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Abstract
In recent decades research and development in the field of robotics
has been rapidly growing. A result of this growth can be seen in
the wide spread increase of the use of robots in industry. However,
the field of robotics does not only consist of robots for industrial
factory automation. A lot of research has also gone into service,
security and military robots. Many of the applications that fall
into the before mentioned categories are mobile robots. For mobile
robots to be able to operate safely within their environment they
need to be able to estimate their position within that environment.
As most environments are dynamic, at least to some extent, a
localization system has to be able to cope with that.

The system presented in this thesis uses the Adaptive Monte
Carlo Localization along with map maintenance method and out-
lier rejection for localization in dynamic environments. The map
maintenance method utilizes so called meta-rooms, re-constructed
static structure of rooms, to maintain a map for localization, as
it is more reliable to localize against static objects than dynamic.
The outlier rejection method filters out laser scan measurements
that do not arise from static structures in the environment, these
measurements are then used by the localization system along with
the maintained map. Experiments were performed on the system
in a simulator. In these experiments, the proposed system was
compared with the Adaptive Monte Carlo localization without
map maintenance or outlier rejection. The results were positive
and show that the new system gives less errors than the one it
builds upon.



Referat
Robotlokalisering i dynamiska miljöer

Under de senaste decennierna har forskning och utveckling inom
robotik vuxit snabbt. Ett resultat av denna tillväxt kan ses i den
utbredda ökning av robotar som används inom industrin. Men
området robotik består inte enbart av robotar för industriell fa-
briksautomation. En hel del forskning har också genomförts inom
service-, säkerhets- och militära robotar. Flera av applikationerna
inom de tidigare nämnda kategorierna faller inom rörliga robotar.
För att rörliga robotar ska kunna fungera säkert i sin omgivning
måste de kunna uppskatta sin position och riktning inom dess
arbetsmiljö. Eftersom de flesta miljöer är dynamiska, åtminstone
i en viss utsträckning, måste lokaliseringssystemet kunna hantera
det.

Systemet som presenteras i detta examensarbete använder Ad-
aptiv Monte Carlo Lokalisering tillsammans med en kartunder-
hållsmetod och en avvikelseförkastande metod för lokalisering i
dynamiska miljöer. Kartaunderhållsmetoden utnyttjar så kalla-
de metarum, vilket är den återskapade strukturen hos de statis-
ka rummen, för att uppdatera lokaliseringskartan, eftersom det
är mer tillförlitligt att lokalisera sig mot statiska objekt än dy-
namiska. Den avvikelseförkastande metoden filtrerar bort lasers-
kanningsmätningar som inte kommer från statiska strukturer i
miljön, dessa mätningar används sedan av lokaliseringssystemet
tillsammans med den uppdaterade kartan. Experiment på syste-
met utfördes i en simulator. I dessa experiment jämfördes det före-
slagna systemet mot Adaptiv Monte Carlo lokalisering där kartan
varken uppdaterades eller avvikelser förkastas. Resultaten var po-
sitiva och visar att det nya systemet ger färre fel än systemet som
det var baserat på.
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Chapter 1

Introduction

In recent decades research and development in the field of robotics has been
rapidly growing. A result of this growth can be seen in the wide spread
increase of the use of robots in industry. These robots are in many cases used
to replace humans in performing tedious and repetitive tasks, along factory
assembly lines, for example, in the automotive industry. These applications
offer various opportunities for optimization of factories across a wide spectrum
of industries due to speed, repeatability and accuracy of the robots.

However, the field of robotics does not only consist of robots for industrial
factory automation. A lot of research has also gone into service, security
and military robots. In the category of service robots we can place robots
for educational purposes, home care, assistance and entertainment. They can
also be aimed at more professional environments with tasks such as inspection,
maintenance and repair. An example of such tasks is window cleaning. When
it comes to security and military robots their main objective is to replace
humans in dangerous situations. They have been used for bomb disposal,
both on land and sea as well as for territory surveillance with unmanned
aircrafts. This list shows only a few examples of what robots are capable of
helping us with now, and in the future.

For industrial robots that are used for factory automation, their working
environment is in most cases very controlled and predictable. This is con-
trary to the environments in which most service and security robots will have
to operate in. Because of this, there are problems that arise from the less
predictable behavior in the environment. For example, let’s look at typical
environments that indoor service robots could be subjected to, homes, office
spaces, nursing homes and hospitals. All of these environments consist of var-
ious challenges, for example, they all have people moving around as well as
objects, such as furniture. The robot systems have to be able to cope with
these dynamics if they are to be capable of operating for long-term in these
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CHAPTER 1. INTRODUCTION

environments. Therefore, the design of these systems has to take into account
the environment dynamics and their unpredictability at times.

The examples of robots mentioned above include both stationary robots
as well as mobile robots. The industrial robots for automation are more com-
monly stationary than service robots, which are commonly mobile. When
it comes to mobile robots we can generally classify them as either ground
vehicles, underwater vehicles, aerial vehicles or a combination of the three.
Regardless of that, and the specific tasks that they are designed to perform,
all of them have two fundamental functions in common. That is, they have
to be able to localize within their environment and they have to be able to
safely navigate their environment. In this thesis, as the topic implies, we will
be looking at one of them, localization, specifically in a dynamic environment.

1.1 Problem Definition
For mobile robots, robust and accurate mapping and localization is a very
important factor in allowing the robot to become autonomous. These issues
have been a very popular research topic over the last couple of decades. Most of
the research has been aimed at solving the problem for environments that are
assumed to be static. However, the focus has shifted in recent years, towards
solving these problems for dynamic environments. As most environments are
at least partially dynamic, the ability to keep a map of the environment up to
date with the latest changes, as well as being able to localize within such an
environment, will mean that robots can safely operate autonomously within
them. In this thesis I will look to find and implement a robust method for
mobile robot localization in a dynamic indoor office environment.

Given that a robot has a map that represents the robots surroundings, the
problem of localization is one of estimating the robots position and orientation,
known as the pose, relative to that map. Figure 1.1 shows an example of a
one dimensional environment where a robot is positioned at x0 and at x1 there
is a wall. The robot is equipped with a range finder and is able to determine
the distance d between the robot and the wall. The robot has a map of the
environment and by using this map, which contains the position of the wall,
along with the distance measurement to the wall it can localize itself in the
map, x0 = x1 − d.

Now, assuming the environment in Figure 1.1 is static, i.e., does not change
over time, the robot will be able to correctly localize itself as long as it sees the
wall positioned at x1. On the other hand, if the environment is dynamic, i.e.,
it can change over time, the robot can have problems localizing if it does not
update the map used for localization according to those changes. In Figure 1.2
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1.1. PROBLEM DEFINITION

Figure 1.1. Example of one dimensional localization. Robot is placed at x0
and a wall at x1. The distance between the robot and the wall is denoted by
d.

another object has been introduced to the environment, this is the red object
positioned at x2. Assuming that the map that the robot uses to localize itself
has not changed, this will cause problems when it comes to localizing. Now
the robot is in the environment and measures distance to the object to be d2.
However, as it only has the object at position x1 in its map it will incorrectly
update its position. It is important to state that depending on the localization
system in use and the impact of other measurement sources, such as odometry
it varies how fast the pose estimation would diverge from the correct value
due to measurements from objects that are not represented in the map.

The example stated above clearly shows that for a robot to be able to
robustly localize in an ever changing environment it is important that it has the
ability to dynamically change how it represents its surrounding environment
in a map.

The problem can be split into two parts. First off, the robot has to be
able to maintain a map of the environment for use in localization. For reliable
localization this map should only represent the environment’s static structure.
This means that when the static structure changes, the map has to reflect
those changes. These sorts of changes will mostly be caused by the addition,
removal or repositioning of office furniture. The map should not contain highly
dynamic objects such as people or office chairs chairs.

For robust and accurate localization we want to use only static structures
to localize against. This means that the map described above will work well
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CHAPTER 1. INTRODUCTION

Figure 1.2. Example of one dimensional localization. Robot is placed at x0
and a wall at x1. A new obstacle has been inserted into the environment at
x2, red line. The distance between the robot and the wall is denoted by d1,
while the distance between the robot and the new obstacle is denoted as d2

for the purpose. The localization uses the map and observations of the envi-
ronment to determine the pose of the robot. The observations will be made of
the entire surroundings. This means that they will include both static and dy-
namic structures. Therefore, filtering out these dynamic structures is needed
for the localization purposes.

1.2 Chosen Method
The method chosen in this thesis can be separated into two parts, map main-
tenance and localization. For the map maintenance one key assumption is
made, that an already built map of the environment exists, this pre-built map
is a metric representation of the environment and along with this metric map
there is a topological map used for navigation. This topological map marks
places of interest, called waypoints, within the metric map. The map main-
tenance relies on a method that re-creates the static structure of cluttered
office environments presented in [1]. These static structures are then used to
maintain a static map of the environment for localization.

The localization method used is the Adaptive Monte Carlo Localization [2].
The method uses the map and observations from a laser scanner to localize
the robot. However, the maintained map consists only of the static structure
of the environment, while the data acquired by the laser scanner will give ob-
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servations of both the static and dynamic structures observed. Thus, to avoid
getting erroneous pose estimates from the system due to observed structures
that are not included in the map, the observations caused by dynamic struc-
tures need to be filtered from the laser data. The measurements that are
unlikely to arise from static structures according to the map are filtered out
of the scan and not used for localization purposes.

1.3 Goal
The goal of the thesis is to implement a localization method that can be
utilized on a mobile robot working in dynamic indoor office environments.
More specifically, the system has to be able to cope with robustly localizing
the robot in situations where the static structure has changed. Examples of
this is when furniture has been added, removed or repositioned.

1.4 Robotics and Society
When working in robotics and developing robotic applications, the work’s
impact on society, specifically from ethical standpoints, has to be considered.
In this thesis the research topic is, localization in dynamic environments, where
the environment the robot will work in are indoor office environments. This
implies that the robot will be working in environments where it can come
directly into contact with humans.

A localization system that is robust to these kinds of environments is an
integral part of any navigation system that will allow the robot to safely oper-
ate in its environment, that is, being able to navigate through the environment
without causing harm to humans, itself or other objects in the environment.
By having a better idea of its location, the robot will be able to more accu-
rately navigate and therefore it can have a safer interaction with humans and
its environment.

1.5 Thesis Outline
Following is the structure of the thesis, including a brief review of the chapters.

• Related work - As mentioned above, mapping and localization have
been popular research topics in recent times. Therefore, in this section
I will give a brief summary of some of the related work done on those
topics along with some more background needed for the rest of the thesis.
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CHAPTER 1. INTRODUCTION

• Mapping of Dynamic Environments - The map maintenance method
is described in detail in this chapter. First by explaining how the re-
construction of the static structure of a room is performed and then how
this can be used to maintain a map for localization.

• Mobile Robot Localization - Here, the Monte Carlo localization al-
gorithm is explained along with an extension of it, which is the Adaptive
Monte Carlo localization and the outlier rejection method that is used
to filter out dynamic structures from the measurements received from
the laser scanner.

• Experiments - In this section everything related to the experimental
evaluation of the method presented in this thesis is described. First
the experimental setup is described, this is then followed up with the
experimental results.

• Discussions - General discussion about the method chosen, its limita-
tions and possible improvements.

• Conclusions - A brief summary and conclusion of the work done.
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Chapter 2

Related Work

In this chapter, important terms related to this thesis are introduced with a
brief explanation. These key ideas are then followed up with introduction of
papers that present methods that have shown to be successful in solving the
same, or similar kinds of problems.

2.1 Mapping
A brief history of robot mapping is described by Sebastian Thrun in Robotic
Mapping: A Survey [3]. Along with the brief historical overview, this article
gives a description of various techniques used for indoor mapping. Mapping
approaches can be split up in two classes, metric and topological. The met-
ric map representations describe the geometric properties of the environment
while the topological describe the connectivity between different places of in-
terest.

One of the most popular mapping tools in mobile robotics is the occu-
pancy grid [4]. The occupancy grid is able to build a consistent map of the
environment, either in 2D or 3D, from noisy sensor data. The grid splits the
environment into cells of equal and predefined size. Each cell of the grid can
be either occupied or empty and the occupancy is represented by probabilities.
The standard approach uses a Bayes filter to calculate the posterior probabil-
ity of the occupancy of each cell from the measurements of the environment.
However, there are multiple ways one can update the occupancy of each cell
depending on the use.

An approach to mapping of dynamic environments that is based on the
occupancy grid is introduced in [5]. In this paper the mapping is done using
two separate occupancy grids to represent the environment. One grid is used
to represent the static parts and the other to represent the dynamic parts.
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CHAPTER 2. RELATED WORK

The paper details update rules for both sets of maps. In this approach, the
parts of the environment that are considered to be static are the ones that
have never been observed to move while the parts that have been considered to
move are considered dynamic. The union of these two maps will then give the
full map of the environment at any given time. No history of the occupancy
of dynamic objects is kept, neither is the history of the occupancy of cells in
the dynamic map. This approach also assumes good localization is available.

In [6] an improvement of the mapping in [5] is proposed. The improvement
allows for the introduction of objects that have previously been observed as
dynamic into the static map. This can be done only if it has been observed
to be static for a certain number of iterations. Another improvement is to
introduce numerical constraints into the mapping process to make sure that
the occupancy probabilities of each cell do not become either exactly 0 or
exactly 1, this is to prevent the algorithm from getting stuck on these values.

In [7] a method for map building in dynamic environments is introduced.
The sensor observations are obtained from a 3D laser scan, these scans are
used to build two 2D maps, which are an obstacle map for navigation and a
structure map for localization. The structure map consists of only the maxi-
mum distance readings in every direction. Both of these maps are local and
egocentric representations of the environment. However, the structure map
can be matched against an incrementally built map M of the environment, if
the structure map contains points that do not exist in M then they will be
added to it.

In [1], a novel method is presented for building and maintaining long-term
spatial models in a dynamic world. The static structure of the environment
is reconstructed by detecting changes between observations and removing the
dynamic objects from the model, these models are called Meta-rooms. The
model is a 3D representation of the static environment, the method also keeps
information about the dynamic parts of the environment. The information
contained in these Meta-rooms can be valuable for localization purposes as it
could potentially be used to help with long-term 2D map maintenance.

2.2 Localization
As briefly described in the introduction, the problem of localization is one of
estimating the pose of the robot with respect to a map of its environment.
Depending on the state of the environment and the information available to
the robot, both initially and during run-time, there are various ways that the
problem of robot localization has been attacked. In the book Probabilistic
Robotics [8] a taxonomy of localization problems is described. The environ-
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ment can be classified as either static or dynamic.

• Static environment - This is a type of environment where the only
moving object within the environment is going to be the robot. That is,
over the whole of the operational period of the robot every single object
in the environment remains in the exact same location.

• Dynamic environments - This is a type of environment where the
robot is not the only object that can move around. The objects within
the environment can have a change both in position as well as in ori-
entation. The frequency of movement of dynamic objects can vary a
lot, for example, a human that is walking around in the environment is
highly dynamic where as furniture, which is usually static, is not very
dynamic.

It is intuitive that localizing in a dynamic environment is going to be more
difficult than in a static one. This is because, as mentioned earlier, localiza-
tion is the act of estimating the robot’s position relative to the environment’s
map. Therefore, if the environment is dynamic, the dynamic objects may not
be correctly modeled by the map and can therefore cause problems for the
localization system. Solutions to this could be either to filter out measure-
ments caused by dynamic objects and therefore minimize their effect on the
process, or during run-time keep track of the dynamic objects, for example,
with mapping.

Depending on the information available to the robot initially and on run-
time there are two approaches generally taken to the localization problem.

• Pose tracking - When the information about the robot’s initial position
is given, pose tracking can be used from the beginning of the operation
time. In pose tracking, the uncertainty of the robot’s position can be
modeled using a unimodal probability distribution, for example a Gaus-
sian distribution. The problem of pose tracking is one of estimating the
change in pose from one time step to another and, in general, it uses
odometry information along with information from sensors interacting
with the environment.

• Global localization - This is the process of finding the robots pose
from scratch, with no or very limited knowledge of the initial pose. For
global localization, using a unimodal probability distribution is usually
not enough as the robot may have to be able to keep track of more than
one pose hypothesis before it converges to a solution. During global
localization the robot also utilizes odometry information along with in-
formation from sensors interacting with the environment.
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In [9] a localization method for dynamic environments is introduced, this
method uses place recognition to give a coarse estimation of the robot’s posi-
tion and orientation. During a run from the initial position to the destination
the robot uses the place recognition to match between places it has visited
and the sequence of places on the route.

Markov localization for mobile robots in dynamic environments is intro-
duced in [10]. In Markov localization the robot maintains a probability density
over the whole state space, that is, the possible locations of the robot. The
space is represented metrically, with a fine grained grid to approximate the
densities. The approach introduced also includes a filtering technique which
allows the system to reliably estimate the robots position, even if its sensors
are blocked for some time.

The well known and widely used Monte Carlo Localization is introduced in
[11]. It uses a particle filter to estimate the pose of the robot using odometry
and sensor measurements. Each particle of the filter represents a possible
pose of the robot. A typical initial setting for the filter is to have the particles
uniformly distributed over the state space, when the robot moves, the particles
are shifted to predict the state after the movement. When the robot makes a
measurement, the particles are resampled based on how well the sensed data
correlates with the particle set. The particles should converge to the actual
position of the robot.

The size of the particle set used in the Monte Carlo Localization is defined
beforehand. This can be computationally inefficient, specifically if in the be-
ginning the robot has to globally localize and then just do pose tracking when
the filter has converged. The reason for this is that for global localization in
large environments the particle set size would need to be very big to be able
to represent the distribution over the whole space. However, when the filter
converges it needs far less particles to represent the probability distributions
when tracking the pose. A method to adaptively change the size of the parti-
cle set is introduced in [2]. The method uses Kullback-Leibler divergence to
estimate the quality of the particles sets estimation of the true distribution.
Thus the algorithm adaptively adjusts the size of the particle set, if the es-
timation is not good enough more particles are added, when the estimation
becomes good enough no more particles are added.

2.3 Simultaneous Localization and Mapping
In order for a robot to be able to build a good map of an environment the
robot has to be able to localize itself well within that environment, and to be
able to localize well it has to have a good map of the environment. Therefore,
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it is difficult to do one of these without the other. Methods for doing both at
the same time have been developed and those go by the name of Simultaneous
Localization and Mapping.

A simultaneous localization and mapping (SLAM) method is introduced
in [12]. This paper is an extension of work in [5]. The addition it provides is
the localization which is done simultaneously with the mapping. In addition
to the two occupancy grids, the static and dynamic, a feature map is added.
This feature map contains static features of the environment that can be used
for localization. The SLAM algorithm used in this approach is the Extended
Kalman filter from [13] and the features used are corners. As corners can
also be found on dynamic obstacles, the corners observed in measurements
are compared to the static grid map and only if the region in the static map
that corresponds to the corner observed is occupied the feature is introduced
to the feature map.

A robust method for localization in semi-static environments is introduced
in [14]. In this paper the objects in the environment are classified as static,
semi-static or dynamic. The static objects are those that never move, semi-
static objects are ones that move with a low frequency, more specifically, do
not move while they are observed by the robot. The dynamic objects are ones
that move while being observed by the robot, these objects are filtered out of
observations and not used. The robot has a reference map of the environment
that consists of static objects. When the robot makes observations that are
not caused by static objects it creates a local semi-static map. The reference
map is then used alongside the semi-static maps for localization. When the
robot’s observations are consistent with the reference map, that is used for
localization, otherwise the closest semi-static map to the current pose is used.
The localization method used is an extension of a standard particle filter
localization.

Experimental analysis of sample-based maps for long-term SLAM is given
in [15]. This paper addresses the stability-plasticity dilemma, i.e. the trade-off
between adaptation to new patterns and preservation of old patterns. This is
done by maintaining multiple sample-based maps, each representing a different
timescale. The maps use the sensor data itself as primitives of the representa-
tion. The map is a set of samples, each sample being a measurement that has
been recorded before the latest time step. The sample set is updated at each
time step with an update rule that removes some of the previous samples and
replaces them with new. This makes the maps dynamic. The localization then
compares the sensor data to the maps of the different timescales and chooses
the one that best fits the data.

Dynamic Pose Graph (DPG) SLAM is introduced in [16], where they ad-
dress the problem of long term mapping in low dynamic environments. The
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DPG is an extension of a pose graph, which optimizes the robot’s pose ex-
plicitly, while the map is represented by the associated laser scans. The DPG
maintains an active and a dynamic map. The other contribution is the intro-
duction of DPG SLAM which takes care of complexity management of long-
term robot map maintenance in dynamic environments by selecting nodes that
are not needed.
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Chapter 3

Mapping of Dynamic Environments

The map maintenance method created in this thesis is described in detail in
this chapter. First, we explain how the re-construction of the static structure
of a room is performed. After introducing the idea of the static structure of
the rooms and how they are built, the focus will be on how these structures
can be used to keep a map up to date for localization.

3.1 Meta-rooms
In [1] the idea of meta-rooms is introduced. A meta room is a three-dimensional
model of the static structure of a room. This method builds meta-rooms and
updates them as new observations of the room are made. Therefore, this
method gives a long-term estimation of the static structure of the rooms along
with information about the dynamic objects that were present during the last
observation made. The information from these meta-rooms is therefore very
useful for maintaining a map for localization, the reason for this is that static
structures are more reliable for the purpose of localization.

As mentioned earlier, the robot has moved around the whole of the office
space beforehand and built a metric map of the environment. Along with the
metric map, the robot has a topological map. The topological map is made
up of several waypoints, these waypoints are placed at positions that are of in-
terest to us when it comes to navigation, for example in rooms and interesting
places in a corridor. It is at these waypoints that the meta-rooms are built.
The robot navigates around the office space and stops at designated waypoints
to make observations of the surrounding environment. The observations are
made with an RGB-D camera. When the robot reaches the waypoint it takes
a sweep of the room with the camera. A sweep is defined as a sequence of
observations taken at different positions using a pan tilt mechanism. This
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CHAPTER 3. MAPPING OF DYNAMIC ENVIRONMENTS

sweep is then used to update the current meta-room. After the meta-room
has been built, information about the current static and dynamic parts of the
room is available.

At the beginning, when the robot has not made observations at any of the
waypoints, it has to use the first sweep at each waypoint to initialize the meta-
room associated with that waypoint. This means that initially, every structure
detected in the environment will be a part of the meta-room. This includes
objects that are in reality dynamic, but have only been observed once so the
system does not know if they are dynamic or not. Another important step in
this initialization is to detect the boundaries of the room. This is done so that
things that are seen outside of the room, therefore not of interest when building
up the static structure, will not be included. These are, for example, things
that are observed through windows or open doors. The algorithm developed to
find these primitives uses a RANSAC based estimator to first extract floor and
ceiling primitives and then uses those to search for perpendicular primitives.
From those primitives that are perpendicular to the floor, the outer most are
used as boundaries for the room. This method works for rooms that have
walls with planar surfaces or a convex shape.

As mentioned, in the initialization step it is not possible to make any
distinction between what is static and dynamic in the environment, so after
the first observation everything is considered static, but as more and more
observations are made for a specific waypoint, the dynamic objects will be
detected and removed from the static structure and the static structure will
become more stable. Maintaining the static structure of the environment does
not only mean that the dynamic structures should be identified and removed,
the method also has to be able to add objects, objects that are added to the
scene, e.g., new furniture, or deal with changes such as movement of furniture.
First let’s look at how new observations are used to update the meta-room,
then how the method handles room changes.

In the update, structures that have been deemed dynamic will be removed
and the space that was previously excluded from the room because of these
dynamic structures will have to be added. When a new observation at a
waypoint becomes available the sequence of observations is merged into a
complete cloud, this complete cloud is then registered with the current meta-
room. This step is performed so that any sort of error in localization will not
affect the comparison between the two clouds.

After doing this alignment the differences between the two clouds are used
to update the meta-room. In the update algorithm the first step is to take
the point cloud difference from the room observation to the meta-room and
the point cloud difference from the meta-room to the room observation. Con-
nected component analysis is performed on the resulting clouds, this clusters

14



3.1. META-ROOMS

together points that belong to the same objects, small clusters are considered
noise and are filtered out. Each difference cloud gives a set of clusters, C1
corresponds to the set of clusters obtained by the difference from the meta-
room to the room observation and C2 corresponds to the other set of clusters.
Now it is possible to check if clusters should be added to the meta-room or
removed from it. The following two rules are used:

• “If a cluster from C1 is occluded by another cluster from C2, it should
not be removed from the meta-room, as it could be part of the static
structure.” [1, p. 3]

• “If a cluster from C2 is occluded by another cluster from C1, it should
be added to the meta-room, as it could be part of the static structure.”
[1, p. 3]

After cross checking between the two sets of clusters the meta-room is updated
accordingly. As mentioned above, the algorithm also handles room changes,
that is the changes in the room that are not considered to be caused by
dynamic objects. These changes can for example be when furniture, that has
been classified as static in the meta-room, is moved. Another is when new
pieces of furniture are added to the environment. The meta-room has to be
able to deal with these changes and update the static structure of the room
accordingly. This is done by looking at the clusters that have been left out
of the meta-room in previous room observations. The difference between past
room observations and the meta-room are calculated and clustered. Then it is
checked if similar clusters appear in all of the previous observations considered
and not in the meta-room. If so, and they are in the same position spatially
and within a certain threshold, these clusters should be considered to be static
and added to the meta-room.

3.1.1 Example of a Built Meta-room
In Figure 3.1(a) an environment from the MORSE [17] simulator can be seen.
In this figure we can see the robot that is used to build the meta-rooms. In the
figure the robot is placed at a certain waypoint that is defined within the metric
map. The robot makes an observation at this waypoint and the resulting
merged point cloud can be seen in Figure 3.1(b). This is the first observation
the robot has made at this waypoint and after having built the merged point
cloud it initializes a meta-room. This meta-room can be seen in Figure 3.1(c).
In this figure the meta-room is just a down sampled version of the merged
cloud in Figure 3.1(b) as it is the initialization stage. After the robot has made
several observations at this waypoint the meta-room becomes stable. For the
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(a) Robot in the simulated environment. (b) Merged point cloud that the robot builds
after observing the environment in Figure
3.1(a)

(c) A meta-room made from the point cloud
from figure 3.1(b).

Figure 3.1. Example of an environment where a robot builds a meta-room.
The robot is placed at a waypoint in the environment and builds a meta-room
of the waypoint’s surroundings.

purposes of demonstrating how the method distinguishes between static and
dynamic structures, these observations were all made without changing the
environment from Figure 3.1(a). Now a small red robot is introduced to the
scene, the new scene can be seen in Figure 3.2(a). Now another observation
is made and the resulting merged cloud can be seen in Figure 3.2(b). As we
can see there the robot is in the merged point cloud. However, as this is the
first observation including this robot it will not be added into the meta-room.
The resulting update of the meta-room is therefore without the robot. This
update is in Figure 3.2(c). In Figure 3.2(d) we can see the resulting dynamic
clusters after the observation. As the robot had not been seen previously it is
considered dynamic.
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(a) Robot in a simulated environment, along
with a red robot that acts as a dynamic ob-
ject.

(b) Merged point cloud that the robot builds
after observing the environment in 3.2(a).

(c) A meta-room updated with the merged
point cloud from 3.2(b).

(d) Dynamic clusters resulting from the ob-
servation from the merged point cloud in
3.2(b)

Figure 3.2. Example of the same environment as seen in Figure 3.1, with
the addition of a red robot. The red robot acts as a dynamic obstacle to show
how dynamic obstacles are handled by the meta-rooms.
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3.2 Using Meta-rooms for Map Maintenance
As mentioned above the Meta-rooms are built in certain waypoints, which
are defined by a topological map. This implies that the map maintenance
will only be done at these previously defined waypoints. Depending on how
the waypoints are defined with respect to the metric map this maintenance
method may or may not be able to maintain the whole metric map.

The way that the Meta-rooms are used to maintain the map can be broken
down into the three following steps, these steps will be explained further in
the following subsubsections.

1. Aligning Meta-rooms to global map.

2. Extracting relevant data from Meta-room.

3. Map maintenance.

3.2.1 Aligning Meta-rooms to Global Map
As mentioned earlier the Meta-rooms are built at specific waypoints. The
robot navigates to the desired waypoint using the maintained map and local-
izes itself using the AMCL. When the robot has determined it has successfully
reached a waypoint, its pose is within certain boundaries of the waypoint.
This, along with the fact that the localization is not perfect, will mean that
the room sweeps will not always be executed at the exact same pose with
respect to its environment.

For this reason, the Meta-room and its associated dynamic clusters have
to be aligned with the maintained 2D metric map. The Meta-rooms and its
dynamic clusters are built in the metric map frame of reference but can be
slightly misaligned due to the errors mentioned above. Thus, a brute force
method was chosen to perform the alignment. To successfully perform an
alignment like this it is important to set the boundaries of the transformation
search so that the expected errors in the pose estimate can be corrected for.

To be able to align the Meta-room to the 2D metric map we need to extract
from the Meta-room the information that is likely to be at least partially
present in the 2D metric map. Given that the environment that the robot is
working in is indoor office spaces, it is likely that the walls of the rooms are
at least partially present in the 2D metric map. Thus, walls can be extracted
and used for alignment.

Algorithm 2 shows the brute force alignment algorithm used for the align-
ment. Since walls of the room have been chosen for the alignment process the
first thing that needs to be done is extracting the walls from the Meta-room.
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Algorithm 2: Alignment algorithm
1 Extract walls from Meta-room;
2 initialize best_score and best_transform_parameters;
3 for xmin ≤ x ≤ xmax do
4 for ymin ≤ y ≤ ymax do
5 for θmin ≤ θ ≤ θmax do
6 Transform extracted walls;
7 Score the transformation;
8 if score ≥ best_score then
9 Update best_score;

10 Update best_transform_parameters;
11 else
12 Continue to next iteration;
13 end
14 end
15 end
16 end
17 Return best_transform_parameters;

This extraction is done by creating a 2D histogram of the room. Then, for
each point in the merged point cloud of the room, the x and y values of the
points are checked and the bin of the histogram that corresponds to those x
and y values will be given a vote. By doing this we can see the distribution
of the points from the point cloud on the 2D plane in which we have the
metric map. The walls can then be extracted by thresholding the histogram,
the appropriate threshold depends on the height of the walls as well as the
resolution of the point cloud. By extracting the coordinates of the cells that
have their vote count over the threshold we will obtain the coordinates that
we believe to be a part of a wall.

In line 2 of Algorithm 2 we can see the initialization of the parameters used,
this step initializes the best score to zero, and the best transform parameters,
x translation, y translation, θ rotation around z, all to zero. Thus, if a score
better than zero will not be found, the data from the merged cloud will not
be transformed.

In lines 3-5 of Algorithm 2 the three nested for loops that run through the
translation and rotation parameters are defined. The first for loop iterates
over the possible translations in x, the second over the possible translations
in y and the third over the possible rotations around the z axis. In the
inner most for-loop the transformations are then calculated according to the
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transform parameters of each iteration through the loops. By doing this we
are able to get every possible transformation available within the boundaries
of [xmin, xmax], [ymin, ymax] and [θmin, θmax].

After calculating each transformation of the walls, it needs to be scored.
The scoring is done in a simple way, for each point of the transformed wall,
the value of the corresponding cell in the maintained map is checked. If the
cell is occupied then the score is incremented. Then the accumulated score
of the extracted wall is compared against the previous best score, if the score
for the current wall is higher than the best score then the best score will be
updated with the current score and the best transformation parameters will
be updated with the current parameters. After the iteration process is over
the best transformation parameters are returned.

In Figure 3.4(a) we can see an example of walls extracted from a meta-
room. This is at the same waypoint as shown in Figure 3.2(a). The extracted
walls are in green in the figure and have been projected on to the map. It can
be seen that the walls are slightly misaligned, to the left in the figure. After
using the alignment algorithm on these extracted walls we get the resulting
walls in Figure 3.4(b). Here the transformed walls are seen in red. As can be
seen in this figure the walls have moved to the right in the figure and can be
seen to fit the walls in the map better.

3.2.2 Extracting Relevant Data From Meta-room
After retrieving the transformation parameters to align the merged cloud to
the 2D map it is possible to extract the relevant data from the two point
clouds we have available, the complete cloud and the dynamic clusters. Since
the localization system uses a laser to obtain observations to compare to the
map, the majority of the data available to us in the point clouds are of no use
when it comes to updating the map. Therefore, a slice of each cloud can be
filtered out for the update purpose. Extracting a slice from the cloud means
that only the points from the point cloud that are above a low threshold and
under a high threshold will be extracted. The thresholds are defined by the
height of the actual laser.

3.2.3 Map Maintenance
As mentioned above the data used for the map maintenance is a slice of the
point cloud from the meta-room at the height of the laser. From this slice we
have all the points that correspond to a structure within the environment that
the laser scanner will observe in its measurements. Therefore, for the purpose
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(a) (b)

(c) (d)

(e) (f)

Figure 3.3. This figure is an illustration of how the alignment works. In
Figure a) we see a map that contains outlines of walls in black. In figure b)
we can see an example of extracted walls from a meta-room, for illustration
purposes they are extremely badly aligned. Figures c) and d) show how these
walls would be added into the map. Now, it is simple to see that to align
the walls extracted from the meta-room to the map we only need a simple
rotation and then two translations as shown in Fsigures e) and f).

of adding structures to the map, the cells in the map corresponding to the
points in the point cloud slice, can be marked as occupied.

When updating the map it is not enough just to update the cells that are
known to be occupied, we also need to be able to deduce which cells should be
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marked as free. A common way of updating a grid map using a laser scanner
is look at the cells where the beam of the laser scanner observed an object and
update the probability of that cell being occupied. From that cell, the beam
of the laser is then traced back to the robot and all the cells that the beam
goes through should be updated with a probability of being free.

As the meta-rooms represent a confined space, a room or a place of interest
in a corridor, we need to make sure that the map will only be updated accord-
ing to the boundaries of the room. Another thing that we need to consider is
that there is a radius around the robot that can not be updated as this space
within the room is not seen by the RGB-D camera and therefore is not a part
of the meta-room. The third thing to consider about the boundaries is that
some rooms might be too big, that is, some part of the room might be out
of range for the depth camera and therefore not included in the meta-room.
Figure 3.5(a) shows a simple example of a map of a room where the orange
circle represents the robot. In Figure 3.5(b) the two blue circles surrounding
the robot denote the boundaries of the area that can be updated with this
approach. The area that can be updated is from the inner circle to the outer
circle..

Considering the things discussed above it is now possible to design a
method to update the localization map using the information available. The
update algorithm designed is Algorithm 3, the first step of the update algo-
rithm is to update cells that now should be considered free. To do that we
need to look at every cell that is within the boundaries of the camera, that is
from the shortest included range to the maximum range, 360 degrees around
the robot. For each point on the circle around the robot, that makes up the
maximum range of the camera, we first look if there is a wall along the way
from that point to the cameras lower boundary. In Figure 3.5(d) we can see
the rays that we search in. If there is a wall, we mark it as occupied in the
grid and we do not update the cells that are beyond the wall. The cells from
the wall to the lower boundaries are then marked as free, no matter if they
correspond to a point in the point cloud slice or not, the reason for this is
that we will add all of the points from the point cloud after we update the
free cells so that they will not be overwritten. If there is not a wall on the
way between the boundaries of the camera we can update all the cells along
the way as free, for the same reason as before. Now, after having cleared cells
from the map we can update the cells that correspond to the points in the
point cloud slice.
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Algorithm 3: Map update algorithm
1 for 0 ≤ θ ≤ 360 do
2 Find cell corresponding to camera outer boundary;
3 if Wall between outer and inner boundary then
4 Mark wall cell as occupied;
5 for All cells from wall to lower camera boundary do
6 Mark as free;
7 end
8 else
9 for All cells between boundaries do

10 Mark as free;
11 end
12 end
13 end
14 for All points in point cloud slice do
15 Mark corresponding cell in map as occupied
16 end

3.2.4 Example of Adding an Object to the Map
In Figure 3.6(a) we can see an example of an environment. In Figure 3.6(b)
we see a map of that same environment before the sofa was placed there. In
Figure 3.6(c) we can see the same map but with light blue dots, these dots
represent the endpoints of the measurement from the laser scanner. We can
see that the measurements from the laser scanner fit the walls pretty well, we
can also see that the scanner can see the sofa that has been added but not
been included in the map. Now, the robot made a sweep of the environment
and the updated map can be seen in Figure 3.6(d). In Figure 3.6(e) we can
see the measurements from the laser scanner, which fit well to the position of
the sofa in the map.
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(a) In green are the walls extracted from a meta-room built at the waypoint that the robot
is placed at in Figure 3.2(a).

(b) The result from applying the aligning algorithm on the extracted walls from Figure
3.4(a). The red structures depict the walls after applying the alignment algorithm.

Figure 3.4. Example of how the alignment works. The black structures in the
map are obstacles, in this case the walls. In figure a) the green structures are
walls from the meta-room before the alignment. In figure b) the red structures
are the walls from the meta-room after alignment. In both figures the walls
from the meta-room are overlapping the walls in the map.
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(a) Simple example showing a map of a
room, the orange circle is a robot.

(b) Area within the two blue cirlces is the
area that can be updated.

(c) Red cells show the outer perimeter of
the area that can be updated.

(d) The blue lines are rays from the cen-
tre of the robot to the cells at the outside
perimeter of the range.

Figure 3.5. Simple example of a map to show the areas that can be updated,
i.e., the areas that are in the view of the RGB-D camera. Along with example
of rays that we use for ray-tracing and updating the map.
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(a) Environment that consists of a room
that contains a sofa.

(b) A map of the environment in Figure
3.6(a) before the sofa was added.

(c) A map of the environment in Figure
3.6(a) before the sofa was added. The
light blue dots represent the measure-
ments from the laser scanner on the robot.

(d) A map of the environment in Fig-
ure 3.6(a) after using the map mainte-
nance method, therefore, the sofa is now
included.

(e) A map of the environment in Fig-
ure 3.6(a) after using the map mainte-
nance method, therefore, the sofa is now
included. As before, the light blue dots
show the laser scan measurements from
the robot.

Figure 3.6. Example of how the map maintenance method updates a map
of an environment where the static structure has changed.
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Chapter 4

Mobile Robot Localization

The localization method utilized in this thesis is an extension of the Monte
Carlo Localization (MCL) [11]. This extension is often called Adaptive Monte
Carlo Localization (AMCL) [2]. In this chapter, the MCL algorithm will be
explained along with the extension and the method introduced to filter out
outliers from the laser scan measurements.

4.1 Monte Carlo Localization
The Monte Carlo Localization uses a particle filter algorithm for mobile robot
localization. The particle filter estimates the state of the system, the pose, by
using a weighted set, St of n particles that are representative of the pos-
terior belief of the system Bel(xt), where xt is the state at time step t.
St = {(x(i)

t , w
(i)
t )|i = 1, ..., n} is the set of all possible states where wi

t is the
importance weight for the i-th state (particle). The sum of the importance
weights is equal to one, the weight of each particle gives an estimate of how
likely it is that the true state of the robot is where the particle is.

For the filter to be able to estimate the robot’s pose it needs to have a
map of the surrounding area, along with the map it needs a control measure-
ment and an observation of the environment. The control measurement ut

can be the robots motion, odometry which can, for example, be retrieved by
rotary encoders on the robot’s motors. The odometry is gathered from sensors
that make observations about the internal state of the robot, not the environ-
ment. The observation of the environment, zt, can, for example, be from a
laser scanner or other sensors that give information about the surrounding
environment.

In every iteration, the algorithm receives a map mt, a control update,
ut−1, and an observation, zt along with the sample set St−1 that represent
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the robot’s belief at the previous time step. The algorithm uses the sample
set that represents the belief of the robot’s state at the previous time step.
Using the control update along with the previous set of particles, a new set of
particles is sampled from a motion model, the motion model uses the control
to predict the state of the particles according to the robot’s estimated motion.
After this sampling step new importance weights need to be assigned to each
particle. The importance weights are determined by the measurement model,
this model uses the observations, particle set and the map to determine the
weights. Each particle is given a weight depending on how well the current
measurement fits the map, if that particle was in fact at the system’s true state
its importance weight would be very high. The measurement model used in
this thesis will be discussed in a later section. The last step is then to sample
from this set. This sampling is done in accordance to the importance weights,
that is, a particle is sampled with probability proportional to its importance
weight. By doing this, particles with higher importance weights, the ones that
are more likely to represent the true state of the system, are more likely to be
sampled. In fact, the same particle could be sampled more than once while
some of the particles with very low importance weights are likely to not be
sampled.

4.1.1 Measurement Model
The measurement model that will be used for this thesis is the likelihood field
model [8]. The likelihood field model is chosen because it has been shown to
work well in practice. However this model lacks good physical explanations
so it is considered to be an "ad hoc" algorithm. The algorithm uses the map,
the particle set and the measurement from the laser scanner to compute the
importance weights of the particles. The first thing that needs to be done
is project the endpoints of the measurements from the laser scanner to the
reference frame of the map. The likelihood of that point hitting an obstacle is
given by the likelihood field. In Figure 4.1 on the left we can seen an example
of an environment that contains three obstacles and on the right hand side of
that figure we see the likelihood field that corresponds to this environment.
The likelihood of the place containing an obstacle is given by the gray scale.

In [8] there is a mention of two key disadvantages that arise from using
this model. The first one is that this model does not explicitly model dynamic
objects that could cause short readings. Secondly it treats the sensors as if
they could see through walls, this comes from the fact that the transforma-
tion calculated from the endpoint of the laser beam to the map is calculated
without any concern of obstacles that may lie between the origin of the laser
beam and the endpoint of it. The first problem is something that will be
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Figure 4.1. Example of a likelihood field [8]. On the left hand side we have a
map of an environment that contains three obstacles. On the right hand side
we have the corresponding likelihood field where the gray scale represents the
likelihood of a specific place containing an obstacle.

discussed in a later section. The second is something we can take advantage
of in this thesis. As can be seen in the mapping chapter, whenever a map is
updated using a meta-room, the map will include the walls of the room, even
if an object is placed between the laser scanner and the wall. Therefore, if
this object is moved and the map has not been updated yet, this change in
the environment would not have a negative effect on the system as the wall
will be in the map and the likelihood at that place will be high.

4.1.2 MCL Example
Figure 4.2 shows how the MCL works using a 1D example introduced in [2].
In Figure 4.2(a) the corridor can be seen, there are three doors and the robot
is positioned by the left most door. In the same figure the belief can be seen,
the belief is represented by a set of uniformly distributed particles. The height
of the particles indicates their importance weights, at this stage each particle
has the same importance weight. In Figure 4.2(b) the robot has received a
measurement, in this observation the robot has seen a door to its left hand
side. The upper part of Figure 4.2(b) shows the likelihood of this observation.
In the lower part of that figure the particles can be seen. The distribution of
the particles is the same as before since they have not been resampled, but the
importance weights have been adjusted according to the measurement, thus
the particles where the measurement likelihood is high get higher weights.
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Now in Figure 4.2(c) the robot has moved. The set of particles shown in
that picture are after having resampled the previous set and incorporated the
control update. Now the distribution of the particles has changed and is more
concentrated around the areas where the importance weights were high in
the previous set. A new measurement arrives which gives the measurement
likelihood shown in the upper part of Figure 4.2(d) and in the lower part of
that figure the likelihood of the measurement has been incorporated into the
importance weights, there it can be seen that only one of the three dense
clusters of particles gets high weights, this is in fact the cluster which best
represents the true position of the robot. As the robot moves again, as in
Figure 4.2(e), the particles are resampled from the previous distribution and
we can see that there is one dominant cluster of particles and that cluster is
close to the true position of the robot.

4.2 Adaptive Monte Carlo Localization
The Adaptive Monte Carlo Localization, AMCL, aims at improving on the
MCL algorithm by adjusting the amount of particles in use. That is, when
the robot is very unsure of its position it will use more particles, but when the
filter has converged it can track the pose of the robot with a small number of
particles.

The AMCL algorithm uses Kullback-Leibler divergence, KLD, to adjust
the number of particles used. KLD is a measure of the difference between two
probability distributions. The idea behind using KLD to adjust the particle
set size is to be able to adjust the size based on the quality of the particle
set’s approximation of the true distribution. The input to the algorithm is
the weighted sample set, map, control and measurement and statistical error
bounds ε, δ. These error bounds are used to determine the number of particles,
this is done by ensuring that the error between the true posterior and the
sample based approximation is less than ε with probability 1− δ.

Since the sample set that is used as an input is weighted, the samples
are not resampled as in the MCL algorithm. In each iteration the algorithm
generates particles until it has enough to fulfill the requirement mentioned
above. To determine if this bound has been reached, the algorithm uses a
histogram over the 3D state space. In each iteration all bins are initialized
as empty. Then particles are drawn from the previous set with probability
proportional to their importance weights. The new state of the particle is
then predicted using the control update like in the MCL algorithm. Each
particle is then assigned a weight according to how well the measurements
match the map at the particles state.
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Figure 4.2. Example of how MCL works in 1D corridor [2].
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After a particle is sampled, its new state predicted and it has gotten a new
importance weight, it is placed in a bin on the histogram. When a particle
is placed in an empty bin a counter k is incremented. This k along with
the statistical bounds mentioned before, determine the number of particles
needed to represent the state space efficiently. If the sampled particles are
very spread around the state space, the belief of the filter has not converged,
then the particles will fill a lot of different bins which means that the k becomes
high, which will make the needed particles high. On the other hand if the filter
has converged and the particles are very focused in a small cluster this will
mean that a lot of them fall into the same bins and therefore the k will be
low, which in return will make the required number of particles low.

4.3 Filtering of Laser Data by Using Outlier
Rejection.

For robots operating in a dynamic environment keeping an up to date map of
the static structures in the environment is very important for good localization,
but it is also important to look at the measurements received from the laser
scanner and make sure that the measurements used for the localization arise
from obstacles currently in the map. By doing this, we check if it is possible
to filter out the specific laser beams that are giving measurements of dynamic
obstacles.

The filtering method is based on the one mentioned in [8] in a section
called Localization in Dynamic Environments. The algorithm looks at how
well each beam of the observation made by the laser scanner fits the map. To
do this it has to look at how well each beam fits every particle. Now, it is
important to note that for this to work we have to make sure that the AMCL
pose estimation has converged, i.e., the particle set is concentrated in one
cluster. One way of doing this, and the way used in this thesis, is to calculate
the average of all of the particles in the particle set, next check how far each
particle is away from the average position. If all of the particles are within
a certain distance threshold of this mean position the filter is considered to
have converged.

Before doing any filtering, or outlier rejection, it is very important to know
if the AMCL has converged or not. This is because it is not feasible to discard
any measurements of the environment if the robot is not sure about where it
is. Therefore the outlier rejection will only be performed when the AMCL is
deemed to have converged, note that it is possible for the filter to converge
and then diverge from that solution again.
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The outlier rejection works in the following way. When the filter has
converged, for every laser scan received we check how well each beam of the
scan matches the map. Checking that requires looping through every particle
of the particle set and for each of them, check where the endpoint of the beam
hits the map. From where the endpoint of the beam hits the map a search is
made for the closest obstacle in the map within a certain distance threshold,
dthresh. If such an obstacle is found, a counter is incremented. After having
made this check for the whole particle set, the ratio of the counter against the
total number of particles in the set is checked. If this ratio is higher than a
certain threshold, inlierthresh the beam will be kept, however, if the ratio is
lower than the threshold the beam will be rejected as an outlier and not used
further for the localization.

By using this kind of outlier rejection we can make sure that spurious
measurements will not incorrectly lower the weights of particles that give a
good representation of the robot’s current state.
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Chapter 5

Experiments

The work done in this thesis was implemented on a MetraLabs Scitos G5 mo-
bile robot platform. The robot is used within the European project STRANDS.
The Robot Operating System is used on the platform and the implementa-
tion in this thesis was done in the programming language C++. For the
experiments the MORSE simulator was used [17]. In this simulator, all of
the functionality of the Scitos G5 is available along with an environment that
is suitable for testing. The sensors on the robot that are used in this ex-
periment are a PrimeSense RGB-D camera and a laser scanner. The laser
scanner returns 180 measurements for each scan. The software packages used
in the experiments are the same as are used on the Scitos G5 robot at KTH
called Rosie. The simulation environment can be seen in Figure 5.1(a) and a
previously built map of that environment can be seen in Figure 5.1(b).

For the purpose of testing out the performance of the system presented
in this thesis the new system will be compared against the system it builds
upon.

The original system utilizes a previously built map of the environment
along with measurements from a laser scanner placed on the robot for the
localization. The localization system itself is the AMCL.

The new system starts with the same previously built map as the old
system, but has the capability of updating this map with the map maintenance
method presented. The localization system itself is the AMCL and it uses the
map provided by the map maintenance method along with the measurements
from the laser scanner for the localization.

To be able to calculate the localization error a sensor that gives the absolute
position within the simulated environment was used. The information from
this sensor was then transformed using a transformation found between the
map frame and the environment frame.

The experiments conducted to evaluate the system presented in this thesis
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(a) The simulated environment used for the experiments in this
thesis. The environment is from the MORSE simulator [17].

(b) A metric 2D map of the environment seen in Figure 5.1(a).

Figure 5.1. The simulated environment used for the experiments and a
pre-built map of the environment.

aim to answer the three following questions about localizing in an indoor office
environment:

• Is the localization improved by using the map update method introduced
in this thesis?

• Is the localization improved by using the outlier rejection method intro-
duced in this thesis?

• Is the localization improved using the map update method combined
with the outlier rejection?
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For the purpose of being able to answer the questions stated above, three
different experiments were set up. As can be seen in Figure 5.1(a) the simu-
lated environment is something that can be likened to an indoor office environ-
ment. For these experiments one room in the environment has been equipped
with office furniture, an example of the furniture setup can be seen in Figure
5.2(b). In the following sections the three different experiment setups are ex-
plained along with the experimental results. It should also be noted here that
more quantitative details of the experiments can be found in appendices A, B
and C.

5.1 Experiment 1
With the first experiment we try to answer the first question: is the localization
improved by using the map update method introduced in this thesis? To be
able to answer this question we designed an experimental setup that provides
a considerable change in the environment from when the original map was
built.

The robot is placed in the environment and moved to a waypoint inside of
the furnished room. When the robot reached the waypoint it took a sweep of
the room using the RGB-D camera, as described in Section 3.1. This sweep is
used to update the metaroom at the waypoint. The metaroom created is then
used to update the 2D localization map. This process was repeated 9 times
and each map was saved. Figures 5.2(a) and 5.2(b) show the environment
before and after furnishing the room respectively. The original map, that was
built before furnishing the room can be seen in Figure 5.2(c), the map of the
furnished room can be seen in Figure 5.2(d), this is map nr 9 from Table 5.1.

After having recorded the nine maps, which represent the newly furnished
room, a run through the environment was made, the path can be seen in
Figure 5.3. During this run the odometry and laser scan information from
the robot were recorded. This recorded data was then fed to the localization
system along with a map and the results obtained. This was done for the
original map and the 9 new maps.

The results obtained from running the localization system with the 10
different maps show that the localization performance is improved by using
the map maintenance method. In Table 5.1 we can see the mean absolute
errors obtained during the time interval the robot spent inside the furnished
room. We look at the errors for this part of the run specifically because the
furnished room is the only part of the map that has changed. In this table
we see that the euclidean MAE for the position is up to 2 cm less using
the updated maps instead of the original map. The same thing can be said

37



CHAPTER 5. EXPERIMENTS

(a) Simulator environment before furnishing
the room.

(b) Simulator environment after furnishing
the room.

(c) Map of the unfurnished room. (d) Map of the furnished room.

Figure 5.2. In figure a) we can see the original environment and in figure b)
we can see the environment after adding furniture. The furnished environment
is the one that the robot makes a run through in experiment 1. In figure c)
and d) we can see the maps of the original environment and the furnished one,
respectively.

Figure 5.3. Path of the robot run for experiment 1.

about the MAE for the robot’s estimated orientation, looking at Table 5.1 the
orientation error is halved and in some cases more than that.
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In Figure 5.4 we can see the plots of the euclidean error for the position
using map nr 9. Figure 5.4(a) shows how the error evolves throughout the
whole run, whereas Figure 5.4(b) shows the error within the furnished room.
As can be expected, the localization errors using either map, are very similar
in the areas where the environment has remained unchanged. However in the
interval where the robot enters the furnished room the localization error using
the updated map is lower. The orientation error can be seen in Figure 5.5
where 5.5(a) and 5.5(b) represent the orientation error for the whole run and
then only for the room respectively. We can see that for the orientation the
error behaves similarly to what we have with the position, the error using the
original map and the updated map are similar where the environment stays
the same. However, during the run through the furnished room the orientation
error is lower using the updated map.

Map x-MAE [m] y-MAE [m] euclidean-MAE [m] orientation MAE [rad]
Original 0.0807 0.0409 0.0904 0.0121
Map 1 0.0748 0.0143 0.0762 0.0069
Map 2 0.0726 0.0223 0.0759 0.0061
Map 3 0.0742 0.0254 0.0784 0.0058
Map 4 0.0705 0.0227 0.0740 0.0048
Map 5 0.0722 0.0322 0.0790 0.0060
Map 6 0.0663 0.0247 0.0708 0.0063
Map 7 0.0684 0.0223 0.0719 0.0071
Map 8 0.0682 0.0276 0.0736 0.0054
Map 9 0.0653 0.0243 0.0697 0.0063

Table 5.1. Here we have the mean absolute errors for both position and
orientation for the part of the run that the robot is inside the furnished room.
We can see that using the original map, therefore without updating the map
to fit the environment’s current state, we get considerably higher errors than
when using the updated maps. We can see that for all of the nine maps built
with this method we are getting similar results, but we do get some differences
as the meta-room gets more observations.
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(a) Comparison of the positional errors during the run through the whole environment.

(b) Comparison of the positional errors during the run through the furnished room, where
there are differences between the original map and the updated map.

Figure 5.4. Comparison of the euclidean error of the estimated position
using the original map and the updated map number 9 from experiment 1.
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(a) Comparison of the orientation errors during the run through the whole environment.

(b) Comparison of the orientation errors during the run through the furnished room, where
there are differences between the original map and the updated map.

Figure 5.5. Comparison of the error of the estimated orientation using the
original map and the updated map number 9 from experiment 1.
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5.2 Experiment 2
With the second experiment we try to answer the second question: is the
localization improved by using the outlier rejection method introduced in this
thesis?

To be able to answer this question we use the same environment setup
as in the first experiment. The difference now is that instead of comparing
localization results from running the localization with two different maps we
run one without outlier rejection and one with outlier rejection.

As mentioned before, the environment setup is the same as in the first
experiment, the furnished room will be as it is in Figure 5.2(b). The map
used for the localization will be the original map, the one shown in Figure
5.2(c) where the furniture in the room is not represented in the map. By
doing this we will see the results from using the outlier rejection where there
are objects present that are not represented in the map.

This experiment is split into two parts, in the first part we look at how the
outlier rejection performs using different parameter settings and in the second
part we look at the performance for a specific parameter setting. For each
part we will be using different data sets.

5.2.1 Part 1
In this part of the experiment we look at how the outlier rejection performs
using different parameter settings. The parameters we are testing are the ones
mentioned in Section 4.3. These thresholds were the dthresh (distance from the
end of the laser beam to the closest obstacle in the map) and inlierthresh. The
thresholds tried can be seen in Table 5.2.

dthresh 0.5 0.4 0.3 0.2 0.1
inlierthresh 50% 60% 70% 80% 90%

Table 5.2. Thresholds used for experiment 2 part 1.

The range of thresholds picked to experiment with were chosen so that the
ranges would be reasonable. For the distance threshold, it would be unrea-
sonable not to allow a distance of at least 0.1m as the particles used by the
filter will always have some variation in position. On the other hand checking
for a distance as great as or greater than 0.5m is not useful since the outlier
rejection only starts working after the filter has converged, therefore a beam
that ends in a place further away than 0.5m from the closest obstacle is most
likely not going to help with localization.
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For the purpose of testing out the performance of the localization system
with these different thresholds we place the robot in the environment and as
before we move it through the environment both in places where the map
represents the environment well and to the furnished room where the map
does not give a good representation of the environment. The path can be seen
in Figure 5.6. During this run of the robot, data for localization was recorded.

Figure 5.6. Path of the robot run for experiment 2 part 1.

For the purpose of this experiment we look at the comparison between the
parameter settings for two different cases. First, is the case where the laser
scan is not sampled beforehand, that is we use the whole 180 beams from
the scanner and do the outlier rejection on that. Second, we use the before
mentioned pre-sampling where every 6th beam from the scan is used, in total
30 beams.

The results from running the localization systems on the recorded data
using the 180 laser beams can be seen in Figures 5.7 and 5.8. The results
from running the localization on the data using the 30 beams can be seen in
Appendix B, more specifically Figures B.1(a) and B.1(b).

Looking at those figures we can see that for both of the cases, 30 and
180 beams the majority of the parameter settings give better results when it
comes to the euclidean MAE for the estimated position. This is the case both
for the overall run and the run through the furnished room. However, for the
orientation the higher inlier thresholds gives worse results. We can also see
that when using the outlier rejection with 180 beams we obtain lower errors
than when using the 30 beams, this can be explained by the fact that when
we use the 180 beams and remove the outliers we should end up with more
inliers.

For the purpose of showing how the error evolves through the run we chose
one set of parameters, the set chosen was inlierthresh = 80% and dthresh = 0.3.
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Figure 5.7. Comparison of MAE for the whole run using different threshold
settings and 180 laser beams. Top plot shows euclidean MAE for the position
while the bottom plot shows the MAE for the orientation. The x-axis of each
plot denotes the parameter for dthresh and each line has a specific value for
the inlierthresh.

Figure 5.8. Comparison of MAE for the run inside the furnished room using
different threshold settings and 180 laser beams. Top plot shows euclidean
MAE for the position while the bottom plot shows the MAE for the orienta-
tion. The x-axis of each plot denotes the parameter for dthresh and each line
has a specific value for the inlierthresh.

The reason for choosing this threshold was that it gave consistently good
results for both cases. In Table 5.3 we can see the MAE for the run with these
parameters along with the one that used no filter. There we can see that the
MAE for the position estimation is approximately 1.5cm and 2cm lower for
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the complete run and the run through the room respectively. However, the
MAE for the orientation estimation is slightly higher for both cases using the
outlier rejection, this increase in orientation error is insignificant. Figures 5.9
and 5.10 show the evolution of the error through the run.

Method Total run MAE Total run MAE Room run MAE Room run MAE
position [m] orientation [rad] position [m] orientation [rad]

No filter 0.1133 0.0093 0.1125 0.0103
Filtered 0.0982 0.0106 0.0915 0.0124

Table 5.3. MAE for inlierthresh = 80% and dthresh = 0.3 .

45



CHAPTER 5. EXPERIMENTS

(a) Comparison of the positional errors during the run through the whole environ-
ment.

(b) Comparison of the positional errors during the run through the furnished room.

Figure 5.9. Comparison of the euclidean error of the position estimation us-
ing the AMCL without filtering of the laser data and the AMCL with filtering
of the laser data. Thresholds for the filtering were: inlierthresh = 80% and
dthresh = 0.3.
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(a) Comparison of the orientation errors during the run through the whole environment.

(b) Comparison of the orientation errors during the run through the furnished room.

Figure 5.10. Comparison of the error of the orientation estimation using
the AMCL without filtering of the laser data and the AMCL with filtering
of the laser data. Thresholds for the filtering were: inlierthresh = 80% and
dthresh = 0.3.
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5.2.2 Part 2
For this part we do the same experiment again with the parameters we chose
from part 1. The robot’s path for recording data in order to use for localization
can be seen in Figure 5.11. The resulting MAE can be seen in Table 5.4 and
in Figures 5.12 and 5.13

Figure 5.11. Path of the robot run for experiment 2 part 2.

Method Total run MAE Total run MAE Room run MAE Room run MAE
position [m] orientation [rad] position [m] orientation [rad]

No filter 0.0585 0.0066 0.0705 0.0155
Filtered 0.0445 0.0073 0.0342 0.0139

Table 5.4. MAE for inlierthresh = 80% and dthresh = 0.3 experiment 2 part
2.

From these results we can see that using this outlier rejction does im-
prove the performance of the localization system. As in part one the position
estimation is improved, however, the orientation estimation differs from the
experiment in part 1 as the MAE for the orientation estimation is less for
the run inside the room. For the whole run the MAE for the orientation es-
timation is slightly higher using the outlier rejection. But as in part 1, the
differences in the error for the orientation are negligible.
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(a) Comparison of the positional errors during the run through the whole environment.

(b) Comparison of the positional errors during the run through the furnished room.

Figure 5.12. Comparison of the euclidean error of the position estimation
using the AMCL without filtering of the laser data and the AMCL with fil-
tering of the laser data. Thresholds for the filtering were: inlierthresh = 80%
and dthresh = 0.3.

49



CHAPTER 5. EXPERIMENTS

(a) Comparison of the orientation errors during the run through the whole environment.

(b) Comparison of the orientation errors during the run through the furnished room.

Figure 5.13. Comparison of the error of the orientation estimation using
the AMCL without filtering of the laser data and the AMCL with filtering
of the laser data. Thresholds for the filtering were: inlierthresh = 80% and
dthresh = 0.3.
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5.3 Experiment 3
With the third experiment we try to answer the third question: is the lo-
calization improved using the map update method combined with the outlier
rejection?

To answer this question we will create three different scenarios where the
robot faces navigating through an environment that is not well represented by
the map it is using for localization. During the run through the environment
the robot gets an updated map of the room to see if the localization improves.

In the first part, the robot starts with the original map of the environment
while the environment is configured as it is for the first two experiments. It
then updates the map during the run. For the second part the robot starts
with the map it ended up using in the first part. The difference now is that
the configuration of the furniture in the room has changed, during this run
the robot again updates the map of the room. For the third part the robot
starts with the map from the second part, now the room has been emptied of
all furniture so that robot again needs an updated map of the environment.

For all of the three parts the robot goes from the starting point into the
room, stops there and then leaves the room, enter the room once more and
then exits again. This path can be seen in Figure 5.14. During these runs
the data needed for localization was recorded. This data is then used to feed
the localization system to obtain the results. This data is also fed to the
old localization system that will only use the original map, this is done for
comparison.

Figure 5.14. Path of the robot run for experiment 3.
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5.3.1 Part 1
For this experiment the robot was made to move through the environment
as mentioned above and can be seen in Figure 5.14. In this run, data for
localization was recorded. In Figure 5.15(a), the furniture configuration in
the room can be seen. Figures 5.15(b) and 5.15(c) show the maps used during
this run, the original map and the updated map respectively.

For these experiments the updated map was recorded prior to the run by
navigating the robot to the room and making it take a sweep of the room
to update the metaroom which triggers an update in the localization map.
During the run the original map was switched out for the saved updated one.
The reason for doing this in these experiments is just to get rid of the time
it takes to make a sweep and update the metaroom from the run time of the
experiment.

(a) Simulator environment

(b) Original map (c) Updated map

Figure 5.15. In Figure (a) we can see the environment setup used for exper-
iment 3 part 1. In Figures (b) and (c) we can see the maps used.

The localization system was run with the outlier rejection using the fol-
lowing parameters: inlierthresh = 80% and dthresh = 0.3. For this experiment
the system was tried with using both 180 laser beams and 30 laser beams.
The results from the run in terms of MAE can be seen in Tables 5.5 and 5.6.
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Looking at the tables we can see that the MAE for the position estimation
during the complete run is lower with the new system, both when using 180
and 30 beams. However the MAE for the orientation estimation is slightly
higher for the 180 beams while it is close to double when using 30 beams. Fig-
ures 5.16(a) and 5.17(a) show plots of the error for position and orientation
estimation respectively.

Now, let’s look at room run 1. During this part, the robot enters the room
with the original map. When it has reached the middle of the room the robot
stops and the map is updated. Figures 5.16(b) and 5.17(b) show the error of
the position and orientation estimation respectively. In these figures we can
see that just before the 120s mark the error suddenly drops, it is at that point
in time when the map is switched. In Table 5.5 we can also see that the new
system has a lower MAE than the one that uses the original map without the
outlier rejection. The difference is not very high but for a part of the run
inside the room the new system used the original map as well. The MAE for
the orientation estimation did not change significantly.

In room run 2, the new system has the updated map for the whole time
working alongside the outlier rejection. From Table 5.5 we can see that the
MAE for the position estimation is approximately 1.6 cm lower than for the
original system. As before the change in the orientation MAE is not significant.

Method Total run MAE Room run 1 MAE Room run 2 MAE
position [m] position [m] position [m]

Original system 0.0635 0.0781 0.0930
New system, 180 0.0551 0.0699 0.0765
New system, 30 0.0556 0.0755 0.0786

Table 5.5. Comparison of the MAE for the position estimation. Original
system against new system using first 180 and then 30 laser beams.

Method Total run MAE Room run 1 MAE Room run 2 MAE
orientation [rad] orientation [rad] orientation [rad]

Original system 0.0053 0.0102 0.0067
New system 180 0.0059 0.0090 0.0072
New system 30 0.0105 0.0078 0.0061

Table 5.6. Comparison of the MAE for the orientation estimation. Original
system against new system using first 180 and then 30 laser beams.
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(a) Comparison of the positional errors during the run through the
whole environment.

(b) Comparison of the positional errors during the first run through
the furnished room.

(c) Comparison of the positional errors during the second run through
the furnished room.

Figure 5.16. Comparison of the euclidean error of the estimated position
from the original system and the new system during experiment 3 part 1 using
180 laser beams.
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(a) Comparison of the orientation errors during the run through the
whole environment.

(b) Comparison of the orientation errors during the first run through
the furnished room.

(c) Comparison of the orientation errors during the second run through
the furnished room.

Figure 5.17. Comparison of the error of the estimated orientation from the
original system and the new system during experiment 3 part 1 using 180 laser
beams.
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5.3.2 Part 2
For this experiment the robot was made to move through the environment
as mentioned above and can be seen in Figure 5.14. In this run data for
localization was recorded. In Figure 5.18(a) the furniture configuration in the
room can be seen. Figures 5.18(b) and 5.18(c) show the maps used during
this run, the original map and the updated map respectively. As in part 1 the
updated map was recorded before the run was made.

(a) Simulator environment

(b) Original map (c) Updated map

Figure 5.18. In Figure (a) we can see the environment setup used for exper-
iment 3 part 2. In Figures (b) and (c) we can see the maps used.

The localization system was run with the outlier rejection using the fol-
lowing parameters: inlierthresh = 80% and dthresh = 0.3. For this experiment
the system was only tested with 180 beams as it provided better results pre-
viously. The results from the run in terms of MAE can be seen in Tables 5.7
and 5.8. Looking at the tables we can see that the difference in the MAE for
the position estimation for the whole interval is very low.

Now, let’s look at room run 1. During this part of the run the robot enters
the room with the map it got from part 2. When it has reached the middle
of the room the robot stops and the map is updated. Figures 5.19(b) and
5.20(b) show the error of the position and orientation estimation respectively.
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In these figures we can see that during this interval the error for the position
estimation is lower using the new system. There is no clear difference in the
error at the point where the maps are switched. This can be explained by two
reasons. First is that more of the walls are visible in front of the robot due to
the lack of furniture blocking the wall opposite the door. Since both systems
use the likelihood field measurement model they can match the measurements
of the walls to the map even if there are obstacles in the map between the
robot and the walls. The second reason is the use of the outlier rejection. In
Table 5.7 we can also see that the new system has a lower position estimation
MAE than the one that uses the map from part 2 without the outlier rejection.

The error for room run 2 can be seen in Figures 5.19(c) and 5.20(c). As
for room run 1, the error using the new system is lower than using the original
system. We can also see from Table 5.7 that the position estimation MAE is
lower using the new system. For room run 1 and 2, the new system gave a
better position estimation than the original one. However, the performance of
the new system is proportionally better for room run 2 and the reason for that
is most likely due to the fact that in room run 2 the system used the updated
map for the whole run through the room as opposed to approximately half
of run 1. In Table 5.8 we can also see that for room run 2 the orientation
estimation MAE is better than for room run 1, for the same reason as for the
position estimation.

Method Total run MAE Room run 1 MAE Room run 2 MAE
position [m] position [m] position [m]

Original system 0.0677 0.0852 0.0866
New system 0.0644 0.0761 0.0727

Table 5.7. Comparison of the MAE for the position estimation. Original
system against the new system.

Method Total run MAE Room run 1 MAE Room run 2 MAE
orientation [rad] orientation [rad] orientation [rad]

Original system 0.0054 0.0102 0.0100
New system 0.0064 0.0147 0.0096

Table 5.8. Comparison of the MAE for the orientation estimation. Original
system against the new system.
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(a) Comparison of the positional errors during the run through the
whole environment.

(b) Comparison of the positional errors during the first run through
the furnished room.

(c) Comparison of the positional errors during the second run through
the furinished room.

Figure 5.19. Comparison of the euclidean error of the estimated position
from the original system and the new system during experiment 3 part 2.
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(a) Comparison of the orientation errors during the run through the
whole environment.

(b) Comparison of the orientation errors during the first run through
the furnished room.

(c) Comparison of the orientation errors during the second run through
the furnished room.

Figure 5.20. Comparison of the error of the estimated orientation from the
original system and the new system during experiment 3 part 2.
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5.3.3 Part 3
For this experiment the robot was made to move through the environment as
mentioned above and can be seen in Figure 5.14. In this run data for local-
ization was recorded. In Figure 5.18(a) we see the environment configuration,
notice that the furniture has been removed. Figures 5.18(b) and 5.18(c) show
the maps used during this run, the map updated from run 2 and the updated
for the current environment map respectively. As in part 1 and 2 the updated
map was recorded before the run was made.

(a) Simulator environment

(b) Original map (c) Updated map

Figure 5.21. In Figure (a) we can see the environment setup used for exper-
iment 3 part 3. In Figures (b) and (c) we can see the maps used.

The resulting localization errors can be seen in Figures 5.22 and 5.23. The
position and orientation MAE can be seen in Tables 5.9 and 5.10. For the
total run the position estimation MAE was considerably lower, however, for
the orientation the change is negligible.

If we look at room run 1 we can see that there is not a big difference between
the localization performance of the two systems, even though the new system
got an updated map midway through the room run. The reasons for this are
that now the map that the original system uses represents the environment
well, as mentioned in part two the likelihood measurement model is used by
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the new system which allows for matching of the measurements caused by the
walls to the map even if there are obstacles between the wall and the robot in
the map.

Now, looking at room run 2 we can see that the new system performs
better, the reason for this is that for this run through the room the new system
has the correct map of the environment, just as the old system. However, the
difference in the performance between them in this run will mostly have come
from the outlier rejection and the fact that before the robot entered the room
again the positional error was less for the new system.

Method Total run MAE Room run 1 MAE Room run 2 MAE
position [m] position [m] position [m]

Original system 0.0635 0.0725 0.0798
New system 0.0564 0.0731 0.0699

Table 5.9. Comparison of the MAE for the position estimation. Original
system against the new system.

Method Total run MAE Room run 1 MAE Room run 2 MAE
orientation [rad] orientation [rad] orientation [rad]

Original system 0.0050 0.0106 0.0053
New system 0.0049 0.0074 0.0048

Table 5.10. Comparison of the MAE for the orientation estimation. Original
system against the new system.
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(a) Comparison of the positional errors during the run through the
whole environment.

(b) Comparison of the positional errors during the first run through
the unfurnished room.

(c) Comparison of the positional errors during the second run through
the unfurnished room.

Figure 5.22. Comparison of the euclidean error of the estimated position
from the original system and the new system during experiment 3 part 3.
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(a) Comparison of the orientation errors during the run through the
whole environment.

(b) Comparison of the orientation errors during the first run through
the unfurnished room.

(c) Comparison of the orientation errors during the second run through
the unfurnished room.

Figure 5.23. Comparison of the error of the estimated orientation from the
original system and the new system during experiment 3 part 3.
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Chapter 6

Discussions

To evaluate the performance of the system we performed experiments in the
MORSE simulator. These experiments were aimed to show how the local-
ization system presented in this thesis performs in dynamic environments,
more so, how it compares against the system it builds upon. First, we tested
how the map maintenance affected the localization in environments that have
changed from the time the map was originally built, this test was performed
without outlier rejection. The second experiment was to test the performance
of the outlier rejection without the map maintenance. The third and most
important test was the one where the whole system was tested together on
different configurations of a dynamic environment. All of these three tests
gave positive results, and showed that it is possible to improve a localization
system that has been shown to be fairly robust to changes in the environ-
ment. However, it has to be stressed that these results are only obtained from
simulation. Therefore, even if the results are positive they are not conclusive.

The differences that we can expect to encounter on a real robot system
operating in a real office environment are several. Sensor readings in the
simulator are much more reliable than in a real world scenario, even if the
simulator does add noise to simulate the real world more accurately. Errors
we can expect to increase in a real world scenario are odometry errors due to
wheel slippage, faulty measurements from the laser scanner and measurements
from dynamic obstacles. It is likely that the two different systems would
respond very similarly to the increased odometry errors, however, because of
the addition of the laser scan filtering, it is likely that the new system would
perform better as it would be less affected dynamics in the environment.

An obvious limitation to the map maintenance presented here is how items
that are occluded from the view of the camera, but visible to the laser scanner
are handled when it comes to the localization map. When an item is occluded
from the view of the camera it will not be added to the metaroom, this can
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CHAPTER 6. DISCUSSIONS

happen in cases where there are items under a table and the table blocks
the view of the camera. These objects can be static and can be seen by the
laser scanner but would not be included in the map using the current method.
However, this might not have a big effect on the performance of the system
as the laser scan measurements that would arise from such an object would
potentially be considered outliers by the system.

Another limitation stems from the range of the RGB-D camera, which
prohibits the metaroom method to include objects that are too close or too
far away from the camera. This could cause objects to be occluded from the
map.

Future work could include experimenting with the system on a real robot
in a dynamic environment to get conclusive evidence of whether the method
works on a real world system or not. Another would be to develop a method
to make sure objects not seen by the camera will not be occluded, this could
possibly be done by also utilizing data from the laser scanner to update the
map in a similar way to what is done with the meta-rooms.
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Chapter 7

Conclusions

In this thesis we looked into taking a localization system that is designed for
static environments and building upon it in order to make it more robust to
dynamic environments. The addition to this system that we present in this
thesis is twofold. First a method for map maintenance is introduced. This
method uses the so called meta-rooms, a 3D reconstructed model of a specific
room in an environment that only consists of the static structure in the room,
to update the localization map. By utilizing the metarooms for updating the
map we can be sure that we only make use of objects that are completely static
or have been observed to be static for a long time to localize against. The
second thing added in this thesis is the outlier rejection used to filter out laser
scan measurements that are either faulty or do not correspond to obstacles in
the map and therefore may not be helpful to localize against. Therefore, the
outlier rejection helps with the localization when there are dynamic obstacles
in the environment.

For evaluation purposes, we performed experiments on the system in the
MORSE simulator. These experiments were designed to evaluate the per-
formance of the new system against the performance of the old system in
dynamic environments. The experiments were threefold, first trying the local-
ization with the map maintenance and no outlier rejection, secondly testing
the outlier rejection without map maintenance and thirdly testing both to-
gether. All of these simulated experiments showed positive results and the
new system gave lower error for the pose estimation. As these results are
obtained only from a simulator they do not give conclusive answer on how the
system would perform on real robot, but does give a positive idea. Further
work to improve this system can be how to better deal with areas occluded
from the meta rooms, example of such areas are under tables where objects
can be but could be blocked from the view of the RGB-D camera and therefore
not be included in the map.
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Appendix A

Experiment 1

In this section we show more results from experiment 1. In Figures A.1 and A.2
we can see the position estimation errors for the x and y directions respectively.
By splitting the errors in the two directions we can see that by using the
updated map we are able to decrease the position estimation errors on both
axis. Table A.1 gives a comparison of the MAE gathered from runs through
the environment mentioned in experiment 1 using 9 different maps created
with our map maintenance method. This table gives the MAE for the whole
run as opposed to Table 5.1 which gives the MAE for the interval where the
robot is inside the furnished room.

Map x-MAE [m] y-MAE [m] euclidean-MAE [m] orientation MAE [rad]
Original 0.0565 0.0407 0.0696 0.0078
Map 1 0.0554 0.0389 0.0677 0.0059
Map 2 0.0524 0.0330 0.0619 0.0053
Map 3 0.0569 0.0462 0.0733 0.0057
Map 4 0.0586 0.0278 0.0648 0.0045
Map 5 0.0558 0.0470 0.0729 0.0055
Map 6 0.0505 0.0282 0.0578 0.0050
Map 7 0.0509 0.0304 0.0593 0.0059
Map 8 0.0534 0.0407 0.0671 0.0050
Map 9 0.0507 0.0341 0.0611 0.0054

Table A.1. Mean absolute error for the whole run, includes both the changed
and unchanged environments.
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APPENDIX A. EXPERIMENT 1

(a) Comparison of the error of the estimated position in x-direction for the whole run.

(b) Comparison of the error of the estimated position in x-direction for the run through the
furnished room.

Figure A.1. Comparison of the error of the estimated position in x-direction
using the original map and the updated map number 9 from experiment 1.
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(a) Comparison of the error of the estimated position in y-direction for the whole run.

(b) Comparison of the error of the estimated position in y-direction for the run through the
furnished room.

Figure A.2. Comparison of the error of the estimated position in y-direction
using the original map and the updated map number 9 from experiment 1.
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Appendix B

Experiment 2

In experiment 2 we explore how the filtering of the laser data affects the
localization performance. In Figure B.1 we can see a comparison of filtering
thresholds while the AMCL uses only 30 laser beams for the localization. As
we saw in the experiment section we chose a set of filtering parameters that we
considered to perform the best. Those were inlierthresh = 80% and dthresh =
0.3, the reason they were chosen was because they consistently showed good
results both when using 30 laser beams and 180 laser beams. We decided to
use the 180 beams for the rest of the experiments as it showed slightly better
results when it came to the position estimation.

In Figures B.2 and B.3 we can see the positional errors as they appear
in the x and y directions respectively. These figures show the results from
experiment 1 part 1 where we are comparing the AMCL with and withou
the filtering of the laser data. These results were obtained using the filtering
thresholds mentioned above while using 180 laser beams.

For part 2 we can see how the positional errors were split up in Figures
B.4 and B.5 for x and y directions respectively.
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APPENDIX B. EXPERIMENT 2

(a) Comparison of MAE for the whole run using different threshold settings. Top plot shows
euclidean MAE for the position while the bottom plot shows the MAE for the orientation.
The x-axis of each plot denotes the parameter for dthresh and each line has a specific value
for the inlierthresh.

(b) Comparison of MAE for the run inside the furnished room using different threshold
settings. Top plot shows euclidean MAE for the position while the bottom plot shows the
MAE for the orientation. The x-axis of each plot denotes the parameter for dthresh and
each line has a specific value for the inlierthresh.

Figure B.1. Filtering of laser data, parameter performance comparison using
30 laser beams.
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(a) Comparison of the error of the estimated position in x-direction for the whole run.

(b) Comparison of the error of the estimated position in x-direction for the run through the
furnished room.

Figure B.2. Comparison of the error of the estimated position in x-direction
using AMCL with and without filtering in experiment 1 part 1.
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APPENDIX B. EXPERIMENT 2

(a) Comparison of the error of the estimated position in y-direction for the whole run.

(b) Comparison of the error of the estimated position in y-direction for the run through the
furnished room.

Figure B.3. Comparison of the error of the estimated position in y-direction
using AMCL with and without filtering in experiment 1 part 1.
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(a) Comparison of the error of the estimated position in x-direction for the whole run.

(b) Comparison of the error of the estimated position in x-direction for the run through the
furnished room.

Figure B.4. Comparison of the error of the estimated position in x-direction
using AMCL with and without filtering in experiment 1 part 2.
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APPENDIX B. EXPERIMENT 2

(a) Comparison of the error of the estimated position in y-direction for the whole run.

(b) Comparison of the error of the estimated position in y-direction for the run through the
furnished room.

Figure B.5. Comparison of the error of the estimated position in y-direction
using AMCL with and without filtering in experiment 1 part 2.
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Appendix C

Experiment 3

In this section we show figures that separate the positional errors from experi-
ment 3 into errors in x-direction and y-direction as in the previous appendices.

For experiment 3 part 1 the separated errors can be seen in Figures C.1
and C.2 for x and y directions respectively.

For experiment 3 part 1 the separated errors can be seen in Figures C.3
and C.4 for x and y directions respectively.

For experiment 3 part 3 the separated errors can be seen in Figures C.5
and C.6 for x and y directions respectively.
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APPENDIX C. EXPERIMENT 3

(a) Comparison of the positional errors in x-direction during the run
through the whole environment.

(b) Comparison of the positional errors in x-direction during the first
run through the furnished room.

(c) Comparison of the positional errors in x-direction during the second
run through the furnished room.

Figure C.1. Comparison of the error of the estimated position in x-direction
from the original system and the new system during experiment 3 part 1.
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(a) Comparison of the positional errors in y-direction during the run
through the whole environment.

(b) Comparison of the positional errors in y-direction during the first
run through the furnished room.

(c) Comparison of the positional errors in y-direction during the second
run through the furnished room.

Figure C.2. Comparison of the error of the estimated position in y-direction
from the original system and the new system during experiment 3 part 1.
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APPENDIX C. EXPERIMENT 3

(a) Comparison of the positional errors in x-direction during the run
through the whole environment.

(b) Comparison of the positional errors in x-direction during the first
run through the furnished room.

(c) Comparison of the positional errors in x-direction during the second
run through the furnished room.

Figure C.3. Comparison of the error of the estimated position in x-direction
from the original system and the new system during experiment 3 part 2.
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(a) Comparison of the positional errors in y-direction during the run
through the whole environment.

(b) Comparison of the positional errors in y-direction during the first
run through the furnished room.

(c) Comparison of the positional errors in y-direction during the second
run through the furnished room.

Figure C.4. Comparison of the error of the estimated position in y-direction
from the original system and the new system during experiment 3 part 2.
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APPENDIX C. EXPERIMENT 3

(a) Comparison of the positional errors in x-direction during the run
through the whole environment.

(b) Comparison of the positional errors in x-direction during the first
run through the furnished room.

(c) Comparison of the positional errors in x-direction during the second
run through the furnished room.

Figure C.5. Comparison of the error of the estimated position in x-direction
from the original system and the new system during experiment 3 part 3.
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(a) Comparison of the positional errors in y-direction during the run
through the whole environment.

(b) Comparison of the positional errors in y-direction during the first
run through the furnished room.

(c) Comparison of the positional errors in y-direction during the second
run through the furnished room.

Figure C.6. Comparison of the error of the estimated position in y-direction
from the original system and the new system during experiment 3 part 3.
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