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Abstract

The GPS tracking in sprint orienteering is often a poor supplement to the viewer
experience during events taking place in urban areas because of multipath effects.
Since the GPS tracking of runners is an important means to making the sport
more spectator friendly, it is of interest to make it more accurate.

In this thesis project, the information provided by the map of a competition is
fused with the GPS tracker position measurements and punch time data in a
particle filter to create estimates of the runner trajectories. The map is used to
create constraints and to predict motion of runners, as well as to create a model
of the GPS reliability depending on map position.

A simple observation model is implemented, using the map to decide if a GPS
measurement is reliable or not depending on the distance to the closest building.
A rather complex motion model is developed to predict the runner motion within
the constraints given by the map.

The results show that given certain conditions the improvements are vast com-
pared to the traditional GPS tracking. The estimates are bound to possible routes,
and they are often very good given that alternative route choices are easily sepa-
rable. It is however principally difficult to generally improve the tracking using
this method. Better measurements or observation models are needed in order to
receive a fully satisfying tracking.
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1
Introduction

This thesis project includes modelling of runner motion and GPS errors in an ur-
ban environment and position estimation using a particle filter. In this chapter,
a background to the problem will be presented along with the problem formula-
tion, objectives and the thesis outline.

1.1 Background

Orienteering is an endurance sport where the contestants shall visit a series of
control points in a specific order and as fast as possible. A map and a compass is
used as help to find the quickest way around the course. To prove that a control
has been visited, the contestants have to punch at each control using an elec-
tronic punch card, that registers which control that has been visited and the time
of visit. Orienteering has developed many different variations, of which foot ori-
enteering is the most commonly practised one. Foot orienteering mainly consist
of six disciplines, including sprint, middle, long, ultra long, night and relay. The
competition time varies from about 12 to 15 minutes in sprint events to around
three hours in the ultra long distance. Most disciplines are normally practised
in forests, except for the sprint events which usually take place in urban areas.
The map from the 2014 World Orienteering Championships in sprint which took
place in Venice is shown in Figure 1.1.
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2 1 Introduction

Figure 1.1: The men’s course in the sprint event from the 2014 World Ori-
enteering championships in Venice, Italy. Some of the most important map
features that are impassable include buildings (dark grey), forbidden areas
(green), water (blue) and impassable walls and fences (thick black lines).
Some of the most important map features that are allowed to cross include
paved areas (light brown), forest (white) and open fields (yellow). The course
is marked in violet. The full map specification can be found in ISSOM [2].

Traditionally, orienteering has not been much of a spectator sport. This has dur-
ing the last decades changed drastically because of new technology. GPS track-
ing was introduced in orienteering in the beginning of the 21th century, which
meant that the audience could follow the contestants’ positions live, significantly
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enhancing the viewer experience. In events taking place in rural areas, the po-
sitioning of the runners is accurate because of the relatively small errors in the
GPS measurements. In urban areas, however, the GPS signals are often subject
to large disturbances, making the positioning of runners very difficult. Urban
structures such as buildings often block and reflect GPS signals and cause large
errors, mainly due to multipath effects [7], [19]. Multipath errors occur when a
signal is reflected between a satellite and a receiver, thus travelling a longer way
than the actual distance between these. This causes the receiver to miscalculate
its position.

The problem with the GPS tracking is illustrated with the maps in Figure 1.2
and Figure 1.3. As seen in the maps, the alleys are often narrow and a cause of
bad reception for GPS signals. The red line in the maps, which are the routes
travelled by runners according to the GPS receiver, should move in accordance
with the blue lines, which are the runners’ true positions. Instead they often
stretch out over grey areas of the maps, far from the runners’ true locations.

1.2 Problem formulation and objectives

The aim of the thesis project is to use the information provided by the orien-
teerng map, the control punches and the measurements from the GPS tracking
devices used in orienteering today to create an estimate of the position and trav-
elled trajectory of an orienteering contestant. The goal is to improve the position
estimates to the extent that they are perceived as sufficient for an audience to
understand a runner’s position and route choices.

The main objective is to develop a particle filter that takes into account con-
straints given by a map. The particle filter is a straight-forward and common
way to solve this type of problem. For the particle filter to function properly,
some contestant motion models as well as some measurement models have to be
developed. The models should define motion and errors that are dependent on
map position, so that the information provided by the map is used in the best
possible way in the filtering algorithm. The motion model and GPS observation
model will act as a base in the filter, onto which additional measurements such
as punch times can be added. Some smoothing and estimation schemes will be
tested to receive a satisfying tracking.

1.3 Literature

The particle filter was first presented in the modern form in [6]. Most of the
filtering theory used in this thesis is summarized in [8]. The ideas for the mo-
tion model is based on the coordinated turn models presented in [15], and also
the concept of angular PDFs, presented in [11]. The strategy of map-aided GPS
tracking using road networks as constraints is widely explored, for example in [9],
[10], [12], [14], [16], [17], [18]. The principles of GNSS positioning and multipath
errors can be found in [7].
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Figure 1.2: The men’s course in the sprint event from the 2014 World Ori-
enteering Championships in Italy along with the route choice of the gold
medallist Søren Bobach (blue) and the GPS measurement trajectory (red).



1.3 Literature 5

200 400 600 800 1000 1200

200

400

600

800

1000

1200

GT
GPS

Figure 1.3: The men’s course in the sprint event from the 2014 Swedish
Championships in Uppsala along with the route choice of the gold medal-
list Gustav Bergman (blue) and the GPS measurement trajectory (red).
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1.4 Thesis outline

The thesis is structured as follows:

• Chapter 2 introduces the GPS trajectories that are used in the thesis, and
gives a closer presentation of what type of errors that the GPS receivers
suffer from and what results we aim for.

• Chapter 3 gives a description of the maps used in the thesis project and how
they are represented when filtering.

• Chapter 4 describes the development of the motion model used in the filter.

• Chapter 5 closer explains the particle filter algorithm used in the thesis
project, how the different parameters in the motion and observation models
are set and how the different parts are put together.

• Chapter 6 presents the results.

• Chapter 7 discusses the results and possible future work.



2
GPS trajectories

This chapter describes the GPS trajectories used in the thesis, how the GPS tra-
jectories and ground truth are obtained, how the GPS measurement errors are
evaluated, and how the performance of the filter can be assessed by comparing
the filter output error to the GPS measurement error.

2.1 Nominal trajectories and ground truth

The GPS trajectories and maps used in this project are downloaded from GPS-
seuranta1. GPS-seuranta is a website for GPS tracking used in a variety of events
including many orienteering competitions. All GPS tracks, maps and courses
that are displayed on the site are available for download. The GPS tracks are
available in the gpx2 file format, and include the GPS coordinates and the time
for each measurement point.

Many elite runners publish maps from important competitions along with their
route choices on the internet. This can be used as a ground truth for the GPS
trajectories used as test data. The ground truth is created by fitting the GPS tra-
jectories to the known route choices and punch times. The obtained trajectories
could possibly differ from the runners’ true positions by a few meters, mainly
because of synchronisation issues. It is most often known rather exactly where a
runner has been, but not exactly when. It is therefore good to have an idea about
the running speed of a contestant when creating the ground truth. These errors
are however small enough to be neglected.

1http://gpsseuranta.net/
2http://www.topografix.com/gpx.asp

7
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8 2 GPS trajectories

Along with the GPS data, punch times can be used in the estimation. The punch
times for most competitions, including the ones used in this thesis, can be found
on WinSplits Online3.

This thesis will focus on two different competitions using data from five different
contestants per competition. The competitions are the men’s classes of the final
of the 2014 Swedish Championships in sprint (the course is shown in Figure 2.1)
and the final of the 2014 World Orienteering Championships in sprint (see Figure
1.1). More information about the competitions, runners and data sources are
presented in Appendix A. We will use the data of the contestants for modelling
and validation. When presenting examples and evaluating the filter, we will have
some extra focus on the winners of the two competitions. Their true route choices
and GPS trajectories are shown in Figures 1.2 and 1.3, and the GPS measurement
errors are shown in Figure 2.3.

2.2 Measurement errors

The GPS measurements are reliable when the satellite coverage is good, but can
suffer from large errors in urban areas if the receiver is covered by large struc-
tures such as buildings. The large errors occur mainly because of multipath ef-
fects that are difficult to predict. It is possible to predict multipath errors with
knowledge about the GPS satellites and a 3D model of the area of interest [1], but
this solution is fairly advanced, and we will aim for a more simple strategy. We
assume that the GPS errors to some extent correlate with the distance to the clos-
est building, and evaluate the errors using this parameter. In Figure 2.2, the GPS
errors for 5 different runners during their races are plotted against the distance
between the ground truth and the closest building. As seen, the errors increase
significantly when the GPS receiver is located close to buildings, and the errors
are sometimes close to 100 m.

When following a competition via GPS tracking, the route choices of a runner
is easy to understand as long as the errors are kept small enough. The limit of
what can be seen as an acceptable error lies somewhere around 15 m, which the
GPS trackers can easily manage as long as there are no multipath errors. A larger
error can start to make the route choices of a runner difficult to understand. In
Figure 2.3, the measurement errors for two trajectories are shown along with the
root mean square error (RMSE) of the trajectories. The errors for the tajectory in
Uppsala (Figure 2.3b) most of the time lie below the limit of what can be seen
as acceptable, except for two peaks at around 70 − 110 s and 360 − 430 s. The
errors for the Venice trajectory (Figure 2.3a), on the other hand, lies above 15 m
most of the time. Our goal when estimating is both to minimize the RMSE and to
minimize the number of points that lie above the acceptable error of 15 m, and
we will mainly look at these parameters when evaluating our filter.

3http://obasen.orientering.se/winsplits/online/

http://obasen.orientering.se/winsplits/online/
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Figure 2.1: The men’s course in the sprint event from the 2014 Swedish
Championships in Uppsala.
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(a) GPS errors for the 2014 Swedish Championships in Uppsala.
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(b) GPS errors for the 2014 World Championships in Venice.

Figure 2.2: The GPS errors for all measurement points for five runners plot-
ted against the distance to the closest buildings in Uppsala (a) and Venice
(b).
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(a) GPS measurement errors for Søren Bobach in Venice.

(b) GPS measurement errors for Gustav Bergman in Uppsala.

Figure 2.3: The measurement errors along with the root mean square error
(RMSE) of Søren Bobach’s and Gustav Bergman’s GPS trackers. The dashed
lines represent an error of 15 m.





3
Map representation

This chapter describes what features an orienteering map include that can be
used when filtering, and states a simple way of representing a map in a filter.

3.1 Orienteering maps

The maps used in orienteering are detailed and made to give contestants the best
possible help to find their way around a course. The map consists of a set of care-
fully specified symbols to represent all the important features of a terrain that
could help a competitor to navigate. The map symbols used in sprint orienteer-
ing are defined in ISSOM [2]. In sprint, an important map feature is that each
map symbol represents an area or an object that is either allowed or forbidden to
cross. This can be used to define properties and constraints within a filter. The
symbols can also provide information about GPS accuracy.

3.2 Raster map representation

The idea of the raster map representation is to use an image of the map, where a
pixel corresponds to a square area. For each pixel, information is saved about the
features of the corresponding area.

The maps used in this thesis project are imported as images, and a simple image
recognition algorithm is applied to recognize the colours in the map. Some ad-
justments by hand are needed to make sure the map is correctly imported. For
each pixel, that corresponds to a small area of the map, we define if the area is
passable or not, and if the area contains a building (which can be either passable
or impassable). The information about passiblitity is later used to define possible

13



14 3 Map representation

motion, and the information about buildings is used to evaluate GPS errors and
create observation models. The converted maps of Venice and Uppsala with the
important features are shown in Figure 3.1 and Figure 3.2, respectively.
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Figure 3.1: The converted map of Venice with the important features shown.
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Figure 3.2: The converted map of Uppsala with the important features
shown.
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3.3 Coordinate systems

The most common coordinate system used by GPS devices is the World Geodetic
System 1984, WGS84. To convert coordinates given in WGS84 to a coordinate
system used in the filter application, the relationships between the differentials of
distance and the WGS84 coordinates [3] are used. The WGS84 coordinate system
uses a reference ellipsoid to represent the earth, which is defined by

1/f ≡ 298.257223563, (3.1a)

a ≡ 6378137.0 m, (3.1b)

b = a(1 − f ). (3.1c)

Here, f is the flattening, and a and b are the semi-major and semi-minor axes of
the reference ellipsoid, respectively.

Let dN and dE be the differentals of distance in northern and eastern direction
respectively, and dφ and dλ the differentials of the latitude φ and the longitude λ,
respectively. Further, let RM and RN define the radii of curvature in the meridian
and the prime vertical, respectively. We can then define the relationships

dN = RM (φ)dφ, (3.2a)

dE = RN (φ)cos(φ)dλ, (3.2b)

where

RM =
a(1 − e2)

(1 − e2sin2φ)3/2
, (3.2c)

RN =
a√

1 − e2sin2φ
. (3.2d)

Here, e is the first eccentricity which can be calculated as

e2 = 2f − f 2, (3.2e)

and a and f are defined by (3.1).

The map coordinates used in the filtering are given by the raster map represen-
tation described in Section 3.2, where the X and Y coordinates correspond to the
columns and rows in the matrix, respectively. The WGS84 coordinate system
relates to the map coordinate system as illustrated in Figure 3.3. The transfor-
mation between the WGS84 coordinate system and the map coordinate system
consists of a transformation, a scaling, a rotation and another scaling:

pmap = S2RS1(pWGS84 + t). (3.3)

Here, S2, R and S1 are 2x2 matrices and pmap, pWGS84 and t are 2-dimensional
vectors. Given a coordinate pWGS84 in WGS84, a coordinate pmap in a map coor-
dinate system is found by the relation in (3.3). t is the WGS84 coordinate where
the origin in the map coordinate system lies. S1 is a scaling according to (3.2)
to acquire coordinates given in meters. R is a rotation matrix to compensate for
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meridian convergence (the difference between geographic north and map north).
Finally, S2 is a scaling that represents the size of the areas that the elements in
the raster map representation matrix correspond to. Since the earth is round, the
coordinate transformations are not perfect, but the errors are several orders of
magnitude smaller than the GPS measurement errors, and can be neglected.

Figure 3.3: The WGS84 coordinate system has its origin in the Earth’s center
of mass, but when linearising we can see a transformation between WGS84
and some local map coordinate system as a transformation from a coordinate
system with its origin in the intersection between the Greenwich Meridian
and the equator (N,E) to some map coordinate system (x,y).





4
Motion Models

This chapter describes the motion models used in the filtering, along with the the-
ory behind the particle filter, which motivates the need for developing a motion
model. The strategy behind the motion model is presented, where we explain the
need for a rather advanced motion model and how our knowledge about runner
motion is put into the model. Sections 4.4 and 4.5 gives detailed explanations of
the function of the constrained parts of the motion model.

4.1 The particle filter

Consider a general motion model expressed in conditional distributions for state
transition and observation:

p(xk+1|xk), (4.1a)

p(yk |xk). (4.1b)

Here, p(xk+1|xk) denotes the probability distribution of the next state xk+1 given
the current state xk , and p(yk |xk) is the probability distribution of the measure-
ment yk given the state xk .

A solution to computing the posterior distribution p(xk |y1:k) of the state vector in

19



20 4 Motion Models

the model described in (4.1), is the Bayesian filtering recursion, given by

p(xk |y1:k) =
p(yk |xk)p(xk |y1:k−1)

p(yk |y1:k−1)
(4.2a)

p(yk |y1:k−1) =
∫
R
nx

p(yk |xk)p(xk |y1:k−1) dxk (4.2b)

p(xk+1|y1:k) =
∫
R
nx

p(xk+1|xk)p(xk |y1:k) dxk (4.2c)

where k = 1, 2, ..., N . The recursion is initiated by p(x1|y0) = p(x0).

The aim of the particle filter (PF) is to approximate the posterior distribution
in (4.2a) with a discrete density of samples {xi}Ni=1, referred to as particles, and
their associated weights {wi}Ni=1. The weight of a particle reflects how probable
the properties of that particle is. The PF algorithm used in this thesis is summa-
rized in Algorithm 4.1. The motion of the particles is represented by simulations
of contestant motion, defined by the prior distribution (4.1a). Each particle is
simulated one step forward in time, and the weights are then updated according
to the likelihood (4.1b), which in our case is the GPS measurements. Sampling
importance sampling (SIS) is used as resampling strategy, which means that the
particles are ony resampled when the effective number of samples Nef f reaches
below a predefined threshold Nthres, typically 2/3 of the total amount of particles
[8]. Nef f can be approximated by N̂ef f = 1∑

i (w
i
k|k )2 [8].

Algorithm 4.1 Particle filter

1. Initialization: Sample xi1 ∼ px0
, i = 1, . . . , N and set wi0 = 1/N . Set time

k = 1.

2. Measurement update: For i = 1, 2, . . . , N ,

wik =
wik−1p(yk |xik)∑N
j=1 w

j
k−1p(yk |x

j
k)
, (4.3)

3. Estimation: The filtering density is approximated by p̂(x1:k |y1:k) =
N∑
i=1
wik|kδ(x1:k − xi1:k).

4. Resampling: If N̂ef f < Nthres, take N samples from the set {xi1:k}
N
i=1 where

the probability to take sample i is wik|k and let wik|k = 1/N .
5. Time update: Sample the particles according to the prior distribution:

xik+1 ∼ p(xk+1|xik), (4.4)
6. Set k = k + 1 and repeat from 2.

Particle filters are widely used because of the simplicity of implementing them
with any type of model or noise. The benefits are vast when using non-linear
models and non-Gaussian noise. Another feature of the PF is that it estimates the
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whole trajectory x1:k , which is of interest in our orienteering application. The big
drawbacks of particle filters are the computational costs, which are often very
large because of the amount of particles needed to approximate the posterior
distribution in a good way. It is therefore of interest to have a motion model that
makes sure that the particles only explore states that are interesting, while at the
same time being robust enough to explore as many different interesting states as
possible.

4.2 Introduction and summary of the motion model

In areas where the GPS measurements are good, a simple motion model is enough
to create good estimates. Where there are no constraints in the movements, some
simple model of constant velocity type or similar will do fine, and in areas where
there are constraints it is possible to for example use a model which samples
uniformly from an angular PDF [11]. The idea with angular PDFs is to prevent
motion through forbidden areas without adding computational costs or affecting
the posterior density in an undesirable way, see Figure 4.1.

Current position

Maximum distance

Visible from current position

Not visible

Forbidden to cross

Figure 4.1: The idea of the angular PDF is to sample the motion of a particle
(positioned in the grey dot) from a pre-defined PDF, illustrated in white. The
alternatives to this would be to reject samples that moves through forbidden
areas (adding computational cost) or to give these particles lower weight
(possibly affecting the posterior density in an undesirable way and adding
computational cost).

Close to buildings, where the measurements are very inaccurate (see Section 2.2),
and where large constraints in motion is always present, we need a motion model
that can make plausible predictions for a longer period of time than what is pos-
sible with the model used in [11]. The basic idea here is to compensate for the
bad measurements with a motion model that is good enough to create a satisfying
overall estimation.
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In Section 4.3–4.5 we present some ideas of how to create a motion model that
simulates runner motion in a more satisfying way. As a base we use a simple
model that assumes nearly constant heading and speed (4.5). On top of this we
add some heuristics to handle the constraints given by the map. The idea of these
heuristics, apart from preventing motion through forbidden areas, is to keep the
posterior density rather plausible when for example simulating motion around
corners, in intersections and along walls. In Sections 4.4 and 4.5, we present two
ideas of improving the simulation of this type of motion.

In Section 4.4 we present the mapping of forbidden motion to allowed motion.
The idea is that if a particle moves through a forbidden area, the movement is
adjusted to the best fitting allowed motion. This will handle motion through
impassable areas as well as create more realistic predictions when for example
moving along walls.

In Section 4.5 we introduce the estimation of interesting heading angles in the
model, where we try to estimate what heading angles that are interesting to in-
vestigate, apart from what is given from our simple constant velocity model. The
idea is that a particle reaching an intersection or a corner should choose from the
different possible paths or directions with somewhat equal probability. Without
the estimation of interesting heading angles, our assumption of nearly constant
velocity would force most of the particles to travel straight in those cases. Algo-
rithm 4.3 summarizes the motion model using this estimation. The estimation
is based on the pre-calculated position mapping described in Section 4.4. By
comparing the possible motion in two consecutive time instances, a corner or in-
tersection of some kind can be detected. If the motion to a point is allowed in
the latter time instant, but would have required motion through an impassable
area in the first time instant, we have likely passed a corner and will adjust the
probabilities of moving in different heading angles accordingly.

4.3 Unconstrained motion

It is of course very difficult to predict the motion of an orienteering contestant,
since a runner is always able to move very freely. There are however some as-
sumptions that can be made, using knowledge about the sport. A runner will
most likely move in piecewise straight lines between obstacles, running in a high
and steady pace. This motivates the use of some constant velocity motion model
in our filter, which in two dimensions can be implemented in some different ways
depending on which states are preferred to keep independent. We will use a co-
ordinated turn model that separates velocity and heading, and assumes these to
be nearly constant. The model can be written in discrete time [15] as

Xk+1
Yk+1
vk+1
hk+1

 =


Xk
Yk
vk
hk

 +


2vk
ωk

sin(ωkT2 ) cos(hk + ωkT
2 ) + ak

T 2

2 cos(hk)
2vk
ωk

sin(ωkT2 ) sin(hk + ωkT
2 ) + ak

T 2

2 sin(hk)
akT
ωkT

 (4.5)
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where Xk and Yk denote the position, vk the velocity, and hk the heading at time
instant k. ak and ωk denote the acceleration and angular velocity, respectively, at
time instant k, and are modelled as noise.

4.4 Position mapping

The map defines some constraints to the motion since there are areas where the
competitors are not allowed to be. In [11], the concept of angular PDF is pre-
sented, where the possible motion for each point of the map is calculated previ-
ous to the filtering. The motion is then sampled uniformly from the definition
of passable areas. With this sampling strategy, narrow paths will be explored in
a very limited extent. This is a problem in the sprint orienteering application,
where movement through narrow paths occur very often. In an intersection with
paths of different width, the ideal model moves into the different paths with the
same probability.

Instead of sampling from the pre-calculated possible motion, we can sample from
some other motion model that does not take the constraints of the map into ac-
count, and adjust impossible motion afterwards. One way of taking care of im-
possible motion is to calculate the allowed movement that best resembles a not
allowed movement, and adjust the not allowed movement accordingly. An advan-
tage of this method is that the direction of travel will not be affected very much
when the map contains many boundaries. The probability of moving into a nar-
row path will, instead of being proportional to the size of the path as in the case
of the angular PDF, be proportional to the size of the area that resembles motion
to the path more than motion to any other passable area.

The adjustment of movements requires some calculations, and when using the
raster map representation described in Section 3.2 together with a pre-defined
maximum speed constraint and sampling time, most of these can be made off-
line. The map described in Section 3.2 consists of pixels that each represents
a square area that is either passable or impassable. A movement between two
pixels is considered to be allowed if it does not involve any motion through an
impassable area. If we have a pre-defined maximum possible distance dmax for a
movement, given by

dmax = vmaxTs, (4.6)

where vmax is the maximum speed and Ts is the sampling time, we can define
an area around each passable pixel that includes all possible destination pixels.
Within this area, we can define which destination pixels that are allowed to move
to and which are not, and also define which allowed movements that best resem-
bles the movements that are not allowed. The allowed destinations from a pixel
of origin is defined in a similar way as the angular PDF in [11] (compare Figures
4.1 and 4.2), but is here calculated in a different way, see Algorithm 4.2. The
results for the two methods should not differ significantly.

The allowed motion that best resembles not allowed motion can be defined in
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Figure 4.2: Illustration of possible destination pixels from a pixel of origin
(marked with o). The black squares resemble areas that are impassable, and
the light grey squares areas that are allowed to pass. The dark grey squares
are impossible destination pixels.
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several ways. One way to adjust a movement to a forbidden area is to simply
move the particle to the closest passable position. Another way is to adjust the
heading angle to the closest possible angle, given the speed and length of travel
is maintained (within some arbitrarily chosen limit). Given the possible destina-
tion pixels for a pixel of origin, the destination pixels that are not allowed can be
mapped onto the pixels that are allowed, see Figure 4.3. The behaviour of the two
mappings will be different from each other, in the way that the first (Figure 4.3a)
will affect both speed and direction, whereas the second (Figure 4.3b) primarily
affects the heading, while the speed is somewhat maintained. The mappings can
be used in the motion model by adjusting the position with the difference be-
tween the mapped pixel and the pixel to which it is mapped. The positions are
continuous and not constrained to the discrete values of the pixel centres, and the
rounded value of a position defines the pixel on which it lies. The mapping from
an impassable pixel to the closest passable pixel is trivial, while the mapping
when keeping the speed somewhat maintained can be calculated in some differ-
ent ways. When calculating this mapping here, we consider all passable pixels at
approximately the same distance from the pixel of origin as the mapped destina-
tion pixel, and pick the one that results in the smallest heading angle change.
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(a) Mapping of impassable posi-
tions to the closest passable posi-
tion.
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(b) Mapping of impassable posi-
tions to the closest heading with
maintained speed and length of
travel.

Figure 4.3: Illustration of mapping of impassable positions to passable po-
sitions for a location on the map. The green lines represent the mapping
from the impassable black and dark grey squares to the passable light grey
squares.

As previously mentioned, the calculation of possible movements from a pixel dif-
fer from the gas diffusion algorithms used in [11]. The results of the two methods
should be approximately the same. Here, we consider a movement to be allowed
if the straight line between (the centres of) the pixel of origin and the destina-
tion pixel does not pass through an impassable area, see Figure 4.2. To not cause
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strange behaviour next to impassable pixels, we define a small area (containing
the eight neighbouring pixels) around the pixel of origin for which we test all the
pixels as starting pixels. It is only required that the line between one of these
starting pixels and the destination pixel does not pass through an impassable
area for the movement to be allowed. If a line is passing through an impassable
area or not is here not given by the intuitive definition that the line simply passes
through an impassable pixel, see Figure 4.4. Instead we define a distance of clear
space dc orthogonal to the line, where

dc = dl + dr (4.7)

Here, dl and dr define the distance on one respectively the other side of a line
to the closest impassable pixel. A line through the center of an impassable pixel
gives dl = dr = 0. If

dc ≤
√

2lp, (4.8)

where lp is the side length of a pixel, movement between the corresponding pixels
is not allowed. This definition gives simple calculations and allows for some
"cutting corners" through impassable pixels.

Figure 4.4: The movement from po to pd is allowed if (4.8) holds.

Algorithm 4.2 Allowed destination pixels from a pixel of origin

1: Given a pixel of origin po
2: for every destination pixel pd within a maximum travel distance (given by

(4.6)) from po do
3: for every passable pixel ps within a small distance from po (including po)

do
4: Calculate dc,s as defined in (4.7) for the straight line from ps to pd
5: end for
6: if dc,s >

√
2lp for some s then

7: pd is an allowed destination pixel
8: end if
9: end for
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4.5 Estimating interesting heading angles in
constrained areas

The position mapping described in Section 4.4 mitigates the problem with nar-
row paths when sampling uniformly from the set of allowed motion. However,
when using a constant velocity model together with the position mapping, mo-
tion around corners and into narrow paths becomes more difficult. In uncon-
strained areas, we assume that the heading angle in a time update is likely to be
almost the same as for the previous time update. This is not the case when for
example reaching an intersection of paths. The idea is to try to estimate which
directions that are interesting to explore, in addition to those defined by our un-
constrained motion model.

We will try to estimate which heading angles that might be interesting to explore
by looking at how the possible movements change in consecutive time instances,
as illustrated in Figure 4.5. We start by defining which pixels that are possible to
move to (as done previously in Algorithm 4.2, illustrated in Figure 4.2) using a
maximum distance that is twice the possible longest movement in one time step.
This gives us a definition of which areas that are possible to reach in two time
steps, when only travelling in straight lines. We can now compare the area of
possible movements in a time instant with the same area for the previous time
instant, as illustrated in Figure 4.5, to search for areas (illustrated with orange in
Figure 4.5) that our so far nearly constant velocity model would probably ignore
if we do not tell it otherwise. The probability of making a move in a new direction,
defined by these orange areas, is further discussed in Chapter 5. The motion
model using the interesting heading angles is summarized in Algorithm 4.3. Note
that step 1–8 in this algorithm can be calculated offline.
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Algorithm 4.3 Motion using interesting heading angles and position mapping

1: Given a position on pixel pk at time instant k and a previous position on pixel
pk−1 at time instant k − 1

2: Calculate the set of possible destination pixels spk−1
from pk−1 according to

Algorithm 4.2 in the area Ak−1 around pk−1 given by (4.6) using Ts = 2T ,
where T is the true sampling time

3: Calculate the set of possible destination pixels spk from pk according to Algo-
rithm 4.2 in the area Ak around pk given by (4.6) using Ts = T

4: Map the impossible destination pixels in Ak to the pixels in spk as illustrated
in Figure 4.3.

5: Calculate which possible destination pixels in spk that are not possible desti-
nation pixels in spk−1

, i.e. calculate sdif f = spk \ (spk−1
∩ spk )

6: Calculate which pixels smap ⊆ Ak \ sdif f that are mapped onto the pixels in
sdif f

7: Calculate c =
sizeof(sdif f )+sizeof(smap)

sizeof(Ak )
8: Calculate the probability β to make a new move in the direction of one of the

pixels in smap or sdif f as β = f (c), where f is some arbitrary function where
0 ≤ f (c) ≤ 1

9: Sample x ∼ U (0, 1)
10: if x < pnew then
11: Move in the direction of a randomly chosen pixel from smap or sdif f
12: else
13: Move according to unconstrained motion model
14: end if
15: If the movement is not allowed, update the position according to the position

mapping
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(a) Time step k−1: The light grey
squares are possible destination
pixels in two time steps, if trav-
elling in a straight line.

(b) Time step k: The orange
squares define new interesting
heading angles.

Figure 4.5: Illustration of how to determine interesting heading angles. Im-
passable areas are colored black. The orange areas in (b) that are dark grey
areas in (a) are impossible destination pixels in time instant k − 1, but possi-
ble to reach in time instant k, if travelling according to the red square.

Figure 4.5 relates to Algorithm 4.3 as follows: The red pixels in 4.5a and 4.5b are
possible pixels pk−1 and pk , respectively. spk−1

then include the light grey pixels
in 4.5a while spk include the light grey and orange pixels inside the red circle in
4.5b. Ak is the area defined by the red circle in 4.5b. sdif f includes the orange
pixels within the red circle. smap includes the dark grey and black pixels with
green lines within the red cirlce.
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Particle filtering using

orienteering maps

The particle filtering algorithm used in our simulations is in general terms de-
scribed in Algorithm 4.1. A more detailed description is presented in this chap-
ter along with the conditional densities used for state transition (p(xk+1|xk), see
Section 5.1) and observation(p(yk |xk), see Section 5.2). The estimation (step 4
in Algorithm 5.1) is further explained in Section 5.4. We will also discuss some
limitations in the filtering in Section 5.3.

Algorithm 5.1 summarizes how the particle filter in this project is implemented.
The punch times are seen as exact measurements, and are used by re-initializing
the filter at each punch time with the position of the control which is punched.
The filter is initialized with pxc , where c is given by the control punch time (c = 0
for the start and first initialization). pxc is given by

pxc =


Xc
Yc
vc
hc

 , vc ∼ U (0, Ts ∗ vmax), hc ∼ U (0, 2π), (5.1)

where
[
Xc
Yc

]
is the position of the current control, vc the speed, hk the heading

angle, Ts the sample time and vmax the maximum allowed speed. The speed
and heading angle are uniformly distributed over the allowed values for these.
The GPS measurements are not regular and we will not receive a measurement
at every time step. Typically we will receive a new measurement every three
seconds. The measurement update in step 3 can be skipped in the case that there
is no measurement. The sampling time is set to 1 second; the constrained motion
models will work well with this sampling time and the measurement and punch
times are given in whole seconds.

31
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Algorithm 5.1 Particle filter
1. Set time k = 1 and control c = 0
2. Initialization: Sample xik ∼ pxc , i = 1, . . . , N and set wik−1 = 1/N .

3. Measurement update: If there is a measurement at time k: For i = 1, 2, . . . , N ,

wik =
wik−1p(yk |xik)∑N
j=1 w

j
k−1p(yk |x

j
k)
, (5.2)

4. Estimation: See Section 5.4.
5. Resampling: If N̂ef f <

2N
3 , take N samples from the set {xi1:k}

N
i=1 where the

probability to take sample i is wik|k and let wik|k = 1/N .
6. Time update: Sample the particles according to the prior distribution:

xik+1 ∼ p(xk+1|xik), (5.3)
7. Set k = k + 1.
8. If there is a control punch at time k, set c = c + 1 and repeat from 2. Else,

repeat from 3.

Creating a robust filter for the sprint orienteering application is difficult, given
the many special cases that could occur. Here, we assume that contestants follow
the rules of the sport, and do not run through any forbidden areas. It is also
assumed that the punch times are perfectly synchronized with the GPS measure-
ment times, which is not always the case in reality. The punch times in the cases
examined in this thesis are made certain to be accurate.

5.1 Simulation of motion models and choice of
process noise and constraints

The motion model described in Sections 4.3–4.5 require some design parameters
to be defined. We start by defining a maximum speed of the runners since this
is needed in our constrained motion. We will use it in our model by rejecting
samples that result in a higher speed than the maximum speed, and sample again.
We will set the maximum speed to 7 m/s, which is equivalent to a running pace of
about 2 minutes and 23 seconds per kilometre, which is unlikely that any runner
would ever reach. The sampling time is another important design parameter
that will affect the behaviour of the motion model in constrained areas. We will
use a sampling time of 1 second in our simulations, and design the model to
work well with this sampling time. The resolution of the maps is set so that a
pixel corresponds to an area of 1x1 meters, which is sufficiently low to not create
enormous amounts of data, while still being high enough to represent obstacles
and passages in a satisfying way.

The motion model described in (4.5) will be used as a base for our runner mo-
tion model. The choice of process noise is crucial to make the model simulate
motion that well resembles the motion of a runner. A runner is likely to move
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in piecewise straight lines between obstacles with nearly constant velocity, which
motivates a normally distributed process noise with a rather small variance. How-
ever, there is always a significant chance of making rather large changes in direc-
tion and speed, for example when being lost or avoiding an obstacle not present
on the map. A mixed uniformly and normally distributed process noise can
model this behaviour. If we denote the probability density function of anN (0, σ )-
distributed variable as fN (x, σ ) and the PDF of a U (−b, b)-distributed variable as
fU (x, b), we can describe our mixed distribution with the PDF

fmix(x, α, σ , b) = αfU (x, b) + (1 − α)fN (x, σ ), (5.4)

where α (0 ≤ α ≤ 1) is the weight of the uniform distribution and (1 − α) is the
weight of the normal distribution.

In Figure 5.1 we show six trajectories simulated using the motion model de-
scribed in (4.5) in an unconstrained area with a noise that is illustrated in Figure
5.2 and a sampling time of 1 second. The PDF of the acceleration (Figure 5.2a),
written as described in (5.4), is fmix(x, 0.1, 0.5, 3) and the PDF of the angular veloc-
ity (Figure 5.2b) is fmix(x, 0.1, 0.1, π). This model allows for some sudden changes
of direction and speed, while normally moving with a nearly constant velocity.
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Figure 5.1: Six trajectories of a constant velocity model simulated during 40
seconds, with a sampling time of 1 second. To the left, we see the trajectories
that are simulated in an area without many boundaries (shown as black). To
the right, the speed profile for each trajectory is shown. The speed is shown
in m/s.

To simulate motion in constrained areas, we use our constrained motion models
described in Sections 4.4–4.5 and summarized in Algorithm 4.3. Here, we sug-
gested a probability of ignoring our unconstrained model and moving in a new
direction to be proportional to a part c of the area around the current position
depending on the possible destination pixels. More precisely, we choose to move
in a new direction with a probability of β = f (c). f (c) = 2c gives our model a
good behaviour in most intersections with the chosen sampling time, and will
be used in the simulations. To make sure we never entirely ignore any possible
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(a) A mixture of a Gaussian normal distribution and a uniform distri-
bution, used as velocity state noise. The mixed distribution consists
of a normal distribution with standard deviation 0.5 and weight 0.9,
and one uniform distribution between −3 and 3, with weight 0.1.
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(b) A mixture of a Gaussian normal distribution and a uniform dis-
tribution, used as heading angle state noise. The distributions mixed
here are one normal distribution with standard deviation 0.1 and
weight 0.9, and one uniform distribution between −π and π, with
weight 0.1.

Figure 5.2: Probability density functions (black lines) of mixed uniform and
normal distributions used to describe acceleration (a) and angular velocity
(b). The PDFs are plotted together with 100 samples (crosses) from each
distribution.
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motion, we introduce the limitation 0 ≤ f (c) ≤ 0.8. With a probability of (1 − β)
we move according to our unconstrained motion model, with the angular veloc-
ity distributed according to the PDF fmix(x, 0.1

1−β , 0.1, π). Thus, the probability to
sample the angular velocity from U (−π, π) is 0.1 at all times, and the probability
of sampling from N (0, 0.1) is 0.9 − β. In Figure 5.3, the behaviour of a particle
cloud reaching an intersection is shown.
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(d) Time instant k + 3

Figure 5.3: An illustration of the behaviour of a particle cloud in an intersec-
tion using 105 particles simulated during 4 seconds. The image is coloured
after the part of the total amount of particles that is located on each pixel.

5.2 GPS observation models

Because of the difficulty of predicting errors in the GPS measurements, a rather
simple approach is used where the errors are evaluated using the distance be-
tween the measurement points and the closest building. Large measurement er-
rors are more likely to occur in areas close to buildings, as seen in Figure 5.4. We
only seek to model the absolute distance of the errors in the horizontal plane, and
do not take any interest in the direction of the errors.
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(a) GPS measurement errors in Uppsala. The measurement points to the left of the
line lies within 15 m from the closest building.
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(b) GPS measurement errors in Venice. The measurement points to the left of both
lines lies within 15 m from the closest building, and the measurement points be-
tween the lines lies between 15 m and 30 m from the closest building.

Figure 5.4: The GPS measurement errors for five runners in Uppsala and
Venice divided into different sections.
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The GPS measurements in Uppsala (Figure 2.2a) seem to be rather accurate as
long as the distance to the closest building is longer than 15 m. It seems reason-
able to classify each area of the map as an area where a measurement is either
likely to be accurate, or likely to be somewhat erroneous. In Figure 5.5, two his-
togram plots for the norm of the GPS measurement errors in good respectively
bad areas can be seen. Here, we assume that the errors in X- and Y -direction
are independent with the same mean and variance. We can then investigate the
marginal distributions of the absolute distances. The two-dimensional PDFs are
given in polar coordinates by (5.5) (normal distribution) and (5.6) (uniform distri-
bution) and the marginal distributions of the norm of the two-dimensional errors
are given by (5.7) and (5.8).

fN (r, ϕ, σ ) =
1

2πσ2 e−
r2

2σ2 (5.5)

fU (r, ϕ, a) =

 1
πa2 , r ≤ a
0, r > a

(5.6)

fN (r, σ ) =
r

σ2 e−
r2

2σ2 (5.7)

fU (r, a) =

2r
a2 , r ≤ a
0, r > a

(5.8)

The observation noise in good areas is approximately normally distributed with
a standard deviation of 4 m in X- and Y -direction, repectively. The noise distri-
bution in bad areas can be approximated with a mixture of a normal distribution
with a standard deviation of 8 m and a uniform distribution with a radius of 50 m,
as illustrated with pB in Figure 5.6. However, it is important to understand the
nature of the noise in these areas. For example, a large multipath error is likely
to be the same if a runner is standing still, or moving along the side of a building.
The behaviour can sometimes be seen in the GPS tracking when the GPS trajec-
tory for a period of time seem to have the same shape as the true trajectory, with
an offset. To model this behaviour shows to be very difficult, and a uniform dis-
tribution might be the best choice to describe the observation noise in this case.
However, since there are no other measurements to rely on, we will not be able
to create good estimates solely using a uniform distribution. Instead we choose
something in between. In Figure 5.6, a suggestion (pA) is plotted together with
the PDF of the distribution from Figure 5.5b (pB). The GPS accuracy in different
areas of Uppsala can be seen in Figure 5.7.
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(a) Histogram plot of GPS measurement errors in areas more than 15 m from the
closest building and a fitted distribution.
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(b) Histogram plot of GPS measurement errors in areas with up to 15 m to the clos-
est building and a fitted distribution.

Figure 5.5: Histogram of measurements in areas of good GPS measurements
(a) and bad (b) in Uppsala.
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Figure 5.6: Cross-sections of the probability density functions of two differ-
ent two-dimensional distributions. pA(.) = 1

5 fN (0, 15I2) + 4
5 fU (50), pB(.) =

9
10 fN (0, 8I2) + 1

10 fU (50), where fN (0, σ ) denotes the PDF of a normal distri-
bution and fU (r) denotes the PDF of a uniform distribution, and I2 is the 2x2
identity matrix.
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Figure 5.7: GPS accuracy in different areas of Uppsala.
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(a) Histogram plot of GPS measurement errors in areas more than 30 m from the
closest building and a fitted distribution.
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(b) Histogram plot of GPS measurement errors in areas where the distance to the
closest building is between 15 m and 30 m and a fitted distribution.
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(c)Histogram plot of GPS measurement errors in areas with up to 15 m to the closest
building and a fitted distribution.

Figure 5.8: Histogram of measurements in areas of good GPS measurements
(a), bad (c) and something in between (b) in Venice.
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The GPS measurements in Venice (Figure 2.2a) seem to be more erroneous than
the measurements in Uppsala. The reasons for this could be many, since multi-
path errors can be different depending on for example the receiver code [19], and
the structures surrounding the receiver. A plausible conclusion is that there is
no universal model of this type that will work well in all cases, and a different
model has to be used in the Venice case. We will classify the measurement points
into three different areas instead of two, where the middle area includes points
between 15 m and 30 m from the closest building. The errors in this area (Figure
5.8b) are modelled as normally distributed with a standard deviation of 6 m. The
errors for measurement points further away from the closest building than 30 m
(Figure 5.8a) are modelled as normally distributed with a standard deviation of
4 m. The errors for measurement points within 15 m from the closest building
(Figure 5.8c) can be approximated with a mixture of a uniform and Gaussian dis-
tribution. In Figure 5.9, the PDF of this distribution (pB) is plotted together with
the PDF of a possibly better suggestion (pA), using the same reasoning as in the
Uppsala case. The GPS accuracy in different areas of Venice can be seen in Figure
5.10.
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Figure 5.9: Cross-sections of the probability density functions of two differ-
ent two-dimensional distributions. pA(.) = 1

5 fN (0, 30I2) + 4
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9
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10 fU (90), where fN (0, σ ) denotes the PDF of a normal dis-
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2x2 identity matrix.
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Figure 5.10: GPS accuracy in different areas of Venice.
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5.3 Limitations

Given our models we cannot expect that our goal of estimates within 15 m of
the ground truth will always hold in constrained areas. The measurements (or
our observation models) are simply too bad, where measurement errors of 50 m –
100 m for many consecutive measurements is not unusual. A few examples will
be presented to show the limitations of the models.

Figure 5.11 shows an example where the generous models create problems in
the estimation. The lines show two route choices that are about equally possible,
given no measurements. Although our motion model behaves really nice in most
intersections, where particles are spread out rather equally between the different
options, the posterior distribution will over time concentrate to paths with fewer
intersections. The north route choice passes more intersections than the south in
this example, which in the end will result in that most of the particles reaching
the end point will have travelled along the south route choice. If our measure-
ments are good enough, the particles travelling along the erroneous route choice
will die out. In this case however, the distance between the start and end points
are not much larger than a large measurement error. If the ground truth in this
case follow the north route choice, some particles travelling along the south route
choice will therefore survive, even if the measurements happen to be very accu-
rate. Thus, the insecure measurements cause trouble in the estimation when the
difference between route choices is too small. In our case, a "too small" difference
between route choices is unfortunately perceived as rather large when looking at
the map as a spectator.
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Figure 5.11: Two different route choices shown with grey lines.
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The nature of multipath errors causes more trouble in some cases, as is illustrated
in Figure 5.12. Here, the measurement errors are similar in many consecutive
measurements, killing all particles travelling along the ground truth. The sim-
ple observation model that is used here will never handle these type of errors
in a good way, and this is the main reason to why the filter creates poor esti-
mates. Consecutive similar measurement errors are unfortunately very common
in a multipath environment.
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(a) Time instance t. The GPS mea-
surements starts drifting away.

k = 394

x (m)
600 620 640 660 680 700 720 740 760 780

y 
(m

)

400

420

440

460

480

500

520

540

560

580

0.000001

0.00001

0.0001

0.001

0.01

0.1

1

GPS
GT

(b) Time instance t + 3. The par-
ticles directly underneath the mea-
surement are starting to seem very
plausible.
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(c)Time instance t+6. Most particles
have gathered around the erroneous
GPS measurements.
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(d) Time instance t + 9. Almost all
particles close to the GT have died
out and no hope remains for a de-
scent estimate.

Figure 5.12: An example of the effects of similar multipath errors in four
consecutive measurements. The blue trajectory represents the ground truth
and the red trajectory the GPS measurements. The particle cloud is illus-
trated by giving each pixel a color depending on the total amount of weight
present on that pixel, according to the color bar.



46
5 Particle filtering using

orienteering maps

Figure 5.12a also shows another strange effect in the observation model that is
due to its simplicity. Because of the sharp border between areas of expected good
and bad measurements, sometimes a measurement in a bad area that is close to a
good area gives the highest weight to particles that do not lie directly underneath
the measurement. It does not cause large errors, but the effect can seem rather
strange for a spectator.

5.4 Estimation and smoothing

There exist some different methods of computing estimates from the posterior
density, and we will evaluate the efficiency of creating good estimates for a few
of these. Firstly, we test the constrained minimum mean square error (CMMSE)
presented in [14]. We introduce ŝ, which is our state vector transformed into
cartesian coordinates as

ŝ =
[
X Y vx vy

]T
(5.9)

with position and velocity given in m and m/s. Given our weighted particles
{ŝ(i), w(i)}Ni=1, the CMMSE estimate is calculated as the particle that minimizes
some cost function C(s), in this case given by

C(s) =
∑
k

w(k)(s − ŝ(k))T (s − ŝ(k)). (5.10)

In other words, the index j of the minimizing particle is calculated as

j = arg min
i

C(ŝ(i)). (5.11)

The velocity will in most cases have a relatively small contribution to the estima-
tion, since the differences in position often are much larger.

Since we in our case have areas with large constraints, the CMMSE estimates are
not certain to be satisfying. Also, because of the limitations in the models that we
have discussed previously, the particle cloud might not always create a satisfying
representation of the posterior density. In Figure 5.13a the CMMSE estimates
for a sequence of measurements are shown. We see that the particle cloud is
very spread out and the estimates (green line) are very far away from the ground
truth compared to the GPS measurements. It does not seem reasonable that all
particles should contribute to the estimate as in this example.

A way to get around the problem is to use future weights of the particles when
calculating the estimates. This is called fixed lag smoothing and is calculated by
applying the current weights to the particles at a previous time. The estimate

will then be calculated from the density {x(i)
k−L, w

(i)
k }

N
i=1, where L is the smoothing

lag. This will cause a delay of L time steps in the filter, but might improve the
estimates. The lag L is chosen so that the estimates are improved in a desired way.
A too small L will not make much of a difference, while a too large L will result
in the estimate being calculated from a very small amount of particles, which can
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create undesired effects.

In Figure 5.13b, the CMMSE estimates with 10 seconds smoothing lag (during
which we receive three GPS measurements) is shown. The particle cloud shown
in Figure 5.13b is the same as in Figure 5.13a, but using the weights of the fixed
lag smoothing from 10 seconds ahead in time. As seen in the figure, the smooth-
ing changes the particle representation towards a more plausible density, but not
enough to create a really good estimate. We clearly see the effects of the insecure
measurements and the insecurities in the motion model created over time, that is
discussed in Section 5.3 and illustrated in Figure 5.11. This makes the estimation
in constrained areas very difficult, and the CMMSE estimates are pretty useless
here.

The MAP estimator [4] aims at calculating the estimate as a mode of the posterior
density, and is in our case more motivated than the CMMSE estimator. Further,
we will approximate the estimate to being the particle with the highest weight.
In Section 5.3 we concluded that our observations are not good enough to cancel
out the bad long-term performance of the motion model. This motivates the use
of an estimator that does not take the motion into account in the same way as the
MAP estimator in [4]. Fixed lag smoothing will not be used together with this
estimator, since it would contradict the idea of not letting the motion affect the
estimates too much.

There is no guarantee that the proposed methods will create possible trajectories
from our filter output. We will therefore try a method to calculate possible tra-
jectories back in time, given an estimate for a time instant. After calculating an
estimate at time instant k, we only consider positions in time instant k − 1 from
where motion to the estimated position in time instant k is legal. We create a new
estimate for time instant k − 1 given these constraints, and continue to calculate
estimates backwards in time. This method acts as a type of smoother. The trajec-
tory might change much from one time instant to the next, but if only looking at
estimates at a far enough distance back in time, the estimates will converge to a
single route.

Since we can only compare our estimates to the GPS measurements at the time
instances in which we have received these, we will only calculate estimates in
these instances. When using the constrained MAP estimator, we need to calculate
estimates for all time instances. In the time instances between resampling and
receiving a new measurement, we will calculate the estimate from the particles
(fulfilling the constraints) with the highest weighted parent using the CMMSE
method.
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(a) CMMSE estimates
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(b) CMMSE with fixed lag smoothing

Figure 5.13: Estimates for a simulation in a map section using CMMSE (a)
and CMMSE with 10 seconds fixed lag smoothing (b). The particle cloud for
the current time instant is illustrated by giving each pixel a color depending
on the amount of weight present on that pixel, according to the color bar.
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Results

The GPS measurements are very good in areas where the multipath effects are
small, and the estimates here using our models are as good for both the approx-
imated MAP and the constrained version, see Figure 6.1. The estimates in more
constrained areas with bad GPS measurements are more interesting to look at,
and we will focus on these from here. In Section 6.1, the overall results are pre-
sented, while some further detailed results are presented in Section 6.2.

6.1 Overall results

The errors in the areas of bad GPS measurements from 10 simulations in Venice
can be seen in Figure 6.3. Here we see a clear improvement over the GPS trajec-
tory using the constrained MAP estimate, although the errors are still too large
to satisfy an audience. Errors for a simulation in the Uppsala case can be seen in
Figure 6.4. Here, we see that the benefits from filtering are very small. The con-
strained MAP estimate show a small improvement over the GPS measurements,
both in the RMSE and the points of the trajectory that is within 15 m from the
ground truth, but the differences are often negligible. It should be pointed out
that the nature of most errors has changed; the estimated trajectory often follow
the correct route choice with a time lag caused by many following similar errors,
as can be seen in Figure 6.2.

In Table 6.1 and 6.2, the average errors of 10 simulations for each runner in
Venice and Uppsala, respectively, are shown. The simulations are done using
5000 particles in the Venice case and 2000 particles in the Uppsala case. The
amount of particles is chosen to create a good trade-off between performance
and speed. More particles show to hardly improve the estimation at all, while
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(b) constrained MAP

Figure 6.1: The particle filter has no problem following the ground truth in
areas where the measurements are good. The GPS trajectory (red) is almost
not visible under the estimate (green).
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Figure 6.2: The purple lines show the time correspondences between the
GT, GPS and estimates.
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(a) Errors using the MAP estimator
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(b) Errors using the constrained MAP estimator

Figure 6.3: The errors of the GPS and ten PF estimates in areas of bad GPS
measurements in the Venice case. The simulation is done using the GPS
measurements of Bobach and 5000 particles.
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(a) Errors using the MAP estimator
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(b) Errors using the constrained MAP estimator

Figure 6.4: The errors of the GPS and ten PF estimates in areas of bad GPS
measurements in the Uppsala case. The simulation is done using the GPS
measurements of Bergman and 2000 particles.
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a smaller amount makes the filter more sensitive. In general, the results show a
clear improvement for the constrained MAP estimates over the GPS trajectories
in the Venice example, and a small improvement in the Uppsala example.

Table 6.1: RMSE and points with an error larger than 15m, average and
standard deviation, for 10 simulations using 5000 particles for each runner
in Venice

Runner Error type GPS MAP MAP
constrained

Bobach RMSE 19.49 m 20.37 m ± 0.57 m 15.42 m ± 2.27 m
> 15 m 107/271 points 105.3 ± 3.50 57.6 ± 10.64

Hubmann RMSE 25.78 m 27.16 m ± 0.46 m 17.65 m ± 1.23 m
> 15 m 179/279 points 175.5 ± 3.75 98.2 ± 10.77

Leandersson RMSE 22.35 m 23.70 m ± 0.49 m 16.27 m ± 1.65 m
> 15 m 174/284 points 165.2 ± 4.39 98.1 ± 12.45

Regborn RMSE 23.46 m 23.76 m ± 0.27 m 17.24 m ± 1.11 m
> 15 m 176/292 points 168.9 ± 3.93 84.3 ± 7.20

Kyburz RMSE 25.06 m 27.02 m ± 0.39 m 16.17 m ± 2.12 m
> 15 m 111/279 points 121.4 ± 2.37 73.4 ± 8.51

Table 6.2: RMSE and points with an error larger than 15 m, average and
standard deviation, for 10 simulations using 2000 particles for each runner
in Uppsala

Runner Error type GPS MAP MAP
constrained

Bergman RMSE 11.78 m 12.53 m ± 0.45 m 11.20 m ± 0.62 m
> 15 m 23/161 points 23.4 ± 3.34 16.6 ± 4.46

Regborn RMSE 12.20 m 12.90 m ± 0.58 m 10.71 m ± 0.63 m
> 15 m 32/173 points 32.9 ± 4.09 20.9 ± 3.73

Leandersson RMSE 9.36 m 10.54 m ± 0.33 m 10.63 m ± 1.30 m
> 15 m 10/181 points 21.2 ± 3.82 18.9 ± 7.71

Hallmén RMSE 8.97 m 10.14 m ± 0.33 m 9.78 m ± 1.42 m
> 15 m 11/144 points 17.1 ± 2.60 12.1 ± 4.20

Østerbø RMSE 15.24 m 16.90 m ± 0.36 m 13.74 m ± 0.74 m
> 15 m 45/191 points 55.6 ± 4.72 35.1 ± 6.54
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6.2 Special cases

Although the overall results does not meet our initial goals, the filter can truly
outperform the GPS tracking given certain conditions. In Figure 6.5, two sections
of Søren Bobach’s GPS trajectory and route choices are shown together with 10
simulations. Here we can see the areas where the filter performs really good,
and some areas where the performance is not as satisfying. The improvement
compared to the GPS in the case shown in Figure 6.5a can be seen in Figure 6.3b
at around 500 s. Here, there is only one plausible route choice close enough to
the GPS measurements for the filter to explore. Similar cases are very common
in the Venice example, and this explains the large improvements shown in Table
6.1. In the case shown in Figure 6.5b, it is difficult to determine the correct route
choice given the bad GPS measurements.

Figure 6.6 show the difficulties in calculating good estimates from our GPS mea-
surements. The errors in the cases shown in Figures 6.6a and 6.6b can be seen in
Figure 6.3b at 150 s and Figure 6.4b at 50 s, respectively. The differences between
the different route choices here are much smaller than many GPS measurement
errors, but still large enough to create unsatisfying estimation errors. There is no
way to get around this problem with the proposed methods in this thesis.
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(a) Estimation between controls 10 and 12
(435 s – 543 s). All estimated trajectories follow
the ground truth.
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(b) Estimation between controls 16 and 17
(716 s – 795 s). 8/10 estimated trajectories fol-
low the GT during the first half of the leg and
6/10 during the second half of the leg.

Figure 6.5: 10 simulations of Bobach in Venice using 5000 particles and the
constrained MAP estimator. In (a), there is only one plausible route choice,
and in cases such as these the estimation is very satisfying. In (b), there are
several routes that are more or less plausible, and the estimation here is not
always correct.
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(b) Estimation between controls 1 and 2 (23 s
– 71 s) of Bergman in Uppsala. 5/10 estimated
trajectories follow the ground truth.

Figure 6.6: 10 simulations of Bobach in Venice using 5000 particles (a) and
Bergman in Uppsala using 2000 particles (b) and the constrained MAP esti-
mator. In both cases we see the estimation difficulties when the differences
of route choices are much smaller than the GPS measurement errors.





7
Conclusions

We have investigated if it is possible to improve the GPS tracking of sprint orien-
teers with a particle filter, using the position estimates of the GPS trackers used
in orienteering today together with an orienteering map and punch times. The
results show that we can not improve the GPS tracking to the point where it can
be seen as good enough for an audience following an event. There are however
certain conditions under which the filter truly outperforms the GPS trackers, and
therefore the results show a clear improvement over the original GPS trajectories.
In the cases where there is only one plausible route choice close enough to the
GPS measurements, the filter will perform on a very satisfying level, even with
large GPS measurement errors. Such conditions often occur in the Venice exam-
ple, and that is the main reason for the good results. The filter also shows to
perform as good as the GPS tracking devices in areas far from buildings where
the GPS measurements are reliable. The filter always estimates possible route
choices, which is a benefit compared to the GPS.

The motion model used in the thesis is rather complex and uses some ad-hoc
tricks in order to propagate the particles to interesting areas, and this shows
to work rather well. The use of developing more advanced motion models can
always be discussed. If the measurements used in the filtering are very good, a
complex motion model will act more as an obstacle slowing down the filter rather
than improving the estimates. The better the motion model we use is, the longer
time we can trust the particles to create reasonable trajectories. In our case the
advanced motion model is needed in areas of bad GPS measurements, since the
filter will otherwise diverge quickly when the particles create unreasonable tra-
jectories that is not cancelled out by the unreliable GPS measurements.

The main reason to why the filter does not create good estimates is the bad GPS
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measurements and our observation model. The observation model could possi-
bly have been made more complex, but it is unlikely that the estimates would
have become any better. The GPS measurements are simply too bad. The damage
is already done when the GPS receiver calculates its position using bad GPS sig-
nals, and this problem probably has to be addressed on a lower level. Using the
methods proposed in this thesis, there will always be cases where the estimated
trajectories lie far from the ground truth.

7.1 Future work

The motion models used in the thesis explore some new ideas. The idea of the
constrained parts of the motion models is to use the map to predict which head-
ing angles that are interesting to explore. This could most certainly be developed
quite much to create models that are both better and less computational demand-
ing. Although, it could be discussed if such an advanced motion model is really
needed to solve the problem presented in this thesis, since a better observation
model is required anyway to improve the estimates. A more simple motion model
might then be sufficient.

The simple observation model we use could possibly be somewhat improved by
using a three-dimensional model of the terrain. In this thesis we use the pre-
filtered receiver output and a map to create a simple model of the GPS errors.
This proves to not work very well to model multipath errors. It should be possible
to deal with these problems on a lower level. The damage of the multipath effects
is already done after the filtering in the GPS receivers, and it would be interesting
to try to prevent the bad GPS signals from affecting the positioning. Using a three-
dimensional model of the terrain, it should be possible to predict which GPS
signals that have travelled a straight line between the satellite and the receiver,
and which satellites that are blocked, as done in [20], [1] and [13]. This type of
modelling should suite the particle filter very well. If this works as intended, the
bad GPS signals are stopped before they cause any damage to the estimation, and
the only source of additional error compared to a good GPS environment is the
loss of accuracy due to the use of fewer satellite signals.

We have only discussed using the GPS as positioning aid between control points.
It may be possible to improve the estimation using some kind of INS. The cheap
sensors fit for this application are not very good today [7], but can be used in
for example foot pods to create a decent INS [5]. It is difficult to use this kind
of solution in the orienteering application because of the impracticalities it im-
plies; the foot pod needs to be able to attach to the runners’ shoes somehow. The
same sensors will be far more inaccurate used in a tracker carried by a runner on
the back, and will probably not improve the positioning noticably. The running
direction could possibly be detected using a magnetometer that has a somewhat
fixed position in relation to the runner. Another supplement to the GPS could
be positioning with RFID tags, which are usually used in punching systems and
already carried by runners. This could give an exact positioning at certain loca-
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tions in an urban environment, where route choices are usually limited to narrow
paths.
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A
Test data

This Appendix presents the URLs of all test data used in the thesis and also dis-
plays the GPS trajectories and GT for all runners.

A.1 Venice example

Map image (.jpg): https://www.tulospalvelu.fi/gps/2014wocsprintM/
map
Punch times: http://obasen.orientering.se/winsplits/online/sv/
default.asp?page=table&databaseId=31906&categoryId=0

Runners:

Søren Bobach:
GPX: http://www.tulospalvelu.fi/gps/gpx/routegpx.php?eventID=
2014wocsprintM&competitorID=sv17|17%20Bobach%20S%F6ren|268497720
GT: https://bobach.eu/index.php/maps/category/23-woc-2014-italy

Daniel Hubmann:
GPX: http://www.tulospalvelu.fi/gps/gpx/routegpx.php?eventID=
2014wocsprintM&competitorID=sv43|43%20Hubmann%20Daniel|268499280
GT: http://www.danielhubmann.ch/images/stories/maps/2014/0705wocsprint.
jpg

Matthias Kyburz:
GPX: http://www.tulospalvelu.fi/gps/gpx/routegpx.php?eventID=
2014wocsprintM&competitorID=sv18|18%20Kyburz%20Matthias|268497780
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http://www.tulospalvelu.fi/gps/gpx/routegpx.php?eventID=2014wocsprintM&competitorID=sv17|17%20Bobach%20S%F6ren|268497720
https://bobach.eu/index.php/maps/category/23-woc-2014-italy
http://www.tulospalvelu.fi/gps/gpx/routegpx.php?eventID=2014wocsprintM&competitorID=sv43|43%20Hubmann%20Daniel|268499280
http://www.tulospalvelu.fi/gps/gpx/routegpx.php?eventID=2014wocsprintM&competitorID=sv43|43%20Hubmann%20Daniel|268499280
http://www.danielhubmann.ch/images/stories/maps/2014/0705wocsprint.jpg
http://www.danielhubmann.ch/images/stories/maps/2014/0705wocsprint.jpg
http://www.tulospalvelu.fi/gps/gpx/routegpx.php?eventID=2014wocsprintM&competitorID=sv18|18%20Kyburz%20Matthias|268497780
http://www.tulospalvelu.fi/gps/gpx/routegpx.php?eventID=2014wocsprintM&competitorID=sv18|18%20Kyburz%20Matthias|268497780
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GT part 1: http://www.matthiaskyburz.ch/uploads/tx_omaparchive/
Venedig_Teil_1.JPG
GT part 2: http://www.matthiaskyburz.ch/uploads/tx_omaparchive/
Venedig_Teil_2.JPG

Jonas Leandersson:
GPX: http://www.tulospalvelu.fi/gps/gpx/routegpx.php?eventID=
2014wocsprintM&competitorID=sv44|44%20Leandersson%20Jonas|268499340
GT: http://www.sno.nu/doma/show_map.php?user=JonasLeandersson&
map=1249

Martin Regborn:
GPX: http://www.tulospalvelu.fi/gps/gpx/routegpx.php?eventID=
2014wocsprintM&competitorID=sv42|42%20Regborn%20Martin|268499220
GT: http://hagabykartarkiv.se/show_map.php?user=martinregborn&
map=185

http://www.matthiaskyburz.ch/uploads/tx_omaparchive/Venedig_Teil_1.JPG
http://www.matthiaskyburz.ch/uploads/tx_omaparchive/Venedig_Teil_1.JPG
http://www.matthiaskyburz.ch/uploads/tx_omaparchive/Venedig_Teil_2.JPG
http://www.matthiaskyburz.ch/uploads/tx_omaparchive/Venedig_Teil_2.JPG
http://www.tulospalvelu.fi/gps/gpx/routegpx.php?eventID=2014wocsprintM&competitorID=sv44|44%20Leandersson%20Jonas|268499340
http://www.tulospalvelu.fi/gps/gpx/routegpx.php?eventID=2014wocsprintM&competitorID=sv44|44%20Leandersson%20Jonas|268499340
http://www.sno.nu/doma/show_map.php?user=JonasLeandersson&map=1249
http://www.sno.nu/doma/show_map.php?user=JonasLeandersson&map=1249
http://www.tulospalvelu.fi/gps/gpx/routegpx.php?eventID=2014wocsprintM&competitorID=sv42|42%20Regborn%20Martin|268499220
http://www.tulospalvelu.fi/gps/gpx/routegpx.php?eventID=2014wocsprintM&competitorID=sv42|42%20Regborn%20Martin|268499220
http://hagabykartarkiv.se/show_map.php?user=martinregborn&map=185
http://hagabykartarkiv.se/show_map.php?user=martinregborn&map=185
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Figure A.1: The GPS trajectories of all runners in Venice.
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Figure A.2: The GT trajectories of all runners in Venice.
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A.2 Uppsala example

Map image (.jpg): https://www.tulospalvelu.fi/gps/20140601SMsprintH21/
map
Punch times: http://obasen.orientering.se/winsplits/online/sv/
default.asp?page=table&databaseId=31194&categoryId=3

Runners:

Gustav Bergman:
GPX: http://www.tulospalvelu.fi/gps/gpx/routegpx.php?eventID=
20140601SMsprintH21&competitorID=sv50|Gustav%20Bergman|265544100
GT: http://www.gustavbergman.se/doma/show_map.php?user=Gustav&
map=1765

Martin Regborn:
GPX: http://www.tulospalvelu.fi/gps/gpx/routegpx.php?eventID=
20140601SMsprintH21&competitorID=sv45|Martin%20Regborn|265543800
GT: http://hagabykartarkiv.se/show_map.php?user=martinregborn&
map=162

Jonas Leandersson:
GPX: http://www.tulospalvelu.fi/gps/gpx/routegpx.php?eventID=
20140601SMsprintH21&competitorID=sv49|Jonas%20Leandersson|265544040
GT: http://www.sno.nu/doma/show_map.php?user=JonasLeandersson&
map=1244

Mathias Hallmén:
GT (GPX extractable): http://kartarkiv.turebergsif.se/show_map.php?
user=MathiasH&map=454

Øystein Kvaal Østerbø:
GPX: http://www.tulospalvelu.fi/gps/gpx/routegpx.php?eventID=
20140601SMsprintH21&competitorID=sv41|%D6ystein%20Kvaal%20%D6sterb%
F6%7C265543560
GT: http://okvaal.com/maps/show_map.php?user=oystein&map=455

https://www.tulospalvelu.fi/gps/20140601SMsprintH21/map
https://www.tulospalvelu.fi/gps/20140601SMsprintH21/map
http://obasen.orientering.se/winsplits/online/sv/default.asp?page=table&databaseId=31194&categoryId=3
http://obasen.orientering.se/winsplits/online/sv/default.asp?page=table&databaseId=31194&categoryId=3
http://www.tulospalvelu.fi/gps/gpx/routegpx.php?eventID=20140601SMsprintH21&competitorID=sv50|Gustav%20Bergman|265544100
http://www.tulospalvelu.fi/gps/gpx/routegpx.php?eventID=20140601SMsprintH21&competitorID=sv50|Gustav%20Bergman|265544100
http://www.gustavbergman.se/doma/show_map.php?user=Gustav&map=1765
http://www.gustavbergman.se/doma/show_map.php?user=Gustav&map=1765
http://www.tulospalvelu.fi/gps/gpx/routegpx.php?eventID=20140601SMsprintH21&competitorID=sv45|Martin%20Regborn|265543800
http://www.tulospalvelu.fi/gps/gpx/routegpx.php?eventID=20140601SMsprintH21&competitorID=sv45|Martin%20Regborn|265543800
http://hagabykartarkiv.se/show_map.php?user=martinregborn&map=162
http://hagabykartarkiv.se/show_map.php?user=martinregborn&map=162
http://www.tulospalvelu.fi/gps/gpx/routegpx.php?eventID=20140601SMsprintH21&competitorID=sv49|Jonas%20Leandersson|265544040
http://www.tulospalvelu.fi/gps/gpx/routegpx.php?eventID=20140601SMsprintH21&competitorID=sv49|Jonas%20Leandersson|265544040
http://www.sno.nu/doma/show_map.php?user=JonasLeandersson&map=1244
http://www.sno.nu/doma/show_map.php?user=JonasLeandersson&map=1244
http://kartarkiv.turebergsif.se/show_map.php?user=MathiasH&map=454
http://kartarkiv.turebergsif.se/show_map.php?user=MathiasH&map=454
http://www.tulospalvelu.fi/gps/gpx/routegpx.php?eventID=20140601SMsprintH21&competitorID=sv41|%D6ystein%20Kvaal%20%D6sterb%F6%7C265543560
http://www.tulospalvelu.fi/gps/gpx/routegpx.php?eventID=20140601SMsprintH21&competitorID=sv41|%D6ystein%20Kvaal%20%D6sterb%F6%7C265543560
http://www.tulospalvelu.fi/gps/gpx/routegpx.php?eventID=20140601SMsprintH21&competitorID=sv41|%D6ystein%20Kvaal%20%D6sterb%F6%7C265543560
http://okvaal.com/maps/show_map.php?user=oystein&map=455
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Figure A.3: The GPS trajectories of all runners in Uppsala.
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Figure A.4: The GT trajectories of all runners in Uppsala.
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