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Abstract 
Some Location Based Services (LBS) can automatically find geographic 
locations that are relevant to the everyday smartphone user. A relevant 
location, or place, is a location that is of some significance to a user, e.g. home, 
workplace, airports or stores. Knowledge of these places can be used to 
enhance a smartphone application. However, most approaches to finding 
places are coarse, and simply define a place with a circle or polygon 
representing a geographical area. Instead this paper explored the feasibility of 
defining a place by using the natural boundaries found in the information of a 
map. The developed algorithm calculated the center of a cluster of location 
points by adding biased weights to each point. A close proximity of the center 
point was then searched for certain types of map elements such as buildings or 
parks. Because of time restrictions, map images were used instead of the 
underlying data. The developed algorithm found the correct place in 78% of 
the 45 test cases. In 15% of the cases it could not find anything, mainly 
because the map did not contain sufficiently detailed information about 
buildings outside of cities. The remaining 7% were incorrect results, some of 
which might have been remedied by more detailed map information. Overall 
the suggested approach was viable when a user had been in a building, park, 
or other clearly defined place, and when there was sufficiently detailed map 
information. To further this research an algorithm that processes geographical 
data directly instead of using map images could be tested. It would avoid some 
of the problems created by having an image as a middle layer between data 
and algorithm. 
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Sammanfattning 
Vissa tjänster baserade på användarens geografiska position kan automatiskt 
hitta områden som är relevanta för en smartphoneanvändare. En relevant 
plats är ett område som har någon betydelse för en användare, till exempel ett 
hem, en arbetsplats, flygplats eller butik. Information om dessa platser kan 
användas för att berika en smartphoneapplikation. De flesta ansatser till att 
hitta relevanta platser är mindre detaljerade, och definierar en plats med en 
cirkel eller polygon som beskriver ett geografiskt område. Den här uppsatsen 
utforskar istället om det är möjligt att definiera en plats genom att använda 
naturliga gränser som finns i informationen på en karta. Den utvecklade 
algoritmen beräknade mittpunkten av ett cluster av GPS-punkter genom att 
partiskt ge varje punkt en vikt. Den sökte sedan igenom ett område runt 
mittpunkten efter en viss typ av kartelement, till exempel byggnader eller 
parker. På grund av tidbegränsningar användes kartbilder istället för 
underliggande geografisk data. Den utvecklade algoritmen hittade rätt plats i 
78% av de 45 testfallen. I 15% av fallen hittade den ingen plats, främst på 
grund av att kartan saknade information om byggnader utanför städer. De 
resterande 7% var inkorrekta resultat, varav vissa skulle kunna räddats om 
kartan innehöll information om byggnaderna i området. Generellt var den 
föreslagna strategin användbar främst när en användare hade varit i en 
byggnad, park eller annan tydligt avgränsad plats, och när kartan innehöll 
tillräckligt detaljerad information. För att fortsätta denna undersökning kan 
en algoritm som använder den underliggande geografiska datan istället för en 
kartbild utvecklas. Det skulle undvika vissa av problemen som skapas av att ha 
en bild som mellanlager mellan data och algoritm. 
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kluster, geo-fence, platsbaserade tjänster, smartphone, geografisk plats 
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1 Introduction  

Location based services (LBS) and applications for smartphones use location 
data to add functionality or context. For example could a public transportation 
application offer to show the user the shortest route from his or her current 
location. 

Some LBS can automatically find geographic locations that are relevant 
to the everyday smartphone user. A relevant location, or place, is a 
geographical location that is of some significance to a user, e.g. home, 
workplace, airport or store. Knowledge of these places can be used to enhance 
a smartphone application. However, most approaches to finding places are 
coarse, and simply define a place with a circle or polygon representing a 
geographical area. Instead this paper explored the feasibility of defining a 
place by using the natural boundaries found in the information of a map.  
 
 

1.1 Background 
Mobile phones have for a long time been able find its geographical position 
using GPS and other techniques. Much work has now been done to bridge the 
gap between information in the form of map coordinates, and a place that 
holds some form of meaning to humans [1]–[4]. This gap is commonly 
referred to as “space and place”. 

A space could be an area, a volume or coordinates on a map. A place 
however is a space with some meaning attached to it. It could be cultural, 
functional or personal to the user [5]. 

In an attempt to add meaning to spaces, a new type of location based 
service has been developed, called geo-fence. With geo-fencing, developers or 
users can define a geographical area, which will trigger some sort of event 
when it is entered or exited. Many applications using this technique, let the 
user define relevant areas themselves. Safety Guardian is an example of such 
an application. In Safety Guardian the user is allowed to define restricted and 
allowed areas, using geo-fences, and the user can monitor his or her status 
within them [6]. Several efforts have been made to automatically identify 
places relevant to the user, and enclose these in geo-fences [7], [8]. This allows 
for applications that work “out of the box”, without much setup needed by the 
user. 
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1.2 Problem 
Several different approaches to defining a relevant location from a set of 
location points have been made. Most strategies involve some method of using 
a clustering algorithm to group location readings into places. Some then 
define the place by drawing a circle, rectangle or another generic shape 
around the concentration point of the cluster [8]. This is quick and easy, and 
might be preferable in cases that don’t require much accuracy. However, in 
most cases a generic shape will include areas that are not completely relevant 
to the user. 

Another possibility is to draw an outline of the cluster of location points 
and use that as a representation of some place. This has the benefit of a closer 
approximation of the location which is relevant to the user, but with the 
disadvantage of using more coordinates to define the area [7]. For use in geo-
fencing a simpler polygon is preferred to more advanced ones, since it 
simplifies computations [9]. The area will also have to be re-evaluated as more 
location points are added. It might grow or split into two smaller areas. 

Additionally, if a user visits for example his or her office that is only a 
small part of a larger building, only part of the actual workplace will be 
bounded. If  the user has set his or her phone to go into silent mode whenever 
entering the office, the settings will not be applied if there is a meeting in 
another part of the building. 

Several methods and approaches have been explored in previous work, 
but there might be another way of defining a relevant location. We explore if it 
is possible to find a place that corresponds to a cluster of location points using 
map projections. This paper will examine this approach and evaluate the 
performance of three variants of the algorithm, using an independently 
obtained test database consisting of location points. The first algorithm 
calculates the center point for a given cluster, and assumes that this center 
point lies within the desired area of the map. It will then mark the area using 
boundaries found on the map. The second variant of the algorithm is based on 
the first, but adds biased weights to the location points in the cluster, based on 
what type of area the point lies in. The third variant is based on the second 
variant. It also uses biased weights to find a center point of a cluster, but 
additionally it searches through a radius around this center point, looking for 
desired types of areas. 
 
 

1.3 Purpose 
This work set out to develop and test a new method of defining a place from a 
set of location points. An evaluation of the test results were to show if this new 
method was viable in all cases, some cases, or no cases at all. 
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1.4 Goal 
More precisely defined places might provide interesting new services. It could 
help cross the line between space and place [5], and give places more meaning 
than the geographical area it occupies. 
 
 

1.5 Methodology 
This paper is a further development, or a test of a possible method, to the 
study of place extraction and determination from location based services. This 
paper is built on a collection of data and a qualitative and analytic research of 
that data to find the necessary information. The work itself has been in line 
with an exploratory research strategy with a qualitative data collection to have 
support for testing and reach a reliable result for the proposed method. The 
method for this paper has included a literature study of related work to find 
what has been done, and what approach other papers used. This with our own 
proposed algorithm to create a result which we then can evaluate and draw a 
conclusion if it is a feasible way or not. The development process of our 
algorithm involved iterations of algorithm design, algorithm test design, 
execution of tests and results analysis. Test data has been gathered 
continuously during the whole period. 
 
 

1.6 Risks, ethics and sustainable development 
Location Based Services (LBS) have been around for a while, and although the 
technology enables privacy breaches on a broader scale than before, the 
technology itself is not unethical. Knowledge of a users location should be 
handled very carefully and responsibly, and the user should be aware that his 
or her location is known and how it is used. Once the user has shared location 
data it is hard to forcibly prevent misuse. 
 It is possible that a better understanding of a user’s movements can 
lead to more intelligent use of resources, for example by automatically timing 
lights, heat and other things that use electricity. 
 
 

1.7 Delimitations 
This thesis does not cover the gathering and reading of GPS data nor 
clustering of that data to locations. There are several papers covering this 
subject with several successful approaches. Therefore we have presupposed 
that location data has been gathered and clustered into clusters that represent 
a geographical location [10]. The developed algorithm was based on pre-
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defined clusters of location readings, and from that information the algorithm 
was applied to find the place of interest and reshape that cluster area. A 
complete product or system to handle this has not been produced. 
 The optimal way of determining a place of interest would have been to 
handle the map data directly, where a geographical element could have been 
represented by a number of nodes, defining the outer edge. However, we 
estimated that this would have taken too much time for the scope of the 
project. The necessary data had not been found at the start of the project, and 
we found the required work to be more extensive. 

Therefore the developed algorithm was made to work with images of 
maps, and made out the different shapes of the map by looking at the colors of 
pixels. Again, this was not optimal, since it added a layer between the actual 
data and the algorithm processing it. Errors could have been made in the 
drawing or reading of the maps and images, and unnecessary limitations were 
put on the work. 

This report has the perspective of an early attempt to see if the 
suggested concept holds any ground at all, or if it is deficient. For the purposes 
of determining the plausibility of the proposed method, processing images of 
maps was sufficient.  
 

1.7.1 Types of map elements 
Since image representations of maps were used, only one type of element 
could be displayed for any given point on the map. For example a building 
might have been placed in the middle of a plaza. The building was then the 
only thing visible on the image representation, while the data would have 
shown both a plaza and a building.  
 Therefore we decided to limit the types of map elements that the 
algorithm should try to pinpoint. We found that buildings and parks were the 
most common places for people to stay, while at the same time they were fairly 
separated elements on the map we used.  
 

1.7.2 Size of test data 
To test if the suggested algorithm had found the correct place, we needed 
clusters of gathered location points, in combination with knowledge of where 
those points had been gathered. No such dataset was found during our 
research, so we gathered as much data as possible using the smartphones 
available to us, while at the same time asking for data from other people in the 
industry. This affected the number of test cases we were able to use negatively, 
and while the sample size was not big enough to draw any conclusions, they 
were enough to show the general direction the results pointed in.   
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1.8 Report outline 
Chapter 1 is a summary of the report covering background, purpose, goal and 
method. It also presents risks and delimitations.  
Chapter 2 is a theoretical background for technologies used in this work. The 
end of the chapter covers related work. 
Chapter 3 is divided in four subchapters. The first is about information 
gathering for the literature study. The second covers how the used data was 
collected and filtered. The third accounts for how we tested the algorithm and 
the fourth explains the method’s deficiencies. 
Chapter 4 is about prerequisites for the work, covering map decision, 
evaluation of map distributors, and the level of detail found in maps. 
Chapter 5 is about the algorithm and how it works. The chapter is divided so 
that each subchapter covers a major part of the algorithm’s approach with 
some explanatory pseudocode. 
Chapter 6 covers the results of the algorithm and shows the results for the 
algorithm’s three stages during the development.  
Chapter 7 is a short discussion about the algorithm and the proposed 
approach, including an example of when the algorithm can struggle. 
Chapter 8 contains conclusions and suggestions for future work.  
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2 Theoretic Background 

This chapter will explain and describe expressions and technologies used in 
the study. The aim of this is to improve the reader's understanding in coming 
chapters. Later in this chapter work that was related to the study is included to 
attain a deeper theoretical background to the thesis. 
 
 

2.1 Key Terms and Definitions 
 

• Coordinate: Coordinates are represented under the global reference 
system World Geodetic System 1984 (WGS 84). Notation used is 
decimal degree (DD) with, at least, 4-6 decimals. For example:  
 

Latitude: 59.404832 
Longitude: 17.949493 

 
 Latitude and Longitude describes points on earth's surface in angles to 
 earth centre. The point represented above is the KTH locale in Kista, 
 Stockholm. 
 

• Location point: A location point is a point measured from a sensor, 
e.g. GPS in a smartphone. A newly obtained point is represented as:  
 

p = (timestamp, latitude, longitude, speed, accuracy) 
 
After a filtering process a location point is represented with only the 
location coordinates. An location point p could be represented as:  
 

p = (latitude, longitude) 
 

• Place: Place is used to describe a geographical area that a user has 
stayed in. It consists of a group of location points in close geographical 
proximity. They can be from the same point in time, or from a 
combination of different occasions, although a number of consecutive 
points must be present. Each defined place is meant to represent a 
place that has a meaning to the end user, such as a workplace, or the 
kids’ favorite park. 
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2.2 Hybrid Locational System 
Smartphones use more than GPS to find a user’s location. They combine three 
separate technologies to a hybrid locational system. These technologies are: 
 

• Assisted GPS (A-GPS) 
• WiFi positioning system (WPS or WiPS/WFPS) 
• Cellular network positioning (Cell ID) 

 
The combined usage of these systems makes it possible to determine the 
location of a smartphone, in some cases even indoors [11]. Today’s 
smartphone can also take and use positional data from GLONASS [12], [13], 
which is a russian developed satellite navigation system. Taking advantage of 
both GPS and GLONASS improves the positioning accuracy [14]. The 
positional data acquired only from GPS satellites have an accuracy uncertainty 
of about 10 meters [15] 
 
The U.S. Government stated [16]: 

“The U.S. government is committed to providing GPS to the civilian 
community at the performance levels specified in the GPS Standard 
Positioning Service (SPS) Performance Standard. For example, the 
GPS signal in space will provide a "worst case" pseudorange accuracy 
of 7.8 meters at a 95% confidence level. (This is not the same as user 
accuracy; pseudorange is the distance from a GPS satellite to a 
receiver.)” 

 
The user’s actual accuracy is dependent on factors as receiver quality, sky 
blockage, e.g urban canyons, and atmospheric effects. When using a GPS-
receiver under normal conditions, the uncertainty of the accuracy has a 
magnitude of 5-15 meters. To have a greater accuracy you’ll need the use of a 
relative measuring system, e.g Satellite Based Augmentation System [17]. But 
to use it the user will need a more advanced GPS-receiver than normally found 
in smartphones. 
 
 

2.3 Center of Mass 
Center of Mass (COM) is the point on an object where all of the mass is 
concentrated. An object supported on its COM point will be in a static 
position, i.e. there is no net torque acting on the object [18]. In figure 2.1 the 
equation for COM is described. 
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Figure 2.1  Center of mass equation, where M is the sum of the masses, mi is the mass of 

object i with coordinates ri. 
 
 

2.4 The Flood-Fill Algorithm 
Flood-fill is an algorithm used in e.g image processing software. What it does 
is that a user specifies an initial point where the operation should start. From 
that point it also gets its information on what value (color) it should replace. 
The algorithm is either 4-connected or 8-connected in its operation. For every 
pixel it searches a 4-connected flood-fill looks at the north, east, south and 
west pixel (Figure 2.2) and inspects what value that pixel has. If it is the same 
as the initial it should be replaced and the algorithm should search further in 
that direction. If it is another value from the initial value it has reached the 
region's boundary. The 8-connected flood-fill have the same basics as the 4-
connected but it also inspects the north-east, north-west, south-east and 
south-west pixel. In other words, all of the surrounding pixels. Because of this 
the 8-connected flood-fill is better at corners than the 4-connected [19]. In 
figure 2.2 the 8-connected and the 4-connected are illustrated.  
 

Figure 2.2 8-way and 4-way. The dark grey middle point is the currently point that is 
being looking at. The surround light grey point are the next-to-look-at points. 
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2.5 Comparing Colors 
To facilitate the flood fill algorithm some method of comparing colors is 
needed. Even though the colors of the map are limited, i.e. on the map parks 
are represented by the color green, there still were small variations within 
those colors. Most notably in the seams between colors there was a small 
gradient between colors. When the flood-fill algorithm ran, some green pixels 
did not match to the searched value for green because of variations in their 
values. Therefore a need for a color comparison model that was similar to that 
of the human eye emerged, so that colors that were far from each other could 
be picked. CIELAB, or CIE 1976 L*a*b*, is an example of such a color model 
[20]. Since its release there has been two later CIE standards, so this is 
considered approximate [21]. It is however rather simple to implement, 
therefore it was enough for the purpose of this study. The distance between 
two CIELAB-colors can be calculated by: 
 

∆012∗ = 	 ∆4∗ 5 + ∆7∗ 5 +	 ∆8∗ 5 
 
A distance, ∆012∗ , of 2.3 is considered a JND (Just Noticeable Difference) [21]. 
Where L* represents the lightness of the color, a* represents the position 
between red/magenta and green, and b* represents the position between 
yellow and blue. 
 
 

2.6 Related Work 
Other work using a geometry-based method were looked at during the 
literature study. When using this technique places are described by 
coordinates, circles or polygons. 
 

2.6.1 Discovering Places of Interest in Everyday Life from Smartphone 
data 

In this work Raul Montoliu, Jan Blom and Daniel Gatica-Perez tracked and 
recorded information with sensors from a smartphone to find place-of-
interests [8]. Sensors used in their work were GPS, WiFi, GSM and 
Accelerometer. To find place-of-interests they used a two level clustering; first 
a time-based algorithm was used to group places together, into stay points, 
then they used a grid-based algorithm on the stay points to find their stay 
region [8]. When they decided the stay region they calculated the centroid of 
the cluster and then a rectangle with the centroid as it’s center. The rectangles’ 
size depended on the minimum and maximum coordinates in that cluster [8]. 
Depending on the minimum and maximum coordinate, the area of the 
rectangle could be misrepresentative for the place of interest. 
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 Their improvements to the algorithm proposed by Ye et al. were 
interesting and their improved algorithm has been used in this study to 
develop test cases [3].  
 

2.6.2 Extracting Places from Traces of Locations 
In this paper Jong Hee Kang, William Welbourne, Benjamin Stewart and 
Gaetano Borriello describes a way to extract places of interest form a trace of 
coordinates [7]. They used a program called Place Lab to collect locations. 
Place Lab uses WiFi access points to determine locations which makes it 
useful for indoor places where GPS does not work because of no clear line of 
sight to the satellites. This is a development from earlier work were they used 
loss of signal from the GPS to determine an indoor location, but with a 
drawback of not marking larger indoor places properly [7]. 
 They evaluated existing clustering algorithms (Gaussian mixture model 
and k-means) and showed that they are insufficient to use when locating 
places and proposed a time-based clustering algorithm that eliminates the 
drawbacks of the discussed algorithms [7]. Their goal was to have the ability to 
eliminate intermediate locations, to determine important places 
autonomously and to be simple enough to run on a mobile device. They also 
conducted an evaluation of time and distance thresholds that is of important 
use when determining number of significant places. Their method used WiFi 
sensors, were the main purpose are for indoor locations. Recently there are 
places that also offer WiFi for outdoor locations. When an indoor location was 
located, e.g. a workplace, you might only want the location points that actually 
are inside that location to better define and determine that location’s 
boundaries. Their study does not consider the boundary determination, but 
focuses on finding clusters of location points. This spawned the idea of using a 
cluster as a starting-point, and seeing if the surroundings contain anything 
that could help in boundary determination. 
 

2.6.3 Using GPS to Learn Significant Locations and Predict Movement 
Across Multiple Users 

Daniel Ashbrook and Thad Starner wrote a paper on predicting user 
movement [22]. In this work they presented a system that automatically 
cluster GPS data, that have been taken over an extended period of time, to 
locations with a meaningful value to the user. The work consist of making two 
different applications. One non-collaborative, single-user, and one 
collaborative, multi-user, application [22].  
 In their approach to find significant locations they used a technique of 
reading a stream of data and then when the users enter a building, a time gap 
will occur and then when the user exits the records will start again. That place 
that's logged in the time gap is defined as a place. They used a variant of the k-
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means clustering algorithm to merge the found candidates for a significant 
place. A problem with the time gap method is that it leaves important outdoor 
places out of consideration. Therefore this method was not used in this work. 
Their algorithm used a predefined value for the radius that a place must 
satisfy to be counted as a place. The value was decided after testing different 
radii and examining the places found. After evaluating the results their 
conclusion was that a small radius could count a stop light as a significant 
place and with a big radius several significant places could be merge into one 
[22]. The problem we found with a predefined value is how it represents the 
location, it is hard to find a perfect value for a radius for locations because of 
the difference in sizes, making this an insufficient method. From here comes 
the idea of finding another tool to determine the size for the found place. 
 

2.6.4 Quick Geo-Fencing Using Trajectory Partitioning and Boundary 
Simplification 

A group from Fudan University, Shanghai, made a paper about Trajectory 
Partitioning (TP) and Boundary Simplification (BS) [23]. Both methods are 
in the area of geo-fencing. The group describes each method.. “TP partitions 
the movement trajectory of an object into segments and processes the points 
within the same segment simultaneously. BS simplifies the polygons thus 
accelerates the geo-fencing process” [23].  
 Geo-fencing can be described as a virtual boundary around a real world 
geographic area. It is a technique that is used in LBS and it enables a remote 
monitoring function that detects when you enter or leaves a geo-fenced area. 
The TP methods contributes with simultaneous processing which reduces 
time compared to checking one by one. BS is to simplify the polygons that is 
encircling the geo-fence. This makes calculations and monitoring of the geo-
fence simpler. If a geo-fence is to be created from the output of the work 
described in this report, simplifications could be useful. Natural boundaries 
such as buildings or parks may have jagged edges and other features that do 
not make a geo-fence more effective. 
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3 Methods 

This chapter covers how the information and the data was gathered and how 
the data  was filtered and the work processed. 
 
 

3.1 Information 
To do the literature study and to find other scientific information needed in 
the thesis, the following digital libraries were used and searched: 
 

• IEEE Xplore  
• ACM 
• Scopus 

 
The used articles were mainly from the digital libraries listed above. This to 
ensure that the articles found were trustworthy, since they were found in well 
established libraries. In addition, Google Scholar was used to search for 
scientific articles and publications. From Google Scholar scientific documents 
from Sciencedirect, Ubicomp and Springer Link were found. 
 
Keywords used when searching for documents at digital libraries: 
 

• clustering, geo-fencing 
• location, place, context 
• smartphone, sensor, gps 

 
 

3.2 Data Collection  
We collected data ourselves and from a person in a programming community 
that one of the authors of this paper is a member of. The data collected by us 
was from one iPhone 6 and one Samsung Galaxy S4 Mini smartphone. Both 
smartphones used the same technical instruments for location services, those 
beeing A-GPS, GLONASS, Wi-FI and Cellular [12], [13]. 

On the iPhone 6 an application called myTracks was used. This was a 
simple application where you could log your position for a certain time 
decided by the user. You chose what accuracy you wanted, i.e. only record data 
with this accuracy, and a time setting meaning how often your position should 
be recorded [24].  
 With the Samsung Galaxy S4 Mini an application called GPSLogger 
was used. In this application you had three parameters to set when you 
wanted to record your location data. You were able to set a minimum distance 
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and a minimum time before recording a new location point. You also had an 
accuracy setting to only record points with a certain accuracy [25]. 
 The data given to us was recorded by one iPhone 4s and one iPhone 5s. 
These smartphone models used A-GPS, GLONASS, Wi-Fi and Cellular as 
location techniques instruments that can be used in applications. The 
application used to collect the data was an application called SendLocation. 
This application is a small utility that send your location data to a user 
specified server [26].  
 The data received from a member of the programming community had 
all the information needed to filter out the unnecessary location points. For 
accuracy, locations points with an accuracy worse than 20 meters was filtered 
out. This because, as described in chapter 2.2, points acquired from GPS 
satellites have an uncertainty of 5-15 meters under normal conditions. In this 
paper most location points were measured in urban areas. In such areas the 
conditions might be worse than normal because of urban canyons, i.e. large 
buildings blocking the line of sight to the GPS satellites, or the signals are 
bouncing off of objects [27], making the uncertainty greater than 15 meters. 
The Federal Aviation Administration released a performance report of the 
GPS system in July 2014 stating  the worst site position accuracy to be less 
than or equal to 17 meter [28]. In a paper made by Zandbergen and Barbeau, 
were they evaluated GPS systems, the horizontal error from static indoor 
reading with two Assisted GPS’s the mean was 15,16 meter and 8,78 meters 
and the Root Mean Square Error was 21,64 meters and 11,33 meters [29]. 
Because of the small amount of testing data available it was decided that a 
more including value should be used.   
 When filtering points based on their speed, all points with a speed 
higher than 15 km/h was filtered out. This was to ignore points which were 
captured while traveling by train, car etc. One possibility could have been to 
use average walking or running-speed as a threshold, but once again it was set 
at a more forgiving level to preserve a larger portion of the data. Both the 
maximum speed and the minimum accuracy are parameters that can be 
adjusted. Points were also filtered out from areas with limited map 
information. 

With the location points left after the filtering process the work to find 
places among those location points began.  As described in chapter 2.1 Key 
terms and Definitions, a place is a group of location points. 

A program called Mapbox Studio was used to create map images. 
Mapbox Studio provides a 2D picture of the place and its surrounding area 
along with latitude and longitude information for the picture’s boundaries and 
center point (the center point is the place of interest). Figure 3.1 shows the 
window for exporting a picture in Mapbox Studio. In the figure crop size, crop 
bounds and center point is displayed. That information is saved in a CSV file 
(comma-separated value file) and is used as input to the algorithm. With 
information about picture boundaries in latitude and longitude, picture width 
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and height in pixels and the location point converted to x and y coordinates, 
the real life distance could be described in pixels. This information is used in 
the algorithm, for example in the radius search around a location point. 
 
 

 
Figure 3.1  Export image in Mapbox Studio 

 
 

3.3 Testing the Algorithm 
A test was represented by an image of the map, and a CSV file containing the 
coordinates of location points. It also contained bounding coordinates of the 
image, to provide a reference to the algorithm. These two files were the input 
to the algorithm. One image was created showing the input location points as 
red dots (in figure 3.2 as a grey square dot), the calculated center point as a 
black dot (in figure 3.2 as a black square dot with a plus sign), a circle 
representing the search area, and if it found a new starting point in the search 
it was represented as a blue dot (in figure 3.2 as a black square dot with a 
cross sign). If the algorithm found a place to mark the program created an 
output image showing the result. The output image was evaluated to see if the 
algorithm found the place that corresponded to the input data, if it wrongly 
marked another place or nothing at all. Figure 3.2 shows an example of the 
first output picture. 
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Figure 3.2 Example of the help picture to evaluate the located place by our algorithm 

 
 

3.4 Method Deficiencies 
Several problems with the method has been discovered since the start of the 
work described in this report. We will touch on those briefly in this chapter. 
 

3.4.1 The amount of test data 
Because of the nature of the problem it was hard to set up automatic tests that 
used large amounts of data. Since the correct places had to be known for each 
test, we went through them manually after each result. There was, to our 
knowledge, no existing data set with GPS data that also contained a key of 
where the user had actually been. If such data set would be available, larger 
scale automatic testing could be run in the future. Additionally, with a longer 
amount of time available, an approach using the underlying data of a map 
could be easier to test. For every test case the correct map element(s) could be 
selected once, and the test results could then be automatically judged and 
summarised. This would also simplify contributions from other parts, since all 
that would be needed would be a set of tests with pertaining information of 
the correct answer. 
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3.4.2 Uniformity of test data 
Since all the data was gathered by a total of three people, there's a big risk that 
many, if not all, of the test cases were rather similar in nature. It would not be 
reasonable to assume that the life patterns of three people could fairly 
represent the lives of a larger population. Therefore there will almost certainly 
be cases that the algorithm was not tested on. 
 

3.4.3 Reliability of test results 
Another problem was that because of the lack of test data, it was continuously 
gathered throughout the work. This means that about a third of the data, the 
third that was gathered first, was used as tests and guidance when developing 
the algorithm. This data was not removed from the final dataset used to 
evaluate the results, which means that it is possible that we have received 
optimum results relative to this dataset, and that running the finished 
algorithm on another dataset would yield a different result. 
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4 Prerequisites and Input Data 

The work described in this report presupposed that GPS locations (points) 
have been gathered, sufficiently filtered by accuracy and combined into 
clusters. Each cluster should represent one location, such as a building, park 
or other area. Much work has been done in this area already, with good results 
[7], [8], [22].  
 As much GPS data as possible was gathered during the project, and 
while the volume might not have been enough for a full evaluation, it was 
enough to spot the strengths and weaknesses of the proposed strategy. The 
data also helped tune and adjust our algorithm. Before filtering of the 
gathered data there were about 13 500 GPS locations. After filtering out bad 
points, according to the requirements stated in chapter 3.2,  there were about 
6000 GPS locations left for use. 
 
 

4.1 Maps 
Since the proposed approach uses image processing, the choice of map is very 
important for the outcome. The areas that the algorithm can find are directly 
dictated by what the map looks like. The goal was therefore to find a map that 
provided clearly defined areas that correspond to the type of areas that are of 
interest. In most cases that would be buildings, parks, parking lots etc. 
 Conventional maps contain a lot of labels, icons, state lines, train tracks 
and information that in this context is redundant, or even detrimental. If the 
image processing algorithm was applied in an area where there was a text 
label saying e.g. ‘Stockholm’, obviously no relevant area would be found.  
 Therefore the map had to be customizable. Clutter like labels, tunnels, 
regional borders etc should be removable. Colors for different map elements 
should be customizable. Some of the biggest map distributors that are openly 
available were evaluated. For a bigger project one might consider paying for 
more extensive and even more customizable data. 
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4.1.1 Evaluation of map distributors 
 

• Google Maps 
Ability to change map attributes, simplification of maps.  
No houses in outer region of city area. 

• Bing Maps 
No ability to change map attributes. 

• OpenStreetMaps 
Has a couple of different schemes, but is not very in-depth. 

• Mapbox Studio 
Locally installed program.  
Ability to change map attributes and style. 

• The Swedish mapping, cadastral, and land registration 
authority (Lantmäteriet) 

 Extensive records of buildings, terrain etc.  
 For now the data is licensed, so for this paper it was not an option. 
 

4.1.2 Mapbox Studio 
A tool called Mapbox Studio was used throughout the project. What Mapbox 
Studio offers is a way to customize maps from OpenStreetMap [30]. It allows 
the user to remove labels, tunnels, gravel paths etc, and also the changing of 
colors of every element in the map. Figure 4.1 shows the original street map 
and the customized street map.  
 
 

 
Figure 4.1 Original map and our customized map 
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4.1.3 Detail level 
Different parts of the world usually have varying level of detail in the open 
maps. In big cities like Stockholm, the level of detail was high with houses, 
park areas and pedestrian paths in both the city center and the suburbs. But in 
a smaller city the level of detail became worse. Buildings might not be drawn 
at all, parks might not be discernible from forests and fields. Developing 
countries usually have a lower level of detail across the board. Therefore our 
approach works best in urban areas, and in developed countries. Of course 
this might change as maps get more detailed, or with the use of another map. 

Government agencies in some countries have extensive and very 
detailed information on buildings and terrain. For example, the Swedish 
government agency Lantmäteriet have data that many other map services do 
not. Figure 4.2 shows the residence of one of the authors of this paper. While 
the gathered data is more than sufficient to determine his location, 
OpenStreetMap hasn’t mapped his building, and therefore the algorithm 
won’t be able to mark  an area. Lantmäteriet does however have the building 
mapped, and when their map was used the building was accurately marked. At 
the time of writing their data was however licensed, and as far as we were able 
to tell the customization of their maps was not as straightforward. 
 
 

 
Figure 4.2 Mapbox Studio map and Swedish Lantmäteriet map 
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5 The Algorithm 

This chapter explains the algorithms working parts. There are three versions 
of the algorithm, and they are all cumulative, such that each consecutive 
version builds on the previous one. 
 
A basic outline for the algorithm is as follows: 
 
 Filter the raw data 
 Find clusters of location points 
 For each cluster { 
  find center, with biased weights for points in different areas 
  detect and select nearby building or park 
  output area and outline 
 } 
 
Clusters are found by using the method described by Montoliu et al. [8] which 
works on two levels. It first groups location points based on time, to find 
places where a user stayed for a while. Then it combines stay points using a 
grid-based clustering algorithm. For more details on the clustering we refer to 
their paper. 
 
 

5.1 Selecting the Starting Point 
A point to start the image processing algorithm needed to be extracted from 
the cluster of location points. Depending on what types of places are targeted, 
the starting point can be selected in different ways. Location points that fall on 
certain types of places, for example buildings, can be prioritized, and different 
strategies to identify places can be used. 
 

5.1.1 Finding the cluster center 
The location points were modeled as particles and the starting point was 
calculated as the center of mass of those particles (explained in chapter 2.3). 
This was done by multiplying each point’s coordinates with its mass, summing 
those together and dividing by the total mass of all points. By doing that 
different mass could be added to different points to better decide where to put 
the center of a cluster. Figure 5.1 shows the pseudocode for the algorithm that 
is calculating the center of mass. 
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Figure 5.1 Pseudocode for finding the center of the cluster algorithm 
 
 
In the first approach a uniform weight of 1 was given to all location points. The 
second approach assumed that relevant locations would more often than not 
be buildings and other man-made structures, and not plain ground. Therefore 
buildings got the highest weight, and parks a slightly higher weight than 
normal ground. This pulled the starting point into buildings, even if the user 
had been walking around the edges, or sitting in a cafe on street level. In 
figure 5.2 the grey dots represent GPS points, and the black dots are the 
selected starting points for the area marking algorithm. Without different 
weights the algorithm started just outside the building, and therefore did not 
find a clear, defined area to mark. When we added a higher weight to 
buildings, in this case 3.5, the starting point was pulled slightly into the 
building, and the marking algorithm marked the building. 

The tests were run multiple times with different weights, to find what 
was best suited for our map and problem.  These might vary with different 
applications. Some might only be interested in certain types of locations, and 
in those cases it might be good to give those types very high weight. For our 
tests we focused on buildings and parks. A test was considered to have been 
successful if the area that the user had resided in was marked. If a cluster had 
been identified when a user had not been residing in a building or park, 
nothing should be marked for the test to be considered successful. 

The total results of a specific algorithm was based on how many of the 
individual tests had successful results. We ran our tests with different sets of 
weights for buildings and parks. From the results of the tests we could tune 
the weights to 20 for buildings and 10 for parks. More advanced tests, or 
different priorities in what types of areas is in focus, might mean tuning the 
weights further. 
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Figure 5.2 Weighted Center of mass (left) and normal Center of mass (right) 

 
 
When two buildings are close to each other, and the user has been in both, or 
close to the edge of one of them, this approach has a problem. The GPS 
technology still suffers from poor accuracy, especially indoors [29], so even if 
a user remains in one building GPS points might be recorded from the 
building across the street. Since all points that land on a building get the same 
weight, they will be pulling against each other. In some cases the calculated 
starting point will then land on the street in between the buildings. A possible 
future approach to fix this problem might be to try to recognize that the 
cluster contains several buildings. We could then pit the buildings against 
each other and try to assert which one is more likely to be the correct one, and 
mark the winner. Another possibility is to mark both of the buildings as one 
big location.  
 

5.1.2 Looking around 
In many of the test cases, most of the location points were just outside the 
building where the user had been. This might be caused by lower GPS 
accuracy indoors than outdoors [29]. This caused the approach in 4.2.1 to 
often just miss a building when selecting the center of the cluster. Some cases 
were redeemed by sheer quantity of data, since there are often misplaced 
points with low accuracy on several sides of the building. The points on each 
side of the building would then even out, and the centerpoint would still end 
up in place. However, in some cases almost all points were outside the 
building on one side. One example of this can be seen to the left in figure 5.3. 
This resulted in a failure to define a place with our strategy, and we had to 
default back to defining it with a square or circle around the centerpoint. 
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Figure 5.3 Searching around example 

 
 
Therefore we tried another approach where we, starting from the previously 
calculated centerpoint, look around for buildings and parks close by. This is 
done by going through a circle with a certain radius. The radius is one of the 
parameters of the algorithm that can be tuned. We used a radius of 20 meters 
for our tests. This is because 20 meters was the accuracy limit when filtering 
the raw data, as described in chapter 3.2. 

For each pixel within the radius we decide if the color corresponds to a 
certain type of place, a building or park. If the pixel belongs to a wanted type 
of place, and the distance to the cluster center is the shortest so far, it is saved 
as the new closest point. When the entire radius has been searched the found 
point that is closest to the cluster center is in the area we want to mark. 
However, the closest point is often located on the edge of the area, and since 
we use images, there is a small gradient between two colors. We avoid this 
gradient by moving the target for the fill algorithm a small distance in a 
straight line from the center point to the found point. 5 pixels have been used 
in the tests presented here, although the appropriate distance will vary with 
resolution. 

Line 1-14 of the pseudocode in figure 5.4 show how the new point is 
searched for. Line 16-20 show the small increment. The upper black dot in the 
image to the right in figure 5.3 represents this new point where the filling 
algorithm will start. If no new point is found, the algorithm has failed to mark 
a building. Depending on the application it might be useful to default back to 
another method, like marking a circle or rectangle around the cluster. 
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Figure 5.4 Pseudocode for the searching around the cluster center algorithm 

 
 

5.2 Marking the Area 
Once we decided on a starting point - a point that resided within the area we 
wanted to mark - it was time to mark the area. In a real world application one 
might only have been interested in the edges of the area for marking the 
outline with a geo-fence. However, since we were mostly interested in the 
plausibility of using this approach, we filled the entire area with a new color. 
We found that this made the illustrations clearer, and development and 
debugging easier.  
 Since we were dealing with areas that were almost completely uniform 
in color, and we could select the colors ourselves, the decision of which 
algorithm to use for filling was not very hard. Most algorithms designed for 
the task will complete it without problems, so it was mostly a matter of how 
hard it was to implement. In our tests we used the 8-way flood fill algorithm, 
explained in chapter 2.4. One of the drawbacks of using the image 
representation of a map was that some areas became discolored. This was 
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especially true for the areas just in between areas of different types. Since the 
search found the point closest to the center of the cluster, this point was 
almost always right on the edge between two colors. Therefore we moved the 
starting point away from the center point in an approximate line. This is 
demonstrated by line 12-29 in figure 5.4. For each pixel that corresponds to 
the color of the starting point, it checks if the surrounding pixels have the 
same color. Those that do get added to a stack of pixels that the algorithm will 
check later. When the algorithm finds pixels that are of another color, i. e an 
edge, it will mark those with an edge color. For the pseudocode of the filling 
algorithm, see appendix A. 
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6 Results 

All approaches use the same method for comparing two colors, namely the 
CIELAB(76) described in chapter 2.5. We got the best results using a 
maximum distance of 70. This is however highly dependent on which map is 
used, and what colors are selected for it. 
 
 

6.1 Center of Mass with Uniform Weights 
The first approach, described in chapter 5.2.1, correctly identified 20 buildings 
or parks, and correctly reported that no building or park was in the area 10 
times. Some of these 10 might be identified with a map that has information 
about the buildings. 15 tests failed. 

In total we got the correct result in 30 of the 45 tests, or in 66.7% of all 
tests. In 20 of the 30 correct results the correct place was found and marked, 
and in the remaining 10 no place was marked because of missing map 
information. 

This version of the algorithm had a hard time dealing with the cases 
where location points were only on one side of the building, and primarily 
when there was a low amount of location points.  
 
 

6.2 Center of Mass with Biased Weights 
In the second approach, where we added weights to buildings and parks we 
saw some improvement. Centerpoints that were previously just outside a place 
were now drawn into the place (see figure 5.2). Several different sets of 
weights were tried before finding appropriate values. We got the best results 
when we had an order of magnitude of difference between relevant places and 
roads, ground etc. When we gave buildings a weight of 20, parks 10 and 
ground 1 the algorithm found 5 more places than the uniformly weighted 
version. It completed 35 of the tests, or 77.8%, with a correct result. 25 of 
those were correctly marked places, and 10 were not marked because of 
missing map information. 
 
 

6.3 Searching Around the Centerpoint 
Even when the centerpoint was being found with heavy bias towards 
buildings, it often ended up just outside the building we collected the data 
from. The augmented version of the algorithm performed a search in a small 
radius around the centerpoint, and used the closest building or park it found 
as a new center point. This proved to be successful, as the algorithm now 
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successfully identified 10 more buildings than the previous version. It did 
however also mark three places that were not visited by the user. Two of those 
would most likely be remedied by using a map with data for the buildings that 
were actually visited (see chapter 4.1.3). One of the marked places however 
was a small convenience store, and the user would often wait for the bus at the 
bus stop just outside. The algorithm marked the convenience store, although 
the user had never actually been inside. It correctly left 7 tests unmarked, 
since these were missing information about buildings and parks in the area.  
 Table 6.1 presents the results for all three approaches. The first column 
are how many of the tests were completed with a correctly found place, e.g. a 
building or park. The second column represents the cases where the algorithm 
marked the wrong place, or where it did not find a place it could have. The 
third column represents the sum of cases where the correct place was marked, 
and the cases where nothing was marked because of a lack of sufficient map 
information. 
 
 

 Found correct place Incorrect result Correct result 

Uniform Weights 44.4% 33.3% 66.7% 

Biased Weights 55.5% 22.2% 77.8% 

Search Radius 77.8% 6.7% 93.3% 

 
Table 6.1 Results from 45 tests 
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7 Discussion 

We are positively surprised with the results within the scope of our testing. 
Much higher levels of wrongly marked places were expected, but only around 
7% of the tests had this error (2% if we assume better map data would change 
the results of two tests). As we had anticipated the algorithm failed for a 
noticeable part, around 15% of the tests, because the map we used were 
missing information about buildings. This was to be expected, since even big 
map-providers like Google only have data for urban areas for some of their 
functionality. The proposed approach was therefore rather useless in rural 
areas when this report was written. 
 However, more testing needs to be done to ensure that our results are 
correct, and to identify more edge cases that might need to be addressed. In 
figure 7.1 a diagram shows the improvements over the later and further 
developed algorithm for locating the correct place. This shows that with more 
effort and development in this area a better algorithm can be developed and 
better results might be achievable. 
 
 

 
Figure 7.1 Diagram over the test results 

 
 
The question from the start was if this was a viable method to define cluster 
areas with the help of maps. When the place of interest is a house or cottage, it 
seems to be viable. But if the place is a part of an office complex, and the 
company shares the building with other companies, the whole building could 
be marked, depending on the detail level of the map. If the map contains 
information about building sections the developed algorithm can mark the 
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entire building or just a section, depending on settings. For some it might be 
better to have the boundaries of the whole building, some might prefer the 
actual office. Figure 7.2 shows a building with several sections. 
 
 

 
Figure 7.2 Building with several sections 

 
 
Depending on how detailed this building is the outcome have multiple 
options. Without the sections, the whole building would become marked. 

When a park becomes a significant place for a user the size of that park 
is of great consideration. If it is not that big, as Kungsträdgården in Stockholm 
at large, we see no difficulty in marking the whole park and the geo-fence is 
describing the place well. But if the park is the size of Central Park (New York) 
you may not want to mark the whole area, since this would make the geo-
fence too big and less describing of the actual place. Some tweaks could be 
made, like setting a zoom level that will exclude parts of the park, and only 
mark the area included within the boundaries set by the zoom level. 
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8 Conclusions 

The purpose of  the work reported in this paper was to see if it was plausible to 
define a place using the boundaries found in a map. To answer this a literature 
study was conducted, to see what similar work had already been done. Several 
reports on the clustering of location points was found and used as a basis for 
this report.  

A first approach to find a good place to start the filling algorithm was 
developed (as described in 5.1.2). It calculated the starting point as the center 
of mass of the cluster of location points. This proved to be lacking in cases 
where GPS data had poor accuracy, mainly in buildings. A second approach 
added biased weights to the location points, which gave better results, but still 
not optimal (chapter 6.1-6.2).  

In the third approach a search radius around the cluster center was 
added, where the algorithm looked for map elements that were considered 
interesting. Although it found some false positives, it got the correct results in 
around 93% of the test cases (chapter 6.3). Part of those correct results meant 
that no place could be marked based on map boundaries, and that some other 
approach to define the place had to be used. This was expected, since many 
areas of the world are not yet mapped in high detail.  
 The results suggest that the proposed approach is viable in some cases. 
The main requirement is that the types of places that are considered relevant 
are clearly defined and separated. 
 The problem and purpose of this paper was to explore another way of 
determinining the location boundaries of found places using locations points 
from GPS sensors and to evaluate if it is viable or not. Although with the 
limitations of having points from only three different sources and the usage of 
a map that have been modified for the purpose, our algorithm indicates that 
the method could be a viable method for extracting places from locations 
points. Our results show that after a further development of the algorithm 
more places was correctly categorized and with future maps that have more 
information for smaller cities, and a higher detail level, the method could be 
more interesting for use in geo-fencing applications. Tests have to be done on 
a larger scale, to make the method more general. 
 
 

8.1 Future Work 
The new satellite navigation system GALILEO, developed by European Union 
(EU) and European Space Agency (ESA), is going fully operational about 
2019-2020. This system offers better signal coverage in the north and will 
increase the performance in both accuracy and robustness. GALILEO is firstly 
developed for civil usage and better service for LBS applications is of the most 
important feature. Both of GALILEO's robustness and the combination usage 
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of GPS and GLONASS will make more satellites available and coverage in bad 
signal areas i.e. urban canyons, will be improved. This allows for applications 
such as this, to better map people's movement and show more correct and 
accurate information. 
 In today's maps the detail level is generally low. It is only the big cities 
that have a detailed level of buildings and the surrounding environment in 
both the city centre and the suburbs. 
 Work that can be done is a customized map or application for this kind 
of usage. A simplified map without e.q. third parts icons on the map, railway 
tracks and more. It might be combined with a service that exports an image of 
a requested area, with information about the address, registered companies 
etc. 

A further development or replacement to this method can be to 
integrate usage of open services as OpenStreetMap and use the underlying 
data. Instead of getting an image of the map and trying to interpret it you send 
in coordinates for an area. Then you will get a chunk of data with information 
about the requested area. 

The Swedish Lantmäteriet (National Land Survey) is working on 
releasing their geodata for public use. At the time of writing, their location 
service SWEPOS was scheduled to be released in January 2016. SWEPOS is a 
national network of hard-line reference stations to GNSS (GPS, glonass etc) 
with an uncertainty down to meter-level. With this and coming services from 
Lantmäteriet LBS applications can make use of this information to have more 
accurate and reliable data. 

Kang et al. extracted indoor locations from WiFi sensors. After they had 
filtered and grouped their location points to clusters for each place, they made 
each cluster visible by drawing an arbitrary shape that involved the specified 
locations points [7]. By applying our algorithm after they have grouped their 
clusters, each cluster could be fitted better to every place by finding the 
boundaries for each house. After this an optimization could also be done to 
the cluster by looking at the created boundaries and compare it with the 
locations points in the clusters. This because several points were located 
outside the house, but their algorithm found that they should be included in 
the cluster. In this work they were interested in indoor locations and points 
outside should not be accounted for, which our algorithm could help 
accomplish. 
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