𝑒𝑒𝑑1 
(4) 
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Figure 3.21. MPR Circle calculation for Condition III. 

 

Condition IV: SSUD > SS1 > SS2 

Earlier, for the condition SSUD ≈ SS1, we derived the Circle radius to be extending 

from AP to Seed1. Given Condition 4, it is ensured that if we consider the similar 

scenario as in Figure 3.14, the UD must be lying even closer to the AP. This can be 

further ascertained by comparing Figure 3.14 and Figure 3.22.  

Although, this scenario suggests that the Circle’s radius must decrease from AP-to-

Seed1 to AP-to-UD, we need a known location to mark the center of the Circle (both 

AP’s and UD’s positions are estimated, and therefore not fixed). Therefore, 

although larger than the target radius that can be calculated for better precision, we 

take the same Circle as calculated for Condition 1. 

Given that 𝑆𝑆𝑈𝐷 >  𝑆𝑆1 > 𝑆𝑆2, 

𝑟 = 2 × ∆𝑑1−𝐴𝑃 where 𝑐𝑒𝑛𝑡𝑒𝑟 = 𝑆𝑒𝑒𝑑1 
(5) 



39 

 

 

Figure 3.22. Possible AP positions for Condition IV. 

 

Condition V: SS1 > SS2 > SSUD 

The possible placements of the AP that satisfy Condition 5 can be illustrated using 

Figure 3.23. 

 

Figure 3.23. Possible AP positions for Condition V. 

For Condition 2, the UD was lying over Seed2. For condition 5, the UD lies even 

more towards right. Earlier, for Condition 2, we calculated the radius of a Circle 

that assured to contain the UD that lied as far outside as Seed2. If we look at the 

Equation (3) for calculating the radius complying with Condition 2, it can be seen 

𝑟 = (2 × ∆𝑑1−𝐴𝑃) + ∆𝑑1−2 contains the element ‘∆𝑑1−2’. For Condition 2, the 

distance ∆𝑑1−2 was the distance between Seed1 and Seed2 or UD (since the UD 

was lying over Seed2). Therefore replacing, ∆𝑑1−2 with ∆𝑑1−𝑈𝐷 in Equation (3), 

will provide the Circle radius complying with Condition 5. Figure 3.24 shows how 

to calculate ∆𝑑1−2. 
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Figure 3.24. Distance calculation for Condition V. 

The updated equation for Condition 5 can therefore be written as: 

 

Table 3.1summarizes the location estimation conditions and Circles. 

Table 3.1 Location estimation conditions summary 

Condition Center Point Radius 

SSUD ≈ SS1 Seed1 𝑟 = 2 × ∆𝑑1−𝐴𝑃 

SSUD ≈ SS2 Seed1 𝑟 = (2 × ∆𝑑1−𝐴𝑃) + ∆𝑑1−2 

SS1 > SSUD > SS2 Seed1 𝑟 = (2 × ∆𝑑1−𝐴𝑃) + ∆𝑑1−𝑈𝐷 

SSUD > SS1 > SS2 Seed1 𝑟 = 2 × ∆𝑑1−𝐴𝑃 

SS1 > SS2 > SSUD Seed1 𝑟 = (2 × ∆𝑑1−𝐴𝑃) + ∆𝑑1−𝑈𝐷 

 

3.5.3. Collective estimation using Venn diagram probabilities 

Section 3.5.2 explained how we calculate the estimation Circles for each AP 

scanned by the UD. We can now use these Circles to create a Venn diagram, 

allowing us to probabilistically estimate the final location of the UD. 

The Circles are provided as a center-point of known geo-location with a fixed 

radius (see Table 3.1). Using the radius (provided in meters), and the coordinates 

of the center-point, we can calculate the coordinates of the extreme North, South, 

East, and West (NSEW) ends of the Circle, as shown in Figure 3.25. 

 

Given that 𝑆𝑆1 > 𝑆𝑆2 > 𝑆𝑆𝑈𝐷, 

𝑟 = (2 × ∆𝑑1−𝐴𝑃) + ∆𝑑1−𝑈𝐷 where 𝑐𝑒𝑛𝑡𝑒𝑟 = 𝑆𝑒𝑒𝑑1 
(6) 
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Figure 3.25. Calculating extreme NSEW geo-coordinates of a Circle. 

The unit of measure for Lat and Lng is radians. The unit for radius (r) is meters. 

To calculate, for instance 𝐿𝑎𝑡 + 𝑟, the radius has to be first converted into radians 

that represents the displacement on the surface of the Earth. Equation (7) and (8) 

convert radius in meters into deviation in latitude or longitude. Note that the formula 

for latitude and longitude is not same. This is because all the earth’s latitudes are 

geometrically equal. Whereas, the circular length of longitude vary, and depends on 

the latitude. 6378137 is the equatorial radius of earth in meters, as defined by 

Geodetic Reference System 1980 (GRS-80) [50].  

 

After calculating the extreme NSEWs of all the circles, we can start building the 

Venn diagram. First, we need to calculate the overall extremes of the diagram, that 

is, the largest value of North-Lat (LatMAX) among all the Circles, the smallest value 

of South-Lat (LatMIN), the largest of East-Lng (LngMAX), and the smallest of West-

Lng (LngMIN).  

Next we construct a grid layout to place the Circles on. The width of the grid 

shall be the distance between LngMAX and LngMIN, and the height shall be the 

distance between LatMAX and LatMIN. Figure 3.26 illustrates this using four arbitrary 

Circles as an example. 

𝐿𝑎𝑡 =
180

𝜋
×

𝑟

6378137
 (7) 

𝐿𝑛𝑔 = (
180

𝜋
×

𝑟

6378137
) ×

1

cos(𝐿𝑎𝑡)
 

(8) 
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Figure 3.26. Calculating Venn diagram grid size. 

Figure 3.27 explains how we can highlight the squares in the grid that represent 

the maximum probability for UD’s location.  

 

 

Figure 3.27. Probabilistic location estimation using Venn diagram. 
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The highest probability region is determined by simply counting the number of 

circles covering each square, and highlighting all the squares that give the maximum 

overlap factor (which is 3 in case of this example), as shown in Figure 3.28. 

 

Figure 3.28. Averaging maximum-overlap-factor region. 

The UD’s location can finally be estimated by averaging the coordinates of each 

of the highlighted square. See Equation (9) and (10). 

 

 

Note that in case of two (or more) mutually explicit clusters having the same 

maximum overlap factor, we consider the one with maximum number of squares. 

But if two the two clusters have equal number of squares, we average out all the 

squares combined from the two clusters. 

𝐿𝑎𝑡 =  
1

𝑛
∑ 𝐿𝑎𝑡𝑖

𝑛

𝑖=1

 (9) 

𝐿𝑛𝑔 =  
1

𝑛
∑ 𝐿𝑛𝑔𝑖

𝑛

𝑖=1

 (10) 
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4. TESTBED AND MAP APPLICATION 

In the previous chapter, we explained the system architecture and explained using 

an example scenario how a user participates in training the system before the system 

is able to provide location estimations. We explained the logic behind the Radio 

Map, and the location estimation algorithm, while refraining from explaining the 

employed technologies. 

In this chapter, we explain in detail the system components, the database structure 

of the Radio Map, the end-user Map Application that runs on the user device, and 

the testbeds we used to test the developed system. Figure 4.1 shows the abstract 

level system blocks the complete system can be divided into.  

 

Figure 4.1. System components. 

The figure above splits the system into three major blocks: the System 

Operational Zone, the User Device and the Radio Map. The SOZ is the indoor 

premises prepared to be a part of the system by deploying Seed tags and ensuring 

that the targeted premises is completely covered by a Wi-Fi network. The SOZ of 

our first prototype is the system testbed, which we explain in detail later in this 

chapter.  

The User Device is a mobile device (a tablet or a smartphone), capable of running 

the developed application. The hardware capabilities required from the device 

include: NFC, Camera and Wi-Fi connectivity. The application running on the 

device, in addition to user’s location, also provides a detailed indoor map. 

Lastly, the Radio Map database is a Web Server accessible from the Internet or 

the local Wi-Fi network operating inside the premises. The server hosts the Radio 

Map database and runs the web service written for handling the device requests. 

Note that the Web Server also hosts another database Building Map, which is the 

building’s indoor map data. 

4.1. System design 

One of the secondary objective of the thesis, Objective 2.c was to develop an indoor 

mapping application for the University of Oulu. The developed Mobile Application, 

along with the user location, also provides a detailed indoor corridor-level map of 

the University. 
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As explained previously, the system is composed of three high-level entities. The 

System Operational Zone, the User Device and the Web Server. Figure 4.2 explains 

the high-level interconnectivity between the three components. 

 

Figure 4.2. System components. 

The System Operational Zone is composed of two major components, the Wi-Fi 

network and the Seeds deployed throughout the premises. To read the information 

from the two sources, the Map Application integrates a Wi-Fi scanner, and NFC 

and QR-Code readers. The Map application communicates with the purpose-built 

Web Service running on the Web Server that handles the database and responds to 

the requests generated by the Map Application.  

4.2. Map application 

The Map Application, providing the indoor map view and the user-location acts as 

the front interface to the system. We developed a native Android application, and 

an Application Programming Interface (API) we call Locator API, that the 

application can use to connect to the system. The application core and the Locator 

API are written in Java and built upon Android SDK-14 Framework. 

Android is a Linux-based operating system designed primarily for touchscreen 

mobile devices such as smartphones and tablets. It is an open source platform, 

allowing it to be freely modified and distributed, and is therefore the preferred 

mobile operating system choice for most of the research in the field of computer 

and information sciences. 

The maps are built on top of Google Maps Android API v2, as vector graphics. 

The Google Maps API automatically handles access to Google Maps servers, data 
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downloading, map display and response to user’s gestures to manipulate the map 

display. Above all, the API provides means to add markers, lines, and polygons 

over the base map, which are the building blocks of our indoor map layer. 

The Map Application architecture can be explained by dividing it into two 

fragments: The Locator API and its integration into the application, and the map 

layer. 

4.2.1. Locator API 

Figure 4.4 presents a high-level block diagram explaining the operation of the 

Locator API in crowdsourcing the Radio Map data. 

 

Figure 4.3. Locator API operation during Training Phase. 

Step 1 implies the event of a user reading the QR-code or the NFC tag. On reading 

the geo-coordinates from the tag, the location data stored in the tag (floor, latitude 

and longitude) are immediately forwarded to the Locator API. The API first 

communicates the read location to the Map Display (Step 2), so that the user 

experiences the least possible time delay in getting his location. Next, the API 

request the Android WifiManager API for a Wi-Fi scan. The WifiManager returns 
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the list of MAC address and respective signal strengths readings (Step 3). The scan 

list along with the location information is encoded into JavaScript Object Notation 

(JSON) format and sent to Radio Map server to be included into the Radio Map 

database (Step 5). 

Figure 4.4 illustrates the operation of the Locator API in estimating the location. 

 

Figure 4.4. Locator API operation during the location estimation phase. 

Here, instead of the user reading a tag, the Map Display requests a location 

estimate from the Locator API (Step 1). The Locator API requests a Wi-Fi scan 

from the WiFiManager API, which performs a new scan and provides a list of MAC 

addresses and measured signal strengths (Step 2). While keeping a local copy of the 

scan list, the Locator API encodes the scan list into JSON format (Step 3) and 

generates a HTTP Post request to the Radio Map (Step 4) requesting for the cluster 

that matches the MAC addresses included in the request. The Radio Map server 

responds with the Radio Map cluster (Step 5). The response is decoded and 

forwarded to the Location Estimation algorithm (Step 6) along with the original 

scan list (Step 7) saved earlier. The location is estimated as explained in Section 

3.5, and the estimated location is finally forwarded to the Map Display, the block 

that originally generated the location request.  
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4.2.2. Mapping 

The Map Application is the mobile application, which was built as a part of the 

project. Not only it provides a platform to test the location estimation algorithm, the 

application is the first iteration of a mapping application to provide indoor location 

and mapping for the University of Oulu. 

The map data used by the application is extracted from the architectural blueprint 

of the university building. Although not exactly in the scope of this thesis, we give 

some details on the process of extracting a simple vector-type map from the detailed 

AutoCAD architectural data.  

The extracted map data is stored on the Web Server, and fetched by the 

application when first installed. This remote storage is implemented to enable the 

application to import any map data, and not be restricted with a particular 

(hardcoded) map. This enabled us to develop a generic map application, not 

restricted only for the University of Oulu. 

The map data, after retrieved from the Web Server, is stored locally on a database, 

from where the required data is pulled real-time to draw the map segments that 

cover the screen area. 

Extracting the map data from architectural blueprint 

Any element in an AutoCAD drawing has one basic property; its coordinates. The 

process of extracting coordinates of the required elements, although is time 

consuming, yet it is straight forward. By exploding every compound shape (square, 

hexagon, etc.) we get a series of line segments. Effectively, any complex shape, like 

boundary of a building can be disintegrated into line segments. 

Deleting all elements, but the line segments that form the boundary gives us a set 

of points. It is important to note that only one end of the line needs to be considered, 

since the other end will be the first end of the second line. Similarly, we can keep 

all the lines that make up the streets, or all the text-tags that identify each room on 

the map. The required coordinates can be extracted as a Comma-Separated Values 

(CSV) file using an AutoLISP script. AutoLISP is a dialect of Lisp programming 

language built specifically for use with AutoCAD, and is used to automate common 

routines.  

The coordinates yielded by AutoCAD are however plain Cartesian coordinates, 

and need to be converted into geo-coordinates for mapping. We have devised a 

simple conversion procedure employing elementary unitary method. The process 

involves obtaining geo-coordinates of the far-ends of the building, and then scaling 

the Cartesian values to stretch over the geo-coordinates of the building. Figure 4.5 

below shows the high-level block diagram of the map-data extraction process. 

Given the blueprint in Cartesian-coordinates, an AutoLISP script extracts the 

required drawings as CSV. From the blueprint, we can acquire the bottom-left most 
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coordinates of the building (we call it the XYMIN), and the top-right most 

coordinates of the building (the XYMAX). Next, we read the actual geo-coordinates 

of the two points of the building, using a GPS. We call the two points NEMAX (the 

most North-East coordinates) and SWMIN (the most South-West coordinates). The 

two pairs of coordinates are fed to a Linear Conversion process along with the 

extracted CSV file, where they are matched to get a ratio of difference in their 

values. The ratio is then used to linearly convert the CSV contents to obtain their 

respective values in geo-coordinates. 

 

Figure 4.5. Map-data extraction from architectural blue print. 

4.3. Web service 

The Web Service hosts the Radio Map and Building Map data, as previously shown 

in Figure 4.2. The Radio Map is the fingerprint that is used for location estimation, 

while Building Map is the vector data to plot the indoor building map. 

The University Map as mentioned before, is generated as vector graphics using 

the Google Maps Android API. At the time the Map Application is first installed on 

the device, the Building Map data is downloaded from the Web Server and stored 

in a local database, from where it is fetched during runtime. The map is created as 

a combination of polygons to draw building layout, lines to draw corridors, and 

markers to mark the rooms.  

The building outline (a polygon) is composed of a set of geo-coordinates that 

makes up the edges of the polygon. We call the open, roofless regions of the 

building lying within the larger area of the building, Holes. A Hole is the region 

that must not be highlighted as a part of the building drawing, instead a void must 

represent the Hole as an area not a part of the building’s drawing. Holes are also 

represented as polygons, and are stored as a set of geo-coordinates in the database. 

It is important to note that a building can have more than one Hole, and therefore 

all coordinates belonging to a particular Hole must be identifiable to be clustered 

into separate groups. 

Figure 4.6 below presents the ER diagram for Building table. Each Building in 

the database is identified with a unique name. A building is essentially a set of 
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multiple Holes and multiple Points. The Point is the coordinate, representing one 

edge of the building. Every Hole is identified with a unique ID (a randomly given 

ID to distinguish different Holes apart), and contains multiple Points. The Point is 

again a geo-coordinate representing one edge of the Hole.  

 

Figure 4.6. Building ER diagram. 

The corridors or “Streets” are drawn using multiple straight line segments. Each 

line segment (Street) is represented by the coordinates of the two far ends.  

Figure 4.7 shows the ER diagram for Streets table in the database. A Street is 

stored as a combination of seven parameters. The Type signifies the importance of 

the street (a main corridor, or a small corridor). The Level is the zoom-level of the 

map at which the street must be rendered visible. Levels are defined to avoid 

overcrowding the map at the smallest zoom levels. Floor, as the name suggests, tells 

the floor of the building the Street is on. Lastly, Lat1 and Lng1, and Lat2 and Lng2 

are the geo-coordinates of the two extreme ends of the Street. 

 

Figure 4.7. Street ER diagram. 

Lastly, we call the important locations of the building that need to be marked on 

the map as Rooms. A Room may be an actual room (office, classroom etc.), a 



51 

 

cafeteria, any important gate, library, or even an elevator or stairs. Essentially, any 

location that can be marked on the map using one set of geo-coordinates, is a Room. 

Figure 4.8 shows the ER diagram for Rooms table in the database.  

 

Figure 4.8. Room ER diagram. 

Same as for Street, a Room has Type, Level, and Floor parameters. The Type 

defines the category of the Room, some examples of which are mentioned in the 

previous paragraph. The Label is the small text label that appears along with the 

icon. Lat and Lng are the geo-coordinates that identify the location of the room on 

the map. 

The database structure for the Radio Map is already explained in detail in Section 

3.4, and does not need further explanation. Figure 4.9 however provides the ER 

diagram for the Radio Map, and can be related to Figure 3.9 explained previously. 

 

Figure 4.9. Radio Map database – ER diagram. 

4.4. Application architecture 

The application consists of five major building blocks; the Map view, the database, 

QR-reader, NFC-reader, and a Background-Service that interfaces with the Locator 

API. Figure 4.10 shows the application architecture. 

The BackgroundService is the central manager of the application and binds all 

the building blocks together. Previously, using Figure 4.3 and Figure 4.4 it was 

explained that the Locator API is interfaced to get location estimates using a Radio 

Map that resides on a Web Server. Since it was not relevant to explain the 
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functionality of BackgroundService at that point, the WiFiManager was shown 

linked directly to the Locator API. 

The BackgroundService is programmed to periodically initiate location request, 

and forward the results to the MapDisplay. Alternatively, the user can also manually 

request a location update from the MapDisplay, and the request is forwarded to the 

BackgroundService. On receiving a location request, the BackgroundService 

acquires a Wi-Fi scan using the Android’s WiFiManager API. The scan results are 

forwarded as a get-location request to Locator API, which responds back with a 

location estimate (the location estimation process is discussed in detail in Section 

3.5). 

 

Figure 4.10. Map application and Web Server integration via Locator API. 

When a user reads a QR-code, or an NFC tag, the location information read from 

the tag is immediately forwarded to the BackgroundService, which first forwards 

the location to the MapDisplay, and then initiates the crowdsourcing process to send 

updates to the Radio Map. On receiving location information form any of the tag 

reader, the service again acquires Wi-Fi scan from the WiFiManager, and forwards 

the scan results to Locator. This time however, the scan results are not forwarded 

as a get-location request, but as an Update-Radio-Map request.  
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At time the application is installed, the DatabaseHandler checks if the Building 

Map database exists locally in the device. If not, a copy is downloaded from the 

Web Server and stored locally for quick access. The MapDisplay pulls required data 

from the local database via the DatabaseHandler, as and when required. 

4.5. System testbed 

The system was tested on two different types of locations within the premises of 

University of Oulu to extensively scrutinize its performance. One of the secondary 

functions of the system is to provide, in addition to the user’s location, the current 

floor of the building that the user is on. While one floor acts as a two dimensional 

space, the presence of multiple floors add the third dimension to the location 

estimation. However, we define a two dimensional space as a multi-floor testbed, 

with floors stretching in only one direction. The two testbeds can be demarcated as: 

1. Two-dimensional space: A broad, long-stretched, double story corridor. This 

testbed is the corridor running through Faculty of Humanities and Faculty of 

education. 

2. Three-dimensional space: A cross-corridor, double story building. This 

testbed covers the premises of the Department of Computer Science and 

Engineering. 

Principally, the system acts as a three-dimensional location estimator; estimating 

the user’s Latitude, Longitude, and the current floor. Interestingly, Testbed 2 has 

spaces in the floor that leave an open gap between two floors. This affected the 

system performance severely, and will be discussed in Chapter 5 and 6. 

4.5.1. Testbed 1: Two dimensional space 

The first testbed, although we call it a two-dimensional space, is only one-

dimensional in terms of location estimation. The second dimension is the floor 

estimation. Here, the Seed tags were deployed in a linear layout, on two adjacent 

floors. The linearity acts as only one dimension, while the deployment on two 

different floors adds the vertical dimension, imitating, in effect, a two dimensional 

space. The particular corridor was chosen to test the effects of signal overthrow, 

caused by large openings like glass windows. The chosen corridor bends almost 

90°, and exposes the triangular arrangement of tags due to the presence of windows, 

while in practice they are deployed in a straight bending corridor. Figure 4.11 shows 

the testbed layout.  

Note that the tags are deployed in a linear arrangement through the corridor, but 

the presence of large windows imposes the triangular arrangement for at least three 

tags. The windows were also present on the second floor, as shown in Figure 4.12. 
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Figure 4.11. Two-dimensional testbed – Floor 1. 

 

Figure 4.12. Two-dimensional testbed – Floor 2. 

Table 4.1 highlights testbed 1 specifications. 
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Table 4.1. Testbed 1 details summary 

Floor Length 

(meters) 

Number of Seeds Average Distance between Seeds 

(meters) 

1 204 7 34 (s=2.52) 

2 201 9 25.13 (s=6.31) 

Total 405 14 29.56 (s=6.70) 

 

4.5.2. Testbed-2: Three dimensional space 

The second testbed provides a small cross-corridor floor setting. Both of chosen 

floors contain intersecting corridors, with tags placed on every edge and every 

intersection. Unlike the first testbed, the tag deployment is not linear, making any 

given floor a two dimensional space. The deployment of tags on two different floors 

add the third dimension.  

The two floors of the building are however not completely separate. The 

checkered area, as shown in Figure 4.13 are open-roof lobbies. The area therefore 

leaves an open-floor space on the second floor, as shown in Figure 4.14. This 

provides an unrestricted path for the Wi-Fi signals to freely overshoot between 

different floors, and has negatively affected the system’s performance, especially 

in estimating the user’s current floor. The effects are discussed in Chapter 5. 
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Figure 4.13. Three-dimensional testbed – Floor 1. 
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Figure 4.14 Three-dimensional testbed – Floor 2. 

Table 4.2. highlights testbed 2 specifications. 

Table 4.2. Testbed 2 details summary 

Floor Tags Area 

(Sq. meters) 

Tag Density 

(Tag / Sq. Meter) 

1 10 2755 1 / 275 

2 10 5010 1 / 501 

Total 20 7765 1 / 388 

 

The test results, delivered in Chapter 5, explain the system’s behavior when 

installed in two distinct environments imposed by the two types of testbeds. 

 

 

 



58 

 

5. RESULTS 

In this Chapter we give an overview of the software produced as part of this thesis. 

We also explain the application developed for testing the system performance in 

terms of location and floor estimation accuracy, explain the variables controlling 

the performance metrics, and the results of the performance tests in terms of these 

variables.  

5.1. Shippable software 

Conforming to the objectives of this thesis, we have produced the software pieces 

that form the entire system. The software can be divided into three pieces: the Map 

Application, the Web Server hosting the databases, and the AutoLISP scripts 

required to prepare the indoor map and extract the location of Seeds. 

The Map Application is a fully functional mobile application developed for 

Android operating system. The application serves two main purposes: providing the 

user with his/her location, and providing a detailed indoor map of the building. 

Owing to its design, the application allows complete flexibility to be used for any 

indoor location and not be restricted only for University of Oulu. This feature is 

implemented, as mentioned in previous chapter, by storing the Building Map data 

on a web server, which is downloaded and stored in a local database upon request. 

In addition to these two basic features, the application also provides search 

functionality to search for any room or major place within the university premises.  

The Web Server, hosts two databases and two web services that respond to Map 

Application’s requests. The Building Map database is a static database and only 

serves the purpose of an online repository for storing the indoor building map data.  

The associated web service is responsible for responding to the Map Application’s 

request with the required data from the repository, essentially assisting it in 

downloading the maps. The Radio Map database on the other hand is a dynamic 

database which is maintained by its respective web service. The Radio Map 

database and the web service are designed to provide complete flexibility in terms 

of data that will be stored in it. At the time the system is deployed, the database is 

empty and does not contain any tables (details in Section 4.2). The tables are created 

and populated at run time when required i.e. the act of the first user discovering a 

new Seed tag for the first time.  

To summarize, the developed system can potentially be deployed at any indoor 

location by following the steps below: 

1. Extract the indoor map data from the architectural blueprint using the 

developed AutoLISP script.  

2. Save the extracted data in Building Map database on the web server. 
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3. Mark the desired locations of the Seed tags on the blueprint, and extract their 

coordinates using the AutoLISP script. 

4. Save the Seed tag coordinates as QR-Codes or NFC tags and deploy them 

inside the premises.  

5. Identify in the Map Application’s source code, the desired indoor premises 

that the application must download the Building Map data of at first launch.  

6. Compile and distribute the Map Application. 

7. The Radio Map database shall self-sufficiently start populating (bootstrap) 

as soon as the users start reading the Seed tags. 

8. After the Radio Map database is sufficient enough, the Map Application 

shall be able to provide location estimates without requiring users to read 

the Seed tags. 

Appendix A provides the Map Application flow and screenshots. 

5.2. Test apparatus 

The system was evaluated on two different indoor testbeds, the details of which are 

explained in detail in Section 4.5.  The purpose of the tests was to evaluate the 

location estimation accuracy in terms of: Deviation from a known location, and 

accuracy in estimating the correct floor, for a fingerprinting-based system that is 

developed in compliance to the objectives mentioned in Section 1.3. 

Testing was performed using a modified version of the Map Application 

explained in Section 4.2.2. The application was modified to include two reference 

map-markers, and to automatically log required test readings into a CSV file. Of 

the two reference markers, one marker Pin-A was used as a reference point to 

measure the degree of location estimation inaccuracy. This was done by placing 

Pin-A at a known location the device is at, and measuring the distance between it 

and the location estimated by the system.  

The second marker Pin-B was used to test an application feature named Pink-

Street algorithm. The feature (explained in Chapter 6.6) is designed to artificially 

enhance the location estimation results. However, since this feature is not yet 

implemented, its effect on system performance were tested using a reference 

marker. Although, explained in detail as a part of future work, in short, the Pink-

Street is an algorithm that basically repositions the estimated location marker, if 

appearing off the streets, onto the nearest street.  

Figure 5.1 shows an example scenario of collecting one test sample. 
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Figure 5.1. Collecting a test sample. 

Pin-A and Pin-B, the two reference markers, are allowed by to application to be 

manually dragged on the map. To record a test sample, Pin-A is positioned at the 

exact same location as the test user, and therefore the user device. The Estimated 

Location (EL) marker is generated by the application after calculating the location 

estimate. The tester now places Pin-B anywhere on the pink line (representing the 

streets inside the building) that is closest to the EL marker. Upon tester’s request, 

the application logs the geo-coordinates of the three markers, the distance between 

known location and the estimated location ∆𝑑𝐴−𝐸𝐿, the distance between known 

location and corrected location ∆𝑑𝐴−𝐵, the known floor, and the estimated floor. 

It is important to note that it was vital to test the Pink-Street algorithm before 

implementation since it can also potentially cause degradation in the location 

estimation performance, as shown in Figure 5.2.  

It can be seen that the location picked by the algorithm to improve the location 

estimation result, marked as Pin-B, in fact further degraded it; ∆𝑑𝐴−𝐵 is greater 

than ∆𝑑𝐴−𝐸𝐿.  This is because the street nearest to the estimated location was lying 

towards the other side of the estimated location than the side towards the actual 

location. 

In our testing, we are interested in analyzing the degree of enhancement, and 

percentage of positive outputs, that can be inflicted using the Pink-Street algorithm. 

It is so that based on these results, we could suggest implementing the Pink-Street 

algorithm as future work, which can prove to be a significant deal of enhancement 

towards accurate location estimation. 
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Figure 5.2. Pink-Street Algorithm further degrading the location estimate. 

5.3. System performance variables 

In previous section, we mentioned the variables that are logged form the test device, 

to be used for analyzing the system’s performance. In addition to these variables we 

have introduced certain variables throughout this document where necessary, but 

refrained from explaining them. Here we explain the 12 independent and dependent 

variables that we will use in our analysis. 

Table 5.1 System performance variables 

Variable Symbol Type Description 

Independent Variables 

Measured 

Signal Strength 

SSM Scalar Imposes a lower limit on the access 

point signal strength measured by the 

user device that can be included in the 

location estimation phase. An access 

point shall not be used in location 

estimation if its measured signal 

strength is lower than SSM. 

Radio Map 

Signal Strength 

SSRM Scalar The lower limit on access point signal 

strength stored in the Radio Map. An 

access point shall not be used in 

location estimation if its signal 

strength as stored in the Radio Map is 

lower than SSRM. 
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Max Radius r Scalar The maximum limit on the radius of 

the estimation Circle calculated for 

one access point. Any estimation 

Circle with a radius larger than r shall 

not be included in the location 

estimation algorithm. 

Number of 

Recent samples 

k Scalar The number of recent samples of 

access point signal strengths that 

must be averaged while updating the 

Radio Map. Example: if k=10, the 

last 10 reported signal strength values 

of a particular AP shall be averaged 

and stored in the Radio Map, and 

samples older than the last 10 shall be 

discarded. 

Access Point 

Max RSSI 

SSAP Scalar The value of AP’s maximum possible 

signal strength to be assumed by 

location estimation algorithm. 

Seed Density DensitySeed Scalar Density of the seeds deployed in a 

given testbed environment, measured 

in terms of Seed deployed per area in 

square meters. 

Approximation 

Limit 

∆𝑆𝑆𝐴𝑃𝑃𝑅𝑂𝑋 Scalar The maximum difference in two 

signal strength values that allows the 

two values to be assumed 

approximately equal. 

Testbed-type - Nominal The type of the testbed. The two types 

are defined in Section 4.5. 

Ceiling-type - Nominal Type of the ceiling. Open-roof ceiling 

or intact ceiling. 

Dependent Variables 

Location 

Estimation 

accuracy 

∆𝑑𝐴−𝐸𝐿 Ordinal The deviation of estimated location 

from actual location. The deviation is 

measured categorically as: less than 5 

meters, between 5 and 10 meters, and 

greater than 10 meters. 

Corrected 

Location 

Estimation 

Accuracy 

∆𝑑𝐴−𝐵 Ordinal The deviation of corrected location 

estimate from actual location 

estimate. The corrected location is an 

artificially enhanced estimation 

calculated using the Pink-Street 
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algorithm discussed in Section 5.2 

and Section 6.6 as future work. 

Estimated Floor 

accuracy 

ηfloor Ordinal The floor estimation accuracy.  

 

5.4. Limitations 

Before presenting the results, we list the limitations and assumptions that were taken 

into account to narrow down the scope. These limitations affect the system 

performance results, and therefore hold equal importance as the results themselves.  

1. As it was mentioned in Section 3.5.2, the location estimation algorithm 

assumes a linear arrangement of the Seed tags, the User Device, and the 

Access Point to avoid complex algorithm. To counteract this assumption, the 

algorithm provides Maximum Possible Radius for the estimation Circles, 

sacrificing the precision. 

2. The location estimation algorithm disregards any multipath signal 

propagation. 

3. The location estimation algorithm assumes a linear signal strength decay to 

avoid algorithm complexity. In reality, a radio signal decays exponentially. 

4. The maximum signal strength value of access point is an assumption. The 

optimal value of which must be experimentally deduced as a value at which 

the system performs better than other assumptions.  

5. As it will be experimentally proven in Section 5.5, the measured signal 

strength values fluctuate over a range. Although, while populating the Radio 

Map, this fluctuation is automatically taken care of by the temporal averaging 

performed, we do not try to collect multiple samples for averaging when the 

User Device scans for RF Context when requesting a location estimate. The 

averaging is not considered because this will require multiple scans, and will 

cause in a delay experienced by the user in getting a location estimate. 

6. We assume that the users shall use the Seed tags if the estimated location is 

inaccurate. Otherwise, the system will not be able to receive latest RF 

Context values and will not be able to adapt to environment. 

7. To ensure uniformity between different RF Context datasets collected at a 

Seed location, we expect the user to hold the device upright, and that all the 

devices provide statistically similar readings. It is however worth mentioning 

that reading an NFC tag automatically forces the user to hold the device in 

an upright position. Moreover, we have allegedly reduced the size of QR-

Codes as much as possible to force the user to hold their device closer to it, 

thus ensuring the RF Context being read at the same exact spot. 
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5.5. System performance results 

The system was evaluated in terms of the affects the independent variables pose on 

the dependent variables, by varying one independent variable at a time.  

As mentioned in Table 5.1, SSM, SSRM and r reduce the total number of Circles 

by imposing AP selection criterion. The intent behind reducing the number of 

Circles, as also previously mentioned, is to improve the performance by leaving out 

larger Circles with more uncertainty. The results have revealed that imposing a 

lower limit on SSM and SSRM, and an upper limit on r does improve the system 

performance. Figure 5.3 (a) shows that higher SSM values result in decreased 

accuracy. Figure 5.4 (a) shows the same trend for SSRM. Figure 5.5 (a) shows how 

imposing a limit on maximum radius of Circle to be included in the location 

estimation step results in better accuracy. However, it must be noted that it was not 

always possible to obtain a location estimate while one of the above three 

restrictions was imposed on the algorithm. Figure 5.3 (b), Figure 5.4 (b), and Figure 

5.5 (b) show the distribution of results obtained from different levels for each limit. 

For example, Figure 5.3 (b) explains that out of 212 cases conducted for testing the 

implications of SSM, the location estimation algorithm was able to estimate the 

location only 23% of the times while the limit 𝑆𝑆𝑀 ≥ −70 was enforced. If the 

algorithm fails to estimate the location, it tries again after increasing the limit. This 

way, the algorithm was able to estimate further 74% of the location requests when 

−70 > 𝑆𝑆𝑀 ≥  −90 limit was under force. About 3% of the cases still failed, and 

the location was obtained when the limit was decreased to 𝑆𝑆𝑀 < −90. 

 

Figure 5.3. Effects of SSM on location estimation accuracy. 



65 

 

 

Figure 5.4. Effects of SSRM on location estimation accuracy. 

 

 

Figure 5.5. Effects of r on location estimation accuracy. 

To minimize the effects of signal fluctuations, while ensuring environmental 

adaptability the minimum value of k was experimentally inferred to be k=50. Figure 

5.6 shows the comparison between five averages calculated over different sample 

sizes. The graph for k=10 shows that the five averages calculated using five distinct 
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sets of 10 samples each are not statistically similar as suggested by the 95% 

Confidence Interval (CI) error bars. Similarly, k=25 is not a sufficient sample size 

either. However, averages calculated over sample set size of 50 values reveal that 

k=50 is sufficient to yield statistically similar averages. 

 

Figure 5.6. 95% CI comparison for different k values. 

Previously we mentioned that the signal strength value for AP is assumed since 

it cannot be known. Figure 5.7 shows the results against three different assumptions 

of: -11 dBm, -21 dBm, and -30 dBm. The graph suggests that -21 dBm is the ideal 

value, giving least inaccuracy in the estimated location. 

 

Figure 5.7. Effects of SSAP on location estimation accuracy. 

Figure 5.8 shows that decreasing the Seed density decreases the location 

estimation accuracy, as expected. It is also worth noting that not only the accuracy 

decreases, the unpredictability also increases as revealed by the standard-deviation 

trend.  
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Figure 5.8. Effects of DensitySeed on location estimation accuracy. 

∆𝑆𝑆𝐴𝑃𝑃𝑅𝑂𝑋 was found to have no impact on the location estimation accuracy. 

Although the results for different assumptions did show slight dissimilarities, the 

differences were not statistically significant and are therefore not worth mentioning.  

Testbed-type has proved to influence the system performance in terms of location 

estimation. For a linear Seed deployment scenario as for Testbed 1, the ratio 

between location estimation inaccuracy and Seed density is significantly lower than 

a bi-axis Seed deployment. Moreover, as it was explained in Section 4.5, the straight 

corridor bends midway at almost 90°, and the inner edge of the bend has large 

windows that renders certain Seeds in a triangular arrangement. It is expectedly 

observed that the presence of large windows degrade the system performance.  

Figure 5.9 shows the comparison between three cases 1. Bi-axis tag deployment 

(Testbed-2), 2. Linear tag deployment, and 3. Linear tag deployment in triangular 

arrangement.  

 

Figure 5.9. Effects of Testbed-type on location estimation accuracy. 
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Ceiling-type on the other hand influences the floor estimation. For open ceilings, 

as expected, the system performance in estimating correct floor degrades 

drastically. Interestingly however, it was observed that the degree of floor 

estimation inaccuracy is significantly high for higher floors than the ground floor. 

Figure 5.10 shows the comparison between three cases: 1. Intact ceiling, 2. Lower 

floor of an open ceiling building, and 3. Upper floor of an open ceiling building (the 

floor with open floor). 

 

Figure 5.10. Effects of ceiling-type on floor estimation accuracy. 

5.6. Optimal performance metrics 

Having assessed the implications of all the independent variables on the system 

performance, we fine-tuned the system for optimal performance. The tuned system 

was now scrutinized in terms of location estimation accuracy  

∆𝑑𝐴−𝐸𝐿 and corrected location estimation accuracy 

∆𝑑𝐴−𝐵. Previously, we did not take into account the performance of the Pink-Street 

algorithm, the algorithm that provides the corrected location estimated, since we 

were interested in studying the effects of the independent variables without any 

manipulation. Figure 5.11 summarizes the performance metrics of tests performed 

on Testbed 2, the same type of testbed used to test previous systems. It can be seen 

that the system is able to estimate the location with 10 meters accuracy, 54% of the 

times. The results also show that implementing Pink-Street correction algorithm can 

increase the 10-meter efficiency up to 64%. However, the algorithm is not 

significantly effective in correcting the 5-meter estimations.  
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Figure 5.11. Optimal performance metrics. 
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6. DISCUSSION 

6.1. Overview 

In this thesis we have presented a novel yet simplistic approach towards 

fingerprinting-based indoor location estimation system. We have designed the 

system to cater the three challenges that we have identified in Chapter 1 as: 1. Low 

infrastructural cost, 2. Low system training overhead, and 3. High environmental 

adaptability.  

Like we have argued before, the systems presented in the past were not developed 

with an intent to address the three problems, but were primarily focused on 

improving the location estimation accuracy at the cost of accepting the 

shortcomings subsequent to disregarding one or more of these challenges. 

Although, we are not yet able to achieve comparable accuracy, we have 

demonstrated that a system can certainly be developed undertaking the three 

challenges concurrently. It is important to note that the developed system can 

however provide enough accuracy to be used for indoor navigation purposes, if not 

for more sophisticated application like robotic guidance. There are numerous 

lessons through the course of this study that we believe can potentially improve the 

system’s performance, and are discussed later in this chapter. 

The choice of technology was found to be perfectly adequate and up to the 

purpose. The decision to use Android and Google Maps Android saved us 

considerable time by not having to write any mapping code. Google Maps provides 

powerful mapping capabilities, allowing the applications to render customized map 

layers, generated at runtime as required.  Moreover, being an open source software, 

Android application framework provides a rich set of re-usable application 

components and APIs, while the operating system efficiently handles more intricate 

operations like memory handling automatically. For example, the Wi-Fi scan 

required to read the RF Context was easily implemented using the Wi-Fi manager 

API that comes bundled with the framework. Similarly NFC reader and HTTP 

connectivity were implemented using bundled APIs, while QR-Code reader was 

acquired as an open source application.  

Although we did not face any show-stopping problems, we believe that the 

biggest setback affecting the system’s performance was the Wi-Fi network, and that 

the results can be improved considerably by strengthening it. The network available 

for the system testing at our testbed premises was although observed to be providing 

adequate coverage throughout the premises, the connectivity was not the finest. It 

was consequently observed that Access Point reselection was not optimal. We 

understand that very design of Wi-Fi network does not provide AP reselection 

control, and it is up to the device to constantly look for and camp to a higher signal 

strength AP, we still believe that a denser network, or a superior AP reselection 
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process will help in improving the system’s performance. We suggest the remedies 

to cater this problem in Section 6.6.  

6.2. System design comparison 

In terms of overall system architecture, we have succeeded in simplifying the 

design, by employing crowdsourcing and the concept of Seed tags. The developed 

system has eliminated the need for explicit training phase [4, 6, 10, 43, 48-49], the 

need for repetitive training [5, 6, 49] or the need of dedicated infrastructure 

including beacons or sensors [6, 11, 15, 19, 45]. Moreover the solution has also 

eliminated the need of human assisted fingerprinting and the need of a Training 

Device to scan the premises for constructing the fingerprint.  

Based on out study of the previous systems, we have drawn Figure 6.1 to 

generalize the architecture of fingerprinting-based systems developed in the past. 

The figure can be related to Figure 3.7 describing the architecture of our system. 

 

Figure 6.1. A typical Radio Map based location estimation system architecture. 

The system is first trained by following Step 1-5 repetitively, where the Training 

Device is used to read the RF Context, accept the location information from the 

human operator and communicate the two to the Training algorithm that creates the 

Radio Map. Systems that recreate the fingerprint periodically to tend to 

environmental changes follow this procedure repetitively over time. Alternatively, 

some approaches use dedicated RF Sensors to get an update on latest environmental 

picture, and statistically update their fingerprint as required (Step F).  

To get a location estimate the User Device (UD) reads the RF Context (Step 6), 

and sends it to the Location Estimation Server. The server requests the required 

fingerprint cluster form the Radio Map (Step 8-9) and performs the location 



72 

 

estimation calculations (Step 10). The estimated location is then communicated 

back to the User Device (Step 11). 

By comparing Figure 6.2 and Figure 3.8 the difference in overall system 

complexity can be clearly seen. By employing crowdsourcing and by performing 

the location estimation calculations locally on the user device, we have reduced the 

number of entities by half, resulting in a simpler system architecture and less 

communication overhead among entities.  

 

Figure 6.2. A typical Radio Map based location estimation system operation 

sequence 

6.3. System performance 

Section 5.4 presented the system performance metrics in terms of the effects the 

independent variables inflict on the dependent variables explained in Section 5.3. 

Here we reason the obtained results by providing logical explanations for the 

implication each independent variable can have. 
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Implications of SSM, SSRM and r 

It was explained in Section 3.5.3 how multiple Circles are used to probabilistically 

estimate the location, and explained in Section 3.5.2 how every Circle is calculated. 

It is however essential to understand that more Circles may not necessarily mean a 

higher probability in getting a more accurate location estimate. Here, we were 

interested to study if limiting the Venn estimation algorithm to only use more 

accurate Circles instead of using all available Circles will yield better results. We 

assume a circle to be accurate if its radius is small, and the Circle is created for an 

AP with comparatively higher signal strength values. We use, the three variables r, 

SSM and SSAP to eliminate undesired Circles from the Venn calculation step. The 

radius of the circle r places an upper bound to the maximum size of Circle that must 

be used. SSM places a lower bound on the strength of measured signal strength of 

an AP, essentially forbidding APs with low measured signal strength from 

participating in the location estimation calculations. However, even if SSM passes 

the criteria, the signal strength of that particular AP as saved in the Radio Map SSRM 

implements a second check by placing a lower limit on Radio Map values. In short, 

of all the APs discovered at a point, only those are used in the location estimation 

that pass the three criteria. The theory is proved by the test results which suggest 

that implying these limitations i.e. essentially using only accurate Circles, does have 

a positive impact on the system’s performance.  

Implications of k 

To adapt to environmental dynamics, the Radio Map updates itself by averaging out 

recent crowdsourced samples. The number of recent samples k that are averaged, 

directly affect the performance of the system. For example, instead of k samples, if 

all available samples are averaged, or if only the very last sample is used, the Radio 

Map can be very different which can lead to contradictory results. Averaging all the 

available samples may lead to incorrect average since it is possible that the oldest 

of the samples are now obsolete i.e. the environment has changed since the time 

they were reported. Using only the last reported sample, or an average calculated 

over a small number of recent samples can also be inaccurate since the measured 

values are prone to fluctuation. The particular reason for this is the fluctuating 

nature of radio signal strengths. Figure 6.3 gives a comparison of degree of 

deviation against signal strength levels. The three ranges are arbitrarily defined for 

comparison purposes only. The Means and Standard Deviations are calculated from 

a sample size of N=50, for each range. 

It can be seen that as the signal strength gets weaker, increased fluctuations are 

observed in their values. This is also one of the secondary reason to implement the 

SSM, SSRM and r limits, as discussed previously. The results have shown that k=50 
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recent samples can yield statistically similar averages even for the weakest signal 

levels as shown in Figure 5.6.  

 

Figure 6.3. Deviation in signal strength values collected under identical conditions. 

Implications of SSAP 

Table 3.1 gives an idea of the extent the location estimation algorithm relies on the 

SSAP values. However, since an AP does not broadcast its type over the channel, we 

cannot know its exact power ratings. The only solution is to assume a generic value 

by testing the system using different values, and experimentally determine the most 

suitable power rating.  The results for SSAP as given in Figure 5.7 cannot be backed 

by a logical reasoning since it can only be tested to see what power rating is 

supported by the APs deployed in a certain building.  

Implications of DensitySeed 

The deployment densities of Seeds DensitySeed plays the most crucial role in 

affecting the location estimation accuracy. The Seed density directly affects the 

three variables SSM, SSRM and r, that govern the criteria for filtering the available 

Circles. The obtained results as given in Figure 5.8 show that, a higher Seed density 

will yield better results. This result was expected since a higher Seed density 

translates into a denser fingerprint, and therefore more input data available for the 

location estimation algorithm. 

Implications of ∆𝑆𝑆𝐴𝑃𝑃𝑅𝑂𝑋 

Figure 6.3 illustrates that signal strength values measured at different point in time 

are not identical, and deviate over a range of values. Note that this deviation in 
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measured values is not caused by the changes in environment. In fact, radio signal 

fluctuations happen even in laboratory environment, and this phenomenon is a 

separate research area [43, 51-52]. Nevertheless, to counter this problem, the Radio 

Map uses temporal averaging as explained in Section 3.4. However, the location 

estimation uses input data provided not only by the Radio Map, by also by the User 

Device which performs a single scan to collect the data. Furthermore, the 

algorithm’s needs to compare two signal strengths (see Section 3.5.2) to infer if they 

are (approximately) equal. This comparison relies on ∆SSAPPROX; the value defining 

the max limit that the two signal strengths can deviate from each other and be 

assumed approximately equal.   

The results however suggest that the differences in system performance when 

gauged against different  ∆SSAPPROX values do not show any statistically significant 

differences. This result can be explained by the location estimation algorithm 

functioning itself. As we have explained in Section 3.5, the algorithm identifies a 

given condition based on Seed and UD signal strength values to be falling in one of 

the five categories. However, since the five categories have overlapping boundaries, 

a given case with two signal strengths not meeting the approximation criteria is 

catered by another condition, which tries to estimate the location using the same 

values but a different approach. 

Implication of Testbed-type and Ceiling-type 

Lastly, the type of testbed and the ceiling have also found to be affecting the location 

estimation accuracy. As shown in Figure 5.9 the system performed better in on 

Testbed 1, than it did on Testbed 2. This is because the location estimation 

algorithm assumes an overall linear arrangement of the Seeds and the AP (see 

Section 3.5.2) for calculating the Circles. For Testbed 1, the Seeds’ actual 

deployment is also linear making it more compliant with the location estimation 

algorithm. However, the results reveal that despite the linear arrangement of the 

tags, the system accuracy is severely degraded for the location estimates requested 

inside the triangular signal overthrow region, see Figure 4.11 and Figure 4.12. This 

behavior can be explained by the undesired signal overthrow due to the presence of 

large windows.  

The results have further revealed in Figure 5.10, that floor estimation accuracy is 

degraded because of the open ceilings. Although this result was expected, the 

interesting observations is that the inaccuracy at upper floor is considerably larger 

than that on lower floor. This can be explained by the fact that Access Points are 

generally deployed on ceilings, while the User Device stays closer to the floor. This 

makes the distance between the Access Point deployed on upper floors and User 

Device present on lower floor larger than the distance between Access Points on 

lower floor and the User Device on the upper floor.  
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6.4. Performance benchmark 

Indoor location estimation system are benchmarked in terms of the percentage of 

times the system was able to estimate the location within a certain maximum 

inaccuracy limit. In these terms it can be stated that while employing the proposed 

Pink-Street algorithm (Section 6.6), our system can provide location estimation 

within 10 meters accuracy for 64% of the estimates. It is important to note that we 

used a Seed density (sample-point density) of 1 Seed / 400 square meters, which is 

a major decisive factor influencing the system’s performance. 

In contrast, Youssef [10] states that their system can estimate the location within 

7 feet (2.1 meters approx.) for over 90% of results. However, the system uses joint 

clustering technique and employs triangulation as well fingerprinting technique in 

coordination to achieve this level of accuracy. The results are based on a 300 

sample-point fingerprint collected at a 1685 square meters premises. 

Roos [8] presents three different probabilistic estimation techniques with peak 

average performance of 3.71 meters, 2.57 meters and 2.76 meter. The 90th percentile 

observations are 7.23 meters, 4.60 meters and 5.37 meters. They collected the 

fingerprint using a 2m grid with 20 samples recorded and then averaged at every 

sample-point. This translates into a collection point density of 1 point / 4 square 

meters. 

Yin [11] also developed three different probabilistic methods all of which were 

able to provide location estimates with under 3 meter accuracy for over 90% of the 

estimates. The sample-points were uniformly spaced 1.5 meters apart on a grid. In 

addition to this high density fingerprint, their system uses eight sensors to probe the 

environment covering a total area of around 550 square meters.  

Bhal [12] claims that their system can provide location estimates with an 

accuracy of 4.69 meters, 11.5 meters and 25.6 meters for 75th percentile for the three 

different estimation methods they used. Interestingly however, they did not use a 

grid layout to collect the finger print. Instead the samples were collected only at the 

corridors running through their 980 square meter testbed. A total of about 70 

samples points were collected on the five corridors with an accumulative length of 

approximately 150 meters.  

 Krumm [16] states an average accuracy of 1.53 meters. Although he does not 

provide the exact measurements of the testbed, he compares his system with that of 

Bhal in terms of the number of offices in the premises. Bhal’s 70 sampling points 

served indoor premises of 54 offices, while Krumm used 27 points for 44 offices, a 

reduction of over 50% sample points per office.  

Unfortunately, despite our rigorous search, we were not able to find any previous 

work that used a sample-point density comparable to ours. Table 6.1 provides the 

benchmark summary. 
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Table 6.1. System benchmark summary 

System Accuracy 

(meters) 

Accuracy  

(%) 

AP 

Density 

(m-2) 

Sample-

point density 

(m-2) 

Uses 

feedback 

sensors 

Developed 

system 

10 64 1 / 177 1 / 400 No 

Youseff [10] 2.1 90 1 /  176 1 / 5.6 No 

Roos [8] 2.76 90 1 / 54 1 / 4 No 

Yin [11] 3 90 1 / 234 1 / 2.25 Yes 

Bhal6 [12] 4.69 75 1 / 326 1 / 14 No 

Triangulation techniques (Only for comparison) 

Lim [14] 0.85 75 1 / 24 AOA-based 

triangulation 

technique 

with active 

sources 

 

      

 

We can say that the major factors contributing to previous systems’ superior 

performance are rigorous fingerprinting, more complex location estimation 

algorithms, and statistically improved Radio Map. Most of these systems were 

aimed for precision location estimation targeting small premises like office floors. 

Our system on the other hand leads in simplicity, and ease of deployment making 

it a definite contender in particular application areas like larger building where 

dense fingerprinting, or sensor rigging is not an option. The possible application 

areas are discussed in Section 6.6. 

6.5. Objectives and achievements 

In this thesis we have proposed, developed, deployed and tested a new system 

concept to handle the characteristic indoor location estimation challenges. The basic 

aim of this thesis was to develop an indoor location estimation system built to cater 

the three characteristic challenges of an indoor location estimation system that we 

identified in Section 1.2. Keeping in view the aim, we defined our primary objective 

to develop a system not predominantly focusing on the location estimation 

performance, but trying to minimize these three challenges, and then benchmark the 

performance of such a system against previous systems that were built with primary 

aim of highest possible location estimation accuracy.   

                                                 

6 Provides corridor-level location estimations, not open space. 
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The secondary objectives of this thesis were the customer’s requirement of 

developing a mobile indoor mapping application that can be configured to provide 

maps for any arbitrary indoor location.  

Conforming to the primary objectives, we have successfully developed a system 

that completely relies on a pre-existing Wi-Fi network. By employing 

crowdsourcing technique, we have eliminated the need of manually collecting the 

fingerprint, and the very approach of employing the crowdsourcing has also proved 

to be a constant source of context data, using which the system can adapt to the 

changes in environment. Lastly we have benchmarked the developed system against 

previous systems in terms of location accuracy vs. fingerprint density, and provided 

comprehensive reasoning defending the developed system. The developed system 

can be deployed at new premises with a Wi-Fi network, without any additional cost. 

Even the negligible cost of deploying NFC tags can be avoided by relying totally 

on QR-Codes. 

The secondary objective of this work, to develop the mobile mapping application 

was accomplished, and demonstrated by building maps for the University of Oulu. 

However, it must be noted that the developed mobile application is capable of 

providing customized maps not restricted to University of Oulu. We have also 

explained how to construct map data that the application used, from the architectural 

blue print of the building, and have provided automation scripts to extract the data 

from the architectural CAD. Developing the methods to utilize the CAD for saving 

time and effort was not an objective of this work, but were accomplished as an extra 

effort in streamlining the whole idea. 

The ideal application areas for our system are large indoor buildings where 

pinpoint precision is not a vital requirement. The reason our system suits such 

setting is because previous systems, although they provide more accurate location 

estimations, require significantly dense fingerprint. Whereas, the developed system 

can provide enough precision to allow the user to find his way to notable places like 

offices within the building, while requiring a considerably less fingerprint density. 

This navigation is further enhanced when combined with the street level map 

provided by the Map Application that can mark the user’s location on to the nearest 

point on street. In fact, while testing the system, we found the overall system to be 

highly effective in providing corridor level locations, after which a user can simply 

use sign boards to locate his destination. Moreover, the developed system can also 

be used for indoor user tracking, again, suitable for large scale buildings, where 

slightly imprecise location estimate makes no significant difference. The whole 

system can additionally be used by other systems to provide them with user 

proximity context data. 
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6.6. Future work 

Through the course of this thesis, we have learned intricate details about Wi-Fi 

fingerprinting-based indoor location estimation systems. Although we have focused 

on developing a simplistic system, not intended to defend itself against all the 

possible performance affecting weaknesses, the results are reasonably promising. 

In this section, we propose the future upgrades to the current system that we believe 

to be vital in enhancing the system’s performance. 

Access Point location estimation 

In Section 3.5.2 it can be seen that the location estimation algorithm estimates the 

location of Access Point as an intermediary step to estimate the location of the User 

Device. This AP location information can potentially be used to estimate the actual 

location of the AP if the devices participate in communicating the information back 

to the server after estimating the user’s location. The AP location can be temporally 

averaged in a similar way as the RF Context is averaged, to generate the AP location 

database. Consequently, if the AP’s locations are known, we can possibly augment 

the current fingerprinting technique with triangulation to improve the system 

performance.  

Employing guest NFC tags as Seeds 

When any NFC tag is read, the NFC reader always reads the unique identification 

number associated with an NFC tag along with the stored data. This unique ID is 

used to uniquely identify a given tag. This potentially opens a way to increase the 

fingerprint sample-points. Other than the Seed tags, if the user reads an NFC tag 

that the Map Application fails to extract information from, it represents any random 

NFC tag deployed by someone else i.e. a Guest tag. In such case, the Map 

Application can perform a location estimate, and communicate the estimated 

location along with the RF-Context to the Web Server where a database of Guest 

tags shall be populated. Over the time, the act of different users reading the Guest 

tag will produce multiple location estimates that can be averaged to estimate the 

location of the Guest tag. This can now be used as additional Seed tags. 

Use exponential signal decay 

It was mentioned in Section 5.4 that the location estimation algorithm assumes a 

linear signal strength decay. The algorithm must be updated to consider an 

exponential signal decay to improve the accuracy. 
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Different k values for different signal strength ranges 

In Section 3.4 we introduced the k variable which represents the number of recent 

RF samples that are averaged while constructing the Radio Map. As it was 

previously explained, the optimal value of k is the minimum value that can yield 

statistically similar averages over distinct sample sets. However it was observed 

that stronger signal strength values fluctuate less than weaker values, as shown in 

Figure 6.3. The value of k that we have used is selected to tend to higher 

fluctuations, even though the stronger signal strength values can be controlled with 

a lower k value. One possible upgrade to the Radio Map sample averaging can be 

to use different values of k for different ranges of signal strengths.  

Impose time limit along with k 

Currently we are averaging the last k RF samples when populating the database, 

without considering the time they were reported at. This can potentially lead to 

system not being able to adapt to the environmental changes, if the samples are not 

reported frequently enough. For instance, if the environment changes over a period 

of one week, but there are only 30 samples reported in the last week, and if k=50, 

the Radio Map will contain values averaged from old obsolete data. It is therefore 

recommended to study the trend at which noticeable changes in environments are 

observed, and impose a time limit along with k to discard obsolete samples, even if 

it leads to available samples being less than the optimal k. 

Temporarily store RF context in phone in case of bad Internet connection.  

During the testing phase we experienced connection glitches because of weak Wi-

Fi coverage, or due to AP reselection. In a case when the device was reading a Seed 

tag, and will consequently convey RF Context to the web server to populate the 

Radio Map, this connectivity problem led to loss of the RF Context. We propose 

that in future, the user device must have a database where the RF Context could be 

stored and communicated to the server when the connectivity is better. 

Wi-fi scanning and reselection to be done by the Map Application 

In the previous point we mentioned that one of the reason for connectivity issues is 

the AP reselection process. Unlike cellular network, Wi-Fi does not support 

network assisted handovers. Instead the device has to look for a better AP and 

initiate the reconnection itself. However, since the reselection is not very critical for 

general applications, the AP scan-and-reselect process is not performed very often 

by the mobile operating system. If the Map Application can take control of this 

process itself, we believe the connectivity, and the system performance as a whole 

can be improved. 
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Use three Seed points to calculate Circles 

The current location estimation algorithm generates the estimation Circles 

considering two Seed locations at a time. However, we have observed in our Radio 

Map database that certain MACs are reported to be discovered at three or more 

locations. Therefore an important, performance enhancing upgrade to the current 

algorithm can be the use of three Seeds in generating the Circles, resulting in more 

precise estimations. 

Light intensity assisted Seed selection 

In Section 6.3 we have discussed how the signal overthrow caused by large 

windows can cause severe location estimation performance degradation. 

Interestingly however, we have observed that the window can easily be detected by 

the device using the light intensity sensor. We have experimentally calculated that 

the difference in light intensity between the window front and a covered spot can 

be as much as 1400-2200 lux depending on the time of the day.  Therefore using 

the light intensity as an indication, the user device can judge the presence of a 

window, and restrict the larger Circles, generated due to overthrow, from 

participating in the location estimation algorithm, improving the accuracy. 

Dead reckoning / GPS / other augmentations 

Given that most of the smartphones, and all the smartphone that can currently 

support the Map Application have built in motion sensors, Dead Reckoning seems 

to be a viable future upgrade to the current system.   

Pink-Street algorithm 

Previously in the Chapter 5 we introduced the Pink-Steet algorithm as one of the 

most important upgrade that can be implemented on the current system. Later we 

experimentally proved that the algorithm can indeed increase the 10-meter accuracy 

from 54% to up to 64% (See the “Corrected location estimate” metrics in Figure 

5.11). The reason behind the algorithm’s effectiveness is that the algorithm shifts 

the estimated location on to the nearest point on the corridor, where the user might 

actually be located. The basic location estimation algorithm is prone to imprecision 

in signal strength measurements, and usually estimates a location off the corridor 

because of the multiple Seeds participating in the location estimation that are not 

linearly aligned. Figure 6.4 (a) shows how three Seeds participating in the location 

estimation cause the estimated location to be slightly off the street on which the 

User Device was located. Figure 6.4 (b) shows the corrected location provided by 
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Pink-Street by moving the location marker on to the closest point on the nearest 

street. 

 

Figure 6.4. Location estimate correction by Pink-Street algorithm. 
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7. SUMMARY 

Indoor location estimation, the process of reckoning the location of a device in an 

indoor environment, remains a technical challenge due to the poor performance of 

GPS in such settings. While a substantial amount of work has been done in this 

context, particularly employing the Wi-Fi fingerprinting technique, the very 

approach has certain shortcomings, which we broadly classify as three 

characteristic challenges: 

1. Infrastructural cost. 

2. System training overhead. 

3. System’s adaptability to environmental changes.  

The first and the foremost challenge is the requirement of the RF network that 

can provide the RF Context for the fingerprint. Although, with the increasing 

availability of Wi-Fi networks, the location estimation systems are readily provided 

with an RF network that they can exploit for RF Context, nevertheless, some 

systems developed in the past require dedicated sensors to probe the environment 

which is not always cost-effective. The second major limitation is the need of time-

and-labor-intensive fingerprint acquisition process, contributing to system training 

overhead. Lastly, the costly fingerprint may soon get outdated because of the 

dynamic environment. In essence, a fingerprint based approach trying to achieve 

the highest possible estimation accuracy is primarily negotiating a tradeoff between 

the three challenges. Based on this discussion, we can say that in addition to location 

estimation accuracy, an ideal fingerprinting-based system must have the following 

three properties: 

1. No need for a dedicated RF infrastructure. 

2. Easy to obtain fingerprint. 

3. Ability to counteract to the changes in environment. 

As already mentioned, the systems presented in the past were not developed with 

an intent to address the three problems, but were primarily focused on improving 

the location estimation accuracy at the cost of accepting the shortcomings 

subsequent to disregarding one or more of these challenges. The goal of this thesis 

was to develop a system, and benchmark its performance against the previous 

systems, while maintaining a balance among the three challenges. Targeting this 

goal, and the customer’s requirement for a mobile indoor mapping application we 

discretely identified the objectives as: 

1. Primary objective: Develop an indoor location estimation system that 

conforms to handle the three challenges. 
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2. Secondary objective: Develop a user-friendly indoor Map Application 

that must provide the user with detailed indoor map along with his 

location. 

In this thesis we have presented a novel yet simplistic approach towards 

fingerprinting-based indoor location estimation system. Countering the three 

challenges with equal importance, we have presented an indoor location estimation 

approach that employs an already deployed Wi-Fi network effectively evading any 

infrastructural cost, eliminates the need for manually collecting the fingerprints, and 

provides dynamic environmental adaptability.  

Like any other fingerprinting-based location estimation system, the overall 

system functions can be divided into two main steps; the training phase, and the 

online phase. However, unlike previous systems that require an explicit training 

phase and consequently a scanning device, we rely on the user device itself for the 

system training. This was achieved by crowdsourcing the fingerprinting process 

using localized QR-Codes and NFC tags as reference points for bootstrapping the 

fingerprint collection. This, not only enables the system to train itself for the first 

time, but also to adapt to the environmental changes over the time. This also means 

that even while the Radio Map database is being created, the system is able to 

provide location information to the users in parallel. 

The secondary objective of the thesis was to develop an indoor mapping 

application for the University of Oulu. The developed mobile Map Application 

provides a detailed indoor corridor-level map of the University along with the user 

location. Moreover, owing to its design, the application allows complete flexibility 

to be used for any indoor location and not be restricted only for the University of 

Oulu. We have produced all the software pieces that form the entire system, ready 

to be deployed at any arbitrary location. 

The developed system was tested on two different types of testbeds: A two-floor 

long stretched corridor, and a Two-floor building with multiple crisscrossing 

corridors. The tests examined the system’s location estimation accuracy and the 

ability to adapt to environmental changes while relying on a pre-deployed Wi-Fi 

network for the context, and the crowdsourcing as the means to collect the 

fingerprint.  

Lastly, the system’s performance was benchmarked against previous system that 

were built focusing on high accuracy, at the cost of one or more of the three 

fingerprint systems’ characteristic challenges mentioned earlier. The tests have 

demonstrated that our approach can achieve 10-meter accuracy for 64% of the 

location estimations, and 98% accuracy in estimating the floor, using reference tag 

density of 1 tag per 400 square meters (1/400). This is in comparison to a typical 

under-3-meter accuracy of previous systems, but with a high density fingerprint of 

at least 1 sample-point / 14 square meters (1/14). 
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To sum up, although we are not yet able to achieve comparable accuracy, we 

have demonstrated that a system can certainly be developed undertaking the three 

challenges concurrently. It is important to note that the developed system can 

however provide enough accuracy to be used for indoor navigation purposes, user 

tracking, or location-based services to name a few, if not for more sophisticated 

application like robotic guidance. There are numerous lessons learned through the 

course of this study that we believe can further improve the system’s performance 

and are recommended as future work. 
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9.  APPENDICES 

Appendix 1 Map Application screenshots 
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