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Imagine you are in the jungle of Mexico. The goal of your journey is to find the
long searched for tomb of Quetzalcoatl. After weeks of chopping your way with
a machette through the dense forest you suddenly see the entrance of a cave
partly covered by a golden gate. That’s it, you have found it! But now comes
the most tricky part: these Aztecian caves are known for their complicated
structure. Only with utterly precise mapping techniques you will be able to
enter the cave and be sure to also come out again. So once you set foot into the
cave you carefully measure the length and direction of every step you take and
write it down. After each step you draw the walls around you on your paper
with black lines and mark your position relative to the walls with a red cross.
In this way you will always be able to know where you are nd, once you come
out again, you will have a map of the cave with the trajectory you have walked.

This process of localizing oneself and mapping the environment at the same
time is known in the field of robotics as Simultaneous Localization and Mapping
(SLAM). We wish the reader a warm welcome!
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Chapter 1

Introduction

This introductionary chapter will put things into perspective. Since this thesis
is part of the master Artificial Intelligence at the University of Amsterdam, we
will start with a broad overall view of Artificial Intelligence and slowly narrow
down to the specific topic of this thesis, Simultaneous Localization and Mapping.
Next we will present the research objective followed by an outline of the thesis.

1.1 Artificial Intelligence

Artificial Intelligence (AI) is an immensely broad research field with very vague
borders. It can refer both to the fundamental problem of understanding and
modelling human intelligence in general and to a more applied view of creating
machines that exhibit intelligent behaviour for specific problems. The vague-
ness of it’s borders arises from the field’s second word, intelligence, for this is a
concept for which there is no clear definition. Yet we can identify closely related
concepts: creativity, memory, learning, insight, problem solving, planning, rea-
soning, thinking, language, understanding, brains, sensing, acting, consciousness
and so forth. Does intelligence depend on all these concepts? Put differently,
are all these concepts necessary for intelligence? Is intelligence possible without
for example language or consciousness? These are philosophical questions that
can be investigated but might turn out to be unanswerable. But it illustates
nicely both the broadness and vaguesness of AI.

Human intelligence is mainly studied in fields like psychology, biology and
more recently neurology. These fields, and then I mean the subfields of them
that concern human intelligence, have in common that they observe a human be-
ing just as a physicist observes the inanimate world. For example, they observe
human behaviour under certain circumstances, they try to come up with theo-
ries about the origin and development of humans, they study human anatomy,
both physical and functional, ranging from the whole body, to brain areas, to
single brain cells. All these studies contribute to our understanding of intelli-
gence, just by observing it.

Now the articifial part of AI is not so much concerned with observation of
humans, but with the creation of machines: inanimate entities created by hu-

7



8 CHAPTER 1. INTRODUCTION

mans to perform a certain task. Naturally, the task of an AI-machine is to
behave intelligently. But as said above, what intelligence is, we cannot really
say. So the ultimate goal of AI is to create machines for which we cannot really
say what their task is...Of course this doesn’t make sense. Therefore most AI re-
searchers build machines that can perform a very specific task. Some examples
of such tasks are playing chess, speech recognition, car driving and searching
the web. These tasks can be divided into two groups: structured tasks and
unstructured tasks. Structured tasks are well defined and the input for the ma-
chine is always controlled. Such tasks have yet only been found in artifically
created environments, such as in games (like chess), in mathematical problems
(like the traveling salesman problem) and in factories (like a car factory, where
a robot arm performs the same task over and over again). These structured
tasks need ’intelligent’ machines because of the combinatorial explosion of pos-
sible actions (like chess and the traveling salesman problem) or because of the
precise repeatability of the actions (like in the factory). It can be questioned if
these structured tasks really need intelligence or just a ’stupid’ machine that is
very good at repeated calculations. But again, since we do not yet know what
intelligence is, it might once turn out that intelligence is indeed nothing more
than mere calculations.

Unstructured tasks are regarded as ’real-life’ tasks: the machine needs to op-
erate in the real world, which is unstructured (or structured, but yet so complex
that for now we treat it as unstructured). Examples of such tasks are interpret-
ing natural languague, whether spoken or written, visual recognition of objects,
like faces, and finding patterns in complex datasets, such as weather- and stock
exchange data. For all these tasks the machine needs to ’understand’ what it
senses. Although natural language consists of rules and exceptions, there exists
many ambiguities in every language which can only be resolved by some sort
of ’understanding’. The same holds for recognizing objects: any object might
appear very different under different conditions, such as light, the distance and
angle to the viewer, and so forth. An artifically intelligent machines needs to
cope with these infite number of possibilities and associated uncertainties. We
will turn special attention to uncertainty in chapter 2.2, since it plays an im-
portant role in this thesis.

Many subfields of AI concentrate on these unstructured tasks and the topic
of this thesis falls under one of them: robotics. Robotics can be seen as th
subfield of AI that encompasses everything that is needed for an artifical brain.
Naturally we do not mean the robots that solve structured problems, such as in
factories, but we mean robots that act in the real world. Such machines need
a materialistic body to be able to exist in this real world, they need sensors
to sense the world and they need actors to act in the world. Furthermore they
require a ’brain’, which is used for processing the senses, reasoning, and planning
actions. The topic of this thesis is concerned with the ’brain’ part of the robot:
it processes the sensor information and reasons about it. The task this ’brain’
needs to solve is SLAM.
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1.2 Simultaneous Localization and Mapping

The SLAM scenario is that a robot moves through an environment and during
it’s journey it takes measurements from that environment. Now the goal is to
build a map of the environment and to calculate the trajectory of the robot’s
journey relative to that map. The complexity of the problem lies in the fact that
the robot is facing two problems which are dependent on each other: localization
and mapping. Suppose that the robot was provided a map of the environment
then the problem would only be to localize itself relative to the given map; this
is called localization. Or the other way around, suppose the robot trajectory
is known (e.g. based on GPS-data) then the problem would only be to make a
map of the environment relative to the given trajectory; this is called mapping.
These two problems are in themselves already challenging enough, but now in
SLAM these two problems need to be solved at the same time. In chapter 2 we
will discuss the SLAM problem in more detail and in a more formal way.

1.3 Research objective

In this thesis we present an experimental comparison of three well-known meth-
ods to solve the SLAM problem. These methods are EKF-SLAM, FastSLAM
1.0 and it’s successor FastSLAM 2.0. Many more SLAM algorithms exist but
the EKF-SLAM and FastSLAM algorithms can be viewed as the general classes
of which most other SLAM algorithms are an instance. Therefore we restrict
the comparison to these three fundamental algorithms. Given that we strive for
a fair comparison of these fundamental and general SLAM algorithms, we have
defined the following set of requirements for the experimental setting:

• The algorithms should be tested on the same dataset(s).

• The dataset(s) should provide a realistic SLAM problem.

• The dataset(s) should provide a complex enough SLAM problem such that
differences between algorithms can be detected.

• The dataset(s) should provide a general enough SLAM problem such that
really the fundamental workings of the algorithms are tested.

• A groundtruth should be available to be able to quantitavely compare the
algorithms.

These requirements have led us to select two datasets. One is a synthetic
dataset in which all parameters can be controlled. The other is a dataset pub-
lished by Stephan Gutmann based on a Robocup scenario. The advantage of the
Gutmann dataset is that it gives a very manageable set of landmarks (only six),
it provides a groundtruth, and that it still offers a challenging SLAM problem
with realistic noise. Gutmann has used this dataset to perform an experimental
comparison of localization method, but to the best of our knowledge this dataset
has not been used yet to perform a comparison of SLAM methods.

The research objective of this thesis can now be formulated as to

• present the Gutmann dataset as a benchmark for comparing SLAM meth-
ods, and to
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• present the first published experimental comparison of SLAM methods on
the Gutmann dataset.

1.4 Outline

We start by defining the SLAM problem in chapter 2. The three different SLAM
algorithms are then treated in chapter 3, followed by chapter 4 which presents
the two datasets used for the experimental comparison. In chapter 5 the actual
experiments and results are discussed, and finally we conclude the thesis with a
conlusion in chapter 6.



Chapter 2

The SLAM problem

In the introduction we have presented the SLAM problem in an informal way.
This chapter will define the SLAM problem in a more mathematical way. We
start by introducing all basic SLAM elements and their representation and nota-
tion, such as state representation, control actions and measurement data. In the
second section we will look at the SLAM problem as a probabilistic sequential
state estimation problem in which the Bayes Filter is introduced as the most
general method of solving that problem. Next the two models needed for all
SLAM methods are discussed, the motion and measurement model.

2.1 Representation and notation

The SLAM scenario is that a robot moves through an environment
and during it’s journey it takes measurements from that environ-
ment. Now the goal is to build a map of the environment and to
calculate the trajectory of the robot’s journey relative to that map.

To solve this problem mathematically we need to identify all elements of the
problem, represent them in a formal way and give them a notation so we can
later refer to them.

Time Since the robot moves throug space-time some representation for time
is needed. Following convention we will treat time as consecutive discrete time
steps represented by a natural number t. Each time step has the same magnitude
and can represent any time unit (seconds, hours, years, etc) depending on the
scenario. In this thesis time will always begin at t = 1.

Space A representation for space is needed as well. Since we will focus only
on scenarios in which the robot is moving on a plane (a soccerfield) we use a
common 2D-Euclidean space. The coordinate frame of this 2D-space can be
chosen arbitrarily. We will use the pose of the robot at t = 1 to define the
frame: the origin is at the position of the robot, the x-axis runs in the direction
the robot is looking in, and the y-axis run perpendicular (counterclockwise) to
the x-axis. We call this coordinate frame the world frame.

11
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Robot pose and trajectory At each time step the robot pose is estimated.
A pose consists of the robot position and it’s orientation and is represented by
the vector xt = (x y θ)T . x and y are given in world coordinates and θ is the
angle relative to the x-axis of the world. All angles in this thesis are in the range
(−π, π). Please note that a pose xt is always associated with a time step; this
distinguishes xt from x which is the x-coordinate of the pose under discussion.
A trajectory up to time t is then built up from consecutive robot poses and
denoted x1:t.

Control actions The movement of the robot through the environment is
caused by control actions. Many different kind of control actions are possible
ranging from very general to very specific commands. For example ’turn left’ is
quite a general control action whereas ’turn the left-wheels with 10 rotations per
minute and the right-wheels with 50 rotations per minute for the next 4 seconds’
is quite specific. Which control actions are used depends on the scenario and
in some cases, like with hand-held cameras, control actions are not available
at all. Formally a control action is given by a vector ut, it’s dimension being
dependent on the choice of control actions, and is representing the action that
moves the robot from pose xt−1 to pose xt. The set of all consecutive control
actions up to time t is denoted u1:t.

Environment and sensing We assume the environment consists of a space
containing objects, e.g. houses, cars, walls, trees, humans, etc. The robot is
capable of measuring these objects by sensors. How the environment, the map
and the measurements are formally represented is depended of the sensor(s)
being used. In this thesis a VGA-camera will be used as a sensor. For cameras
the most common representation of the environment is that of a set of feature
based landmarks. At each time step the camera captures an image of the en-
vironment. Using image processing techniques this image can be analyzed and
features detected. Commonly used features are corners (SIFT, Harris), lines
(line detector) or even complete objects, like faces, pedestrians or cars. The de-
tected features are then described as landmarks: a landmark is just a coordinate
in the world frame representing the location of the feature accompanied with a
signature describing the landmark. This signature is needed for distinguishing
between different landmarks and clearly depends on the feature-detector used:
for corners a SIFT-descriptior might be used, whereas for faces a totally differ-
ent signature is needed. Since sensing, image processing, feature extraction and
description is a research field in it’s own we will just happily use the results from
that research. In our case the robot is capable of detecting and quite reliably
(but not 100%!) distinguishing between the six poles in the image captured by
the camera.

An important assumption made by most SLAM methods so far, including
the ones discussed in this thesis, is that the environment is static. This means
that the environment doesn’t change over time: the position and appearance of
landmarks remains constant. To account for dynamic environments landmark-
motion and landmark-appearance models that keep track of the changes of the
landmarks over time are needed.
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Landmarks and map So the environment consists of (static) landmarks:
locations accompanied with a signature. The location of a landmark i is repre-
sented by the vector mi = (mi,x mi,y)T and it’s signature by si, which in our
case is just an integer in the range (1, 6). A map m is then nothing more than
the combined vector of all N landmarks: m = (m1 s1 m2 s2 . . . mN sN )T . The
map uses the world coordinate frame to store the landmark locations. Please
note that since the environment is assumed to be static the map does not depend
on time t.

Measurements At each time step the robot senses the environment. Using
image processing techniques briefly mentioned above the robot transforms the
sensed images into measurements of landmarks. What kind of measurements
are being done is again dependent on the scenario. In our case we measure
the distance from the robot to the landmark, called range, and the angle under
which it is observed, called bearing. We will discuss this in more detail in
chapter 4.4. A measurement of landmark i at time step t is then represented
by the vector zit = (rit φ

i
t s

i
t)
T , where r is the range and φ is the bearing. All

measurements done at time t are denoted zt and represent the measurements
done by the robot at position xt. Note that the coordinate frame in which
the measurements are done is relative to the robot, see again chapter 4.4 for
more details. All consecutive measurements taken by the robot up to time t are
denoted z1:t.

State SLAM is about estimating the robot location and map simultaneously.
So we combine the robot’s pose and the map at time t in a single state vector
denoted by yt = (xt m)T . This state vector yt is the variable which we are
going to estimate in the following section and chapters by making use of the
control actions u1:t and measurements z1:t. A related variable is y1:t = (x1:t m)T

which consists of the whole robot trajectory up to time t and the map at time
t. Estimating this variable is known as global SLAM, but we will focus only on
estimating yt. This is known as the online SLAM problem.

2.2 Representing uncertainty

This section introduces the concept uncertainty and how to deal with that in
a robotic context. Why do we need a representation for uncertainty, what
role does it play in SLAM and what are the difficulties? The section starts
with an informal discussion of uncertainty after which probability distributions
are introduced as a way to represent uncertainty. Finally we will discuss two
representations for probability distributions, Gaussians and particle sets.

2.2.1 Uncertainty in the real world

The reasoning part in real world robotic problems is mainly concerned with
reasoning about uncertainty, because in the real world nothing is exact. By this
we mean that measurements done in the real world are always prone to smaller
or larger errors. We humans can deal with these uncertainties very well. To
function in the real world we do not need to know with nanometer precision
where we are, nor do we need to calculate the exact force with which we control
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our limbs. Maybe our brains perform these exact calculations, we must admit
that we do not know that yet, but intuitively our body seems perfectly capable
of moving around without such calculations.

For robots the case is totally different. Robots are built up from scratch by
mechanical and electrical parts. Their ’intelligence’ is reduced to exact calcu-
lations with only zeros and ones. This makes it very hard for robots to reason
about uncertainty: either the robot is in this position (up to point-precision!)
or it is not. To allow a robot to cope with measurement errors inherent to
real world functioning, some kind of uncertainty representation and reasoning
is needed.

Consider the case that a robot’s camera is looking at the Eiffeltower and
now it wants to estimate the city in which it is located. An exact estimate
would yield ’Paris’. But an exact estimate might also be wrong. Maybe the
robot’s image processing techniques are not so good and it matches the view of
the Eiffeltower with that of an ordinary transmission tower; the exact estimate
might then yield ’Eindhoven’ or any other insignificant town with a transmission
tower. Or, a more likely case, the robot is actually standing in Las Vegas where
some hotel has built a replica of the Eiffeltower. So how do we represent these
uncertainties?

2.2.2 Probability theory

We adopt a probabilistic view and use probability density functions to represent
the uncertainties in the world. Such functions describe a belief over knowledge
by assigning a number to the different possibilities. In the Eiffeltower-case, the
robot might assign the highest number to ’Paris’, a slightly lower number to ’Las
Vegas’ and a very small number to all cities and towns that have transmission
towers. These numbers are called probabilities.

More formally, a probability density function is a function p defined over the
possible values x (like ’Paris’, ’Las Vegas’, etc.) that a random variable X (like
’Which city I am in?’) can have: p(X = x) or just p(x). It assigns a probability
to each value x, where a probability is a non-negative real number, with p(X =
x) = 0 meaning ’random variable X can absolutely not have the value of x’.
The integral of a PDF must always equal 1, representing the knowledge that
a random variable must necessarily take up a value lying in the domain of the
variable, in the case above that is the domain of cities.

For the SLAM problem we will use these probability density functions for all
aspects in which uncertainty might arise. Uncertainty does not only play a role
in the estimation of the robot trajectory and the map, but also in the control
and sensing parts of the robot. Viewing the SLAM problem as such, we are
viewing it as a probabilistic estimation problem; at each time step not a single
state yt is considered anymore, but a belief over states bel(yt). And since this
believe is dependent on the consecutive control actions and measurements we
will represent it by the following conditional probability distribution:

bel(yt) = p(yt|z1:t, u1:t) (2.1)

Such probability distributions need a representation to be able to work with
them. We will now turn our attention to the two representations used in this
thesis, Gaussian and particle sets.
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Figure 2.1: A one- and two-dimensional Gaussian distribution

2.2.3 Gaussians

One of the most common representations for a probability distribution is the
one-dimensional Gaussian distribution, also known as the normal distribution.
In the multi-dimensional case this distribution is officially called the multivariate
normal distribution, but in practice most people just refer to it as a Gaussian.
So do we.

The Gaussian distribution of a k-dimensional vector x is parameterized by
two variables, the mean vector µ and the covariance matrix Σ, and is given by:

p(x) = 2π−
1
2k|Σ|− 1

2 e[− 1
2 (x−µ)T Σ−1(x−µ)] (2.2)

If a multidimensional variable x is distributed according to a Gaussian dis-
tribution this is written as:

p(x) ∼ N (µ,Σ) (2.3)

Some properties of the Gaussian distribution are:

• The mean vector represents the most likely value for x, sometimes denoted
the expected value.

• The covariance matrix describes the amount of uncertainty and the cor-
relation between the different dimensions of x.

• The distribution has a single peak, centered at it’s mean, and symmetri-
cally falls down according to the covariance matrix.

• It is a continuous distribution and all values have a probability greater
than 0.

In figure 2.1 two example distributions are shown.

2.2.4 Particle sets

A different kind of representation is that of a particle set, which is parameterized
by it’s number of particles M . The set X then represents the uncertainty of the
variable x by listing M possible values for x, distributed according to p(x):
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Figure 2.2: A 100 and 1, 000 particle distribution

X := x[1], x[2], . . . , x[M ] (2.4)

Some properties of particle sets are:

• A particle set can represent any distribution, it doesn’t make assumptions
about the shape of the function.

• A particle set can have multiple peaks.

• Since only a finite number of particles is possible to represent the distri-
bution, the distribution can only be approximated.

• It is a discrete distribution: all listed values for x have equal probability,
all other values have a probability of 0.

In figure 2.2 the same two-dimensional distribution as in figure 2.1 is shown
but than with a particle set representation.

Sampling

For particle sets it is required to draw samples from the distribution p(x). This
can be done

2.3 SLAM as an estimation problem

In this section we look at the online SLAM problem as a probabilistic sequen-
tial state estimation problem and present the Bayes Filter as the most general
method of solving that problem.

2.3.1 Sequential estimation

Not only can the SLAM problem be seen as a probabilistic estimation problem,
but also as a sequential estimation problem. This arises from the fact that robot
poses, with their corresponding control actions and measurements, are depen-
dent on each other. The robot is not placed at random in different positions
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at the soccerfield, but it is constantly moving from one position to another po-
sition nearby. So knowing the past poses of the robot gives some information
about the future poses. Any problem in which information from the past might
influence the estimate of the future, can be viewed as a sequential estimation
problem.

Take weather prediction for example and let the state you wish to estimate
is whether or not it is going to rain each day. Starting one day you take daily
measurements, like temperature, wind direction and force, air pressure, and
humidity. Based on these measurements you estimate each following day if it
is going to rain or not. Although in this case you can easily find out at the
end of the day whether or not your estimate was correct, you are not allowed
to use this information in order to keep the analogy with the SLAM problem
correct. During SLAM you also don’t know whether or not your estimate of
the robot’s pose and map is correct! So our weather sequential estimation
problem consists of the state ’Is it going to rain today?’ and you can make
use of your previous estimates (possbily incorrect) and the daily measurements.
Now the most important issue in sequential estimation problems is not how
to use the information from the past (because that differs for each scenario),
but how far you go back in history. Although theoretically it might be, and
I think probably is, the case that something that has occured many years ago
still has an influence on the future, there are good reasons to set a limit to this.
Intuitively the temperature at a certain day fifty years ago has probably little
or no influence on the weather today. A counter-argument might be that not
the specific temperature at that day is important, but the daily fluctations over
the years nevertheless might be. So where to draw the line?

Clearly it takes a lot more computation to use the whole history of measure-
ments. But you also don’t want to disregard important information from the
past. So a trade-off is made between computation and information and this is
done by using the Markov assumption. The Markov assumption states that the
state is complete, which then renders the next state independent of past mea-
surements. A state is complete if it contains all the information that exactly
enables this independence. More formally, the Markov assumption states the
following:

p(yt|yt−1, z1:t) = p(yt|yt−1, zt) (2.5)

In practice it is difficult to meet this criterion, but it allows for much less
computation.

2.3.2 Bayes Filter

Starting off from equation 2.1, which is the basic function that all probabilistic
SLAM methods try to estimate, we will now derive the Bayes Filter by making
use of basic rules from probability theory and the Markov assumption. The
Bayes Filter is the most general solution for the SLAM problem and underlies
the three SLAM methods compared in this thesis.

0The derivation follows the one provided in PROBABILISTIC ROBOTICS but will be
repeated here for completeness.
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We start by applying Bayes Rule

p(yt|z1:t, u1:t) = p(yt|z1:t−1, zt, u1:t) (2.6)

=
p(zt|yt, z1:t−1, u1:t)p(yt|z1:t−1, u1:t)

p(z1:t|z1:t−1, u1:t)
(2.7)

∼ p(zt|yt, z1:t−1, u1:t)p(yt|z1:t−1, u1:t) (2.8)

Next we make use of the Markov assumption

p(zt|yt, z1:t−1, u1:t) = p(zt|yt) (2.9)

Then we use the Theorem of Total Probability

p(yt|z1:t−1, u1:t) =

∫
p(yt|yt−1, z1:t−1, u1:t)p(yt−1|z1:t−1, u1:t)dyt−1 (2.10)

Followed again by the Markov assumption

p(yt|yt−1, z1:t−1, u1:t) = p(yt|yt−1, ut) (2.11)

Finally we assume that the control actions at time t do not depend on the
state at time t− 1

p(yt−1|z1:t−1, u1:t) = p(yt−1|z1:t−1, u1:t−1) (2.12)

Plugging all equations back into equation 2.6 we finally get

p(yt|z1:t, u1:t) ∼ p(zt|yt)
∫
p(yt|yt−1, ut)p(yt−1|z1:t−1, u1:t−1)dyt−1 (2.13)

or equivalently using the belief notation from equation 2.1

bel(yt) ∼ p(zt|yt)
∫
p(yt|yt−1, ut)bel(yt−1)dyt−1 (2.14)

This equation is known as the Bayes Filter and will be the basis for all SLAM
methods discussed in this thesis.

0Note that ut happens before yt
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2.4 Bayes Filter in practice

In equation 2.13 we can identify the following three probability distributions:
p(yt|z1:t, u1:t), p(zt|yt) and p(yt|yt−1, ut). These distributions are the ingredients
of all probabilistic SLAM solutions based on the Bayes Filter. How to calculate
them depends on their representation and may differ for each SLAM method.

How does it work:

1. You start with an initial state estimate: y0.

2. You use the state transition probability/state transition function/motion
model. This function/model is governed by a function denoted g. This
step is called the prediction step and results in a prediction of the new
state, denoted by ȳ.

3. The prediction is updated according to it’s likelihood based on the mea-
surements using a measurement probability/measurement model/measurement
likelihood, which is governed by a function h. This is called the update
step.

4. These two steps results in a new estimate and you go to step 2 again

What decisions do we need to make:

• representation of the three distributions. as will become clear in the
next chapter, these representations assume and/or pose certain dependen-
cies between the variables. in this aspect the three methods differ

• Motion model we need to choose an underlying function g that governs
the motion model. all three methods share the same function g. This g
describes how the state is affected by control actions:

y′ = g(u, y) (2.15)

The probabilistic interpretation and calculation of g, which we are ulti-
mately interested in, differs per method.

• Measurement model we need to choose the function h which governs the
measurement model. all three methods share the same function h. the
probabilistic interpretation differs per method. h describes the relation
between measurements and the state:

z = h(y) (2.16)

0The fourth distribution, p(yt−1|z1:t−1, u1:t−1), represents the same distribution as
p(yt|z1:t, u1:t) but then one time step earlier.
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Chapter 3

EKF-SLAM and FastSLAM

The previous chapters presented the SLAM problem as a probabilistic sequen-
tial state estimation problem. It identified all elements and introduced notation.
The Bayes Filter was derived as the most general solution for the SLAM prob-
lem, which is repeated here:

p(yt|z1:t, u1:t) ∼ p(zt|yt)
∫
p(yt|yt−1, ut)p(yt−1|z1:t−1, u1:t−1)dyt−1 (3.1)

The Bayes Filter is an exact but only theoretical solution. Implementing it in
a computationally feasible way is only possible by making assumptions about
the underlying structure of the probability distributions. And in this respect
the three methods of this thesis, EKF-SLAM, FastSLAM 1.0 and FastSLAM
2.0, differ both in the representation of the probability distributions as in the
dependencies of the random variables. What they do have in common are the
functions g and h underlying the motion and measurement models respectively.
We will now discuss each of the methods.

3.1 EKF-SLAM

Extended Kalman Filter SLAM (EKF-SLAM) was one of the first SLAM im-
plementations and is based on the Kalman Filter. REFERENCE The Kalman
Filter is a direct implementation of the Bayes Filter for Gaussian linear pro-
cesses. Such processes are characterized by the following three assumptions:

1. The initial belief of the state is represented by a normal distribution

p(y0) ∼ N (µ0,Σ0) (3.2)

2. The motion model g is linear with added Gaussian white noise εt ∼
N (0, Rt)

g(ut, yt−1) + εt = Atyt−1 +Btut + εt (3.3)

3. The measurement model h is linear with added Gaussian white noise δt ∼
N (0, Qt)

h(yt) + δt = Ctyt + δt (3.4)
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These three assumptions guarantee that the belief of each following state re-
mains a Gaussian, see chapter 3.2.4 in [4] for the proof of this. And since a
linear transform of a Gaussian returns a Gaussian again, each PDF for Kalman
Filter SLAM can be represented by a Gaussian, all parameterized by a mean
vector and covariance matrix:

p(yt|z1:t, u1:t) ∼ N (µt,Σt) (3.5)

p(yt|yt−1, ut) ∼ N (g(ut, yt−1), Rt) (3.6)

p(zt|yt) ∼ N (h(yt), Qt) (3.7)

Given these representations and the linear motion and measurement models
the prediction step looks then as

µ̄t = Atµt−1 +Btut (3.8)

Σ̄t = AtΣt−1A
T
t +Rt (3.9)

and the update step as

Kt = Σ̄tC
T
t (CtΣ̄tC

T
t +Qt)

−1 (3.10)

µt = µ̄t +Kt(zt − Ctµ̄t) (3.11)

Σt = (I −KtCt)Σ̄t (3.12)

For the derivations of these formulas we refer the reader to [4].

In case the motion and measurement models are not linear the Extended
Kalman Filter is used, which linearizes these models using a first order Taylor
expansion around the state most likely at the time of linearization. For the
prediction step this is around the estimated mean of the state at the previous
time step, µt−1 and for the update step this is around the predicted mean of
the state at the current time step, µ̄t. These linearizations are used as an
approximation of the nonlinear models and are given by

g(ut, yt−1) ≈ g(ut, µt−1) +Gt(yt−1 − µt−1) (3.13)

h(yt) ≈ h(µ̄t) +Ht(yt − µ̄t) (3.14)

Given the same representations for the PDFs as in the Kalman Filter case,
but now with nonlinear motion and measurement models, the prediction step
looks like

µ̄t = g(ut, µt−1) (3.15)

Σ̄t = GtΣt−1G
T
t +Rt (3.16)

and the update step as

Kt = Σ̄tH
T
t (HtΣ̄tH

T
t +Qt)

−1 (3.17)

µt = µ̄t +Kt(zt − h(µ̄t)) (3.18)

Σt = (I −KtHt)Σ̄t (3.19)

Again we refer to [4] for their derivations.
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3.2 FastSLAM 1.0

As said above the (Extended) Kalman Filter is an implementation of the Bayes
Filter for linear(ized) Gaussian processes. Now we will discuss the FastSLAM
algorithm, which also implements the Bayes Filter but it makes some different
assumptions about the underlying structure of the SLAM problem.

3.2.1 Particle filter

The belief representation of FastSLAM is that of a particle set as discussed in
the previous chapter. To repeat, the belief of a state is then represented by a
set Yt of M samples:

Yt := y
[1]
t , y

[2]
t , . . . , y

[M ]
t (3.20)

Calculating this particle-set at each time step will be done following the pre-
dict and update steps from the Bayes Filter. Algorithms that uses a particle
representation and implement the Bayes Filter are known as particle filters.

The predict step for particle filters samples from the motion model:

Ȳt = {sample y
[k]
t ∼ p(yt|ut, y

[k]
t−1) : y

[k]
t−1 ∈ Yt−1} (3.21)

How to sample from the motion model depends on the underlying function g
and it’s probabilistic interpretation. We will discuss these issues in chapter 4.3,
but for now we just point out that some sampling scheme is needed for the
prediction step.

Ȳt is called the proposal distribution and approximates p(yt|ut, y[k]
t−1). After

that the update step from the Bayes Filter incorporates the measurements using
the measurement model by calculating a weight:

w
[k]
t = p(zt|ȳ[k]

t ) (3.22)

So for each predicted state ȳ
[k]
t from the proposal distribution the likelihood

is calculated using a probabilistic interpretation of the function h (see chapter

4.4). These likelihoods are then stored and interpreted as weights w
[k]
t for each

particle. The proposal distribution Ȳt together with the associated weights then
constitutes the posterior distribution p(yt|z1:t, u1:t).

Notice that the particles from the proposal distribution are distributed ac-

cording to p(yt|ut, y[k]
t−1) and not distributed according to the posterior. Still

this can be achieved by redistributing the particles from the proposal using the
weights. What you basically do is drawing M samples (with replacement) from
the proposal distribution Ȳt in proportion to their weights. This process is
called importance resampling.

So given the predicted set and the corresponding weights, the update step
for particle filters looks like:

Yt = resample(Ȳt, w[1:M ]
t ) (3.23)

With an initial belief Y0 represented by a set consisting of M copies of the
initial state y0, equations 4.21 to 4.23 specifiy the general particle filter.
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3.2.2 SLAM Factorization

FastSLAM makes two independence assumptions:

• The robot trajectory and the map are independent.

• The individual landmark positions are conditionally independent of each
other given the robot’s trajectory.

These two assumptions can be expressed in the following factorization of the full
SLAM posterior, where the state vector has been split into the robot trajectory
and the map components:

p(y1:t|z1:t, u1:t) = p(x1:t|z1:t, u1:t)

N∏
n=1

p(mn|x1:t, z1:t) (3.24)

Finally FastSLAM makes the same assumption as EKF-SLAM about the
measurement model:

• The measurement model h is linear with added Gaussian white noise δt ∼
N (0, Qt). In case it is non-linear, FastSLAM uses the same linearization
as EKF-SLAM.

Please note that FastSLAM, in contrast to EKF-SLAM, doesn’t make any as-
sumptions about the motion model or the form of the posterior distribution.

3.2.3 FastSLAM representation

FastSLAM needs representations for the posterior, p(y1:t|z1:t, u1:t), the robot
trajectory, p(x1:t|z1:t, u1:t) and for each of the landmarks, p(mn|x1:t, z1:t). As
discussed in the previous section, the posterior and the robot trajectory are rep-
resented by particles. But given the factorization of the SLAM problem and the
assumption about the measurement model, each landmark can be represented
by a single Gaussian. The landmark estimates are all conditionally independent
on each other given the trajectory, so for each particle (which represents a tra-
jectory) we need a set of N Gaussians to represent the landmarks; this results in
a total of MN Gaussians for the landmarks. Each of these Gaussian is param-
eterized by it’s own mean and covariance and is updated using an EKF. Filters
that use particles to represent some variables and Gaussians to represent the
other variables are known as Rao-Blackwellised particle filters. REFERENCE.

Given the general particle filter, the SLAM factorization and the represen-
tations used by FastSLAM, we now have enough information to present the
FastSLAM implementation of the predict- and update-steps of the Bayes Filter.
The derivations of the equations below can all be found in [4].

3.2.4 Predict step

In practice only new robot poses are sampled, because the prediction step leaves
the landmark estimates unchanged. So when writing out the state into the pose
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and map components, the prediction step for one particle looks like:

x̄
[k]
t ∼ p(xt|x[k]

t−1, ut) (3.25)

µ̄
[k]
i = µ

[k]
i (3.26)

Σ̄
[k]
i = Σ

[k]
i (3.27)

The predict step for the complete set is just performing the above calculations
for each particle in turn.

3.2.5 Update step

The update step involves both the landmark positions and the predicted robot
pose. We will discuss them seperately, starting with the landmark updates.

K
[k]
i = Σ̄

[k]
i H

T (HΣ̄
[k]
i H

T +Qt)
−1 (3.28)

µ
[k]
i = µ̄

[k]
i +Kt(z

i
t − h(µ̄

[k]
i )) (3.29)

Σ
[k]
i = (I −KtH)Σ̄

[k]
i (3.30)

Notice that these equations are almost identical to the update equations in
EKF-SLAM as given in chapter 3.1. The main difference is that in EKF-SLAM
these equations worked on the full state vector and in FastSLAM they work on
a single landmark i of a specific particle k.

As explained above, the update step of the state involves calculating impor-
tance weights and resampling from the proposal distribution according to these
weights. The weight for each particle is calculated as follows:

L
[k]
i = HΣ̄

[k]
i H

T +Qt (3.31)

w
[k]
t =

N∏
i=1

N (zit;h(µ̄
[k]
i ), L

[k]
i ) (3.32)

For the derivations we refer the reader to [4].

3.3 FastSLAM 2.0

FastSLAM 2.0 is an improved variant of FastSLAM 1.0. The only conceptual
difference is that FastSLAM 2.0 takes the measurements into account when cal-
culating the proposal distribution. To do so, firstly each pose from the previous
particle set is transformed into a Gaussian parameterized by a mean vector and
covariance matrix using the motion model:

µ
[k]
x,t = g(x

[k]
t−1, ut) (3.33)

Σ
[k]
x,t = Rt (3.34)

(3.35)

Then each measurement in turn is used to update this Gaussian:

Q = (HmΣ
[k]
i H

T
m +Qt) (3.36)

Σ
[k]
x,t = (HT

x Q
−1Hx + (Σ

[k]
x,t)
−1)−1 (3.37)

µ
[k]
x,t = µ

[k]
x,t + Σ

[k]
x,tH

T
x Q
−1(zit − h(µ

[k]
i )) (3.38)
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After all the measurements have been processed, each particle for the proposal
distribution is then sampled from this Gaussian:

x̄
[k]
t ∼ N (µ

[k]
x,t,Σ

[k]
x,t) (3.39)

After calculating this improved distribution FastSLAM 2.0 continues just like

FastSLAM 1.0. Only the calculation of the covariance L
[k]
i in the importance

weight equation is slightly changed as a mathematical consequence of using the
improved distribution.

L
[k]
i = Hx,jRtH

T
x,i +Hm,iΣ

[k]
i,t−1H

T
m,i +Qt (3.40)



Chapter 4

The Gutmann dataset

The SLAM problem and three methods solving the problem have been discussed
in the previous chapters. This chapter will introduce the Gutmann dataset
as a testbed for performing the comparison between these methods. In [3]
Gutmann and Fox presented a comparison of localization methods. Localization
is a subproblem of SLAM in which the map is given to the robot and it’s only
task is to estimate his consecutive locations. For their experiment they made
use of a scenario based on the RoboCup competition. The chapter starts with a
description of the RoboCup competition. Then the specific experimental setup
of the Gutmann dataset is treated. In the last two sections details will be given
about the relevant motion and measurement models.

4.1 RoboCup

The RoboCup competition started in 1997. It’s ultimate goal is to have a team
of humanoid robots winning a soccer game while playing against the world
champion soccerteam by the midst 21st century. This poses challenges in almost
all aspects of robotics. Physically the robots need to be able to move around
a soccerfield and control the ball, both at considerable speed and with taking
into account enough safety precautions for other players. On the reasoning part
difficulties lie in coorporation, tactics, and even basic knowledge as to where the
robots are located on the soccerfield. Although this latter problem seems futile
for humans, we have pointed out in chapter ?? that this really is a challenge for
robots. Given the broad scope of problems and large difficulties to overcome,
RoboCup is divided into different leagues each focusing on a different aspects.
For example, the simulation league has a strong focus on the coorporation and
tactics part, and the humanoid league is more focused on the physical aspects
of the robot.

The Gutmann dataset originates from the Sony Four-Legged League which
started in 1999. In this leagure all teams play with the same robot. so as to
focus more on the reasoning part and keeping the physical factors equal for all
the teams. Till 2008 the robot platform used was the Sony AIBO, after that it
was replaced by the Nao humanoid robot from Aldebaran Robotics. Since then
the league is called the Standard Platform League.

27
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Figure 4.1: The Sony AIBO ERS-210 robot.

4.2 Experimental setup

In this section details about the experimental setup of the Gutmann dataset
will be given.

The robot Gutmann and Fox used a Sony AIBO robot (ERS 210) for their
experiments. This system is a four legged dog-like robot built in 2001, see figure
4.1. It is equiped with many sensors, like pressure sensors (at it’s feet, back, chin
and head), a CMOS digital camera sensor (placed in it’s head), an acceleration
sensor, and a infrared distance sensor. In total it has 20 degrees of freedom of
which only the legs (12 degrees of freedom) and head movement (3 degrees of
freedom) play a role here.

Environment The size of the soccerfield is 3-by-2 meters. Six poles are placed
around the field: four at the corners and two in the middle of the long sides
of the field. Each pole is colored with two colors, one color for the upper part
and one color for the lower part. This allows the robot to reliably detect and
distinguish between the different poles.

The task For their experiments they let the robot follow a figure-of-eight
trajectory specified by 5 marked points on the soccer field for one hour. The
robot was moved around by a human controller with a joystick. The head of
the robot was constantly swinging it’s head from side to side. This way the
total field of view (over a number of time steps) was in the range -120 degrees
to 120 degrees. During the trajectory the CMOS camera sensor captured color
labeled images, which were processed using the CMVision software library [1].
This resulted in timestamped range and bearing measurements of the observed
landmarks, where the direction of the head relative to the body was already
taken account for. This will be further discussed in section 4.4. Furthermore
each time step odometry measurements were used to obtain an estimate of the
robot’s pose. In section 4.3 we will explain how we used these pose estimates
for the control data.

Each time the robot arrived on a marked point the pressure sensor on it’s
head was touched by a human operator. These timesteps are stored as well and
will be used as the groundtruth. Please note that no information about the true
location of the robot is known in between these marked points.
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Figure 4.2: An overview of the soccerfield with the six landmarks and the five
markerd points.

Figure 4.2 gives an overview of the scenario.

4.3 Motion model

For the prediction step a motion model is needed which describes how a robot
state is affected by control actions:

p(yt|yt−1, ut) (4.1)

There are also cases in which no control actions are available ([2]). Still a motion
model is then needed that describes how the state proceeds in the absence of
control data. Although the motion model formally operates on the combined
state vector yt−1, in practice it is only used to alter the robot’s pose xt−1 leaving
the map estimate m unchanged. Therefore we only show below how the model
works on the robot’s pose.

4.3.1 Move Forward Motion Model

We have created a model that doesn’t use control actions. The robot moves a
constant step d forward in the direction it is looking and keeps the orientation
constant, both added with gaussian white noise. This model can be formulated
as follows:  x′

y′

θ′

 =

 x
y
θ

+

 d cos θ
−d sin θ

0

+N (0, R) (4.2)

For the EKF-SLAM algorithm we also need a linearization of this model, which
is calculated by a first order Taylor expansion around the most likely state at the
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Figure 4.3: Feature based range and bearing model

time of linearization. This is given by the Jacobian of the model with respect
to the robot’s pose:

G =

 1 0 −d sin θ
0 1 −d cos θ
0 0 1

 (4.3)

4.4 Measurement Model

The measurement model describes the robot’s perception of landmarks. Given
the robot’s pose the measurement model maps a landmark position to a mea-
surement. For the Gutmann dataset we use a feature based range and bearing
model.

4.4.1 Feature Based Range and Bearing Model

The feature based range and bearing model assumes that landmarks can be
represented by points in world coordinates. Range is defined as the Euclidean
distance between the robot and the landmark, and bearing is defined as the
viewing angle under which the landmark is observed. See Figure (4.3) for a
graphical explanation of this model.

Given the robot’s pose (x y θ)T and the position (mi,x mi,y)T of landmark
i, the range ri and bearing φi are calculated as follows:

(
ri
φi

)
=

 √
δ2
i,x + δ2

i,y

arctan
δi,y
δi,x
− θ

+N (0, Q) (4.4)

with

δi,x = mi,x − x (4.5)

δi,y = mi,y − y (4.6)
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START / END

Figure 4.4: The robot trajectory for the synthetic dataset

The Jacobian of this model with respect to the landmark position and with
respect to the robot position is respectively given by

Hmi =

(
dxi

ri

dyi
ri

−dyi
r2i

−dxi

r2i

)
(4.7)

HX =

(
−dxi

ri

−dyi
ri

0
dyi
r2i

−dxi

r2i
1

)
(4.8)

4.5 A simulated environment

To gain furhter insight into the workings of the different algoritms a simulated
environment has been created. The advantage of a simulation is that all settings
are controlable and known. The groundtruth is exactly known, noise parameters
can be variated and are known and robot trajectories can be setup at will. A
simulated environment is for a robotician as a sterile lab is for a chemist: you
keep as much factors constant as possible except for the one you are interested in.
This allows for an understanding into every detail of your model and hopefully
all these details create an understanding of the whole.

We have simulated a Robocup scenario identical to the one which is used for
the Gutmann dataset. This allowed us to use the same motion and measurement
model. We let the simulated robot walk the trajectory over the soccerfield de-
picted in figure 4.4 for four rounds. Each round was divided into 1, 000 timesteps
which resulted in 4, 000 robot poses to be estimated. At each timestep a ran-
dom number of landmarks within the visual field of the robot was observed with
added Gaussian white noise. Please note that, just like in the Gutmann dataset,
sometimes no landmarks were observed and sometimes more than one landmark
was observed. In the end the synthetic dataset consisted of the 1, 355 observa-
tions of the 6 landmarks with which the 4, 000 poses and the map should be
estimated. Since no control data is used in our experimental comparison control
actions were not simulated.
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Chapter 5

Experimental comparison

In this chapter the actual experimental comparison will be presented. First
some parameter experiments have been performed. By running the algorithm
with different parameter settings, such as noise values, we discovered how these
parameters influenced the performance and which parameter values yielded the
best results. Then these optimal parameter values were used to conduct a final
experiment to show the differences between the three methods on both datasets.
Finally we conclude with a section describing the details of how to compare the
output of the SLAM algorithms with the given groundtruth.

5.1 Parameter experiments

The goal of the parameter experiments was not to compare the different SLAM
algorithms with each other, but only to see how different parameter values
effected the performance. We have defined a fixed set of parameter values that
were used throughout all the experiments and in each experiment only one of
these parameters was made variable. This set was the following:

parameter symbol synthetic Gutmann
motion noise σ2

x, σ2
y 4.8 1.5

range noise σ2
r 15% of r 15% of r

bearing noise σ2
φ 0.18 0.18

# of particles M 100 100
threshold on effective # of
particles

Nmin 75% of M 75% of M

5.1.1 Motion noise

The motion model as described in chapter 4.3 is added with white Gaussian
noise to incorporate the uncertainty in the robot’s motion: x′

y′

θ′

 =

 x
y
θ

+

 d cos θ
−d sin θ

0

+N (0, R) (5.1)
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Figure 5.1: Motion noise

with

R =

 σ2
x 0 0

0 σ2
y 0

0 0 σ2
θ

 (5.2)

The two parameters σ2
x and σ2

y represent the uncertainty in the robot’s trans-
lational motion. To see what effect these parameters had on the performance
we varied the value for both parameters from 1 till 9 for the synthetic dataset
and from 0.5 to 2.5 for the Gutmann dataset. This difference in scale is because
the robot takes bigger steps in the synthetic scenario than in the real Robocup
scenario.

The results are given in figure 5.1. There the robot and landmark position
error is plotted against the different parameter values. The overall behaviour of
the algorithms can be summarized as follows. The EKF-SLAM and FastSLAM
1.0 methods perform roughly the same for all tested parameter values. This
is clearly the case for the Gutmann dataset. Only for the synthetic dataset
the EKF-SLAM algorithm shows an unexpected peak in the landmark position
graph which we could not explain. The FastSLAM 2.0 method performs better
with increasing motion noise. This might be explained from the fact that the
measurement model is more accurate than the motion model. Since FastSLAM
2.0 uses both the motion and the measurement model in the prediction step,
setting a higher uncertainty for the robot’s motion gives more space for the
measurement model to improve the prediction.

5.1.2 Measurement noise

The measurement model as described in chapter 4.4 is added with white Gaus-
sian noise to incorporate the uncertainty in the robot’s measurements:
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Figure 5.2: Relative range noise

(
ri
φi

)
=

 √
δ2
i,x + δ2

i,y

arctan
δi,y
δi,x
− θ

+N (0, Q) (5.3)

with

Q =

(
σ2
r 0

0 σ2
φ

)
(5.4)

We performed two experiments, one with varying values for σ2
r , the range

noise, and the other with varying values for σ2
φ, the bearing noise. For the

range noise we used relative values varying from 10% to 30% of the measured
range. For the bearing noise absolute values were used varying from 0.1 to 0.3
radians. The results of these two experiments are shown in figure 5.2 and figure
5.3 respectively. Again the robot and landmark position error is plotted against
the different parameter values.

In the graph of the range noise we can see that for the Gutmann dataset the
EKF-SLAM algorithm performs stable: it is not effected by the different values.
The FastSLAM 1.0 method has better performance with increasing values of
range noise. With a value of 30% the performance on the landmark positions is
almost comparable with that of FastSLAM 2.0. On the contrary the FastSLAM
2.0 has a slightly decreasing performance if the values of the range noise are
higher. It’s graph is almost opposite than that of the graph for the motion
noise in figure 5.1. Again we think that this is because of the combination of
the motion and measurement model in the prediction step.

For the bearing noise we can see that the different values had little or no
impact on the performance. Except for the same strange landmark error graph
of EKF-SLAM for the synthetic dataset, no clear trends or peaks are visible in
the graphs. This might be explained by assuming that the bearing part of the
measurement model is so precise that almost no bearing noise is present in the
measurements.
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Figure 5.3: Absolute bearing noise

5.1.3 Sampling strategies

As explained in chapter ?? it has been shown that resampling at every time step
might decrease performance. Therefore we have employed a stratified resam-
pling strategy in which the effective number of particles determine if resampling
is performed:

Neff =
1∑M

k=1

(
w[k]

)2 (5.5)

resample if Neff < Nmin (5.6)

For the two FastSLAM methods we have done an experiment to see how the
threshold Nmin on the effective number of particles influences the performance.
The tested values were 0%, 25%, 50%, 75%, and 100% of the total number
of particles. Please note that a value of 100% means that the algorithm will
always resample, whereas a value of 0% means that the algorithm will never
resample. The results of this experiment are given in figure 5.4. The FastSLAM
1.0 algorithm behaves as expected, both in the synthetic dataset case as with
the Gutmann dataset. The best performance is achieved for both datasets when
Nmin is set to 50% of the number of particles. If no resampling takes place the
performance is lowest. For the synthetic dataset the same holds for FastSLAM
2.0, although the differences in performance are smaller than for FastSLAM 1.0.
For the Gutmann dataset the performance of FastSLAM 2.0 seems even totally
independent if resampling takes place or not. A possible explanation for this be-
haviour is that the proposal distribution already matches the target distribution
so well that resampling doesn’t contribute to the performance anymore. This
suggestion is supported by the fact that FastSLAM 1.0, which generally gener-
ates a poorer proposal distribution, does seem to benefit from the resampling
step. Furter support is given by the next experiment.
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Figure 5.4: Sampling strategies.

5.1.4 Number of particles

In this last parameter experiment we investigated how the number of particles
influenced the performance for the two FastSLAM methods. In chapter ?? we
showed that in theory the more particles you use, the better the performance,
in terms of pose and map estimates, gets. But extra particles come at the
cost of extra computation time and in general there is a point in which adding
extra particles doesn’t improve performance anymore. Therefore we have done
experiments with 1, 10, 100, and 500 particles. For the Gutmann dataset an
extra experiment with 200 particles was done. Results are shown in figure 5.5.

As can be seen the performance of both FastSLAM methods increases as the
number of particles gets higher. This holds both for the synthetic dataset as
for the Gutmann dataset. The performance of the FastSLAM 1.0 algorithm is
lowest with 1 and 10 particles; then with 100 or more particles the performance
stays more or less constant. The same holds for the FastSLAM 2.0 method in
case of the synthetic dataset. But for the Gutmann dataset the performance
of FastSLAM 2.0 doesn’t depend much on how many particles are used. Only
with 1 particle there is a poorer performance for the landmark estimates, but all
other number of particles perform roughly the same. This behaviour might be
related to what could be seen in the case of sampling strategies. If resampling
doesn’t effect the performance of FastSLAM 2.0, then this could be explained
by assuming that the prososal distribution is a very homogenous set of particles,
where all particles gets more or less the same weight. And a homogeneous set
could just as well be represented by a few particles as by hundreds of particles.
We’ll come back to this point in section ??.

5.2 SLAM Experiments

Based on the results of the parameter experiments described above we have
selected a set of parameter values for each algorithm and for each dataset with
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Figure 5.5: Number of particles.

which the performance was best. This set was the following:

EKF-SLAM

parameter symbol synthetic Gutmann
motion noise σ2

x, σ2
y 7.5 2.0

range noise σ2
r 15% of r 20% of r

bearing noise σ2
φ 0.20 0.20

FastSLAM 1.0

parameter symbol synthetic Gutmann
motion noise σ2

x, σ2
y 7.5 2.0

range noise σ2
r 10% of r 30% of r

bearing noise σ2
φ 0.20 0.20

# of particles M 100 100
threshold on effective # of
particles

Nmin 50% of M 50% of M

FastSLAM 2.0

parameter symbol synthetic Gutmann
motion noise σ2

x, σ2
y 7.5 2.0

range noise σ2
r 10% of r 10% of r

bearing noise σ2
φ 0.15 0.15

# of particles M 100 10
threshold on effective # of
particles

Nmin 25% of M 25% of M

Using these parameters we let the three algorithms run on both datasets
leading to the following results:
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Figure 5.6: SLAM Gutmann robot.

Position error on the Gutmann dataset
Robot Landmarks

mean std mean std
EKF-SLAM 116 n.a. 132 n.a.
FastSLAM 1.0 810 94 476 60
FastSLAM 2.0 268 6 199 16

Position error on the synthetic dataset
Robot Landmarks

mean std mean std
EKF-SLAM 246 n.a. 204 n.a.
FastSLAM 1.0 712 130 633 331
FastSLAM 2.0 425 40 474 115

These numbers show that EKF-SLAM clearly outperforms both FastSLAM
methods. Furthermore FastSLAM 2.0 has quite a low standard deviation. To
get more insight into the behaviour of the algorithms we have created graphs
which show the mean error over time.



40 CHAPTER 5. EXPERIMENTAL COMPARISON

0.5 1 1.5 2 2.5 3 3.5 4 4.5

x 10
5

0

200

400

600

800

1000

1200

1400

1600

1800

Time

E
u

c
li
d

e
a
n

 d
is

ta
n

c
e

Landmark position error − Gutmann dataset

 

 

EKF−SLAM

FastSLAM 1.0

FastSLAM 2.0

Figure 5.7: SLAM Gutmann landmarks.
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Figure 5.8: SLAM Synthetic robot
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Figure 5.9: SLAM Synthetic Landmarks
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Chapter 6

Conclusion

The dataset provided by Gutmann et al. [3] is an ideal benchmark to test differ-
ent SLAM algorithms against each other. The map consists of only 6 landmarks,
which prevents any scaling problems. The noise in both the motions and ob-
servations of the Aibo are challenging enough for state-of-the art algorithms as
FastSLAM [17]. Although the dataset is easy to manage, still all aspects of the
motion model, observation model, corresponding noise models, validation gate
and resampling methods have to be carefully implemented before more complex
SLAM problems can be solved.
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