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MAPPING OF STATIC AND DYNAMIC OBSTACLE FOR UNMANNED
GROUND VEHICLE
SUMMARY
Recently research about unmanned vehicle is getting more important. Use of
intelligent systems which include sensors such as laser, camera, GPS and radar
increases in automotive and defence industry. This research is made in order to test
the mapping algorithms for the “Unmanned Ground Vehicle (UGV) Project”, carried
out in Istanbul Technical University Mechatronic Education and Research Center.
Testing a system in which all sensors work correctly is both difficult and expensive
in real time. Therefore we used Webots , which is a professional simulation program
by Cyberbotics, for evaluating the mapping algorithms in real time conditions. After
constructing occupancy grid map, we accepted the map as an image. Obstacle
segmentation process is carried out employing some image processing methods.
Then each obstacle is described by a few data for usage of path planning algorithm.
Furthermore this thesis shows that using more laser sensor does not provide benefit
for mapping.
Obstacles are detected and labelled but this isn’t enough for driving safety. Dynamic
obstacles really threaten the driving safety. A dynamic obstacle may not be on the
route of the vehicle. But a few seconds later it may move to the front of the vehicle
so this case can cause an accident. Therefore dynamic obstacles which may be a
potential treat must be tracked by the tracking algorithm of the vehicle. Firstly a
dynamic obstacle is detected by a new method which is developed in this thesis.
Then the dynamic obstacle which is in the search area in front of the vehicle is
tracked by a Kalman filter tracking algorithm. Errors of states are minimized by the
Kalman filter tracking algorithm which is implemented in the thesis.
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ENGEL

HARİTALAMASI
ÖZET
Son yıllarda insansız araçlar ile ilgili çalışmalar önem kazanmıştır. Otomotiv ve
savunma sanayinde lazer, kamera, radar, GPS gibi sensörlerin olduğu akıllı
sistemlerin kullanımı her geçen gün artmaktadır. Bu çalışma İstanbul Teknik
Üniversitesi Mekatronik Eğitim ve Araştırma Merkezinde çalışılan insansız kara
aracı projesinin haritalama algoritmalarının simülasyon ortamında test edilmesi
amacıyla yapılmıştır. Bütün sensörleri tamamen doğru çalışan bir sistem haline
getirip değişik durumları gerçek zamanlı olarak denemek hem zor hem de
maliyetlidir. Bu nedenle profesyonel bir simülasyon programı olan Webots’da uygun
koşullar oluşturularak gerçek zamanlı çalışan insansız bir kara aracının haritalama
uygulaması yapılmıştır. Hücresel olasılık haritasının (Occupancy Grid Map)
çıkarılmasından sonra harita bir resim gibi kabul edilmiştir. Çeşitli görüntü işleme
algoritmaları ile harita üzerinden cisimlerin ayrıştırılması sağlanmıştır. Aracın
karşılaştığı engeller sadece ortalama x, y koordinatı ve sınır değerleri saklanarak yol
planlama algoritmasının kullanımına hazır hale getirilmiştir. Ayrıca daha fazla lazer
sensor kullanmanın bir noktadan sonra fayda sağlamayacağı gösterilmiştir.
Engeller tespit edilip numaralandırılması sürüş güvenliği için yeterli değildir.
Hareketli engeller sürüş güvenliği için ciddi tehlikelerdir. Aracın önünde olmayan
hareketli bir engel birkaç saniye sonra aracın önüne gelerek bir kazaya neden olabilir.
Bu yüzden potansiyel tehlike yaratabilecek dinamik engelleri takip etmek
gerekmektedir. Bu çalışmada öncelikle dinamik engeli tespit etmek için yeni bir
teknik geliştirilmiş. Daha sonra da bir tehlike alanındaki tek bir hareketli engel
Kalman filtresi takip algoritması kullanılarak takip edilmiştir. Kalman filtresi takip
algoritması aracın durumlarındaki hataları en aza indirgeyecek şekilde tasarlanmıştır.
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1. INTRODUCTION
DARPA Grand Challenge competitions which were organized in USA in 2004, 2005
and 2007 raised motivation and interest for research on UGV.

During the

development of an UGV, it is aimed that UGV possesses some abilities. UGV must
determine its location using sensors such as GPS, compass, radar and laser.
Furthermore it must sense static and dynamic obstacles around the vehicle hence it
can plan its route to the goal and track it [1]. Research on UGVs leads to
improvements in active and passive road safety systems which will be used at
intelligent roads in the future. It is notable that the use of UGV is increasing every
year [2].
In competitions organized in 2004 and 2005, it was intended that the UGV could
reach the goal without human help while tracking checkpoints. In 2007, UGVs were
required to track routes involving traffic, traffic lights and pedestrians. In urban
environments UGV must be able to display intelligent characteristics in order to
respond to obstacles and disturbances in a fast and precise manner, to provide driving
safety.
While some researchers work on fully autonomous vehicles, others investigate semi
autonomous systems. Fully autonomous vehicles track a route without any human
aid, semi autonomous vehicles support driver. The most important feature for both
types of vehicles is safety. Most studies on autonomous vehicles propose methods to
reduce human mistake or road failure so that accidents will be prevented by using
intelligent systems.
One of the most important research topics of UGV is mapping. While UGV is
driving it must perceive obstacles by its sensors and classify these obstacles. Whether
an obstacle is static or dynamic is important for driving safety. Dynamic obstacles
must be tracked and information on their velocity and position must be determined
for path planning algorithm.
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The important step of all these processes is obstacle detection. If the object detection
algorithm yields a wrong or deficient result, the UGV will give a false decision
during driving. Correction of this error will take a long duration for UGV. A few
seconds of delay is a serious threat for the UGV while it is imitating human
behaviour at a driving process. Because of these reasons we must diminish false
detection at the beginning of the process.
Accurate and complete environment perception is crucial for building an advanced
driver assistance system. We can never trust a single sensor in a UGV. The sensor
might give wrong or deficient readings. Moreover, different types of sensors, e.g.
laser, camera, radar and ultrasonic sensors all have different characteristics. Laser
sensors measure distance more precise than other sensors but they provide only two
dimensional space information [3, 4]. Cameras can gather three dimensional
information more correctly than laser and radar. Hence in order to construct a correct
map of the environment we must use different kinds of sensors as well as a multiple
number of the same kind of sensor [5].
In this research, mapping and sensor fusion are carried out by occupancy grid
method which is a multi dimensional random field model that maintains stochastic
estimates of the occupancy state of each cell [10]. Occupancy grid allows the
combination of the readings of different sensors as if they are one sensor so it
provides a general approach to sensor fusion [6]. Environment is split into grids
which are all assigned an occupancy value.

When a false detection occurs,

occupancy value of that grid changes only. A few false detections will probably not
change the occupancy value of the grid so we can obtain a more robust and stable
map. Moreover we can carry out sensor fusion process with occupancy grid map
easily.
This research is a part of the “Unmanned Ground Vehicle” project carried out in the
Mechatronics Education and Research Center at Istanbul Technical University. The
UGV used in the project is shown in Figure 1.1.
Since running and testing the intelligent obstacle detection algorithms on the actual
vehicle is expensive and risky, we carried out the studies first on Webots which is an
advance simulation program for robotics hence we could test our algorithm as if the
vehicle was driven in real time.

2

Figure 1.1 : Unmanned Ground Vehicle.
Mathematical background for the algorithms developed in this thesis is provided in
section two. Webots, used in the simulations is described shortly in section three.
Occupancy grid mapping method, Bayes filters, sensor fusion and UGV’s
specifications are explained in section four. The application of image processing
algorithms on the obstacle detection results from occupancy grid map are also given
in this section. Dynamic obstacle detection and dynamic obstacle tracking are
explained in section five.
Finally, section 6 concludes this thesis with discussions and comments on future
work.
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2. MATEMATICAL BACKGROUND
2.1 Recursive State Estimation
At the basis of robotics is the idea of estimating state from sensor data. The problem
of estimating quantities from sensor data that are not directly observable, but that can
be inferred, occurs at state estimation. For example, moving a mobile robot is quite
easy if the exact location of the robot and all nearby obstacles are known.
Unfortunately, these variables are not directly measurable. Instead, a robot has to rely
on its sensors to gather this information. Sensors carry only partial information about
those quantities, and their measurements are corrupted by noise. State estimation
seeks to recover state variables from the data. Probabilistic state estimation
algorithms compute belief distributions over possible world states [8].
2.1.1 Basic concepts in probability
This section emphasizes basic notation and probabilistic facts. In robotics quantities
such as sensor measurements, control inputs, and the states of a robot and its
environment are all modelled as random variables. Random variables can take on
multiple values, and do so according to specific probabilistic laws.
p ( X  x)

(2.1)

Discrete probabilities sum to one, that is,

 p ( X  x)  1

(2.2)

Probabilities are always non-negative, that is p( X  x)  0
Continuous spaces are characterized by random variables that can take on a
continuum of values. We assume that all continuous random variables possess
probability density functions (PDFs). A common density function is that of the onedimensional normal distribution with  and  2 . The PDF of a normal distribution
is given by the following Gaussian function:
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p( x)  (2 2 )



1
2

 1  x   2 
exp 

2
 2 


(2.3)

Normal distribution frequently is abbreviated as ( x;  ,  2 )

. The normal

distribution assumes that x is a scalar value. Often, x will be a multi-dimensional
vector. Normal distributions are characterized by density functions of following
from:

p( x)  det 2 



1
2

 1


exp  x     1 x   
 2


(2.4)

Here  is the mean vector.  a positive semi definite and symmetric matrix called
the covariance matrix. The superscript



marks the transpose of a vector. The

argument in the exponent in this PDF is quadratic in x, and the parameters of this
quadratic function are  and  .
The joint distribution of two random variables X and Y is given by
px, y   p X  x and Y  y 

(2.5)

This expression describes the probability of event that the random variable X takes
on the value x and that Y takes on the value y. If X and Y are independent, we have
px, y   px  p y 

(2.6)

Often, random variables carry information about other random variables. Suppose we
already know that Y’s value is y, and we would like to know the probability that X’s
value is conditioned on that fact. Such a probability will be denoted
px y   pX  x Y  y 

(2.7)

and is called conditional probability.

,then the conditional probability is

defined as

6

(2.8)
An interesting fact, which follows from the definition of conditional probability and
the axioms of probability measures, is often referred to as Theorem of total
probability:,
(discrete case)

(2.9)

(continuous case)

(2.10)

2.1.2 Bayes filter
2.1.2.1 Bayes rule
Bayes rule, relates a conditional of the type
as stated here, requires

to its “inverse,”

. the rule,

:

(discrete)

(2.11)

(continuous)

(2.12)

Bayes rule plays a predominant role in probabilistic inference in general. If x is a
quantity that we would like to infer from y, the probability

will be referred to as

prior probability distribution, and y is called the data (e.g., a sensor measurement).
The distribution

summarizes the knowledge we have regarding X prior to

incorporating the data y. The

is called the posterior probability distribution

over X. As (2.12) suggests, Bayes rule provides a convenient way to compute a
posterior
prior probability

using the “inverse” conditional probability

along with the

. In other words, if we are interested in inferring a quantity x

from sensor data y, Bayes rule allows us to do so through the inverse probability,
which specifies the probability of data y assuming that x was the case.
In robotics, the probability

is often coined generative model, since it

describes at some level of abstraction how state variables X cause measurement Y.
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An important observation is that the denominator of Bayes rule,
depend on x. Thus, the factor
for any value x in the posterior

, does not

in equations (2.11) and (2.12) will be the same
. For this reason,

is often written as a

normalizer in Bayes rule variable, and generically denoted by :
(2.13)
The advantage of this notation lies in its brevity. Instead of explicitly providing the
exact formula for a normalization constant (which can grow large very quickly in
some of the mathematical derivations) we simply will use the normalization symbol

 to indicate that the final result has to be normalized to 1.
2.1.2.2 Belief distributions
Another key concept in probabilistic robotics is that of a belief. A belief reflects the
robot’s internal knowledge about the state of the environment. The state cannot be
measured directly. The robot must infer its internal belief with regards to that state
Probabilistic robotics represents beliefs through conditional probability distribution.
A belief distribution assigns a probability (or density value) to each possible
hypothesis with regard to the true state. Belief distributions are posterior probabilities
over state variables conditioned on the variable data. We will denote belief over a
state variable

by

,which is an abbreviation for the posterior
(2.14)

This posterior is the probability distribution over the state
all past measurements

and all past controls

at time t, conditioned on

.
(2.15)

This probability distribution is often referred to as prediction in the context of this
probabilistic filtering. This terminology reflects the fact that

predicts the

state at time t based on the previous state posterior, before incorporating the
measurement at time t. Calculating

from

measurement update.
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is called correction or

2.1.2.3 The Bayes filter algorithm
The most general algorithm for calculating beliefs is given by the Bayes filter
algorithm. This algorithm calculates the belief distribution bel from measurement
and control data.
Table 2.1 depicts the basic Bayes filter in pseudo-algorithmic form. The Bayes filter
is recursive, that is, the belief
at time
recent control

at time t is calculated from the belief

. Its input is the belief bel at time

and the most recent measurement

, along with the most

. Its output is the belief

at time t. Table 2.1 only depicts a single iteration of the Bayes Filter algorithm: the
update rule. This update rule is applied recursively, to calculate the belief
from the belief

, calculated previously.

Table 2.1: The general algorithm for Bayes filtering [8].
1:
2:

for all

3:
4:
5:
6:

Endfor
return

Algorithm Bayes_filter
do

The Bayes filter algorithm posseses two essential steps. In line 3, it process the
control

. It does so by calculating a belief over the state

the prior belief over state

and the control

based over the state on

.

The second step of the Bayes filter is called the measurement update. In lane 4, the
Bayes filter algorithm multiplies the belief
measurement

by probability that the

may have been observed. The resulting product is generally not a

probability. It may not integrate to 1. Hence, the result is normalizedi by virtue of the
normalization constant . This leads to the final belief

, which is returned in

line 6 of the algorithm.

(2.16)
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2.1.2.4 The Markov assumption
The Markov assumption postulates that past and future data are independent if one
knows the current state

. The following factors may have a systematic effect on the

sensor reading. Thus, they induce violations of the Markov assumption:


Unmodeled dynamics in the environment not included in



Inaccuracies in the probabilistic models



Approximation errors when using approximate representations of belief

and

functions


Software variables in the robot control software that influence multiple
controls

2.2 Gaussian Filters
In this section an important family of state estimators, collectively called Gaussian
filters, is described. Historically, Gaussian filter constitute the earliest tractable
implementations of the Bayes filter for continuous spaces.
Gaussian techniques all share the basic idea that beliefs are represented by
multivariate normal distributions. The parameterization of a Gaussian by its mean
and covariance is called the moments parameterization. This is because the mean and
covariance are the first and second moments of a probability distribution; all other
moments are zero for normal distributions.
2.2.1 The Kalman filter
Probably the best studied technique for implementing Bayes filters is the Kalman
filter, or (KF). The Kalman filter was invented by Swerling [12] and Kalman [11] as
a technique for filtering and prediction in linear Gaussian systems. The Kalman filter
implements belief computation for continues states. It is not applicable to discrete or
hybrid state spaces.
The Kalman filter represents beliefs by the moments parameterization: At time t, the
belief is represented by the mean

and the covariance

. Posteriors are Gaussian if

the following three properties hold, in addition to the Markov assumptions of the
Bayes filter.
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Firstly, the state transition probability

must be a linear function in its

arguments with added Gaussian noise. This is expressed by the following equation:
(2.17)
Here

and

are state vectors, and

are matricies.
state vector

is the control vector at time t.

is a square matrix of size
.

is of size

and

, where n is the dimension of the

, with m being the dimension of the control vector

. By multiplying the state and control vector with the matrixes

and

,

respectively, the state transition function becomes linear in its arguments. Thus,
Kalman filters assume linear system dynamics. The random variable

in (2.17) is a

Gaussian random vector that models the uncertainty by the state transition. It is of the
same dimension as the state vector. Its mean is zero, and its covariance is denoted
Secondly, the measurement probability

.

must also be linear in its

arguments, with added Gaussian noise:
(2.18)
Here

is a matrix of size

vector

.

, where k is the dimension of the measurement

describes the measurement noise. The distribution of

Gaussian with zero mean and covariance
Finally, the initial belief

is a multivariate

.

must be normally distributed.

These three assumptions are sufficient to ensure that posterior

is always a

Gaussian, for any point in time t.
Table 2.2: The Kalman filter algorithm for linear Gaussian state transitions and
measurements [8].
1:
2:

Algorithm Kalman_filter

3:
4:
5:
6:
7:

return
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Kalman filter algorithm is depicted in Table 2.2. Kalman filters represent the belief
at time t by the mean
filter is the belief at time

and the covariance
, represented by

parameters, Kalman filters require the control
is the belief at time t, represented by

and

In lines 2 and 3, the predicted belief

. The input of the Kalman
and

. To update these

and the measurement
.

and

are calculated representing the belief

one step later, but before incorporating the measurement
obtained by incorporating the control

. The output

. This belief is

. The mean is updated using the deterministic

version of the state transition (2.17), with the mean
The update of the covariance matrix

substitued for the state

.

. This matrix is multiplied twice into

covariance, since the covariance is a quadratic matrix.
The belief

is subsequently transformed into the desired belief

lines 4 through 6, by incorporating the measurement

. The variable

in
, computed

in line 4 is called Kalman gain.
Figure 2.1 illustrates the Kalman filter algorithm for a simplistic one dimensional
localization scenario. Suppose the robot moves along the horizontal axis in each
diagram in figure 2.1. let the prior over the robot location be given by the normal
distribution shown in in figure 2.1a. the robot queries its sensors on its location, and
those return a measurement that is centred at the peak of the bold Gaussian in figure
2.1b. This bold Gaussian illustrates this measurement: Its peak is the value predicted
by the sensors, and its width (variance) corresponds to the uncertainty in the
measurement. Combining the prior with measurement, via lines 4 through 6 of the
Kalman filter algorithm in Table 2.1, yields the bold Gaussian in figure 2.1c. This
belief’s mean lies between the two original means, and its uncertainty radius is
smaller than the contributing Gaussians. The fact that the residual uncertainty is
smaller than the contributing Gaussians may appear counter intuitive, but it is a
general characteristic of information integration in Kalman filters. Next, assume the
robot moves towards the right. Its uncertainty grows due to the fact that the state
transition is stochastic. Lines 2 and 3 of the Kalman filter provide the Gaussian
shown in bold in figure 2.1d. This Gaussian is shifted by the amount the robot has
moved, and it is also wider. The robot receives a second measurement illustrated by
the Gaussian in figure 2.1e, which leads to the posterior shown in bold in figure 3.2f.
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Figure 2.1 : Illustration of Kalman filters [8]: (a) initial belief, (b) a measurement (in
bold) with the associated uncertainty, (c) belief after integrating the
measurement into the belief using the Kalman filter algorithm, (d) belief
after motion to the right (which introduces uncertainty), (e) a new
measurement with associated uncertainty, and (f) the resulting belief.
As this example illustrates, the Kalman filter alternates a measurement update step
(lines 5-7), in which sensor data is integrated into the present belief, with a prediction
step (or control update step), which modifies the belief in accordance with an action.
The update step decreases and the prediction step increases uncertainty in the robot’s
belief.
2.2.2 The extended Kalman filter
The supposition that observations are linear functions of the state and that the next
state is a linear function of the previous state are important for the correctness of the
Kalman filter. The observation that any linear transformation of a Gaussian random
variable results in another Gaussian random variable played a crucial role in the
derivation of the Kalman filter algorithm. The efficiency of the Kalman filter is
related with the parameters of the resulting Gaussian.
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Figure 2.2a shows the linear transformation of a random variable. The graph on the
lower right illustrates the density of the random variable
assume that X is passed through the linear function

. Let us
, shown in the upper

right graph. The resulting random variable, Y, is distributed according to a Gaussian
with mean

and variance

.

Figure 2.2 : (a) Linear and (b) nonlinear transformation of a Gaussian random
variable [8]. The lower right plots show the density of the original
random variable. The lower right plots show the density of the original
random variable, X. This random variable is passed through the
function displayed in the upper right graphs (the transformation of the
mean is indicated by the dotted line). The density of the resulting
random variable Y is plotted in the upper left graphs.
Unfortunately, state transitions and measurements are seldomly linear applications.
For instance, a robot moves on a circular trajectory, which cannot be defined by
linear state transitions.
The extended Kalman filter, or EKF, uses these assumptions: the linearity
assumption. Nonlinear functions g and h direct the state transition probability and the
measurement probabilities, respectively:
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(2.19)
(2.20)
The linear Gaussian model underlying Kalman filters, expressed in equations (2.17)
and (2.18) are generalized exactly by this model. The matrices
(2.17) are replaced by the function g and

and

in equation

in equation (2.18) is replaced by the

function h. In this case, with arbitrary functions g and h, the belief is no longer a
Gaussian. Indeed, belief update is not performed precisely for nonlinear functions g
and h.
Figure 2.2 shows the effect of a nonlinear transformation on a Gaussian random
variable. The graphs on the lower right and upper right plot the random variable X
and nonlinear function g, respectively. As can be noticed, Y is not a Gaussian
because the nonlinearities in g distort the density of X in ways that ruin its Gaussian
shape.
A Gaussian approximation to the true belief is computed by the extended Kalman
filter (EKF). The dashed curve in the upper left graph of figure 2.2b illustrates the
Gaussian approximation to the density of the random variable Y. Therefore, EKFs
indicate the belief

at time t by a mean

and a covariance

. Hence, the

EKF inherits from Kalman filter the basic belief representation, but it is different that
this belief is only approximate, not accurate as was the condition in Kalman filters.
The intention of the EKF is shifted from calculating the accurate posterior to
efficiently estimating its mean and covariance.
The significant idea underlying the EKF is called linearization. Figure 2.3 shows the
fundamental concept. Linearization approximates the nonlinear function g by a linear
function that is tangent to g at the mean of the Gaussian (dashed line in the upper
right graph). Reflecting the Gaussian through this linear approximation concludes in
a Gaussian density, as represented by the dashed line in the upper left graph. The
solid line in the upper left graph indicates the mean and covariance of the MonteCarlo approximation. The difference between two Gaussians demonstrates the error
induced by the linear approximation of g.
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Figure 2.3 : Illustration of linearization applied by the EKF [8]. Instead of passing
the Gaussian through the nonlinear function g, it is passed through a
linear approximation of g. the linear function is tangent to g at the mean
of the original Gaussian. The resulting Gaussian is shown as the dashed
line in the upper left graph. The linearization incurs an approximation
error, as indicated by mismatch between the linearized Gaussian
(dashed) and the Gaussian computed from the highly accurate MonteCarlo estimate (solid).
The essential advantage of the linearization lies in its efficiency. Although MonteCarlo estimate of Gaussian is achieved by excessive calculation, the linearization
applied by EKF only requires determination of linear approximation followed by the
closed form computation of resulting Gaussian. Indeed when g is linearized, the EKF
belief propagation are same as Kalman filter. This method also is executed to the
multiplication of Gaussians when a measurement function h is involved.
Table 2.3: The Extended Kalman filter algorithm [8].
1:
2:

Algorithm Extended_Kalman_filter

3:
4:
5:
6:
7:

return

Table 2.3 shows the EKF algorithm. The algorithm is similar to the Kalman filter
algorithm denoted in Table 2.2. The most important differences are:
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Table 2.4: Differences between Kalman filter and EKF [8].
Kalman filter

EKF

state prediction (line 2)
measurement prediction (line 5)
2.2.3 The unscented Kalman filter
The Taylor series expansion is merely one method to linearize the transformation of
a Gaussian but two other methods give better results. First of them is moments
matching, in which the linearization is computed in a way that keeps the true mean
and the true covariance of the posterior distribution. The second method is the
unscented Kalman filter which performs a stochastic linearization through the use of
a weighted statistical linear regression process.
The linearization applied by the UKF is shown in figure 2.4. The UKF extracts sigma
points from the Gaussian and passes these through g, instead of approximating the
function g by a Taylor series expansion. Generally sigma points are located at the
mean and symmetrically along the main axes of the covariance. For an n-dimensional
Gaussian with mean

and covariance , the resulting

sigma points

are

selected according to the following rule.
(2.21)
for

for
Here

, with

and

being scaling parameters that set how much

the sigma points are far from the mean. Each sigma point
associated with it. One of them,

has two weight

, is used when calculating the mean and

used when calculating the covariance of the Gaussian.

(2.22)
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Figure 2.4 : Illustration of linearization applied by the UKF [8]. The filter first
extracts 2n + 1 weighted sigma points from n dimensional Gaussian.
These sigma points are passed through the nonlinear function g. The
linearized Gaussian is then extracted from the mapped sigma points
(small circles in the upper right plot). As for the EKF, the linearization
incurs an approximation error, indicated by mismatch between the
linearized Gaussian (dashed) and the Gaussian computed from the
highly accurate Monte-Carlo estimate (solid).
The sigma points are passed through the function g, so probing how g changes the
shape of the Gaussian.
(2.23)
The parameters
sigma points

of the resulting Gaussian are extracted from the mapped
according to

(2.24)
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Table 2.5: The Unscented Kalman Filter Algorithm. The variable n denotes the
dimensionality of the state vector [8].
1:
2:

Algorithm Unscented_Kalman_filter

3:
4:
5:
6:
7:
8:
9:
10:
11:
12:
13:
14:

return

The UKF algorithm using the unscented transform is shown in table 2.5. The input
and output are identical to the EKF algorithm. The complexity of the UKF algorithm
is like as for the EKF. The EKF is merely faster than UKF. The UKF is still highly
efficient, even though it undergoes a slowdown by a constant factor. Moreover, the
UKF uses the benefits of the unscented transform for linearization.

For linear

systems, it can be demonstrated that UKF and EKF show similar results. For
nonlinear systems the UKF generates equal or better results than the EKF. In many
practical applications, the difference between EKF and UKF is insignificant.
Another advantage of the UKF is it does not need computation of Jacabians, which
are difficult to assign in some domains. The UKF is hence referred to as a derivative
free filter.
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2.2.4 The information filter
The couple of the Kalman filter is the information filter, or IF. Just as the KF and its
nonlinear versions, the EKF and UKF, the information filter indicates the belief by a
Gaussian. Hence, the standard information filter is subject to the same hypothesis
base of Kalman filter. The basic difference between the KF and the IF arises from the
way the Gaussian belief is indicated. Whereas in the Kalman filter, Gaussian is
represented by its moments (mean, covariance), information filter shows Gaussian in
its canonical parameterization, which is comprised of an information matrix and an
information vector. The canonical and the moments parameterizations are often
accepted dual of each other, and so the IF and the KF.
The canonical parameterization of a multivariate Gaussian is given by a matrix
a vector . The matrix

and

is the inverse of the covariance matrix:
(2.25)

is called the information matrix. The vector is called the information vector:
(2.26)
It is easy to understand that

and are a complete parameterization of a Gaussian.

Table 2.6: The Information filter algorithm [8].
1:
2:

Algorithm Information_filter

3:
4:
5:
6:

return

Table 2.6 shows the update algorithm known as the information filter. Its input is a
Gaussian in its canonical parameterization
time

and

, representing the belief at

. Just as in all Bayes filters, its input contains the control

measurement

. The output parameters

and
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of the updated Gaussian.

and the

2.3 Nonparametric Filters
A broad alternative to Gaussian techniques are nonparametric filters. Nonparametric
filters do not rely on a fixed functional form of the posterior, such as Gaussian.
Instead they approach posterior by a finite number of values, each approximately
correspond to a region in state space. Some nonparametric Bayes filters rely on a
decomposition of the state space, in which each such value corresponds to
cumulative probability of the posterior density in a compact sub region of the state.
Others approximate the state space by random samples drawn from the posterior
distribution.
Third section describes two nonparametric approaches for approximating posterior
over continuous spaces with finitely many values. The first approach decomposes the
state space into finitely many regions, and states the posterior by a histogram. The
second method indicates posteriors by finitely many samples. The second filter is
known as the particle filter and has recently become popular in robotics.
Both types of techniques, histogram and particle filters, do not make certain
parametric assumptions on the posterior density. Especially they are well suited to
solve complex multimodal beliefs. But these techniques have additional
computational complexity.
Techniques that can adapt the number of parameters to indicate the posterior online
are called adaptive. They are called resource adaptive if they can adapt based on the
computational resources available for belief computation.
2.3.1 The histogram filter
Histogram filter decomposes the state space into finitely many regions and indicates
the cumulative posterior for each region by a single probability value. When
performed to finite spaces, such filters are known as discrete Bayes filters; when
performed to continuous spaces, they are known as histogram filters.
2.3.1.1 The discrete Bayes filter algorithm
Discrete Bayes filter is used for problems with finite state space, where the random
variable

can take on finitely many values.
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For instance, occupancy grid mapping algorithms assume that each space in the
environment is either occupied or free. The corresponding random variable is binary;
it can only get two different values. Finite spaces play an important role in robotics.
Table 2.7 shows pseudo-code for the discrete Bayes filter. This code is derived from
the general Bayes filter in Table 2.1 by replacing the integration with a finite sum.
The variables

and

indicate individual states, of which there may only be

finitely many. Line 3 calculates the prediction based on the control. This prediction is
then updated in line 4, so as to incorporate the measurement. The discrete Bayes
filter algorithm is popular in many areas of signal processing, where it is often
described as the forward pass of a hidden Markov model, or HMM.
Table 2.7: The Discrete Bayes filter Algorithm [8].
1:
2:

Algorithm Discrete Bayes_filter
for all do

3:
4:
5:
6:

Endfor
return

2.3.2 Binary Bayes filter with static state
Some problems in robotics are formulated as estimation problems with binary state
which do not change over time. Those problems are described by the binary Bayes
filter. Problems of this method increase if a robot calculates a fixed binary quantity in
the environment from sequence of sensor measurements.
When the state is static, the belief is only a function of measurements:
(2.27)
The lack of time index for x shows that the state does not change over time.
The belief is usually applied as a log odds ratio. The odds of a state x is described as
the ratio of the probability of this event divided by the probability of its negate

(2.28)
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The log odds is the logarithm of this expression

(2.29)
Log odds assume values from

to

. Beliefs are updated in log odds

representation computationally elegant by the Bayes filter. It avoids the problems
that increase for probabilities close to 0 or 1.
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3. WEBOTS ENVIRONMENT
3.1 What is Webots?
Webots is a professional mobile robot simulation software package. It offers a rapid
prototyping environment that allows the user to create 3D virtual worlds with
physical properties such as mass, joints, friction coefficients, etc. The user can add
simple passive objects or active objects called mobile robots. These robots can have
different locomotion schemes (wheeled robots, legged robots, or flying robots).
Moreover, they may be equipped with a number of sensor and actuator devices, such
as distance sensors, drive wheels, cameras, servos, touch sensors, emitters, receivers,
etc. Finally, the user can program each robot individually to exhibit the desired
behaviour. Webots contains a large number of robot models and controller program
examples to help users get started [7].
Webots also contains a number of interfaces to real mobile robots, so that once your
simulated robot behaves as expected, you can transfer its control program to a real
robot like e-puck, Khepera, Hemisson, LEGO Mindstorms, Aibo, etc.
Webots is well suited for research and educational projects related to mobile
robotics. Many mobile robotics projects have relied on Webots for years in the
following areas:
• Mobile robot prototyping (academic research, the automotive industry, aeronautics,
the vaccum cleaner industry, the toy industry, hobbyists, etc.)
• Robot locomotion research (legged, humanoids, quadrupeds robots, etc.)
• Multi-agent research (swarm intelligence, collaborative mobile robots groups, etc.)
3.2 Webots Simulation
A Webots simulation is composed of the following elements:
1. A Webots world file that define one or more 3D robot and their environment.
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2. Controller programs for the above robots.
3. An optional Supervisor.
3.2.1 What is a world?
A world, in Webots, is a 3D description of the properties of robots and of their
environment. It contains a description of every object: its position, orientation,
geometry, appearance (like colour or brightness), physical properties, type of object,
etc. Worlds are organized as hierarchical structures where objects can contain other
objects (like in VRML97). For example, a robot can contain two wheels, a distance
sensor and a servo which itself contains a camera, etc. A world file doesn’t contain
the controller code of the robots; it only specifies the name of the controller that is
required for each robot. Worlds are saved in .wbt files. The .wbt files are stored in
the worlds subdirectory of each Webots project.
3.2.2 What is a controller?
A controller is a computer program that controls a robot specified in a world file.
Controllers can be written in any of the programming languages supported by
Webots: C, C++, Java, URBI, Python or MATLAB. When a simulation starts,
Webots launches the specified controllers, each as a separate process, and it
associates the controller processes with the simulated robots. Note that several robots
can use the same controller code, however a distinct process will be launched for
each robot.
Some programming languages need to be compiled (C and C++) other languages
need to be interpreted (URBI, Python and MATLAB) and some need to be both
compiled and interpreted (Java). For example, C and C++ controllers are compiled to
platform-dependent binary executables (for example .exe under Windows). URBI,
Python and MATLAB controllers are interpreted by the corresponding run-time
systems (which must be installed). Java controllers need to be compiled to byte code
(.class files or .jar) and then interpreted by a Java Virtual Machine.
The source files and binary files of each controller are stored together in a controller
directory. A controller directory is placed in the controllers subdirectory of each
Webots project.
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3.2.3 What is a supervisor?
The Supervisor is a privileged type of Robot that can execute operations that can
normally only be carried out by a human operator and not by a real robot. The
Supervisor is normally associated with a controller program that can also be written
in any of the above mentioned programming languages. However in contrast with a
regular Robot controller, the Supervisor controller will have access to privileged
operations. The privileged operation includes simulation control, for example,
moving the robots to a random position, making a video capture of the simulation,
etc.
3.3 Node Chart
The Webots Node Chart outlines all the nodes available to build Webots worlds.
In the chart, an arrow between two nodes represents an inheritance relationship. The
inheritance relationship indicates that a derived node (at the arrow tail) inherits all
the fields and API functions of a base node (at the arrow head). For example, the
Supervisor node inherits from the Robot node, and therefore all the fields and
functions available in the Robot node are also available in the Supervisor node.
Boxes depicted with a dashed line (currently only Robot and Light) represent
abstract nodes, that is, nodes that cannot be instantiated (either using the SceneTree
or in a .wbt file). Abstract nodes are used to group common fields and functions that
are shared by derived nodes.
A box with round corners represents a geometry node; that is, a node that will be
graphically depicted when placed in the geometry field of a Shape node.
A box with a grey background indicates a node that can be used directly (or
composed using Group and Transform nodes) to build a boundingObject used to
detect collisions between Solid objects. Note that not all geometry nodes can be used
as boundingObjects, and that although Group and Transform can be used, not every
combination of these will work correctly.
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Figure 3.1 : Webots Nodes Chart [7].
3.4 Sample Webots Applications
3.4.1 ghostdog.wbt
This example shows a galloping quadruped robot made of active hip joints and
passive knee joints (using spring and dampers). The keyboard can be used to control
the robot’s direction and to change the amplitude of the galloping motion. Each knee
is built of two embedded Servo nodes, one active and one passive, sharing the same
rotation axis. The passive Servo simulates the spring and damping. The active Servo
is not actuated in this demo but it could be used for controlling the knee joints.
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Figure 3.2 : ghostdog.wbt [7].
3.4.2 soccer.wbt
In this example, two teams of simple DifferentialWheels robots play soccer. A
Supervisor is used as the referee; it counts the goals and displays the current score
and the remaining time in the 3D view. This example show how a Supervisor can be
used to read and change the position of objects.

Figure 3.3 : soccer.wbt [7].
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3.4.3 steward_platfrom.wbt
This is an example of a Stewart platform. A Stewart platform is a kind of parallel
manipulator that uses an octahedral assembly of linear actuators. It has six degrees of
freedom (x, y, z, pitch, roll, and yaw). In this example, the Stewart platform is loaded
with a few stacked boxes, then the platform moves and the boxes stumble apart. This
simulation uses a physics plugin to attach both ends of the linear actuators (hydraulic
pistons) to the lower and the upper parts of the Stewart platform. The .wbt file of this
demo is generated using a simple C program.

Figure 3.4 : steward_platfrom.wbt [7].
3.5 Experiment Environments in Webots
Figure 3.5 shows the world, built by Cyberbotics, where the simulations are carried
out. Original controller program provides that the vehicle tracks the yellow line.
When it detects an obstacle in front of the vehicle, it escapes from the obstacle.
Because of the fact that this is a mapping research, only the map is constructed while
UGV is tracking the yellow line. Moreover in order to use the algorithm in the real
vehicle all code has been written in C programming language. Hence codes work
with peripheral in real time.
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Webot environment works as real time environment. In this thesis basic time step is
arranged as 5 ms. If appropriate time step is not arranged, Webots cannot calculate
processes so it gives wrong results. Appropriate time step is found by trial and error
method.
When UGV completes all calculations about static and dynamic map construction,
200 time step passes. This means that all calculations finish in 0.2 second. These
values are selected in order to simulate real time conditions.

Figure 3.5 : Webots World.
3.5.1 World for static map construction
In figure 3.6 it is seen that UGV which is in red circle starts to move in the world.
This thesis is only about the mapping process of environment.

Figure 3.6 : World for Static Obstacle Map.
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3.5.2 World for dynamic map construction
In figure 3.7 it is seen that UGVs which are in red and yellow circles start to move in
the world. The first car which is in the yellow circle only goes on the road. However
the second car which is in the red circle goes behind the first car. Hence the second
car tries to research on track a moving obstacle which is in the yellow circle.

Figure 3.7 : World for Dynamic Obstacle Map.
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4. STATIC MAP CONSTRUCTION
4.1 Occupancy Grid Mapping
Occupancy grid mapping addresses the problem of generating consistent maps from
noisy and uncertain measurement data, under the assumption that the robot pose is
known. The basic idea of the occupancy grids is to represent the map as a field of
random variables, arranged in an evenly spaced grid. Each random variable is binary
and corresponds to the occupancy of the location it covers. Occupancy grid mapping
algorithms implement approximate posterior estimation for those random variables.
Occupancy gird is a multi dimensional tessellation of space into cells, where each
cells stores a probabilistic estimates of its state. Formally the Occupancy Field
is a discrete state stochastic process defined over a set of continuous spatial
coordinates

, while occupancy grid is defined over a discrete

spatial lattice. In the occupancy grid, the state variable

associated to a cell C is

defined as a discrete random variable with two states, occupied or empty, denoted by
OCC and EMP. Since the states are exclusive and exhaustive,

and
(4.1)

The state of each cell in the lattice can be modelled so as to represent various
properties of interest. For that, we associate with each cell a random vector
whose components,

, are random variables, to be estimated

accordingly. For example, for road following applications, the state could encode a
number of properties of relevance to terrain maps, such as occupancy map, terrain
classification (paved road, dirty road, grass region, marsh area etc.), height and so on.
We refer to such general world models, which are again instances of random fields,
as inference grids.
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4.1.1 Bayesian estimation of occupancy grid
A realization of occupancy grid is obtained by estimating the state of each cell,
typically using sensor data.
Within the estimation theory framework, such as summarized in figure 4.1, the
parameter space corresponds to the actual state of the world, W; the observation
space corresponds to the set of sensor readings, R; the estimation space H describes
the global set of inferences about the possible states of the world, derived from the
sensor data and combined with any prior information available. The sensor provides
mapping from parameter space to the observation space, and is modelled by a sensor
model defined through the conditional probability density function
posterior probability function

; the

provides the transition from the observation

space to the estimation space, by combing the prior knowledge available about the
world with the information derived from the sensor data, using Bayes theorem.

Figure 4.1 :

Recovery of a World Model from Sensor Readings [6].

4.1.2 Estimating the occupancy grid
To avoid this combinatorial explosion in the number of world configurations, we will
assume in the estimation of the occupancy grid that cell states are independent
random variables, so that the state of the grid can be determined by estimating the
state of each cell individually.
To determine how a sensor reading is used in estimating the state of the cells of the
occupancy grid, we start by applying Bayes theorem to a single cell

, as follows:

(4.2)
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We have explicitly chosen to make no prior assumptions about the complexity of the
environments being mapped, and opted for the use of non informative or maximum
entropy priors. For a single cell this leads to the assignment of equal probabilities to
the two possible states:

(4.3)

4.2 Sensor Fusion
Due to the intrinsic limitations of sensor systems, recovering a description of the
world from sensory information is fundamentally an under constrained problem. The
occupancy grid framework relies instead on the use of additional sensing to resolve
sensor ambiguity and uncertainty, leading naturally to an emphasis on higher sensing
rates and on the development of adequate active sensing strategies. To generate and
improve the sensor derived map it takes sensor data from multiple viewpoints rather
than relying on single readings.
To construct the occupancy grid map, we must use some auxiliary sensors.
4.2.1 Type of sensors
4.2.1.1 Sick LMS291
A computer model of SickLMS291 exists in Webots. In autonomous vehicle project
we use Sick sensors which have similar properties like SickLMS291 hence Webots
program simulates this type of sensor like real time conditions. Figure 4.2 shows
SickLMS291 [9].

Figure 4.2 :

SickLMS291 Laser Measurement System [13].
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The LMS291 operates by measuring the time of flight of laser light pulses: a pulsed
laser beam is emitted and reflected if it meets an object (Figure 4.3). The reflection is
registered by the LMS291’s receiver. The time between transmission and reception
of the impulse is directly proportional to the distance between the LMS291 and the
object (time of flight).

Figure 4.3 :

SickLMS291 Operating Principle [13].

LMS291 has 0-180 degree field of vision. Its angular resolution can be regulated as
0.25, 0.5 or 1 degree. It means that if we selected angular resolution as 0.5, we get
361 data at one life cycle of sensor. Figure 4.4 illustrates monitoring area of
LMS291.

Figure 4.4 :

SickLMS291 Monitoring Area [13].

LMS291 has 80 m range. But while it is searching remote distance; its laser spot
cannot cover all of the area. Due to the angular resolution of the sensor, free space
that cannot be observed may emerge between laser beams. Figure 4.5 shows distance
between measurement points and figure 4.6 shows the graph of distance between
measurement points [13].
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Figure 4.5 :

Figure 4.6 :

SickLMS291 Distance between Measurement Points [9].

SickLMS291 Graphic of Distance between Measurement Points [9].

Figure 4.7 shows all laser sensors on the UGV and Figure 4.8 represents sick sensors
on the vehicle in Webots environment.
4.2.1.2 Camera
A camera can be set as a colour camera or a range finder in Webots [7]. Camera
“type” is selected as colour or range finder. Range of camera is set by “height” and
“width”.
4.2.1.3 GPS
The Global Positioning System (GPS) is a space based global navigation satellite
system that provides location and time information. Resolution of GPS can be set in
Webots. “type” is selected as “satellite” then GPS device gives information as 3D
vector.
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Figure 4.7 :

Figure 4.8 :

All SickLMS291 Sensors on the Vehicle.

Front SickLMS291 Sensors on the Vehicle.
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4.2.1.4 Compass
A compass is a navigational instrument for understanding the direction relative to
Earth’s magnetic poles. The compass information shows a vector which states the
direction of the virtual poles. NorthDirection field specifies the virtual north in the
WorldInfo node.
4.2.2 Placement of sensors
An accurate and complete environment perception is crucial for building an
advanced driver assistance system. We can never trust one sensor at UGV. One
sensor might work wrong or deficient. Moreover laser, camera, radar and ultrasonic
sensors have all different characteristics. Laser sensors measure a distance more
precisely than other sensors but they give two dimensional space information [3, 4].
Cameras can gather three dimensional information more correctly than laser sensors
and radars. Hence in order to construct a correct map of environment we must use
different kinds of sensors and a multiple number of the same kind of sensor [5].
Placement of sensors is also important for determining an accurate map. Figure 4.9
shows sensors that are used in UGV and their placement.

Figure 4.9 :

Placement of Sensors.
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Four laser sensors are used on the vehicle. Three of them are in front of the car.
Corner sensors are turned 45 degree to sides. Front and back laser sensors look their
forward direction. Obstacle detection process is only implemented by laser scanners.
Four lasers cover the all of the environment. Each laser sensor can compensate for
the failures of the others.
Camera sensor is in front of the vehicle. It is used for determining the yellow line on
the ground. UGV always tracks the yellow line in this research since. Our aim is only
constructing a reliable map for the path planning algorithm.
GPS detects the location of the UGV in the world. This information is used for
determining the placement of obstacles which are detected by sensors.
Furthermore compass is used for determining the direction of the UGV. In addition
to GPS data compass data is also used for determining where any obstacle is.
4.2.3 Sensor integration
Different kinds of tasks are performed to evaluate the capabilities and performance
of sensors. This is particularly important for multiple sensor systems. Moreover,
different sensors have varied operational characteristics and failure modes. Hence
each one can be used to complement each other. These considerations make the need
for the development of sensor integration and sensor fusion [6].
4.2.3.1 Sequential updating of the occupancy grid
Because of limitations of sensors, obtaining a description of the world from sensory
data is a fundamental under-constrained problem. Instead of using simplifying
heuristic assumptions about environment, the occupancy grid framework relies on
the use of additional sensing to resolve sensor ambiguity and uncertainty. To
generate sensor derived map information is composed of multiple sensor readings,
taken from multiple viewpoints, instead of a single observation.
Figure 4.10 shows sonar reading in a grid map which is composed of empty,
occupied and unknown grid. Low parts are empty, high parts are occupied and
middle parts are unknown.
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Figure 4.10 :

Sonar Sensor Example in Occupancy Grid Map [6].

Sequential updating formulation of Bayes theorem is performed for combining
sensory information. Given the current probabilistic estimate of the state of a cell
, based on observations

, and given new observation

, it

can be written;

(4.4)
(4.4)
Applying Bayes theorem a second time and simplifying, sequential
updating version of Bayes theorem is:

(4.5)
The previous cell state probability

is the prior in the recursive

estimation procedure. The prior state is obtained from the occupancy grid. New state
of the cell

is estimated by

Figure 4.11 shows sequential occupancy grid updating.
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.

Figure 4.11 :

Sequential Occupancy Grid Updating [6].

4.2.3.2 Sensor integration using a single occupancy grid
Single occupancy grid sensor integration can be applied using a formula similar to
the sequential updating formulation of Bayes theorem. This method combines data
from different sensors and allows the updating of the same occupancy grid by
multiple sensors independently.
For instance, let two independent sensors be represented by sensor models
and

. Equation (4.5) can be rewritten after the sensor integration of readings
and

.

(4.6)
4.2.3.3 Sensor integration using multiple occupancy grids
When separate occupancy grids are maintained for each sensor system, an estimation
problem may occur. Integration of these sensors is shown in figure 4.12. Integrated
map is constructed from the multiple occupancy grids. Different cells are combined
in integrated map by various methods.
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Figure 4.12 :

Integration of Occupancy Grids Obtained from Multiple Sensors [6].

Two of these integration methods are [14]:
The Linear Opinion Pool: The combination of the probabilistic evidence is calculated
using equation (4.7).
(4.7)

Where a positive weight
and

shows the confidence level of a sensor among all sensors

. Weights illustrate the knowledge about confidence levels in global

decision making agent. A deficiency of this approach is that it does not allow an
adequate reinforcement of similar options.
The Independent Opinion Pool: When the information sources are independent,
combination of sensors can be carried out by:
(4.8)

is a normalization constant in the equation. In contrast to linear opinion pool
method, this formulation exhibits opinion reinforcement behaviour.
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Consider two cell occupancy probabilities given by

and

obtained from separate occupancy grids by sensors
and

. Applying equation (4.8) to the integration of the two sensors yields the

simple formula (4.9).
(4.9)

4.3 Obstacle Detection
In driving assistance systems obstacle detection is a crucial process. Intelligent
vehicles cannot prevent crashing without obstacle detection. Hence obstacles must be
detected from raw sensor data. There are several methods for obstacle detection. The
occupancy grid method is one of the effective methods for obstacle detection [15 20].
In this thesis obstacle detection is performed by occupancy grid map method. The
map is viewed like an image. After constructing the occupancy grid map, with grid
dimensions of 0.25 m x 0.25 m, image processing techniques are applied to the map
to segment objects. The following procedure is performed to detect obstacles:
 Noises are deleted by median filter.
 Sensor and measurement faults are reduced by dilation.
 Obstacles are detected and enumerated by region growing algorithm.
 Obstacles are described only by their mean and boundary values by segmentation
process.
4.3.1 Median filter
Median filter is a smoothing filter and a special type of low pass filter. Median filter
removes any noise but keeps all the important image structures. No filter can
discriminate which image content is important to the viewer but median filter is one
of the most popular filters in this direction. Median filter is quite popular because for
certain type of random noise it provides excellent noise reduction capabilities, with
considerably less blurring than linear smoothing filters of similar size [21 - 24].
Equation (4.10) shows median filter.

function emphasizes neighborhoods of

the pixel.
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(4.10)

Figure 4.13 :

(a) A Noisy Image (b) the Resulting Image after Median Filter [21].

Figure 4.13 shows an of example salt and pepper noise reduction by median filter. It
is especially effective for removing impulse noise, which is characterized by high
frequency features appearing randomly over the image. Statistically, impulse noise
falls outside the peak of the distribution of any given pixel neighbourhood. To
calculate the median of a list of sample values, they are sorted in a descending or
ascending order and then the central value is chosen. Median filter takes an area of
an image (3x3, 5x5, 7x7, etc.), looks at all the pixel values in that area, and replaces
the centre pixel with the median value.
Figure 4.14 shows how nine pixel values extracted from the 3x3 image region are
arranged as a vector.

Figure 4.14 :

Computation of 3x3 Pixel Median Filter [21].
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4.3.2 Dilation
The word morphology is widely used for a branch of biology which relates with the
form and structure of animals and plants. Mathematical morphology is used as a tool
for extracting image components that are useful in representation and description of
region shape, such as boundaries, skeletons, and convex hull. Such as morphological
filtering, thinning and pruning methods are used for pre processing or post
processing.
Morphological operators work with two images. The image processed is called as the
active image, and the other image, being a kernel, is defined as the structuring
element. Each structuring element has a design shape which can be thought of as a
filter of active image.
One of the most popular methods of mathematical morphology is dilation. It was first
introduced by Minkowski and is named Minkowski addition [21]. Binary dilation
combines two sets using vector addition of set elements. Equation 4.11 shows the
formulation of dilation. The dilation

is the point set of all possible vector

addition of pairs of elements, one from each of the sets X and B
(4.11)

Figure 4.15 illustrates an example of dilation. At the left active image, at the middle
structure element, and at the right image after dilation are seen in Figure 4.14.

Figure 4.15 :

An Example of Dilation [24].
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Properties of dilation [21]:


If B contains the origin, that is,



, the

(commutative)



(associative)



(translation invariance)




If

(increasing)




(distributive)

Figure 4.16 shows fill operation on an image using dilation. This case dilation is an
isotropic expansion which behaves the same way in all directions.

Figure 4.16 :

Filling Operation with Dilation [25].

4.3.3 Region growing
Image segmentation is one of the most important topics for analyzing processed
image data. The aim is to divide the image into parts that have a strong similarity
with objects or areas of real world contained in the image. There are two types of
segmentation:

complete

segmentation

and

partial

segmentation.

Complete

segmentation achieves segmentation of all objects. But regions do not correspond
directly to objects in partial segmentation.
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Image data ambiguity is one of the main problems of segmentation. Segmentation
methods can be divided into three groups according to the dominant features. The
first group of methods acquires global knowledge about an image or its part; the
knowledge is usually represented by a histogram of the image features. Second is
edge based segmentation and last one is region based segmentation [25].
Region growing is a procedure that groups pixels or sub regions into larger regions
according to predefined criteria. The basic method is to select a set of seed points and
from these to grow regions by adding to each seed those neighbouring pixels that
have properties similar to the seed. Region is selected according to specific ranges of
gray level or colour [24].
When grouping procedure is implemented, connectivity and adjacency information
of pixels is important. Since grouping pixels without paying attention to connectivity
is meaningless.
Another problem in region growing is the formulation of a stopping rule. Basically
growing a region should stop when no more pixels satisfy the criteria for addition in
that region. Criteria such as gray level, texture, and colour can detect a threshold
value. Region growing is an algorithm which adds pixel to the area until all
remaining pixels in the neighbourhood are below the threshold value.
The region growing algorithm will be applied as long as the following condition is
satisfied:
(4.12)

where T is a threshold value and h is the pixel value.
Figure 4.16 shows a region growing example of defective welds. Upper left shows
defective welds. Upper right shows seeding points. Lower left is the result of region
growing and lower right shows boundaries of segmented defective welds.
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Figure 4.17 :

Region Growing Example [24].

4.4 Results of static mapping
In our application, it is assumed that a grid value above 0.7 is mapped to 1 and below
0.7 is mapped to 0 in occupancy grid map. Some of the examples are given with
0.5m x 0.5m grid resolution in order to show wider area. Rest of the examples are
given with 0.25m x 0.25m grid resolution to obtain more reliable and accurate map.
Obstacle detection and dynamic obstacle detection sections are based on 0.25m x
0.25m occupancy grid map. All of the analyses are made at 0.25m x 0.25m grid
resolution. Occupancy grid map, is constructed in this thesis, is 50m x 50m.
The vehicle is shown as the red rectangular car which is at the centre of the display.
Obstacle detection process is:
 Noises are deleted by median filter.
 Sensor and measurement faults are reduced by dilation.
 Obstacles are detected and enumerated by region growing algorithm.
 Obstacles are described only their mean and boundary values by segmentation
process.
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4.4.1 Sensor fusion without Bayes filter
Firstly, laser sensors results without Bayes filter implementation are given.
Resolutions of grids are 0.5m x 0.5m and 0.25m x 0.25m in all the simulation results
illustrated in this chapter.
Figures 4.18 and 4.19 show the map which is constructed by only one laser sensor.
The sensor is placed in front of the vehicle. It is seen from figure 4.18 that a single
laser can only detect obstacles which are in front of the vehicle. Most of the grids
cannot be detected because of the free spaces between laser beams which were
mentioned in section 4.2.1 and depicted at figures 4.5 and 4.6. In figure 4.19 a false
detection is seen in front of the vehicle due to the pitch movement of the vehicle.
Laser beams see ground as an obstacle.

Figure 4.18 :

Figure 4.19 :

Map with One Laser.

Another Map with One Laser.
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Figure 4.20 shows the analysis results for one laser. Figure 4.20 shows the number of
grids detected as obstacle versus time. The laser only sees the front of the vehicle.
Display shows instant sensor results hence map has no memory. A fast increase is
observed between third and fourth seconds. Its reason is that when sensor sees
obstacles it does not compare them with past results. Therefore it is possible to detect
false obstacles when the vehicle does a pitch movement.

Figure 4.20 :

Analysis with One Laser Sensor(Grid Resolution 0.25m x 0.25m).

Figure 4.21 and figure 4.22 show maps obtained with two lasers sensors. One laser is
in front of the car and the second laser is behind the car. In figure 4.20 it is
understood that more area is seen than figure 4.18 but it is clearly depicted in figure
4.22 that, false detections which occur because of pitch movement cannot be
prevented by using more laser sensors.

Figure 4.21 :

Map with Two Lasers.
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Figure 4.22 :

Another Map Obtained with Two Laser Sensors.

Figure 4.23 shows analysis results for two laser sensors. Figure 4.23 shows the
number of detected occupied grids. Interpretation about figure 4.20 is also valid for
figure 4.23. While one laser sees the front of the vehicle the other sensor sees rear of
the vehicle so two lasers can detect more grids than one laser.

Figure 4.23 :

Analysis with Two Lasers Sensors (Grid Resolution 0.25m x 0.25m).

Figure 4.24 and figure 4.25 show maps obtained with four laser sensors. Two lasers
are put at the corners in front of the vehicle in addition to the previous sensor
placement. It is clear that more occupied grids can be detected than shown in figures
4.22 and 4.23.
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Figure 4.24 :

Figure 4.25 :

Map Obtained with Four Laser Sensors.

Another Map Obtained with Four Laser Sensors.

Figure 4.26 shows analysis results for four laser sensors. Figure 4.26 shows the
number of detected occupied grids. Four lasers detect more grids than two lasers. But
it will not be correct to say that if more lasers are added to the system, new grids will
be detected. This will be explained in the following sections.
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Figure 4.26 :

Analysis with Four Laser Sensors (Grid Resolution 0.25m x 0.25m).

Figure 4.27 :

Analysis with Six Laser Sensors (Grid Resolution 0.25m x 0.25m).

4.4.2 Sensor fusion with Bayes filter
Figures 4.28 and 4.29 show the map which is constructed only by one laser. Maps
are shown in the last section have no memory. Grids are detected by sensors as
instant obstacles. Hence using Bayes filter in occupancy grid map provides a
memory about the environment. It is observed that maps constructed with Bayes
filter include more information about the environment.
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Figure 4.28 :

Map Obtained with One Laser Sensor.

Figure 4.29 :

Another Map Obtained with One Laser.

Figure 4.30 shows analysis results obtained with one laser sensor utilizing a Bayes
filter. Figure 4.30a shows the number of detected occupied grids. When figure 4.30a
is compared with figure 4.20, it is seen that the number of detected occupied grids
increases approximately ten times. Its reason is that when sensor sees an obstacle it
uses past information through Bayes filter so obstacles are registered to memory.
Figure 4.30b depicts the ratio of redetected grids to new detected grids. When a grid
is redetected, we are surer that the grids are occupied by an obstacle. Hence the
number of redetected grids the more reliable the map is.
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Figure 4.30 :

Analysis with One Laser (Grid Resolution 0.25m x 0.25m).

Figure 4.31 and figure 4.32 show maps obtained using two laser sensors. In figure
4.31 it is observed that more area is scrutinized than figure 4.29 but it is clearly
depicted in figure 4.32 that false detections which occur because of pitch movement
cannot be prevented by using more laser sensors.

Figure 4.31 :

Map Obtained with Two Laser Sensors.
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Figure 4.32 :

Another Map Obtained with Two Laser Sensors.

Figure 4.33 shows the analysis results obtained with two laser sensors using Bayes
filter. Figure 4.34a shows the number of detected occupied grids, 4.33b shows the
ratio of redetected grids to new detected grids. Interpretation about figure 4.30 is
valid also for figure 4.33.
Redetected grids ratio for two laser sensors is less than the ratio for one sensor until
fourth second because of the fact that UGV is learning the environment. When it
learns the environment redetected grids ratio increases. It is understood that both
detected grid number and ratio of redetected grids to new detected grids increase
when two lasers are employed.

Figure 4.33 :

Analysis with Two Laser Sensors (Grid Resolution 0.25m x 0.25m).

57

Figure 4.34 and figure 4.35 show maps obtained with four laser sensors. It is clear
that more occupied grids can be detected than shown in figures 4.31 and 4.32 but
false detections are still there despite using a Bayes filter. Although noises occur,
map obtained with Bayes filter is more stable and reliable than the one obtained
without Bayes filter.

Figure 4.34 :

Figure 4.35 :

Map with Four Lasers.

Another Map Obtained with Four Laser Sensors.
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Figures 4.36 and 4.37 show the same area with 0.25m x 0.25m grid resolution.
Noises are seen more clearly in figures 4.36 and 4.37.

Figure 4.36 :

Map Obtained with Four Laser Sensors.

Figure 4.37 :

Another Map Obtained with Four Lasers.

Figure 38 shows analysis results obtained with four laser sensors when each sensor
input is fused using a Bayes filter. Figure 4.38a shows the number of detected
occupied grids, 4.38b shows the ratio of redetected grids to new detected grids. It is
deduced that detected grid number increases when four laser sensors are used.
Moreover ratio of redetected grids to new detected grids increases to two laser
sensors hence using four laser gains benefit to the UGV.
If four lasers system is used the UGV will learn the environment quicker than two
lasers system. It is seen that redetected grid ratio of two lasers system is same with
one laser system at fourth second but four lasers system is same with one laser
system at the 2nd second.
Adding two sensors to two lasers system increase the cost but it is useful to
understand the environment quickly.
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Figure 4.38 :

Analysis with Four Laser Sensors.

Figure 4.39 shows analysis results obtained with six laser sensors using a Bayes
filter. The two new sensors are placed between the front and back doors. Figure
4.39a shows the number of detected occupied grids, 4.39b shows the ratio of
redetected grids to new detected grids. It is clearly understood that if two laser
sensors are added to the four laser system, adding new sensors will not provide a real
benefit to the system hence four lasers system is used in chapter five.

Figure 4.39 :

Analysis with Four Laser Sensors.
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4.4.3 Median filter in occupancy grip map
A 3x3 matrix is used in the median filter as shown in figure 4.14. Figures 4.40 and
4.41 show the result of using a median filter for the occupancy grid map. When maps
in figures 4.34 and 4.35 are compared, it is realized that noises are removed from the
occupancy grid map.

Figure 4.40 :

Figure 4.41 :

The Result After Using Median Filter in the Map.

Another Example of Using Median Filter in the Map.
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Figures 4.42 and 4.43 show the same area with 0.25m x 0.25m grid resolution. It is
clearly understood that noises are prevented by the median filter. But it is also
observed that there are some empty parts between grids due to sensor capabilities.

Figure 4.42 :

Figure 4.43 :

Median Filter in Map.

Another Example of Median Filter in Map.

Figure 4.44 shows analyses results for median filter. Figure 4.44a shows number of
detected occupied grids, 4.44b shows detected grids ratios between laser systems.
Figure 4.44a shows that detected grid number does not increase as the number of
sensors is increased from four to six as depicted also in figure 4.39a.
Figure 4.44b shows that when one sensor is added to one laser system detected
occupied grids number increases 2-3 times. When two more sensors are added to two
lasers system, detected grids number increases approximately 1.5 times. But it is
clearly understood that adding two more sensor to the four laser system does not
affect the results notably.
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Figure 4.44 :

Analysis for Using Median Filter.

4.4.4 Dilation in occupancy grip map
A 5x5 matrix is used as the structuring element, which is depicted in figure 4.15,
when implementing dilation to the occupancy grid map. Each element of the matrix
is one in the structuring element. Figures 4.45 and 4.46 show the results of applying
dilation to the occupancy grid map with 0.5m x 0.5m grid resolution.

Figure 4.45 :

The Result After Applying Dilation to the Map.
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Figure 4.46 :

Another Example of Applying Dilation to the Map.

Figures 4.47 and 4.48 show the same area with 0.25m x 0.25m grid resolution. It is
clearly understood that border of obstacles are thicker than in figure 4.42 and 4.43.
This is useful for driving safety. When sensors collect data from the environment, the
vehicle is moving on the road, hence there will be an inevitable measurement error.
A safety line is constructed through dilation process. In addition to this situation,
dilation fills the empty parts between grids. Filling is important for region growing
algorithm. If there is emptiness between grids, region growing algorithm will detect
more obstacles when actually there is only one.

Figure 4.47 :

Dilation in Map.
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Figure 4.48 :

Another Example of Dilation in Map.

Figure 4.49 shows analysis results for median filter. Figure 4.49a shows number of
detected occupied grids, 4.49b shows detected occupied grids ratio between laser
systems. Figure 4.49a shows that detected grid number does not increase
significantly as also shown in figure 4.44a.
Figure 4.49b shows that when one sensor is added to one laser system detected grids
number increases 2-3 times. When two more sensors are added to two lasers system,
detected grids number increases approximately 1.5 times. But it is clearly understood
that adding two more sensor to the four laser system does not affect the results
notably.

Figure 4.49 :

Analysis for Applying Dilation to the Map.
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4.4.5 Obstacle detection with region growing in occupancy grip map
Figures 4.50 and 4.51 show the results of object detection with 0.25m x 0.25m grid
resolution. Firstly obstacles are labelled by the region growing algorithm. Region
growing algorithm adds grids to the labelled object until algorithm reaches the
threshold value.
Then the border values and the mean values of the labelled obstacles are registered
along x and y axes. Hence each obstacle is represented by its border and mean value.
A large number of points can be represented by a few values. So less numerical data
is sent to the path planning algorithm. This procedure leads to computational
simplicity and increased in speed. Each value is shown by green ellipsoids in figures
4.50 and 4.51.

Figure 4.50 :

Figure 4.51 :

The Result of Object Detection.

Another Example of Object Detection.
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Figure 4.52 shows the analysis results for the object map. This figure shows all laser
conditions. One laser system detects fewer obstacles compared to other systems due
of the fact that it only looks in front of the UGV.
When rest of the laser systems are compared with each other it is seen that two lasers
system detects the greatest number of obstacles generally. It is comprehended that
when gaps are closed by dilation, object number is decreased by the region growing
algorithm. If four lasers system is used both system learns the environment quickly
according to figure 4.49 and 4.44 and combines pieces as an obstacle. Although six
lasers system is seen more successful than four lasers system at combining pieces, it
does not provide rational gain at system speed and detecting success in comparison
to its cost hence using four lasers system is more feasible.

Figure 4.52 :

Analysis for the Object Number.
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5. DYNAMIC MAP CONSTRUCTION
In the previous section, static map construction and obstacle detection were
explained. In this section, dynamic obstacle detection and tracking will be described.
The crucial step in dynamic obstacle detection is the determination of a search area
[27]. For dynamic obstacle detection a new method, again based on occupancy grid
map is developed. Some researchers detect dynamic grids then they track the grids
with Kalman filter [28] while track the objects using EKF [29]. In this thesis first
dynamic objects are detected then tracking is carried out by using a Kalman filter.
5.1 Detection of Dynamic Obstacle
Searching all grids for dynamic obstacle detection is hard and computationally
expensive. Furthermore, if unnecessary area is searched by the dynamic obstacle
detection algorithm obstacles which are out of the route of the UGV may be falsely
detected. So the area that is in the route of the UGV must be sought by the algorithm
for preventing false and unnecessary detections.
For dynamic obstacle detection, steps are:
 Firstly, sensor data is collected, occupancy grid method is applied and then
sensor fusion is carried out.
 A search area is determined in order to seek dynamic obstacles.
 If a grid with occupancy value between 0.5 – 0.7 is determined, a possible
dynamic obstacle is detected by the algorithm.
 An area that is 2m x 2m around the determined possible grid is controlled.
 If a raw sensor data is found in this area, the dynamic obstacle is detected by
algorithm.
 Mean value of the raw data read by the sensors is calculated. This mean value is
assumed as the coordinate of the dynamic obstacle.
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Firstly a search area must be determined. So an area is constructed 10 m in front of
the UGV and 1.5 m at the corners. Search areas are shown in figures 5.1 and 5.2.

Figure 5.1 :

Figure 5.2 :

Dynamic Obstacle Search Area.

Another Example of Dynamic Obstacle Search Area.

When a dynamic obstacle moves on the road it affects the values in the occupancy
grid map. The grid which includes dynamic obstacles yield higher occupancy values
than empty grids. But after a few cycles the UGV detects the grid as empty so its
value will be less than 0.8. In this thesis, the grids which have an occupancy value
between 0.5 and 0.7 are defined as grids possibly containing dynamic obstacles.
Possible grids which are occupied by static obstacles are removed from the
observation space although they are in the search area in front of the vehicle.
Because it is possible that a grid where near the static obstacle has occupancy value
between 0.5 and 0.7 so most of false detections are prevented. Figures 5.3 and 5.4
show possible grids containing static obstacle, in green ellipsoid. It is observed that
the number of static obstacles is quite large in the map.
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Figure 5.3 :

Figure 5.4 :

Possible Dynamic Obstacles.

Another Example of Possible Dynamic Obstacles.

Using only occupancy grid value may cause false detections as can be observed from
figures 5.3 and 5.4. There are an excessive number of possible points. Hence raw
data of sensors are used for detection of dynamic obstacles. When the algorithm
detects a possible dynamic grid, which has occupancy value between 0.5 and 0.7, it
seeks around the grid. If algorithm detects a raw sensor data in 2m x 2m area,
algorithm assumes that the grid is occupied by dynamic obstacle. If it detects more
than one grid, the mean value of raw sensor data is calculated as the mean value of
dynamic obstacle. In figures 5.5 and 5.6 raw sensor data are shown.
Figure 5.7 shows all potential dynamic grids in the occupancy grid map. This number
means grids which are not assumed as obstacles may be an obstacle at previous state.
Figure 5.8 shows analysis results for the search area. Determining all potential grids
may cause false evaluation hence search area which is illustrated in figures 5.1 and
5.2 is used for detecting dynamic obstacles. Hence only these grids are checked.
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Figure 5.5 :

Figure 5.6 :

Raw Sensor Data.

Another Example of Raw Sensor Data.

Figure 5.7 :

All Potential Dynamic Grids.

72

Figure 5.8 :

Analyses Result for Search Area.

Figures 5.9 and 5.10 show detected dynamic obstacle in the occupancy grid map.
Dynamic obstacle is illustrated by the blue circle.

Figure 5.9 :

Figure 5.10 :

Dynamic Obstacle Detection.

Another Example of Dynamic Obstacle Detection.
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Figure 5.11 shows the distance of the detected dynamic obstacle from the real
position of the tracked vehicle. In the first second, the algorithm cannot detect any
dynamic obstacle because UGV is still computing sensor data. The vehicle goes
approximately 15 m/s hence it is assumed that the algorithm detects exact position
from first to fifth second.
Object detection process is performed only by laser sensors, so they cannot detect all
information about the obstacle. Laser sensors cannot take three dimensional space
information. This causes the UGV to sense static obstacles which are near the road as
dynamic obstacles. Therefore from fifth to seventh second there is a big position
error.

Figure 5.11 :

Distance of Detected Dynamic Obstacle from Real Position.

5.2 Tracking of Dynamic Obstacle
If UGV makes a pitch movement, sensors may see the ground as obstacle. At this
circumstance dynamic obstacle cannot be detected by the algorithm. Usually
dynamic obstacles are more dangerous than static obstacles because of the fact that a
dynamic obstacle which is not on the route of the vehicle may crash to the vehicle a
few seconds later. To prevent this problem tracking algorithm is used. Even when
sensors don’t provide data, tracking algorithm can estimate the coordinates of the
dynamic obstacle. Any of the algorithms which were described in section 2 can be
used as the tracking algorithm. In this thesis, Kalman filter is used for tracking.
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While developing Kalman filter tracking algorithm, some priors are considered.
Hence data from sensors are used frequently. States of the vehicle are, x coordinate
of the UGV, y coordinate of the UGV, and the x and y components of velocity [26].
States of the UGV are shown in equation 5.1.
(5.1)

Equation 5.2 shows measurement of sensors. A sensor which measures velocity of
obstacles is not on the vehicle. Hence velocities dx and dy are calculated by previous
position of the obstacle.
(5.2)

It is assumed that the vehicle exhibits linear motion. Equations 5.3 and 5.4 are used
as linear motion equations. Program completes one cycle in 0.2 s.

(5.3)

(5.4)

A matrix is illustrated in equation 5.5 according to equations 5.3 and 5.4.

(5.5)

The algorithm that detects of dynamic obstacle works with a high precision ratio.
Hence using Kalman filter measurement data is reliable. However while the UGV is
moving on the route of the vehicle dynamic obstacle algorithm may detect another
obstacle except the vehicle which is already being tracked. In such a case, values of
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the states in Kalman filter are changed. Although new measurements come, this
causes a few second of delay. A few seconds of delay is not acceptable for a moving
vehicle. If we trust measurement data less than states accuracy of tracking is affected
negatively. Hence a new method is suggested in this thesis.
When measurement cannot be obtained by sensors or measurement result of the
dynamic obstacle is farther than 15 m from the result of Kalman filter, it is registered
as error situation. The reason of choosing 15 m is that the vehicle which is tracked
has a velocity 15 m/s. When error situation continues longer than 1 second, Kalman
filter is restarted. Due to the fact that one cycle is 0.2 s, 1 second equals 5 cycles.
Q and R matrices of Kalman filter are selected in 3 different ways according to
various error situations. All results are found by trial and error method. These
conditions are:
 If

there

is

no

error

situation,

matrix

and

values

are

. In this condition

measurements are more reliable than results of Kalman filter.
 If there is an error situation which continues between
are chosen as

and

s, matrix values
. In this case,

results of Kalman filter are more reliable than measurements. Effects of
erroneous measurements are reduced.
 If there is an error situation which continues
and

s, matrix value are chosen as
. In this condition,

results of Kalman filter are more reliable than results of second condition. Effects
of erroneous measurements are further reduced.
If UGV is at third condition, Kalman filter is restarted. Using this method, false
results which occurred because of errors last shorter than the case where standard
Kalman filter is used. Estimation of the nearest point to the vehicle at short time is
the most important point for driving safety.
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Figure 5.12 and figure 5.13 show the estimation of future states when measurements
arrive. Red circle shows future states of the vehicle. It is clearly seen that red circle is
near the blue circle.

Figure 5.12 :

Figure 5.13 :

Estimation of Kalman Filter while Measurements Come.

Another Example of
Measurements Come.

Estimation

of

Kalman

Filter

while

When the vehicle cannot obtain measurement, it uses results of the Kalman filter. In
this case the vehicle monitor another vehicle and coordinates of dynamic obstacle
can be sent to the path planning algorithm.
Figure 5.14 shows the distance of detected kalman obstacle from real position of the
tracked vehicle. When it is compared with figure 5.11, it is clearly understood that
results are smoother than the detected dynamic obstacle algorithm. When sensors
cannot see dynamic obstacles or see a false obstacle, Kalman filter algorithm gives
more reliable results.
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Figure 5.14 :

Distance of Detected Kalman Obstacle from Real Position.

Figure 5.15 shows the distance of detected kalman obstacle from detected dynamic
obstacle position. When it is compared with figures 5.11 and 5.14, it is clearly
understood that kalman filter errors are less than detected dynamic obstacle
algorithm. For example it is seen at figure 5.11 that the measurement error increases
at fifth second but figures 5.14 and 5.15 show that error is less at fifth second.

Figure 5.15 :

Distance of Detected Kalman Obstacle from Detected Dynamic
Obstacle Position.
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6. CONCLUSION AND RECOMMENDATIONS
In this research occupancy grid map is constructed with sensor fusion process which
is implemented by a few sensors. The map is filtered by Bayes filter, so a reliable
and stable map is obtained. Then obstacles are segmented and enumerated. An
obstacle is described by a few data such as mean and boundary value instead of
hundreds of data. Hence less memory is used and less data is sent to the path
planning algorithm.
In our future studies, we are planning to add camera data to the map. Hence we will
obtain 3-D information for a grid. Therefore we will be able to classify an object as a
pedestrian, car or building with a more reliable technique.
Dynamic obstacle detection is performed by laser data. Detected dynamic obstacle is
assumed as a sensor data and it is used in Kalman filter tracking algorithm. Position
estimation is done by Kalman filter when measurement cannot be obtained. Hence
dynamic obstacle is monitored and errors are fixed instantly. This method is quite
successful when pitch movement doesn’t continue for more than 1 second.
Using only laser data may be inadequate at some cases. False detection of dynamic
obstacle by laser data affects results negatively. In this case, Kalman filter tracking
algorithm fixes itself after a few seconds with true data. This case isn’t acceptable for
a moving vehicle. This problem was solved by a method. This method calculates Q
and R matrixes for three different conditions. When errors continue longer than 1
second, Kalman filter restarts itself. An algorithm which can be implemented to real
time systems was developed.
Camera will be added to the sensor fusion system in the future. So the search area,
which is described at section four, will be defined by determining the road by image
processing. Furthermore camera has advantages at three dimension spaces hence
obstacles will be defined more clearly with three dimension mapping. Dynamic
obstacles will be defined better by finding new search areas and three dimension
spaces. Hence Kalman filter will work faster and better.
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