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Abstract
The increased market for navigation, localization and mapping system has en-
couraged the research to dig deeper into these new and challenging areas. The
remarkable development of computer soft- and hardware have also opened up
many new doors. Things which more or less where impossible ten years ago are
now reality.

The possibilities of using a mathematical approach to compensate for the need
of expensive sensors has been one of the main objectives in this thesis. Here you
will find the basic principles of localization of indoor UAVs using particle filter
(PF) and Octomaps, but also the procedures of implementing 2D scanmatching
algorithms and quaternions. The performance of the algorithms is evaluated us-
ing a high precision motion capture system. The UAV which forms the basis for
this thesis is equipped with a 2D laser and an inertial measurement unit (IMU).
The results show that it is possible to perform localization in 2D with centimetre
precision only by using information from a laser and a predefined Octomap.

Sammanfattning
Den ökade marknaden för navigering, lokalisering och karläggningssytem har upp-
muntrat forskningen att gräva djupare inom detta nya utmanande område. Den
uppseendeväckande utveckligen inom mjuk- och hårdvara inom datorteknik har
också bidragit till att öppna upp många nya dörrar. Saker som mer eller mindre
var omöjliga för tio år sedan är nu verklighet.

Möjligheterna att använda en matematisk metod för att kompensera för behovet
av dyra sensorer har varit ett av huvudmålen i examensarbetet. I denna rap-
port finner du de grundläggande principerna för lokalisering av inomhus-UAVer
med hjälp av partikelfilter (PF) och Octomaps, men också metoder för att imple-
mentera 2D scanmatching och quaternioner. Prestandan på algoritmerna kommer
att verifieras med hjälp av ett motion capture system. UAVn som ligger till grund
för detta examensarbete är utrustad med en 2D laser och en inertial measurement
unit (IMU). Resultaten visar att det är möjligt att utföra lokalisering i 2D med
centimeter-noggrannhet enbart med information från en laser och en fördefinierad
Octomap.
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Chapter 1

Introduction

1.1 Background
April 26, 1986, one of the reactors at Chernobyl Nuclear Power Plant exploded
and left a black mark in our history. Employees and people from the rescue team
suffered radiation injuries and some of them died because of this. Now, almost 25
years later we all remember the Fukushima nuclear disaster which could have cost
many lives since no one had the possibility to enter the building and confirm the
situation because of the radiation level. Within a couple of years there will hope-
fully be a solution to this problem where we can take control over the situation
without risking someone’s life. The solution could be intelligent robots ready to
operate within hazardous or inaccessible indoor environments with limited human
interaction but still able to generate useful and important information on the sit-
uation, also known as unmanned aerial vehicles (UAVs), see Figure 1.1.

(a) (b)

Figure 1.1: A Linkquad developed by UAS Technologies Sweden AB is shown in
(a) while an Octomap can be seen in (b).

After many successful years of research in the field of autonomous ground vehicles,
the area of UAVs or unmanned aerial system (UAS) have increased worldwide in
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2 Introduction

a remarkable way.

The possibility of creating and navigating within 3D-maps of hazardous or in-
accessible indoor environments can be used in many fields, such as surveillance,
search and rescue, etc.

1.2 Problem specification
The development of UAVs has reached far but there are still unexplored areas,
especially when it comes to indoor UAVs. Indoor UAVs are often referred to as
micro aerial vehicle or MAVs. They are typically very small with low a weight
which makes them useful in many different areas. The drawback of using MAVs
are their limited payload. Often one has to make use of limited power sources
which brings a demand on the energy consumption for the sensors, CPU and
other important hardware. Indoor UAVs always operate in GPS-denied and much
more restricted environments compared to outdoor UAVs. Manoeuvrability and
flexibility will therefore be key properties for indoor UAVs and one can roughly
summarize the problems of indoor UAVs in two parts:

• Estimating the position and orientation of the UAV in a reliable way.

• Having full control and manoeuvrability of the UAV.

To fulfill the second statement, one have to know the position of the UAV which
implies that the first statements is the main problem to solve for these kind of
situations. Estimating the position and orientation does not always has to be a
difficult problem when there is useful information available, such as a predefined
map. Of course this is not always the case and this is where things get very
complex. Think of this; to estimate the position of something you must first have
some kind of reference, a map for instance. But to create a reliable map you must
know your position, it is like the old saying ”which came first, the chicken or the
egg?”. In state estimation this situation is known as Simultaneous Localization
And Mapping (SLAM). To summarize one can simple say that performing SLAM
for indoor UAVs in a 3D framework is really state-of-the-art research.

1.3 Related work
In the last ten years there has been a major increase of research in the area of
UAVs. Many authors have concentrated on the stability and manoeuvrability of
UAVs [2,8–10] which is a quite huge research area with a lot of improvement pos-
sibilities.

Point clouds addresses the problem of representing a map in a three-dimensional
coordinate system. In [3, 18] point clouds have been used for ground vehicles to
perform 3D-SLAM in outdoor environments. [19] present an other approach for
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modeling 3D environments based on octrees using probabilistic occupancy estima-
tion which is known as Octomaps. A similar technique (multi-volume occupancy
grid) has also been utilized for indoor UAVs [4], worth to mention is that the au-
thors used a depth camera which the UAV actually did not mange to carry by itself.

Thrun et al. [13] have successfully demonstrated the possibility of using scan-
matching algorithms for outdoor 3D Surface Modeling.

Indoor UAVs have a lot of new challenges compared to their outdoor counterpart.
Manoeuvrability and flexibility are key properties for indoor UAVs and some pub-
lications [1, 5] have successfully proved that there are solutions to these kind of
problems, but there is still a lack of research regarding the possibility of creating
3D-maps for indoor environments using UAVs without cameras.

1.4 Objectives
As already mentioned, there are a lot of complex issues to consider when develop-
ing indoor UAVs. Unfortunately the time in this master’s thesis project is quite
limited and a lot of interesting things must be less prioritized or not considered at
all.

The UAV which forms the base in this work will be equipped with a 2D laser
which can attached to the UAV in several different ways. To get a complete 3D
profile of some environment one can use the 2D laser and move it up- and down-
wards along a global z-axis if the laser only is sweeping in the xy-plane. Another
interesting approach would be to rotate the laser so it will point downwards along
the negative z-axis. If the altitude of the laser is high enough, one could simply
rotate the laser 180 degrees around the z-axis and a 3D profile of the environment
can be distinguished, see Section 5.1.2. Three dimensional scanmatching algo-
rithms have been studied to evaluate the possibility of performing SLAM in 3D.
Past experience indicates that a lot of time must be spent on the scanmatching
algorithms otherwise there is a high risk it will end up with poor results.

To avoid a situation where the time is running out and the outcome fails, the
main purpose will be to investigate the possibility of estimating the position of a
UAV for indoor environments by only using a 2D laser. This thesis will therefore
only cover the first problem described in the previous section. To further limit the
problem, a predefined map is assumed to be available. For this reason, we only
have a localization problem and not a full SLAM problem. The objectives of the
thesis can be summarized in following way:

• Finding a suitable mathematical model for the UAV.

• Developing a simulation environment to evaluate the algorithms.

• Evaluating the performance of the algorithm using real data.
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In the first stage, things will be kept as simple as possible. Hence, the algorithms
will first be tested and evaluated in a 2D framework but the 3D situation will
always be kept in mind and evaluated if time permits.



Chapter 2

State estimation

All the time in our daily life, humans have to make decision depending on the
situation and the environment. For instance, when someone choose to open a
closed door there is a lot of information to be processed and questions to be
answered before the door can be opened, for instance; Where am I? How far is it
to the door? Can I reach the door? The most amazing part in this situation is
how the human brain handles everything automatically and translates information
from our minds so we can start acting. A robot in the same situation must rely on
information from its sensors and make use of mathematical equations to answer
all questions before it can interact with the world. Still the robot is never fully
aware of the situation because of measurement errors in the sensors, but we can
make useful models of how the robot is behaving which is called state estimation.

2.1 State space models
A state space model can be seen as a mathematical representation of a real world
system. A general non-linear state space model is given by

xt+1 = f(xt, ut, vt), (2.1a)
yt = h(xt, ut, et), (2.1b)

where xt denotes the states, yt denotes the measurements, ut denotes known inputs
to the system (which often are omitted for clarity), vt and et denotes the stochastic
process and measurement noise and represents the uncertainty in the dynamic
model and the measurements. A special case of (2.1) is often used where the noise
is assumed to be additive,

xt+1 = f(xt) + vt, (2.2a)
yt = h(xt) + et. (2.2b)

Since the process and measurement noise are stochastic, it is convenient to use a
probability density function (PDF) when formulating the state space model. The
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6 State estimation

PDF is a function which describes the probability for a stochastic variable to occur
at a given point. The noise is often assumed to be Gaussian (normal) distributed
with zero mean and some covariance,

f(x) = 1√
2πσ2

e−
(x−µ)2

2σ2 , (2.3)

where µ is the mean i.e. the location of the peak, while σ2 denotes the variance
which defines the width of the peak, see Figure 2.1. With this in mind a more
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Figure 2.1: A visualization of three different Gaussian distributions.

general formulation of the stochastic state space model can be expressed as a
probability density function,

xt+1 ∼ p(xt+1|xt), (2.4a)
yt ∼ p(yt|xt), (2.4b)

which means that the states and measurements have some uncertainty in their
model. This is quite intuitive since there is always some noise in the measure-
ments from the sensors and the dynamic model is often a simplification of a much
more complex model, but the process noise can also be seen as an unknown input
which can change the states of the model.

The stochastic variables in (2.2) are the process and measurement noise, by simple
algebra one can express their PDF as:

p(xt+1|xt) = pvt(xt+1 − f(xt)), (2.5a)
p(yt|xt) = pet(yt − h(xt)). (2.5b)

There are three different problems to consider when the posterior distribution (see
explanation below) of the states given the observations are computed or estimated.

• The posterior distribution of the filter solution is denoted p(xt|y1:t) and
consider the situation where the states at time t are estimated given the
observations from time= 1...t.
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• The second problem is called prediction and the posterior distribution is
denoted p(xt+m|y1:t), m > 0. As the name already indicates, prediction
handles the situation where the states are estimated what to be in the future.

• Smoothing is the final situation where the posterior is denoted p(xt−m|y1:t),
m > 0, which is often used in off-line application when the future observa-
tions are known in advance.

Summarized, one can say that the posterior distribution is defined as the PDF
of the states after the information from the last observation have been included
in estimation, this step is also known as a measurement update. Throughout
this section, the terms distribution and density PDF will be used interchangeably.
All three problems can be solved using the Bayesian approach together with the
Markov property and marginalization which will be introduced below.

2.2 The recursive Bayesian solution
The filer density p(xt|y1:t) allows us to estimate the position of the UAV in real
time. The mathematical solution to this distribution can be derived quite easy
when Bayes’ rule shown in Theorem 2.1 is applied.

Theorem 2.1 (Bayes’ rule ) Assume there are three different events A,B and
C. The conditional probability for the events are then given by

p(A|B,C) = p(B|A,C) p(A,C)
p(B|C) , (2.6a)

p(A,B|C) = p(A|B,C) p(B|C). (2.6b)

where p(A,B) is the same as p(A ∩ B) or p(AB), which is the probability that
both A and B are satisfied, also known as the joint probability.

Another well-known and useful feature is the Markov property which refers to the
situation where future information only depends on the present state and not any
past states. For instance, if the present states are known we can discard the old
states since the information is already included in the present state

p(yt|xt, y1:t−1) = p(yt|xt). (2.7)

Apply Bayes’ rule (2.6a) to the posterior filter density

p(xt|y1:t) = p(xt|yt, y1:t−1), (2.8)

and identify the terms A = xt, B = yt and C = y1:t−1 results in
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p(xt|y1:t) = p(yt|xt, y1:t−1) p(xt|y1:t−1)
p(yt|y1:t−1) . (2.9)

Finally we can make use of the Markov property and the information from y1:t−1
can be removed if the state xt is known,

p(yt|xt, y1:t−1) p(xt|y1:t−1)
p(yt|y1:t−1) = p(yt|xt) p(xt|y1:t−1)

p(yt|y1:t−1) . (2.10)

The second expression is known as the measurement update in the Bayesian re-
cursion, where the prediction term p(xt|y1:t−1) is referred to as the one step ahead
prediction or the time update. In order to handle the denominator p(yt|y1:t−1)
and the one step ahead prediction in (2.10) we have to express them with known
density functions which can be accomplished with marginalization.

The joint probability, as previously mentioned, is the probability of two events
being satisfied which is expressed as p(A,B). With marginalization it is possible
to obtain the probability of A regardless of the outcome from event B, i.e it does
not matter if event B did or did not occur. To illustrate this situation in an in-
tuitive way, one can see B as a stochastic variable X with two possible outcomes
B and B′. The marginal probability of A is denoted p(A) and can be obtained by
summing or integrating the joint probabilities over all outcomes for X, which is
known as marginalization [15],

p(A) = p(A ∩B) + p(A ∩B
′
) (2.11)

To derive an useful expression for the time update, one can apply Bayes’ rule given
from (2.6b) and identify the terms A = xt+1, B = xt and C = y1:t,

p(xt+1, xt|y1:t) = p(xt+1|xt, y1:t) p(xt|ya:t) = p(xt+1|xt) p(xt|y1:t), (2.12)

once again, the Markov property has been used in the last equality. Next step is
the marginalization which is done by integrating both sides with respect to xt,

p(xt+1|y1:t) =
∫
Rn

p(xt+1|xt) p(xt|y1:t) dxt, (2.13)

where Rn defines the state vector while n is the number of states. You may notice a
difference in time notation but remember that p(xt+1|y1:t) is equal to p(xt|y1:t−1).
The same procedure with marginalization can be employed for the denominator
in (2.10),

p(yt|y1:t−1) =
∫
Rn

p(yt|xt) p(xt|y1:t−1) dxt. (2.14)

All these equations are very important and together they form the recursive
Bayesian solution which will be used in the particle filter but also when deriv-
ing the occupancy grid map algorithm.
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Theorem 2.2 (The Bayesian recursion) If the state space model is given by

xt+1 ∼ p(xt+1|xt), (2.15a)
yt ∼ p(yt|xt), (2.15b)

then the filter density and the one step a head prediction density are given by

p(xt|y1:t) = p(yt|xt) p(xt|y1:t−1)
p(yt|y1:t−1) , (2.16a)

where

p(xt+1|y1:t) =
∫
Rn

p(xt+1|xt) p(xt|y1:t) dxt, (2.16b)

p(yt|y1:t−1) =
∫
Rn

p(yt|xt) p(xt|y1:t−1) dxt. (2.16c)

2.3 The particle filter
This section will only give a brief introduction to the particle filter (PF) because
there is already a lot of work published in this field and good literature is easy to
find for the interested reader, see e.g. [6] A mathematical representation of the PF
will be derived and summarized later, but first a more intuitive explanation of the
PF.

Example 2.1: The principles behind a PF

Imagine a situation where you are blindfolded and located inside some room, but
you have already memorized the plan arrangement of the room. The task is now
to figure out your position in the room.

Before you move, what would the first guess about your position in the room
be? Since you can not see anything your initial guess would probably be; I can be
anywhere in the room (step 1, Initialization) 1. Start to move around and try to
remember your movement (step 2, Time update). Put the hands in front of you
and move until something touches the finger tips (step 3, measurement update).
Now you can make some new assumptions regarding the position in the room
(step 4, state estimation), e.g. I am next to a wall and all the previous thoughts
of being in the middle of the room is not valid any more and will be discarded
(step 5, resampling). Continue to move in any direction (iterate from step 2) and
soon new features of the wall will give you more information of your position. The
principle of the PF for the UAV works in the same way, see Algorithm 1.
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Algorithm 1: The principle of a particle filter for UAV localization

1. Spread out the particles in the predefined map. If the pose of UAV is
totally unknown, spread the particles all over the area.

2. Move the particles according to the motion model.

3. For each particle, compare the measurements from the laser with simulated
measurements from the map. Particles which matches the real
measurements best is more likely to be true and will therefore also get a
higher weight.

4. Calculate an average value of all the particles, which will also be the
estimation of the true state.

5. Discard the particles with low weight since they are not very likely to be
true and replace them with particles which have higher weights.

6. Start over from step 2.

Now to the basic derivation of the PF. The problem with solving the Bayesian
recursive filter from Theorem (2.2) is to mathematically calculate all the non-
linearities in the density functions. The fundamental concept of the PF is to
approximate all the density functions as a set of samples

p(xt|y1:t) ≈ p̂(xt|y1:t) =
N∑
i=1

wit δ(xt − xit),
N∑
i=1

wit = 1, wit ≥ 0,∀i, (2.17)

where p̂(·) denotes an approximation of the distribution, δ(·) is the Dirac delta
and wit denotes the weight which is associated with the sample xit also referred to
as particles. The Dirac delta δ(x − a) can be seen as a function which has zero
value everywhere except at x = a where it is infinitely large,

∞∫
−∞

f(x)δ(x− a)dx = f(a),
∞∫
−∞

δ(x)dx = 1. (2.18)

The key idea behind the PF is to generate random numbers which represents the
filter density in a reliable way. The major problem is to know how these random
numbers can be generated from a density function which we will refer to as the
target density t(xt). In most situations it is impossible to generate samples directly
from t(xt), instead another density function which is easier to generate samples
from will be used. This function is known as the proposal density q(xt), although
one cannot generate sample from this distribution it is possible to calculate the

1The statements within brackets is referring to the mathematical representation of the PF.
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probability that the sample x̃t ∼ q(xt) actually is drawn from the target function,

t(x̃t) ∝ w(x̃t) q(x̃t), (2.19)

where w(·) is referred to as the importance weight. The filter density is the one we
are interested in, therefore it is also convenient to let the target density be given
by

t(xt) = p(xt|y1:t). (2.20)

Furthermore, we know that

p(xt|y1:t) = p(yt|xt) p(xt|y1:t−1)
p(yt|y1:t−1) , (2.21)

where p(yt|y1:t−1) only depends on the measurements and can be seen as a normal-
ization factor which does not have to be calculated if the distribution is numerically
normed,

p(xt|y1:t)︸ ︷︷ ︸ ∝ p(yt|xt)︸ ︷︷ ︸ p(xt|y1:t−1).︸ ︷︷ ︸
t(xt) w(xt) q(xt)

(2.22)

The proposal density for the particle filter is given by,

q(xt) = p(xt+1|y1:t) =
∫
Rn

p(xt+1|xt) p(xt|y1:t) dxt,

≈
∫
Rn

p(xt+1|xt)
N∑
i=1

wit|tδ(xt − xit) dxt,

=
N∑
i=1

wit

∫
Rn

p(xt+1|xt)δ(xt − xit) dxt,

=
N∑
i=1

wit p(xt+1|xit).

(2.23)

The proposal density for one particle can therefore be chosen as

q(xit) = p(xt+1|xit). (2.24)

Notice that p(xt+1|xit) still is continuous and needs to be sampled. This can be
done by passing particles from the previous time instance through the motion
model,

x̃it ∼ p(xt+1|xit), (2.25)

where the notation x̃it indicates a sampled particle. From (2.22), one can see that
the importance weights are given by

w̃it = p(yt|x̃it) (2.26)
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The acceptance probability is caluclated by normalizing the importance weights,

wit = w̃it∑N
j=1 w̃

j
t

= p(yt|x̃it)∑N
j=1 p(yt|x̃

j
t )

(2.27)

An approximation of the filter density can be caluclated by inserting the sampled
particles from (2.25) into the expression in (2.17),

p̂(xt|y1:t) =
N∑
i=1

wit δ(xt − x̃it) (2.28)

Algorithm 2 summarizes the basic principles of the PF.

Algorithm 2: A particle filter

1. Initialize the particles, x0 ∼ p(x0) and set appropriate weights, wi0|0 for all
i = 1, ..., N and let t := 1.

2. Time update: Generate N new particles by drawing from the proposal
density

x̃it ∼ p(xt|xit−1), i = 1, . . . , N. (2.29)

3. Measurement update: Compute the importance weights

w̃it = p(yt|x̃it), i = 1, . . . , N. (2.30)

and normalize wit = w̃it/
∑N
j=1 w̃

j
t

4. Compute an approximation of the estimate

x̂t =
N∑
i=1

witx̃
i
t (2.31)

5. Resampling: For each i = 1, . . . , N draw a new particle xi with replacement
according to

P (xit = x̃jt ) = wjt , j = 1, . . . , N. (2.32)

6. Set t := t+ 1 and iterate from step 2.



Chapter 3

Motion and sensor models

Handling the information from the sensors in a robust and reliable way can be
difficult but nevertheless very important in state estimation. The general formu-
lation of a stochastic state space model has already been mentioned in section 2
and it is given by,

xt+1 ∼ p(xt+1|xt), (3.1a)
yt ∼ p(yt|xt). (3.1b)

The implementation of this expression can be accomplished by the nonlinear
discrete-time state-space model with additive noise given by (2.2),

xt+1 = f(xt) + vt, (3.2a)
yt = h(xt) + et. (3.2b)

Outliers are a recurrent problem and there are several ways to handle them. Two
different approaches have been evaluated:

• A Gaussian distribution with a pre-filtering approach

• A student’s t-distribution

while some other methods will briefly be discussed in Chapter 6.

3.1 Motion models
In both navigation and tracking it is important to have a good model describing
the motion of an object. In this section a motion model in one, two and three
dimensional will be introduced.

13
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3.1.1 1D motion
Consider some unknown motion in one dimension where position and velocity are
the states in the state vector. To understand the basic principles of the model
one can start with the model in continuous time and then transform it to discrete
time. As already proposed, the state vector is given by

xt =
(
pt
vt

)
(3.3)

where pt denotes the position and vt denotes the velocity. The model illustrates
the situation when the acceleration is unknown and randomly changes the velocity
of the object. To overcome this problem one can model the acceleration as process
noise. This is also known as random walk since there is some unknown input
interaction on the acceleration and the best we can do is to model it as a random
signal. The model in continuous time is given by

ẋt =
(

0 1
0 0

)
xt +

(
0
1

)
wt, (3.4)

where wt denotes the process noise which randomly can change the velocity. This
state space model is known as the constant velocity (CV) model. Applying the
Euler discretization will result in,

xt+1 =
(

1 T
0 1

)
xt +

(
T 2

2
T

)
wt. (3.5)

Of course there are some other possible ways to discretisize the expression in (3.4),
but this one is the simplest and most straightforward and will therefore be applied
here.

3.1.2 Motion in 2D
When the motion model increases with another dimension, it is convenient to
extend the state vector with the position and the velocity in the new dimension
but also to add a new state called the heading angle ψ (yaw). The yaw angle can
be modeled as random walk in angular velocity in the same way as the acceleration
affects the velocity in (3.4),

ψ̇t = wt, (3.6)

where wt denotes the process noise and should not be mistaken by the angular
velocity which usually is associated with ω. The state vector becomes

xt =


px,t
py,t
vx,t
vy,t
ψt

 , (3.7)
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and the CV model is given by

xt+1 =

I TI 0
0 I 0
0 0 I

xt +

T 2

2 I 0
TI 0
0 TI

(w1,t
w2,t

)
, (3.8)

where 0 and I are of appropriate dimensions, furthermore w1,t and w2,t are two
different types of process noise illustrating unknown inputs.

3.1.3 Motion in 3D
Going from 1D to the 2D motion is quite intuitive and easy, unfortunately this is
not the case when the motion model is updated to 3D. A full 3D PF has not been
developed and evaluated, but a lot of effort has been put in the basic understanding
and this area is highly relevant for future work and will briefly be introduced
here. The major difference between the 2D and the 3D motion is that there
will be 6 degees of freedom (DOF) instead of 3DOF. The unit quaternions which
are numerically much more robust than the regular Euler angle will be used for
the orientation representation. A full derivation of the quaternions can be found
in [14]. The state vector for a 6DOF motion is given by

xt =



px,t
py,t
pz,t
vx,t
vy,t
vz,t
q0,t
q1,t
q2,t
q3,t


, (3.9)

where p and v, denotes position and velocity, while q is the unit quaternions which
represent the orientation. We assume an IMU to be available and it is possible to
model the motion model in the following way,

xt+1 =

I TI 0
0 I 0
0 0 I + 1

2S(wxyz)

ptvt
qt

+

T 2

2 I 0
TI 0
0 1

2S
′(qn)

(e1,t
e2,t

)
(3.10)

where

S(wxyz) =


0 −ωx −ωy −ωz
ωx 0 ωz −ωy
ωy −ωz 0 ωx
ωz ωy −ωx 0

 (3.11)

and

S′(qn) =


−q1 −q2 −q3
q0 −q3 q2
q3 q0 −q1
−q2 q1 q0

 . (3.12)
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ωxyz = (ωx ωy ωz)T denotes the angular velocity measured by the gyroscope and
qn = (q0 q1 q2 q3)T has the unit quaternion and describes the orientation.

Notice that the angular velocities from the gyroscope are modeled as inputs in
the motion model. It is quite straightforward to calculate the rotation matrix
from the given quaternion,

R(qn) =

(q2
0 + q2

1 − q2
2 − q2

3) 2(q1q2 − q0q3) 2(q1q3 + q0q2)
2(q1q2 + q0q3) (q2

0 − q2
1 + q2

2 − q2
3) 2(q2q3 − q0q1)

2(q1q3 − q0q2) 2(q2q3 + q0q1) −(q2
0 − q2

1 − q2
2 + q2

3)

 .

(3.13)
An illustration of a rotation with quaternions can be seen in Figure 3.1 where the
angular velocities are assumed to be known.
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Figure 3.1: An illustration of a rotational motion where the orientation is given
by quaternions, i.e. qt+1 = (I+ 1

2S(wxyz))qt+ 1
2S
′(qn). A simulation has been run

for two seconds and the measurements from the gyro is given by the fixed value of
ωxyz = (0 0 π/8)T rad while the measurement noise has been neglected. In (a) a
top view of the rotation can be seen where the two rectangles illustrates the same
object before and after the rotation. A 3D overview of the simulation can be seen
in (b). The unit of the axis in the figures is meter.

3.2 Measurement equations
Although the UAV is equipped with both laser and IMU, only the laser will be
used in a first stage. The reason for not using the IMU is because things will be
kept as simple as possible in the beginning.
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3.2.1 The Laser range finder
A two dimensional sweeping laser is very convenient to work with because of its
simple nature. These kind of lasers employ a quite basic principle and measures
the distance to the closest obstacle at different angles, see Figure 3.2. The direction
of each laser beam can be represented by a mathematical function α(·). Let XYt
be a coordinate system attached to the range finder at time t and assume that
the X axis is aligned with the laser beam at α(K/2) = 0◦, see Figure 3.3. The
direction of the laser is then given by

α(k) = ρk − ρK/2, (3.14)

where ρ denotes the angular resolution and k is the laser index which is a number
between 0 and K, where K+1 corresponds to the number of measurements in one
scan. The scaling factor ρK/2 has been introduced to make it easier to convert
the measurements from the laser into correct angles.

−0.1 0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8
−0.1

0

0.1

0.2

0.3

0.4

0.5

0.6

Figure 3.2: A basic principle of a laser range finder which measures the distance
to the closest obstacle at different angles. The arc of laser beams which ends up
before they reaches the wall occurs due to the limited maximum range of the laser.
The laser in this example only has a field-of-view of 180 degrees while the real laser
used throughout the experiments can detect objects within 240 degrees.

The Hokuyo laser shown in Figure 3.4 will be used throughout the experiments.
The Laser has a field-of-view of 240 degrees with 682 measurements for each scan
with a max range of 4 m. The benefit with using the Hokuyo Laser is the relative
low weight and power consumption, while the drawback is the quite limited max
range.



18 Motion and sensor models
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Figure 3.3: A local coordinate system has been attached to the laser.

A sweeping laser generates a sequence of measurements in a predefined pattern,
e.g. the laser starts to sample from its far right side relative the forward direction
and move to the left side step by step until it reaches the end and start all over
again. A laser scan at time t is denoted yt and the individual measurements will
be referred to as ykt ,

yt = {y0
t , . . . , y

K
t } (3.15)

The measurement ykt corresponds to a distance generated from the direction given
by (3.14). The measurements within the same scan or scans from different times
will have measurement errors compared to each other. For instance, a laser mea-
suring the distance to a static obstacle will generate different measurements each
time because of physical and mechanical phenomena. Also, it has a limited max
range and detection problems with different materials. These problems can be
handled by modelling a mixture of different density functions.

Figure 3.4: The Hokuyo URG-04LX laser sensor.
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3.2.2 The Gaussian distribution
As recently mention, simple things will be tried first and therefore an intuitive and
easy approach is applied. Each laser measurement is assumed to be a stochastic
Gaussian distribution p(yt|xt) with the ”true” distance as the mean together with
some known variance σlaser depending on the laser device. The total probabil-
ity for each scan is obtained as the product of the individual likelihoods for the
measurements

p(yt|xt) =
K∏
k=0

p(ykt |xt) (3.16)

The implementation of (3.16) can be done by applying the PDF from (2.5).

p(yt|xt) = pet(yt − h(xt)) =
K∏
k=0

pet(ykt − h(xt)), (3.17)

where pet(·) is a Gaussian distribution with zero mean and the variance σlaser,

pet(yt − h(xt)) =
K∏
k=0

1√
2πσ2

exp
(
− (ykt − h(xt))2

2σ2

)
,

= 1√
2πσ2

K∏
k=0

exp
(
− (ykt − h(xt))2

2σ2

)
.

(3.18)

Inserting this expression in 2.27 gives

wit =
1√

2πσ2

∏K
k=0 exp

(
− (ykt−h(x̃it))2

2σ2

)
∑N
j=1

1√
2πσ2

∏K
k=0 exp

(
− (ykt−h(x̃jt))2

2σ2

)

=

∏K
k=0 exp

(
− (ykt−h(x̃it))2

2σ2

)
∑N
j=1

∏K
k=0 exp

(
− (ykt−h(x̃jt))2

2σ2

)
(3.19)

Because of the normalization of the weights, one can successfully get rid of the
1√

2πσ2 factor. It might not seem very useful to to get rid of the factor because it
is quite easy to calculate the value. But we will later see how the normalization
can be used when another distribution is introduced.

The Gaussian function will have its peak at (ykt − h(xt)) = 0, which corresponds
to a perfect match between the measured value and the measurement function
h(·) of the true state. Now, the question is how the function h(·) should look?
The measurement function can be different depending on the situation and which
problem we want to solve. Here, we have a localization problem and the task is
to estimate the position of the UAV inside a predefined map. In this case, h(·) is
a non-linear function representing a predefined map which is a model of the real
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world. The task is now to compare the distance between the UAV and obstacles in
the real world with simulated measurements from the map. In the real world the
range measurements are generated by the laser, while the simulated measurements
from the map is calculated by using linear algebra or some iterative algorithms.

When there is a match between the simulated measurements and the real mea-
surements, it is with high probability possible to estimate which position in the
map that corresponds to the real world position of the UAV.

3.2.3 Outliers
The drawback with a likelihood function calculated as a product of probabilities
is how sensitive it can be to outliers. For instance, a set of almost perfect mea-
surements with high probability can easily be destroyed if there is only one outlier
with very low probability, this might end up in a low likelihood function because
of the product between all the probabilities. There are several ways to interpret
outliers and usually an outlier is defined as some random behaviour of the sensor
which may result in false detections of objects that does not exist. Here an outlier
will also be defined as a situation where small deviation in the angle of the emitted
laser results in a huge difference of the measured distance, i.e. one can hit the cor-
ner of an object or just miss it by a centimetre and detect something far behind,
see Figure 3.5. The same situation can occur if the map does not fully match the
real world. When this occurs for a particle in the PF it will imply that the particle
will disappears after the resampling step, which is not a desirable behavior. There
are several ways to overcome this problem and some of them will be implemented
and tested on real data. The first approach is an ad hoc solution where some of
the worst matching measurements are removed. To decrease the computational
time, 62 of the 682 measurements generated by the Laser for each scan are used.
The 5 measurements which have the biggest difference between simulated and real
measurements are removed. The second approach is more sophisticated and the
purpose is to use a student’s t-distribution.

3.2.4 The student’s t-distribution
The characteristic features of student’s t-distribution compared to the regular
Gaussian is the heavier tails which makes the distribution more permissive for
outliers far away from the mean. The student’s t-distribution is defined in the
following way

p(x|µ, λ, ν) =
Γ(ν+1

2 )
Γ(ν2 )

(
λ

πν

) 1
2
[
1 + λ(x− µ)2

ν

]− ν+1
2

, (3.20a)

E(X) = µ for ν > 1, (3.20b)

var(X) = 1
λ

ν

ν − 2 for ν > 2, (3.20c)

where
Γ(n) = (n− 1)! for n > 0. (3.21)
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(a) (b)

Figure 3.5: Usually an outlier is defined as some random behaviour in the measure-
ments, for instance false detections of objects which does not exist. In (a) one can
see a normal situation where the true (blue) and the simulated (red) measurement
is quite similar to each other. When there are small deviations in the orientation,
it can result in huge differences between the measured distances as shown in (b)
and these situation will also be defined as outliers.

A visual representation of the student’s t-distribution can be seen in Figure 3.6.
Apply the student’s t-distribution to the expression in equation 3.17,

p(yt|xt) = pet(yt − h(xt)) =

=
Γ(ν+1

2 )
Γ(ν2 )

(
λ

πν

) 1
2
[
1 + λ(yt − h(xt))2

ν

]− ν+1
2

,

=
K∏
k=0

Γ(ν+1
2 )

Γ(ν2 )

(
λ

πν

) 1
2
[
1 + λ(ykt − h(xt))2

ν

]− ν+1
2

,

(3.22)

Notice that the expression
Γ(ν+1

2 )
Γ(ν2 )

(
λ

πν

) 1
2

, (3.23)

does not depend on xt and will therefore disappear after the normalization of the
weights,

wit =

∏K
k=0

[
1 + λ(ykt−h(x̃it))2

ν

]− ν+1
2

∑N
j=1

∏K
k=0

[
1 + λ(ykt−h(x̃jt))2

ν

]− ν+1
2
. (3.24)

This will of course make it easier to implement the student’s t-distribution since
the Γ function does not have to be considered at all. A comparison between the
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Figure 3.6: A comparison between a Gaussian and a student’s t-distribution. Un-
fortunately Matlab does not provide the three-parameter version of the student’s
t-distribution which includes µ, λ, ν, but the definition of the two-parameter ver-
sion is very similar to the expressions in (3.20).

result using real data the Gaussian distribution and the student’s t-distribution
can be seen in Chapter 5.

3.2.5 Inertial Measurement Unit
The accelerometer inside the IMU measures the acceleration in all three dimensions
while the gyroscope measures the angular velocities in the three dimensions. The
angular velocities have already been handled in the motion model, see section
3.1.3. The measured acceleration is given by,

ya,t = R(qn)at −R(qn)gxyz + ea,t, (3.25)

where gxyz = (gx gy gz)T denotes the gravity force which often is assumed to be
(0 0 − 9.82)T while R(qn) is the rotation matrix defined in (3.13), furthermore
ea,t describes the measurement noise in acceleration from the IMU.



Chapter 4

Mapping and localization

A very popular and useful map representation for dynamic environments is the
occupancy grid map. As the name indicates, occupancy grid mapping addresses
the problem of creating maps based on the probability that the grids are occupied
or not. A grid is defined as a discrete representation of some 2D or 3D area. The
basic concept of occupancy grid mapping is to represent the features of a real
world environment as binary variables which are randomly spread out in a map,
Figure 4.1. The occupancy grid map is suitable to use when the position and the
orientation of the robot is known, i.e. when the SLAM problem is solved. This
could sound very confusing since SLAM already addresses the mapping problem.
But there is actually a major benefit with the grid map because it can generate a
map suitable for path planning and navigation which usually is not the case with
the map achieved from SLAM.

4.1 Maps

A map m is defined as a list of objects and their corresponding properties from
some environment,

m = {m1,m2, . . .mN}, (4.1)

where N is the number of objects andmn is the property for each object. There are
usually two kinds of maps, feature-based and location-based. Location-based maps
have the advantage to easily identify the presence of objects, where each element
mn specifies a unique location in the world but also the corresponding status in
this location. It is common to replace the label mn with mx,y,z to specify which
world coordinate the label is referring to. Occupancy grid maps are location-based
and will be discussed soon. Feature-based maps are quite different and contains
a list of the properties for each feature (shape, average distance, etc.) and the
location of the feature.

23
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Figure 4.1: A logarithmic gridmap created in Matlab. The color of each grid cell
corresponds to the probability for a grid being occupied (white = low probability,
dark = high probability).

4.2 Grid maps
The main problem with occupancy grid maps is the estimation of the posterior
distribution for a map given the data,

p(m|y1:t, x1:t), (4.2)

where m is the map, y1:t the set of measurements and x1:t is the robot’s position
and orientation (also known as a pose) from which the measurements where taken.

Example 4.1: Problems with grid maps
The number of possible distributions for a map grows exponentially when the
number of grid cells are increased. Take for instance a 2D map which is 5 x 7 meters
with a grid size of 0.1 meter, this situation can generate 250×70 = 6.35 × 10526

different maps and it would not be possible to calculate a posterior distributions for
each map. Remember, this is a very small map and sometimes not even interesting
because of its limited size.

To get rid of the more or less impossible situation shown in the example, one can
break down the problem into smaller problems of estimating

p(mi|y1:t, x1:t), (4.3)

where mi denotes a grid cell with index i and p(mi) represents the probability
of the cell being occupied [11, 12]. This approach is quite convenient but it does
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not take dependencies between neighbouring cells into account which is a major
drawback. The posterior distribution of the map is approximated as the product
of each grid cell,

p(m|y1:t, x1:t) =
∏
i

p(mi|y1:t, x1:t). (4.4)

4.3 Binary Bayes filter
Because of the factorization we now have a binary estimation problem for every
grid cell. According to [11], occupancy grid maps is an example of binary Bayes
filters with the static state mi which does not change. The author of this docu-
ment interpret the situation of seeing the states in the grid map as static can be
done because each cell is either occupied or free, which mean that we can use the
static state occupied for all grids and then just look at the probability of the state
in order to determine if the grid is occupied or not. A high probability of the state
corresponds to an occupied grid while a low probability corresponds for a free cell.
In this way the state does not change but the probability of the state being true
could.

To make the derivation of the occupancy grid mapping algorithm easier to follow a
substitution will be done where the information from y1:t and x1:t are replaced by
the single parameter z1:t. Start by defining the odds of a state as the probability
for an event divided by the probability of its negate,

p(mi)
p(¬mi)

= p(mi)
1− p(mi)

. (4.5)

Notice the lack of time index (index i still represents a specific grid cell and does
not have anything to do with time) which indicates a static state. Apply the
logarithm to this expression and we can define the log odds ration as

l(mi) = log

(
p(mi)

1− p(mi)

)
. (4.6)

Consider Bayes filter algorithm which already has been derived in section (2.2),

p(mi|z1:t) = p(zt|mi) p(mi|z1:t−1)
p(zt|z1:t−1) . (4.7)

The expression p(zt|mi) can be very difficult to calculate and therefore an inverse
measurement model p(mi|zt) will be used. Imagine a situation with a door being
either opened or closed, i.e. we have a binary state X and would like to estimate
the state of the door using only a camera image yt. It is easier to find algorithms
for determining if the door is opened or closed from a camera image p(x|yt), than
trying to describe all possible camera images showing a closed door p(yt|x).

Bayes rule gives the following expression for the measurement model

p(zt|mi) = p(mi|zt) p(zt)
p(mi)

, (4.8)
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which can be inserted in (4.7)

p(mi|z1:t) = p(mi|zt) p(zt) p(mi|z1:t−1)
p(mi) p(zt|z1:t−1) . (4.9)

The analytical solution to this posterior distribution is hard to determine because
p(zt) and p(zt|z1:t) are difficult to calculate. To overcome this problem, one can
derive a similar equation but for the free cell in the map, ¬mi,

p(¬mi|z1:t) = p(¬mi|zt) p(zt) p(¬mi|z1:t−1)
p(¬mi) p(zt|z1:t−1) . (4.10)

Dividing the probability of the state with its negate leads to the opportunity of
cancelling out complex probability distributions:

p(mi|z1:t)
p(¬mi|z1:t)

=

p(mi|zt) p(zt) p(mi|z1:t−1)
p(mi) p(zt|z1:t−1)

p(¬mi|zt) p(zt) p(¬mi|z1:t−1)
p(¬mi) p(zt|z1:t−1)

,

= p(mi|zt)
p(¬mi|zt)

p(mi|z1:t−1)
p(¬mi|z1:t−1)

p(¬mi)
p(mi)

.

(4.11)

Replace p(¬mi|z1:t) with 1− p(mi|z1:t),

p(mi|z1:t)
1− p(mi|z1:t)

= p(mi|zt)
1− p(mi|zt)

p(mi|z1:t−1)
1− p(mi|z1:t−1)

1− p(mi)
p(mi)

. (4.12)

The posterior distribution, p(mi|z1:t), holds the interesting information about the
grid cell mi being occupied or not. The expression in (4.12) can be rearranged
and the posterior distribution for each grid is calculated as

p(mi|z1:t) = 1 +
[

p(mi|zt)
1− p(mi|zt)

p(mi|z1:t−1)
1− p(mi|z1:t−1)

1− p(mi)
p(mi)

]−1
, (4.13)

where p(mi|z1:t−1) is the probability of the grid in the previous timestep. Futher-
more, p(mi) is the prior distribution of each grid cellmi and defines the probability
of a cell being occupied before any measurements has been utilized. The most in-
tuitive value of the prior probability for a cell is apparently 0.5 which indicates
that initially we dont know anything about the map and each cell could be either
occupied or not. The last distribution in (4.13) is the already mentioned inverse
measurement model p(mi|zt). There are several ways of estimating this distribu-
tion and we will get back to it later.

The reason why it was possible to end up in the relatively straightforward equation
defined in (4.13), was because of the simplicity and the strength of using binary
states. This would not have been the case if we had a situation with three or more
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plausible outcomes. If the distribution for the state indicates a low probability for
the first outcome, one can not use the simple exclusion method as in the binary
case to distinguish the probability for all three states. Instead one have to intro-
duce some complex distribution function which makes all the calculations more
complicated.

The probability representation in (4.13) suffers from numerical instabilities when
the probability is in the region of zero and one. This can be handled with the log
odds representation which is derived by the logarithm of the expression in (4.12).
This expression is also known as binary Bayes filter,

lt,i(mi) = log p(mi|zt)
1− p(mi|zt)

+ log p(mi|z1:t−1)
1− p(mi|z1:t−1) + log 1− p(mi)

p(mi)
,

= log
p(mi|zt)

1− p(mi|zt)
+ lt−1,i(mi)− l0(mi),

(4.14)

where
l0 = log p(mi)

1− p(mi)
, (4.15)

and
lt−1,i(mi) = log p(mi|z1:t−1)

1− p(mi|z1:t−1) . (4.16)

4.4 The occupancy grid mapping algorithm
To complete the derivation of the occupancy grid mapping algorithm, one have to
remember the substitution of zt = (yt, xt) made in the beginning,

lt,i = log p(mi|yt, xt)
1− p(mi|yt, xt)

+ log p(mi|y1:t−1, x1:t−1)
1− p(mi|y1:t−1, x1:t−1) + log 1− p(mi)

p(mi)
,

= log p(mi|yt, xt)
1− p(mi|yt, xt)

+ lt−1,i − l0(mi),

where l0 = log p(mi)
1− p(mi)

and lt−1,i(mi) = log p(mi|y1:t−1, x1:t−1)
1− p(mi|y1:t−1, x1:t−1) .

(4.17)

A very neat property of the log odds representation is how easily the posterior
distribution is recovered:

p(mi|y1:t, x1:t) = 1− 1
1 + exp(lt,i)

. (4.18)

Algorithm 3 summarizes the basic principles of the occupancy grid mapping. The
most tricky part with the occupancy grid mapping algorithm is to find a suitable
inverse sensor/measurement model. The strength of using a laser for mapping
is the relative high precision in range and bearing, therefore a quite simple but
nevertheless powerful method will be applied, see Algorithm 4.
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Algorithm 3: Occupancy grid mapping

1. Input: l(t−1,i), xt, zt
2. for all grid cells mi do
3. if the cell mi is covered by the measurement yt then
4. Update the log odds of the grid cell accordingly

l(t,i) = l(t−1,i) + log p(mi|yt, xt)
1− p(mi|yt, xt)

− l0 (4.19)

5. else
6. The log odds of the grid will not change,

l(t,i) = l(t−1,i) (4.20)

7. end if
8. end for
9. Output: l(t,i)

Sometimes it can be useful to define a max and min threshold for lt,i to pre-
vent instabilities for probabilities near zero and one. Changing these threshold
levels closer to zero will make the map more dynamic and thereby more able to
switch a grid from free to occupied or vice versa.

Algorithm 4: A simple version of the InverseSensorModel

InverseSensorModel =
{
loccu if the beam ends up inside the grid
lfree if the beam traverses the grid

(4.21)

where loccu is a positive value which corresponds to a probability greater
than 0.5 while lfree is a negative value corresponding to a probability less
than 0.5. These statements can easily be verified by the formula in equation
(4.18).

4.5 Octomap
Octomap [19] is a three dimensional occupancy grid map which addresses the prin-
ciples shown in Algorithm 3 and 4. The benefit of using an Octomap compared
to a straight-forward version of a grid map lies in the effective way of allocating
memory for each cell. The easy way would be to create a memory cell for each
grid in the map.
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Example 4.2: Memory cell consumption
If we go back to the simple example with a map of size 5 × 7 meter, expand it
with further a dimension in height (3 m) and keep the grid resolution of 0.1 meter.
This is quite an ordinary room size and the memory consumption will finally end
up in 50× 70× 30 = 10500 memory cells.

Of course it is possible to implement a grid map in this way, but usually one has
to create maps of entire buildings, or even worse an outdoor area, which will make
the map very inefficient regarding the memory. Octomap provides a solution to
the memory problem by utilizing intelligent algorithms to effectively decrease the
memory usage. The basic idea behind Octomap is an algorithm called octree which
is a tree data structure where each node can be divided into eight subnodes (called
children of a node ) until a minimum size is reached, see Figure 4.2. Octomap has

Figure 4.2: A visual illustration of the octree structure, [17]. Some of the nodes
have been divided into smaller nodes.

adapted this method and each node in the octree structure is represented by a
grid in the map. Imagine a situation with some 0.8× 0.8× 0.8 m area and a grid
resolution of 0.1 meter being totally free from any obstacles. This area could then
be represented by only one node and it would not gain any further information if
the area was divided into smaller subregions, because all of them would still be
free. If a grid becomes occupied it will be divided into smaller regions until the
grid size or some lower bound is reached.

To make the illustrations easier to follow, 2D figures have been used. From Fig-
ure 4.3 one can see the benefits of using the Octomap representation instead of
the straight-forward approach where each grid cell has an allocated memory cell
connected to it. The map consists of 0.8/0.1 × 0.8/0.1 × 0.8/0.1 = 512 grids and
each cell is either occupied = 12 or free = 02 and will be represented by a digital
bit (indicated by the index 2). For this example it would mean that we need 512
bits = 64 bytes (1 byte = 8 bits) to represent a regular grid map. With Octomap
one have to define three situation for each node; it is either free, occupied or a new
subnodes. If we go back to the digital representation, we need at least two bits to
represent three different modes; 012 = occupied, 102 = free and 112 = subnode.
Notice that the binary representation 112 actually is a pointer to a new node (at
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Figure 4.3: The white squares to the left illustrates the bottom layer of a cube,
furthermore assume that the top layer is totally free. The black circle corresponds
to an occupied area while the white circles represents free regions. The gray circle
indicates when a node has been divided into new subnodes. The area is divided
into smaller regions until the interesting grid or some lower bound is reached.

least 4 bytes are required to represent a pointer) but will now be seen as an indica-
tion of new nodes. This assumption has been made to simplify the understanding
of the strengths with using Octomaps, we will get back to the pointer later. When
all children of a node have the same state (free or occupied) one can cut away the
children and later re-generate them if future measurements indicates a new state
for the for the node.

Since there are three different levels in this example and each of them consists
of eight nodes which have a binary representation of two bits, it will finally end
up in a memory consumption of 3 × 8 × 2 = 48 bits = 6 bytes. Compared to 64
bytes, this is a quite good improvement on a relatively limited area.

4.5.1 Pointers
The real size of a pointer depends on the hardware structure inside the computer,
either you run a 32- or 64-bit architecture. For instance, the 32-bit architecture
requires 32 address bits to access a specific cell in the memory, the pointer will
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therefore be 32 bits or 4 bytes.

The octree structure for each node consists of sorted lists of its children [19].
Therefore it is possible to use eight pointer to represent the eight children of a
node and will require a memory usage of 8 × 4 byte = 32 byte, which is a quite
huge memory consumption. To overcome this problem one can create a pointer to
an array of eight pointers, but the array will only be allocated when the children
of a node needs to be initialized. Notice that the pointer approach would actually
generate a larger memory usage compared with the straight-forward method in
the previous example since we need three levels of arrays which is equal to 3 × 32
byte = 96 bytes. This could seem strange, but what will happen with the straight-
forward approach if the grid resolution decreases to 0.05m. The memory usage
will increase to 0.8/0.05 × 0.8/0.05 × 0.8/0.05 = 512 bytes while the Octomap
approach is not even close to this value since the only thing one have to do is to
introduce an extra array which corresponds to 4 × 32 byte = 129 byte.

4.5.2 Quantization
There are always quantization problems when creating discrete models of a real
system. This is also the case for Octomap because the map consists of grid cells
with a certain resolution. Imagine a situation where the UAV is moving parallel
along a straight wall and measuring the distance to it at a specific angle. If there
is no measurement error for the laser, one should measure the same distance to the
wall along the whole path. Unfortunately this is not the case when measurements
are simulated in the Octomap because each measurement always refer to the center
of a grid and the measurements can therefore differ a lot depending of the grid
resolution and the angle of incidence. It is possible to overcome this problem by
increasing the variance of the laser in the sensor model.

4.6 Scanmatching
Ground vehicles are often equipped with odometers which can give some indica-
tion of the movement and the equivalent sensor for aerial vehicles is the IMU.
Unfortunately IMU’s are hard to use in the same way as odometers because of the
fact that IMU’s can drift resulting in corrupt data when calculating the position.
As already mentioned IMU’s measures both angular velocity and acceleration, in-
tegrating the acceleration twice will give the position. The measurement error will
also be integrated and the estimation of the position is therefore corrupted.

Since the UAV is equipped with a laser, it is possible to estimate the relative
displacement between two laser scans [7]. A very powerful algorithm for these
kinds of problems is the Iterative Closest Point (ICP). The key idea of ICP is to
match two sets of data and then calculate the displacement between these. The
ICP algorithm is summarized in Algorithm 5 below.
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4.6.1 The general cost function
Define a set of points {qt} at time t, then a single point qt(j) is given by:

xt(k) = dkt cos(αt(k)),
yt(k) = dkt sin(αt(k)),

(4.22)

where αt(k) is the function defined in equation (3.14) and dkt is a distance mea-
sured by the laser.

When there is a motion, two consecutive scans from time t and t + 1 have gath-
ered data from two different positions. The scans are referred to as {qt} and
{qt+1} which is given in their local coordinate system. To find the correspondence
between the scans, one have to project the points from {qt+1} into {qt}’s coordi-
nate system according to some transformation Tt. The transformed points will be
known as {q̂t} and the key idea with the ICP algorithm is to estimate Tt as good
as possible. The transformation is a combination of the relative displacements and
the rotation,

Tt =

∆x
∆y
∆ψ

 . (4.23)

The coordinates for {q̂t} are given by[
x̂t(k)
ŷt(k)

]
=
[
cos(∆ψ) − sin(∆ψ)
sin(∆ψ) cos(∆ψ)

] [
xt+1(k)
yt+1(k)

]
+
[
∆x
∆y

]
. (4.24)

Next step is to define a correspondence index function as J(k) when the projection
q̂t(k) of the point qt+1(k) corresponds with the earlier observed point qt(J(k)), i.e.
k is the index of projected point from time t + 1 while J(k) is the index of the
previous observed point at time t (see equation (4.31) for an example of how the
function can be defined). An error function is introduced to get some indication of
the error between the matched points. The error can be calculated as a function
of the projected point and the observed point,

eTt(k) = eTt (q̂t(k), qt(J(k))) . (4.25)

Outliers and unmatched points can be detected by defining the following function,

pTt =
{

1 if |eT t(j)| ≥ E
0 otherwise

. (4.26)

where E is the threshold level and the number of valid correspondence is given by

nTt =
K∑
k=0

pTt(k). (4.27)
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Futhermore, the ratio between the number of points that actually have been used
and total number of points is calculated as

PTt = nTt
K + 1 . (4.28)

There are many things which makes it impossible to find an exact correspon-
dence between the points, such as measurement noise, moving objects, occluded
areas, among others. The situation can be seen as an optimization problem for
determining a 2D transformation Tt by minimizing a matching criterion ITt . By
accumulating the matching errors for all valid points and then dividing the sum
by both nTt to normalize and PTt to penalize low correspondence rates, a general
matching index can be formulated,

ITt =
∑K
k=0 pTt(k) · eTt(k)

nTt PTt
, (4.29)

which is the cost function in the optimization problem.

4.6.2 The iterative closest point algorithm

The first step in the ICP algorithm is to calculate the coordinates q̂t according
(4.24) where Tt is initialized by the motion estimated by the odometers which will
be a problem because the UAV does not have any odometers. Next step is to
calculate the squared distance for all possible combinations of the point from q̂t
and qt,

e(i, k) = (xt(i)− x̂(k))2 + (yt(i)− ŷ(k))2
. (4.30)

The third step includes the estimation of the correspondence index function J(k)
by minimizing the squared distance between the points,

J(k) = m, if e(m, k) = minKi=0 [e(i, k)] . (4.31)

Finally the match error function is given by

eTt = (xt(J(k))− x̂(k))2 + (yt(J(k))− ŷ(k))2
. (4.32)

Now it is possible to analytically solve the optimization problem by minimizing the
cost function in (4.29), the solution can be found in [7]. The relative displacement
which is estimated by the ICP algorithm can be used in the PF as an indication
of how the particles should be moved.
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Algorithm 5: Iterative Closest Point

1. Define two sets of points {qt, qt+1} and calculate {q̂t} as the projection of
{qt+1}.

2. Find the closest point from each set by minimizing the squared distance for
every possible combination in {q̂t} and qt, see (4.30)-(4.32).

3. Discard points which are further away than a certain threshold, see (4.26).

4. Calculate the transformation vector (displacement and rotation) by
analytically solve a optimization problem, see (4.29).

5. Move and rotate the points from set qt according the transformation vector.

6. Go back to step 1 and iterate the procedure a couple of times.

The number of points within each set does not have to be equal which makes the
algorithm very flexible. The drawback with the algorithm is the fact that it can
only guarantee to find a local minima and not a global.



Chapter 5

Experimental Results

The VICON lab located at the University of Linköping is equipped with a motion
capture system which makes it possible to get ground truth position for all the ex-
periments. The VICON lab has been very useful when evaluation the performance
of the PF, but it has also been used when creating Octomaps. The motion capture
system track reflective balls which are attached to different objects by using ten
infrared cameras and infrared lamps, see Figure 5.1.

Figure 5.1: A visualization of the motion capture system tracking an object. The
beginning and the end of the motion is marked with two circles.

An example of the information generated by the motion capture system can be
seen in Figure 5.2. In the VICON lab there is a global coordinate system which
defines origo, i.e. the position and orientation for all the objects of interest are
given relative the global coordinate system.

35
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Figure 5.2: The first column indicates which frame the data is associated with,
the system runs with a speed of 250 Hz which means that the time between each
frame is 0.004s. The second column is irrelevant but the remaining six columns
are useful and defines the pose of the object relative the global coordinate system
in the following order; rotation around X, Y, Z and then the translation for X, Y,
Z.
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Both simulated and real data have been evaluated and some of the results will
be summarized in this section. The simulations are performed by using Octomap
together with Matlab, while the VICON lab has been used when evaluating the
real data.

5.1 Simulations
The possibility of simulating algorithms and important properties before they are
tested in reality can be a very powerful tool. This section will give a brief overview
of the simulation environment used throughout this thesis. The software used for
the simulations is both Matlab and C++.

5.1.1 Localization in the 1.5D PF
To illustrate the basic principles and the simplicity of the particle filter, a 1.5
dimensional example will be used.

Example 5.1: Illustration of the 1.5D PF

Imagine an airplane flying at constant altitude over some known terrain and the
task is to estimate the position of the plane. The airplane is equipped with a sonar
measuring the distance to the ground and the altitude is known and constant.

The reason why this situation is stated as a 1.5 dimensional examples is because
the plane moves along a straight line in one dimension while the sonar is mounted
downwards and measuring the distance to the ground in a different dimension
compared to the movement direction. The motion model in this example is the
one dimensional CV model, see equation (3.5). Initially the particles are spread
out all over the terrain since we do not know anything about the situation (step
1 in Algorithm 2, initialization), see Figure 5.3a. Move the particles according to
the motion model (step 2 in Algorithm 2, time update). Sample data from the
sonar and update the weights of particles by comparing the real measurements
with the simulated ones (step 3 in Algorithm 2, measurement update). Compute
an estimation of postion by using the weights (step 4 in Algorithm 2, estimation).
Already after the first measurement there is enough information available to dis-
card a lot of particles (step 5 in Algorithm 2, resampling), see Figure 5.3c. The
procedure is repeated and new estimations can be done.

To make the situation more realistic, some measurement error has been added
to the sonar. The measurement error is represented by a Gaussian distribution
with zero mean and a covariance σ2

sonar. Although the sonar measures a distance of
Z meter, the probability of the detected object being anywhere between Z ± σsonar
m is very high. Figure 5.4 shows how the measurement error affects the particle
filter.



38 Experimental Results

0 0.2 0.4 0.6 0.8 1
−20

−10

0

10

20
A

lti
tu

de

Position

0 0.2 0.4 0.6 0.8 1
0

100

200

300

400

500

N
um

 o
f p

ar
tic

le
s

Position

(a)

0.649 0.6495 0.65 0.6505 0.651 0.6515
8

10

12

14

16

18

20

22

24

26

A
lti

tu
de

Position

(b)

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
−20

−10

0

10

20

A
lti

tu
de

Position

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0

100

200

300

400

500

N
um

 o
f p

ar
tic

le
s

Position

(c)

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
−20

−10

0

10

20

A
lti

tu
de

Position

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0

100

200

300

400

500

N
um

 o
f p

ar
tic

le
s

Position

(d)

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
−20

−10

0

10

20

A
lti

tu
de

Position

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0

100

200

300

400

500

N
um

 o
f p

ar
tic

le
s

Position

(e)

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
−20

−10

0

10

20

A
lti

tu
de

Position

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0

100

200

300

400

500

N
um

 o
f p

ar
tic

le
s

Position

(f)

Figure 5.3: The procedure of the 1.5D PF. The big blue circle indicates the true
position and the smaller red circles are the particles while the black medium size
circle is the estimated position. The initialization step of the PF where the particles
are spread out all over the area can be seen in (a). The lower figure in each sub
figure is the histogram of the particle position, i.e an indication of how many
particles there are in each region. The enlarged area around the true position is
shown in (b). In each subfigure (c-f), the whole procedure of the PF algorithm
(time update, measurement update, estimation, resampling) is included. The unit
of the altitude and the position in the figure is meter.



5.1 Simulations 39

0.275 0.28 0.285 0.29 0.295 0.3

0

10

20

A
lti

tu
de

Position

0.275 0.28 0.285 0.29 0.295 0.3
0

100

200

300

400

500

N
um

 o
f p

ar
tic

le
s

Position

(a)

0.275 0.28 0.285 0.29 0.295 0.3

0

10

20

A
lti

tu
de

Position

0.275 0.28 0.285 0.29 0.295 0.3

100

200

300

400

500

N
um

 o
f p

ar
tic

le
s

Position

(b)

Figure 5.4: The ground level to the left of the knee at the position 0.3 is -4 m and
-3.5 m to the right. An ideal sonar without any measurement noise has been used
in (a) and one can clearly see how the particles do not propagate further than the
knee at 0.3 m. In reality there is no ideal sonar which can measure the correct
distance every time, although the sonar indicates a specific ground level it is not
appropriate to fully trust this measurement and therefore one also have to include
other levels within the measurement error of the sonar. In (b) the sonar has a
standard deviation of 1 m and now there is also some probability of being at the
ground level of -3.5 m when the sonar measures -4 m. The unit of the altitude and
the position in the figure is meter

5.1.2 Localization in the 2D and 2.5D PF
A good and reliable simulation model can take a very long time to develop. Since
the time of the thesis is quite limited and the simulations are not the main topic,
the simplest solutions have once again been prioritized. In a first stage, the simu-
lation environment is developed in Matlab and later on the simulations have been
converted into C++ where Octomap is used. Since a two dimensional situation is
a special case in the three dimensional room, a simulation environment with three
dimensions has been developed which can be used for both the 2D and 2.5D PF
when the altitude of the UAV is constant. The 2D case is the situation where
the laser is attached to the UAV in such a way so it is measuring the distance
to different objects in the same plane as the movement of the UAV, see Figure
5.5. In the 2.5D situation the laser has been rotated 90 degrees and is pointing
downwards, Figure 5.6.

Line-plane intersection

Since the UAV is equipped with a laser, the line-plane intersection [16] will be a
main part of the simulations since we assume the environment to be built up by
flat objects. The parametric line equation can be represented as

la + (lb − la)t, t ∈ R, (5.1)

where la = (xa, ya, za) and lb = (xb, yb, zb) are two points along the line. In the
same way a plane can be represented as
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Figure 5.5: The 2D situation, one can see a top view in (a) while a 3D overview
is shown in (b). The unit for all the axis is meter.
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Figure 5.6: The 2.5D situation, one can see a top view in (a) while a 3D overview
is shown in (b). The unit for all the axis is meter.

p0 + (p1 − p0)u+ (p2 − p0)v, u, v ∈ R (5.2)

where pk = (xk, yk, zk), k = 0, 1, 2 are three points in the plane which are linearly
independent. Finding an intersection between the line and the plane can be done
by setting the equations shown in (5.1) and (5.2) equal to each other,

la + (lb − la)t = p0 + (p1 − p0)u+ (p2 − p0)v. (5.3)

Simple algebra gives

la − p0 = (la − lb)t+ (p1 − p0)u+ (p2 − p0)v, (5.4)

which can be expressed in matrix form asxa − x0
ya − y0
za − z0

 =

xa − xb x1 − x0 x2 − x0
ya − yb y1 − y0 y2 − y0
za − zb z1 − z0 z2 − z0

tu
v

 . (5.5)

Finally, the equations can be solved by inverting the matrix:
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tu
v

 =

xa − xb x1 − x0 x2 − x0
ya − yb y1 − y0 y2 − y0
za − zb z1 − z0 z2 − z0

−1 xa − x0
ya − y0
za − z0

 . (5.6)

From here it is possible to find the intersection between the line and the plane. If
the line is parallel to the plane, the matrix in 5.6 will be singular and not invertible.
The same situation will occur when the plane lies inside the plane.
Otherwise an intersection will be found, when the solution satisfies the condition
t ∈ [0, 1], the intersection point is located on the line between la and lb. If the
solution satisfies u, v ∈ [0, 1], (u + v) ≤ 1, then the intersection point is in the
plane inside the triangle spanned by the three points p0,p1 and p2.

0

0.2

0.4

0.6

−1

−0.8

−0.6

−0.4

−0.2

0

0

0.1

0.2

0.3

X: 0.64
Y: −0.96
Z: 0

x
X: 0
Y: −0.96
Z: 0

X: 0.64
Y: 0
Z: 0

y

X: 0
Y: 0
Z: 0

z

Figure 5.7: Every plane is defined by the points in each corner of the plane.

In the simulation model a plane is defined as the area between four coordinates
in a three-dimensional space, Figure 5.7. The only solution used from equation
(5.6) is the one given by t, i.e. u, v is not used since they will only indicate if the
intersection point is located inside the area spanned by the three points p0,p1
and p2. Using all three solutions for the matrix (t, u, v) would mean that every
plane must consist of two triangles. Equation (5.6) could then be extended or
used twice for each plane. Instead of this method an other approach has been
used where the planes are defined by the coordinate in each corner of the plane.
The intersection is still calculated using three points from the plane, but the map
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which includes the planes have been expanded with further information about the
length, width and height for each plane. This information makes it possible to see
if the intersection between the line and plane ends up inside the valid area defined
by the four coordinates.

Matlab simulations

As already mentioned, there are several plausible motion models to apply when
estimating the dynamics of aerial vehicles. Without the IMU, it is reasonable to
use the 2D CV model which already has been described in Section 3.1.2.

The fact that each particle has to simulate a couple of measurements and solve
the line-plane intersection equation for every laser beam makes the simulations
very time consuming. It is hard to evaluate the performance of the PF when the
simulation time is long. Matlab is quite slow when running nested loops which
more or less are impossible to avoid in a PF. To reduce the simulation time one
can decrease the number of particles and the corresponding measurements but this
will also create problems, because the PF will not converge to the true state if the
number of particles is too small.

Simulations in C++

As already stated, simulations can be very time consuming if heavy systems are
being tested and evaluated. Sometimes it is hard to do anything about the compu-
tational time because of the complex nature of the simulation environment. Past
experience indicates that the simulation time of the PF can be decreased substan-
tially when running the algorithms in C++ compared to Matlab. The structure
and the idea behind the Matlab code from the simulations can be adapted and
utilised in the real UAV platform at a later stage. For these two reasons, all the
code from the Matlab simulations has been converted into C++. But Matlab
will still be used to create measurements which is converted to an Octomap, see
, Figure 5.8. The possibility to easily modify the code for the simulation model
into real running algorithms will always be kept in mind.

Simulation results

Due to time restrictions, only evaluation of the 2D PF has been conducted. A
small number of tests have been made on the 2.5D PF, but there is some more
debugging needed before it can be evaluated for real and therefore it has not been
analysed any further. The scanmatching algorithm has been tested with both sim-
ulated and real data to see if it is possible to use the information as odometer data.
The results have been quite successful but the implementation of the scanmatching
algorithm replacing an odometer in the PF has not been fully tested because of
lack of time.

It is always hard to fully reproduce realistic motions and measurements. To make
it easier, a CV model has been applied for simulating interesting movements and
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Figure 5.8: A visual representation of an Octomap. This map has been created
under perfect circumstances by simulating measurements in Matlab from the map
shown in Figure 5.5 and 5.5.

therefore illustrate the object which should be localized. In some simulations, mea-
surement noise has been added to make the situation more realistic. The Gaussian
distribution with the ad hoc solution can be seen in Figure 5.9 and 5.10 while the
student’s t-distribution is applied in Figure 5.11 and 5.12. By comparing the root
mean square error (RMSE) for the position and the orientation, one can get a
good indication of the performance. Matlab has only been used to visualise the
results and have nothing to do with the simulations.
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Figure 5.9: A simulation without measurement noise. Number of particles = 2000,
position RMSE = 0.0070 m, orientation RMSE = 0.0068 rad. An overview of the
simulation can be seen in (a) while a closer view of the trajectory is shown in (b).
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Figure 5.10: A simulation without measurement noise where the measurement
model is Gaussian distributed. Number of particles = 2000, position RMSE =
0.0109 m, orientation RMSE = 0.0162 rad. An overview of the simulation can be
seen in (a) while a closer view of the trajectory is shown in (b).
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Figure 5.11: A simulation without measurement noise where the measurement
model is student’s t-distributed. Number of particles = 2000, position RMSE =
0.0075 m, orientation RMSE = 0.0070 rad. An overview of the simulation can be
seen in (a) while a closer view of the trajectory is shown in (b).
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Figure 5.12: A simulation where measurement noise have been added to the laser,
the noise is Gaussian distributed with zero mean and a standard deviation of 0.05
m. The measurement model is student’s t-distributed. Number of particles =
2000, position RMSE = 0.0116 m, orientation RMSE = 0.0100 rad. An overview
of the simulation can be seen in (a) while a closer view of the trajectory is shown
in (b).
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5.2 Evaluation of real data
Working with real data always implies challenges compared to simulated data
where the circumstances, more or less, can be perfect. In all the test sessions,
only the laser has been used and moved around in a 2D pattern, which means
that the 3D situation with the complete UAV platform has not been evaluated.
It has already been stated that there are some quantization problems with the
Octomap. A real dataset from the laser and the corresponding Octomap with a
grid resolution of 0.04m is shown in Figure 5.13. A comparison between real and
simulated data can be seen in Figure 5.14.

(a) (b)

Figure 5.13: (a) Real measurements (682 points) from the laser and the corre-
sponding Octomap is shown in (b). A small coordinate system is also included in
both figures to represent the origin.

Although the measurements are simulated from exactly the same position as the
one the real measurements where gathered from and later used for creating the
octomap, there will be some differences between the datasets. The Hokuyo laser
which has been used throughout the experimental sessions is very reliable in both
precision and repeatability. Figure 5.13a has already shown the result from a
stationary Hokuyo laser which has collected data for a couple of revolutions. By
moving the laser and using the information from the motion capture system makes
it possible to create an Octomap of a real world environment. The measurements
from the motion capture system and the moving laser does not generate as good
data as in the situation with a stationary laser. From Figure 5.15a one can clearly
see the difference of the thick and blurred walls compared to the straight and thin
walls generated by the stationary laser from Figure 5.13a.
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Figure 5.14: An illustration of the quantization problem which can occur in the
Octomap. The measurements are simulated from exactly the same position as the
one the real measurements where gathered from.

The problem with thick walls originates from the fact that the laser does not
gather data fast enough. As already mentioned it is almost 67 ms between the
first and the last measurement in the same scan. This might sound quite small
but imagine the laser turning with an angular velocity of π/4 rad/s. Which is
not unusual and it would mean that the laser has enough time to rotate almost
π/4 rad/s × 0.067s = 0.0526 rad from its position where the first laser measure-
ment was taken from to the last position. Still this can sound negligible, but
remember that it can have a huge affect when the measured distance is quite
large. A measured distance of three meter could for instance result in an error of
3 sin(0.0526) = 0.157 meters along the y-axis.

All these problems are something one have to consider when developing algo-
rithms for localisation because it can be difficult to create reliable maps without
any quantization errors or other assumptions.

Results

Three different sessions have been preformed in the VICON lab. The outcome
from the sessions are quite similar to the one in Figure 5.15. A comparison of
the performance has been done between a Gaussian distributed and a student’s
t-distributed measurement model. In each session, every tenth sample has been
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(a) (b)

Figure 5.15: (a) is real measurements (682 points) from the laser and the corre-
sponding Octomap is shown in (b).

used which corresponds to a sample time of approximately 1 s. It can be difficult to
make any reliable conclusions regarding the RMSE value from only three sessions.
To compensate for this, each session has been iterated 50 times to calculate a more
reliable RMSE value. The results can be seen in Figure 5.16-5.18 and summarised
in Table 5.1 and 5.2.

Parameters Test 1 Test 2 Test 3
Distribution Gaussian Gaussian Students’s t
x0 True state 1 True state 1 True state 1

p0 (0.05 0.05 0 0 0.1)T (0.05 0.05 0 0 0.1)T (0.05 0.05 0 0 0.1)T
Qt (0.04 0.04 0.25)T (0.04 0.04 0.25)T (0.04 0.04 0.25)T
Rt 0.01 0.01 -
λ - - 100
ν - - 1
N particles 2000 2000 2000
N meas. 62 62 62
Removed meas. 0 5 -

Table 5.1: A summary of the parameters which have been used in the evaluation
of the PF om real data.
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Test 1 Test 2 Test 3
pRMSE [m], session 1 0.0890 0.0246 0.0274
oRMSE [rad], session 1 0.1392 0.0265 0.0320
pRMSE [m], session 2 0.0925 0.0317 0.0425
oRMSE [rad], session 2 0.1225 0.0370 0.0466
pRMSE [m], session 3 0.1371 0.0505 0.0448
oRMSE [rad], session 3 0.2294 0.0870 0.0878
pRMSE [m], all sessions 0.1062 0.0356 0.0382
oRMSE [rad], all sessions 0.1637 0.0484 0.0555

Table 5.2: The results from the test sessions. The best result in each session has
been highlighted.

(a) (b)

Figure 5.16: In (a) a Gaussian distributed measurement model has been used
while the student’s t-distribution has been applied in (b). The RMSE for the
position and the orientation are 0.0246 m and 0.0265 rad for the Gaussian. The
corresponding values for the student’s t-distribution are 0.0274 m and 0.0321 rad.

1It can seem very strange that x0 is equal to the true state. If one does not have the possibility
to choose x0 close to the true state, one have to spread out the particles all over the area and
increasing both p0 and the number of particles to cover up all important states. In order to
keep down the simulation time and the run time, x0 has been chosen to the true state instead of
increasing p0 and the number of particles.
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(a) (b)

Figure 5.17: The Gaussian distribution applied in (a) and the student’s t-
distribution in (b). The position RMSE is 0.0317 m and the orientation RMSE
is 0.0370 rad for the Gaussian distribution and. The corresponding values for the
student’s t-distribution are 0.0425 m and 0.0466 rad.

(a) (b)

Figure 5.18: The third session does not generate as good results as the other two.
The Gaussian distribution is shown in (a) and the student’s t-distribution in (b).
The RMSE for the orientation is quite poor compared to the other results. The
explanation to this behaviour is unknown. The RMSE for the position and the ori-
entation is 0.0505 m and 0.0870 rad for Gaussian distribution. The corresponding
values for the student’s t-distribution are 0.0448 m and 0.0878 rad.



Chapter 6

Conclusion and future work

The research field for UAVs is enormous and there are a lot of things to consider
when working within this area. The main goal of the thesis has been to develop
reliable algorithms in a 3D framework. To reach this goal, one should first have
full understanding of the 2D case and then adopt these algorithms and principles
when increasing the degree of freedom with another dimension. Unfortunately a
lot of time has been spent on the 2D case resulting in lack of time when evaluating
the more interesting 3D case. It has been quite obvious that the measurement
equation and the corresponding distribution is very crucial in these kind of sit-
uations. According to the experimental results, it seems like the most reliable
measurement model is the one where the Gaussian distribution together with the
ad hoc solution has been used. It can be possible to improve the results for the
student’s t-distribution by tuning its parameters.

As already mention in Section 1.2-1.4, few have reported the possibility of per-
forming SLAM in 3D for indoor UAV’s only using IMU and a 2D laser. The initial
objective of this thesis was to develop some kind of offline-SLAM algorithm based
on scanmatching to create a 3D map of the environment. After a couple of weeks,
it was clear that it would take a lot of time to generate robust scanmatching al-
gorithms. I still think this would be possible to do and very useful in the future
development of UAVs. You may wonder why bother with a 2D laser and com-
plex algorithms at all when a camera can simplify everything? Obviously there
are situations where the camera could work perfectly but there is also situations
where the camera does not work at all, for instance in dark rooms. From the very
beginning of this thesis, I have always thought of how useful a UAV with a laser
could be for a search and rescue session inside a burning building filled with thick
smoke which makes it impossible to use a regular camera.
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Both the Gaussian and the student’s t-distribution would probably work bet-
ter if one could guarantee an Octomap which represents the real world with high
accuracy. In reality this is not possible, instead one have to compensate with ro-
bust algorithms which can handle the problem of using an non-perfect Octomap.
A solution which could work much better for these kinds of situations is proba-
bly a feature detection algorithm. Feature algorithms are not very sensitive to
outliers and model errors which descends from the Octomap. Although the map
is not perfect, one can still detect lines, corners and other features in a reliable
way and use this information for localisation. The major reason for not evaluating
feature detection is because of its complex nature which probably would require
a lot of time before effective algorithms can be developed. Another interesting
approach would be to use multimodal Gaussian distribution. The key idea is to
include some uncertainty in the angle of the emitted laser beam and then make
use of some multimodal distribution which can cover up the situation when the
laser detects an object while the simulated measurement misses the object with
some centimetres and detects something behind, like the situation in Figure 3.5.
In this way it would be possible to make use of the information to improve the
estimations instead of seeing the measurement as an outlier and removing it.

There are also a lot of things to improve regarding the PF. First of all it could be
mentioned that the optimal proposal density is given by q(xt|xit−1, yt) and would
of course produce better result because the current measurement yt is now con-
sidered when new particles are generated. The PF can be very time consuming
to calculate because when the dimension of the states space vector increases, the
number of particles will also increase as a consequence of this. A solution to this
problem is the Rao-Blackwellized Particle Filter (also known as the Marginalized
Particle Filter) which utilizes a method where the states are separated in a linear
and a non-linear part.
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