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Applied Computer Vision-based Navigation for Utility Vehicles in an Urban Environment
Evaluation of the feasibility in implementing OpenVSLAM for urban navigation purposes
Nipun C. Gammanage
Fangze Xu
Department of Electrical Engineering
Chalmers University of Technology

Abstract

Autonomous vehicle technology has grown and developed rapidly in recent decades. One
of the challenges in autonomous navigation is estimating the current location in terms of
an absolute position and a heading direction. A widely used method for vehicular position
estimation is GNSS (Global Navigation Satellite System). However, since the GNSS sig-
nal’s accuracy depends heavily on the environment’s structural behavior and the weather
conditions, new research is looking for alternative methods to support GNSS-based nav-
igation. The goal of this thesis was to implement and evaluate the feasibility of using
a computer vision-based navigation method as a substitute for GNSS-based navigation.
The vehicle’s position and direction were estimated using a state-of-the-art visual SLAM
method called OpenVSALM based on stereo vision. Furthermore, the system was eval-
uated against two datasets: the benchmark KITTI odometry dataset and a real scene
dataset captured by the on-board stereo camera rig of the project vehicle addressed in
this thesis. Feature extraction and tracking are the main components in any visual SLAM
method. Hence, a comprehensive study was also conducted to evaluate the quality of
feature detection and tracking based on the camera’s field of view (FoV). Experiments
show that the FoV reduction exponentially increases the error in pose estimation (relative
translation and rotation). Errors were evaluated using two error criteria, the Root Mean
Square Error, and the Absolute Trajectory Error.

Keywords: Autonomous navigation, Computer vision, Pose estimation, Scene Mapping,
Visual Odometry, SLAM, Visual SLAM, OpenVSLAM, Free space detection
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1
Introduction

Autonomous vehicles (AV) are one of the most discussed topics in the engineering com-
munity [1]. Many di�erent approaches have been investigated to achieve autonomous
navigation [2], which can be considered one of the largest subsets in AV technology. Com-
puter vision is one of those approaches that tend to have more popularity over the other
methods in recent years. In this thesis, one such computer vision-based navigation sup-
port function will be evaluated. This introductory chapter contains a background, which
describes the project more broadly. The project's objective is then presented in which
the primary purpose of this project is discussed, followed by a section on related work.
Next, the research questions that are addressed in this thesis work are discussed along
with the limitations. The thesis contributions are followed by a brief introduction to the
system settings. The chapter ends with a section about the thesis outline, which provides
a summary of the remaining chapters and their content.

1.1 Background

According to recent statistics on urban transport [3], there is a huge trend in using either
cycling or walking as the mode of transportation in urban areas. As a result, cyclists and
pedestrians today make up the largest proportion of tra�c injuries. Recent research [4]
published by the European Transport Safety Council (ETSC) shows that in 2019, the
number of fatalities due to tra�c accidents was 22659 in Europe. One signi�cant factor in
these accidents is bad road conditions. Tra�c accidents occur more frequently in the winter
months. Therefore, it is vital to keep good road maintenance during winter. Especially
in the Scandinavian countries, since the weather condition is harsh in winter. Semcon
Sweden AB, in collaboration with the Research Institutes of Sweden (RISE), develops a
concept solution of an autonomous utility vehicle for road maintenance, speci�cally for
urban cycle/pedestrian paths. This thesis is conducted as a part of the collaboration, and
the project is named as,Barmark.

Autonomous vehicle technology has grown and developed rapidly in recent decades.
However, research regarding the viability of vehicles that can operate autonomously in
complex environments such as highways, roads, and crowded urban streets is not an en-
tirely new topic [5]. One main concern in AV is the safety factor since people's lives are
one of the highest priorities, no pedestrians or cyclists should be harmed by these vehicles,
thus autonomous navigation needs to be done not only in a precise and accurate manner
but should also be able to respond to events and obstructions that may be encountered.
A comprehensive review from 2010 [6] claims that ensuring the vehicle, passengers, and
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1. Introduction

the pedestrian's safety at all instances regardless of having several sensor technologies,
will be a key challenge, especially in urban environments. After one decade of exponential
growth in the �eld of AVs, one can see that this issue is yet to be solved. In the �eld of
AVs, �safety� generally refers to the likelihood of being involved in a crash, vehicular, or
otherwise [7].

In terms of safety in the autonomous navigation context, it is important to know
the vehicle's current state, which contains the vehicle's position and heading. This thesis
focuses on addressing the issue of accurately estimating the current position as well as the
heading direction of the vehicle using a computer vision-based approach.

1.2 Objective

As mentioned in the previous section, safety being one of the main concerns in AVs, it
is important to accurately estimate the vehicle position and heading in the real world.
In this thesis, the vehicular heading is de�ned using the orientation of the vehicle. This
estimation of the translational movements and orientations are often called pose estimation
in literature. Similarly, in this thesis, when referred to the term poseit would mean both
the translational movement and the vehicle's orientation in a relative coordinate system.
The translational estimation is given asX; Y , and Z coordinates in meters. The orientation
terms include rotations around each of thoseX; Y; Z axis.

Di�erent sensor techniques have been used to estimate the pose of a vehicle, namely
GNSS, LiDAR, Radar, or ultrasonic sensors. Despite the popularity of these techniques,
they are not infallible, and each has their speci�c limitations. For example, GNSS (Global
Navigation Satellite System), is widely used in the engineering community for navigation
tasks, however, as shown in Figure 1.1, the accuracy of the GPS signal depends heavily
on the environment and the weather conditions, which means that the system is sensitive
to structural changes in the environment, therefore, it cannot guarantee good accuracy
especially when navigating in an urban environment. In the context of structural behaviors
in the environment, estimations from ultrasonic sensors and Radars have the same e�ects
when dealing with re�ective surfaces. Apart from that, Radars and ultrasonic sensors need
extra sensor values, like the wheel odometry from the vehicle, to get accurate estimations
for the long-range. LiDAR, on the other hand, provides very accurate 3D information of
the environment but is slow to get accurate measurements and still relies on very simple
scan-matching approaches that are not very robust.

Therefore, to �nd methods that have fewer e�ects on the accuracy (in terms of pose
estimation) from the environment's structural behavior is essential. Thus, in this thesis,
an objective was set to investigate the feasibility of a computer vision-based approach
for pose estimation. A state-of-the-art visual SLAM method was evaluated in this thesis.
In research conducted around visual SLAM, researchers typically use high-end hardware
or near-ideal datasets, implying that the absolute e�ciency that researchers claim their
models achieve is tied to the high-end hardware and ideal datasets. In this thesis, however,
the project is conducted with real-world data with moderate hardware speci�cations.
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1. Introduction

Figure 1.1: The structural e�ect from the surroundings on GNSS estimations. The GNSS
signal might re�ect when it comes to di�erent structures in the environment. Weather
conditions could also have impact on the re�ections.

1.3 Related work

As mentioned in the introductory chapter, the main task of this thesis is pose estimation,
since we have depth data, free space detection is also implemented as an extra function.
An extensive literature review regarding these tasks was conducted and an overview of
the related work that has been done in recent years is presented in this section.

1.3.1 Vehicle Navigation and SLAM

A study of the stereo vision-based navigation and monocular vision-based navigation is
conducted, as the vehicle is equipped with stereo cameras, the study will mainly focus on
the stereo vision-based navigation methods.

1.3.1.1 Monocular vision-based navigation

A pose estimation method based on road signs using only a monocular camera fused with
GPS data was proposed by [8]. The authors of this study claim this method can achieve
good accuracy, within the range of 100 meters distance to the road signs, the pose error
is limited within 2 degrees, and the position error is less than 1 meter.

Unlike typical vision-based methods that rely on the integration of di�erent sensors,
which would result in unstability of the implementation when the baseline is small, [9]
provides a novel visual localization method. A visual street map and extractedSURF
(Speeded Up Robust Features) image features are used in this method, by monitoring the
di�erence in scale of features matched between input images and the visual street map
within a Dynamic Time Warping framework, accurate vehicle positioning is then achieved.
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1.3.1.2 Stereo vision-based navigation

A method for real-time localization using a stereo vision system along with inexpensive
GPS data was suggested by [10]. Their system uses inertial measurements to �ll in motion
estimates when visual odometry fails. This incremental motion is then fused with a low-
cost GPS sensor using a Kalman Filter to prevent long-term drifts. The system shows
great robustness and high accuracy in real time pose estimation.

A Graph-based SLAM tutorial is introduced in [11], in which a method is able to
create a map of the unknown environment is proposed, this state-of-the -art solution is
based on least-squares error optimization. A graph is used in which vehicle poses during
the movement at di�erent time instances are represented by the nodes, and constraints
between the poses are represented by the edges. A map can hence be obtained once the
graph is built, which can be achieved by �nding the spatial con�guration of the nodes that
is mostly consistent with the measurements modeled by the edges.

The paper [12] provides a solution to the SLAM problem. A proof is given that the
estimated map converges monotonically to a relative map with zero uncertainty, combined
with the result that the absolute accuracy of the map and the vehicle location reach a
lower bound only de�ned by the initial vehicle uncertainty. This shows the possibility
to build a perfect map in an unknown environment to solve the SLAM problem by only
using relative observations. A number of key issues appeared in the SLAM problem such
as suboptimal map-building algorithms and map management are also discussed in this
paper.

In [13], the SLAM problem is seen as least-squares optimization of an error function.
A general structure of SLAM and an open-source C++ framework calledg2o are presented
in this paper, which aims at optimizing graph-based nonlinear error functions. It is said
that the proposed system can be easily extended to a wide range of problems and can
achieve good performance.

Both of the papers from M. W.M. Gamini Dissanayake et. al [12], and Hugh Durrant-
Whyte et. al [14] provide a probabilistic form of the SLAM problem as well as essential
solutions and signi�cant implementations. The key to solve the probabilistic SLAM prob-
lem is �nding a good representation of the observation and motion models that allow to
e�ciently calculate the prior and posterior distributions. Among various representations,
an Extended Kalman �lter is used to solve the SLAM problem in a form of a state space
model with additive noise that follow Gaussian distribution, while a Rao-Blackwellised
particle �lter, also called Fast SLAM algorithm, is often used when the vehicle motion
model is described as a set of samples of a more general non Gaussian probability distri-
bution.

1.3.2 Free space detection

As free space detection is treated as a low priority task, the method used in this thesis is
inspired by [15], where salient object detection algorithm is developed to detect objects by
using a depth map. However, the implementation of this algorithm in this thesis work is
modi�ed, unlike the implementation of traditional object detection algorithm, generating
bounding boxes of the detected objects is not required in this thesis.
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1.4 Thesis Contribution

In this thesis, the authors will try to answer the following research question by imple-
menting a computer vision-based pose estimation system and evaluating the system with
image datacaptured through a utility vehicle.

1. Is it feasible to use a stand-alone computer vision-based pose estimation method in
a complex urban environment?

2. Given di�erent methods to estimate the vehicle direction, what would be the recom-
mended method in terms of accuracy?

3. What aspects of the hardware plays the most critical role in pose estimation accu-
racy?

4. Why are certain hardware requirements critical in computer vision-based pose esti-
mation?

5. Will sudden scenery changes a�ect the pose estimation?

6. What would be an ideal setup for better pose estimations?

1.5 Limitations

The project scope will be restricted to the following limitations.

ˆ The dataset that contains the images from theBarmark project is collected in real-
time. However, the data are recorded as compressed images, and the implemented
system will only be tested in an o�-line separate system.

ˆ The two cameras in the stereo rig are approximately parallel. In other words, the 3
axes of the two cameras have a negligible amount of relative rotations with respect
to each other.

ˆ Weather condition e�ects will not be addressed in this thesis.

ˆ The project will not include sensor fusion with either Lidar, radar, infrared or ul-
trasonic devices. However, the conversion between GPS coordinates and Cartesian
coordinates will be implemented.

ˆ Vehicle dynamics will be ignored. The vehicle used in this project is an articulated
vehicle. Therefore, the position of a sensor estimating the pose (regardless if it is
a GNSS unit or an IMU) would need extra mathematical adjustments to obtain
the vehicle's position. However, this mathematical adjustment for vehicle dynamics
is already implemented and tested by the Semcon team. Hence, in this thesis,
such mathematical adjustments will not be performed on the estimated vision pose;
instead, the Semcon team's method will be used directly on the vison pose to adjust
the pose accordingly.

ˆ In this thesis, the main concern is to detect the objects on the driving path, no
matter whether the detected objects are stationary or moving, potential collision
should be prevented. Classi�cation of the detected objects on the path will not be
carried out, as any detected objects, whether animals, cars, people, should not be
facing collision with the vehicle.
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1.6 System con�guration

This thesis used two di�erent datasets to evaluate the feasibility of a vision system being
used in an urban navigation system. The dataset from this project is calledBARMARK
dataset. It contains compressed images from the left and right cameras, captured in real-
time over a period of approximately 120 s. These images have a resolution of960� 600and
�eld of view (FoV) of around 23� . The total area covered in this dataset is approximately
around 30m2. A standard benchmark dataset KITTI [16] was also used to evaluate
a hypothesis in this thesis. The KITTI dataset contains images with a resolution of
1220� 370 and has an FoV close to82� . The total area covered in this dataset is close to
250m2. The main hardware setup that is used in this thesis is shown in Figure 1.2.

(a) (b)

Figure 1.2: System con�guration. Figure (a) illustrates how the two cameras are at-
tached in the vehicle, and �gure (b) illustrates a 2D view of how the two cameras see the
scene and its camera coordinate system.

1.7 Thesis outline

This thesis is divided into �ve chapters. It starts with this introductory chapter, followed
by Chapter 2, where fundamental theories involved in this thesis work are presented. Next,
Chapter 3 discusses the system implementation and the evaluation methods related to this
thesis work. In Chapter 4, the analysis of the outcome of the implementations is presented.
Finally, in Chapter 5, a summary of the study is presented on the project outcomes based
on the research questions presented in Section 1.4.
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2
Theoretical Background

Estimating an agent's current location, given camera input, fundamentally requires esti-
mating the camera's pose. The estimated camera pose will then have to be updated over
time to create an accurate vehicle movement trajectory. In this thesis, an open-source
state-of-the-art visual SLAM algorithm called OpenVSLAM [17] is used to achieve the
above task. This process, starting from obtaining the images until estimating theGPS
location, relies on four main parts, namely accurate estimation of the depth of the scene,
feature extraction (and tracking), �nal pose estimation, and the optimization of the esti-
mation. This chapter illustrates the theoretical fundamentals of obtaining reliable location
estimations. In the �rst section, the geometrical overview of stereo vision will be discussed.
Next, essential feature extraction and tracking factors will be presented, followed by an
overview of Visual odometry and SLAM.

2.1 Stereo vision

The concept ofstereo vision is widely adopted in computer vision applications, especially
when the depth perspective of a scene is required in an application. The idea suggests to
use two cameras to observe a scene and estimate the depth of that scene using only the
geometric characteristics in the two images, which is also known as theepipolar geomatry
(see Section 2.1.3).

This estimation starts with computing correspondencesbetween two image planes.
These correspondences along with the distance between the two image centers (also known
as the base-line of the stereo rig) one would be able to calculate the3D location or the
depth of a point in the real world. The entire depth estimation method of a scene, also
known as the Stereo imaging, mainly consists of four di�erent steps [18].

1. Lens distortion (radial and tangential) removal. As described in Section 2.1.1, the
pinhole camera model does not work in the real world as the light exposure process is
slow. To avoid this, one would need to add external lenses. This, however, introduces
distortions in the resulting image.

2. The recti�cation process, described in the Section 2.1.3.1 ensures that the two images
are row-aligned.

3. Construct the disparity map by matching the features in the left and right images,
also known as �nding the stereo correspondences(Section 2.1.3.2).

4. Use triangulation to estimate the depth of the image. This step is known as the
reprojection step and will be discussed in Section 2.1.3.3.
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2. Theoretical Background

2.1.1 Camera model

The camera model used in this project is known as the pinhole camera model, which
is also the most common used model in the computer vision �eld. The image points are
projected on a plane through a microscopic pinhole, a camera intrinsic matrixK is de�ned
(2.1) to record the information of focal length, aspect ratio, principal point, and skew.
Theoretically, a lens can be de�ned without introducing distortion, however, in practice,
avoiding lens distortion is impossible due to the fact that no lens could be manufactured
perfectly. There are two kinds of main distortions that exist in a camera model, which are
radial distortions, and tangential distortions. The radial distortion is a result of the shape
of the lens, while the tangential distortion is often caused by the manufacturing process.
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The radial distortion model can be expressed by the following equations

xcorrected = x (1 + k1r 2 + k2r 4 + k3r 6) (2.2)

ycorrected = y (1 + k1r 2 + k2r 4 + k3r 6) (2.3)

The tangential distortion model can be expressed by the following equations.

xcorrected = x + [2p1y + p2(r 2 + 2x2)] (2.4)

ycorrected = y + [ p1(r 2 + 2y2)2p2x] (2.5)

Follow the OpenCV rountines, the distortion parameters are then introduced into one
distortion vector [k1 k2 p1 p2 k3 ], where k1, k2 and k3 are terms for radial distortion,
while p1 and p2 are terms for tangential distortion.

2.1.2 Camera calibration

Critical information that is needed in depth estimation is the cameras' focal length. Fur-
thermore, in the VSLAM algorithm, knowing the intrinsic matrix given in (2.1) is essential.
The method of estimating these parameters is often calledgeometric camera calibration.
The matrix K gives the relationship between the real world and the image plane,
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Here the intrinsic matrix K represents the projective transformation (like a homogra-
phy matrix) between the 3D camera coordinates (X c; Yc; Zc) to the image coordinates (the
pixel x; y coordinates), while the extrinsic matrix

h
R t

i
transforms the world coordinates

X; Y; Z to the camera coordinates ofX c; Yc; Zc. In pose estimation algorithms, what is
often estimated is the camera matrixP, and multiplying the newly estimated P with the
inverse ofK would give the relative pose (the

h
R t

i
matrix) of the camera.
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2. Theoretical Background

Figure 2.1: Pinhole camera model [19].

2.1.2.1 Direct Linear Transformation Method

The standard method that could be used in camera calibration isDirect Linear Transfor-
mation (DLT) , which estimates the camera parameters given the 3D location (also known
as the world coordinate) of a point and its corresponding image location, via the following
expression,

x3� 1 = K 3� 3 � R3� 3

h
I � X 0

i

3� 4| {z }
P

� X 4� 1 (2.7)

In (2.7), the values x3� 1 and X 4� 1 denote the image coordinates and its correspond-
ing world coordinates. The value ofP would be the camera matrix, which needs to be
estimated. One could also see that the intrinsic parameters in the matrixK have 5 degrees
of freedom (DoF) and the rotational matrix and the translation vector have 3 DoF each,
hence summing up to 11 DoF in total for the system. Using geometric properties in the
relationship given in (2.6), and methods such as Singular value decomposition (SVD) and
RQ factorization, one would be able to estimate these values. Detailed explanations and
mathematical proofs are given in Appendix A.1.

2.1.2.2 Zhang's Method

Obtaining the intrinsic parameters using DLT as mentioned above, will not work for the
problem in this thesis, since acquiring the correct world coordinates is not practical. In
the more practical scenarios to obtain the camera's correct intrinsic parameters, one could
useZhang's Method [20].

Zhang's Methodis also based on the DLT, but with some additional steps. One should
also note that this method will only focus on obtaining the intrinsic parameters and will
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2. Theoretical Background

Figure 2.2: Checkerboard pattern. This unique pattern allows the feature detection
algorithms to easily detect feature points since the gradient change (in intensity) from one
square to another is signi�cant. OpenCV [21] uses di�erent colors for each row so that it
would be easy to track the rotational changes e�ciently. Dimensions of the checkerboard
as per this example is7 � 6.

not focus on obtaining the rotational or the translational matrices. The di�erence in this
method is that instead of using known 3D locations, it uses achecker-boardpattern under
the assumption that the parameters (or the structure, width, height, and the number of
squares) are known in the checkerboard, and the checkerboard is a planar surface. One
main reason to use a checkerboard for this method apart from it being a planar surface
is its unique pattern, which allows distinguishing feature points and tracking them in
di�erent images. An example checkerboard image is given in Figure 2.2.

The trick used in this method is that it de�nes its own coordinate system such that
the x; y plane is de�ned on the checkerboard surface. The idea would be to force the
feature points that are detected to have aZ coordinate value of zero, which results in a
new homographymatrix as shown in (2.8).
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(2.8)

Instead of directly estimating all the parameters of the camera matrix P, a series of
homographymatrices (as given in (2.8)) will be estimated. Each homography matrix will
correspond to one image, and all these homography matrices will then be used to estimate
the camera's intrinsic parameters. Mathematical explanation and derivation are given in
Appendix A.2. Once the K matrix is estimated, the extrinsic parameters can be estimated
via the method suggested in [22].
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2.1.2.3 Stereo calibration

Here the term stereo calibration does not mean estimating intrinsic or extrinsic parameters,
instead, it means estimating the transformation matrix P that describes the relationship
between the two cameras. Firstly, the parameters of the left camera and the right camera
need to be estimated separately viaZhang's method. These two matrices can be then

de�ned as Plef t and Pright . Consider a vectorX
0

=
h
X Y Z 1

i T
, where a 3D location

is denoted by X =
h
X Y Z

i T
and its images locations (in the two image planes, left

and right) as x l and xr .

xr = Pright X
0

=
h
Rright t right

i
X

0

= Rright X + t right

(2.9)

x l = Plef t X
0

=
h
Rlef t t lef t

i
X

0

= Rlef t X + t lef t

(2.10)

The relationship between the two cameras can be de�ned asxr = Rnewx l + Tnew.
Where Rnew and Tnew are the new rotational matrix and translational vector that de�nes
the relationship between the two cameras. Combining (2.9) and (2.10) and re-arranging
them,

R� 1
right (xr � t right ) = R� 1

left (x l � t left ) (2.11a)

xr = Rright R� 1
left (x l � t left ) + t right (2.11b)

xr = Rright R� 1
left x l � Rright R� 1

left t left + t right (2.11c)

xr = Rright R� 1
left

| {z }
Rnew

x l + t right � Rright R� 1
left t left

| {z }
Tnew

(2.11d)

Since the inverse of arotational matrix is its transpose, the matrix R� 1
left will become

RT
left . Then Rnew and Tnew can be re-written as,

Rnew = Rright RT
left (2.12a)

Tnew = t right � Rnewt left (2.12b)

2.1.3 Epipolar geometry

Depth estimation only using the image data is one of the key advantages instereo vision.
As explained in the previous section, depth estimation takes several steps, and one of
the critical steps is �nding the corresponding left and right image projection of the same
3D point. (this is often referred to as stereo correspondences, a detailed description is
presented in Section 2.1.3.2). While there are various techniques to match images based
on their local appearance, one could use the extra information available to search and
de�ne correspondences in stereo imaging. This geometrical technique of using additional
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Figure 2.3: Epipolar geometry. The lines L1 and L2 represents the two epipolar lines
in the images. The lineL2 is a projection of ray c0 to p1 . The triangle connected by the
vectors (c1 � c0), (p� c0) and (p� c1) are co-planar and represents the epipolar plane [23].

information, the positions, and calibration data of the cameras that took the images of
the same scene is calledEpipolar geometry.

Consider two image planes capturing the same static pointp, as illustrated in Fig-
ure 2.3. In this thesis, a similar geometry will be followed. The two images captured
from the left and the right cameras, have a relationship between them that is given by
a matrix P, where P =

h
R t

i
. This matrix P can be de�ned by the method given in

Section 2.1.2.3. In Figure 2.3,p is a point that is located in the 3D world, and its pro-
jections to the two image planes are denoted asx0 and x1 (respectively on the left and
right images). The two-camera centers are denoted asc0, and c1 and their projection on
each other's image planes are denoted ase0 and e1 (right-center projection and left-center
projection, respectively). These two special points are calledepipoles. The co-planar sur-
face formed by the two epipoles e0, e1 and the 3D point p is called the epipolar plane,
and the line(s) de�ned by the points e0x0 (and e1x1) from the point of projection to the
corresponding epipolar points are called theepipolar lines.

The projection of the 3D point p could lie anywhere on lineL2 in the right image
plane. An interesting feature that can be seen here is that when projecting the lineL2
to the left image, it will become a point (x0) in the left image plane. More speci�cally,
all of the possible locations of apoint seen in one image is the line that goes through the
corresponding point and the epipolar point on the other image. This unique geometrical
constraint is known as theepipolar constraint and reduces the traditional 2D feature search
to a 1D feature search along the epipolar lines. Knowing the epipolar geometry of the
stereo cameras not only saves computational power, it also allows the matching algorithms
to reject points that could otherwise lead to spurious correspondences.

2.1.3.1 Stereo recti�cation

Once the epipolar geometry has been computed as described above, one can use the epipo-
lar line corresponding to a pixel in one image to constrain the search for corresponding
pixels in the other image, which would generate thedisparity map (described in Sec-
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Figure 2.4: An interpretation of images plans in a real-world stereo rig. Projected image
points of the 3D coordinateP are de�ne aspl and pr . These two points need to be aligned
to apply the epipolar constraints. However, this is not possible as the two image planes
(illustrated as the two bold rectangles) have internal rotations [18].

tion 2.1.3.2). The given scene's depth map can then be estimated using the calculated
disparity map, as described in Section 2.1.3.3. This process of epipolar geometry and
searching through the point correspondence along the epipolar lines assumes that the two
images arerow-aligned* . Unfortunately, in the real world one would not �nd perfectly
aligned stereo rigs. An exaggerated but theoretically accurate stereo rig consisting of two
un-aligned image planes is shown in Figure 2.4. The goal of stereo recti�cation is to align
the two image planes mathematically so that theepipolar geometrycan be applied during
the process ofdepth estimation.

Several di�erent algorithms are proposed in the literature to compute the recti�cation
terms„ for both calibrated [20], [24] and uncalibrated [25] cameras. However, since the
calibration parameters are known in this section, only the calibrated version of stereo
recti�cation will be discussed. This calibrated stereo recti�cation algorithm has often
been calledBouguet's algorithm. It tries to estimate two rotational matrices Rl and Rr

(left and the right cameras, respectively) that adjust the two cameras to beco-planar and
row-aligned by minimizing the reprojection errors while maximizing the working area….

Recall the rotational matrix calculated in Section 2.1.2.3 that describes a rotational
matrix which rotates the right camera's image plane into the left camera's image plane
(ignore the translational part). Let Rnew matrix in (2.12a) be split into two matrices r l

* The term row-aligned means that the two image planes (left and right) are co-planar and that the
y-coordinates of the image have the same values in the same direction (or all the image rows of both images
are aligned)

„ Here recti�cation terms means computing the distortion vector, a rotational matrix Rrect and the
recti�ed and un-recti�ed camera matrices ( M rect ; M ). These recti�cation terms are unique for the OpenCV
library that was used in this thesis, and a total number of 6 matrices and two vectors (for both left and
right images) will be calculated in this stereo recti�cation process.

…Here the term working area refers to the illustration in Figure 1.2b. In this �gure, the green color zone
is often in the literature called the common area between the two cameras.
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2. Theoretical Background

and r r , the the two matrices Rl and Rr can be de�ne as,

Rl = Rrect r l (2.13a)

Rl = Rrect r r (2.13b)

The technique in Bouguet's algorithm is to �rst rotate each rotational part of the
camera matrices (sayRlef t and Rright ) until two principal rays (refer to Figure 2.5) of the
cameras are parallel to each other. This would make the two image planes coplanar but
not row-aligned. In the ideal case, as shown as the light rectangles in Figure 2.4, the two
epipoles (e0 and e1 according to Figure 2.3) should be connected with the epipolar lines
horizontally. Bouguet's algorithm de�nes a rotational matrix Rrect that rotates the left
camera aroundOl , so that the epipolar lines become horizontal and project the left cam-
era's epipoles to in�nity. The resulting Rrect can be de�ned by three mutually orthogonal
unit vectors e1; e2 and e3.

Rrect =

0

B
@

eT
1

eT
2

eT
3

1

C
A (2.14)

The �rst vector is de�ned by the left epipole ( el ), and since el is aligned with the
image center Ol that makes el to coincide with the same direction as the translational
vector T (shown in Figure 2.4)* . e2 and e3 are de�ned as,

e1 =
T

kTk
(2.15)

The vector e2 is orthogonal to e1 and can be de�ned in the principal rays' direction.
Since the translational vector T, as is shown in Figure 2.4, has its origin at the center of
the left image, the third value, Tz is zero since the depth at the principal point (Ol and
Or ) is zero.

e2 =

h
� Ty Tx 0

i T

q
T2

x + T2
y

(2.16)

Finally, since e3 is orthogonal to both e1 and e2,

e3 = e1 � e2 (2.17)

2.1.3.2 Stereo correspondence

The concept of matching a 3D point in two di�erent image planes for two di�erent cameras
are known as thestereo correspondence. The matching can only be performed in an area
where both the camera views overlap (recall theworking area in Figure 1.2b). Once the two
matching points that describes the same 3D point is found, one would be able to calculate
the disparity of the scene, where disparity of pointi; j , is de�ned by d(i; j ) = x l � xr . Here
xr is the image projection of the 3D point p in the right image plane, and x l is the same

* This translational vector T is in fact, the same vector de�ned in (2.12b). For easy interpretation, let
Tnew be rede�ned as T .
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2. Theoretical Background

3D point's image projection in the left image. A disparity map is an image with the same
size as the left (or the right) image with a disparity d(i; j ) value for its intensity.

A straightforward method to �nd correspondences between two images would be to use
some kind of feature detection and matching technique (discussed in Section 3.3). Even
though delivering accurate results with lesser computational e�ort, these feature based
detection and matching methods provided disparity information only for the detected
keypoints, hence generating a disparity map for the detected points. These disparity maps
are often called the sparse disparity maps in the literature. However, for depth estimation,
one would need the so called dense disparity map, which provides the disparity information
for the entire image.

To generate a dense disparity map, one can use the unique formations of epipolar ge-
ometry. Epipolar geometry suggests that, in stereo images, the left image's corresponding
point lies in the right image's epipolar line. There exist several di�erent methods to �nd
these correspondences and mainly consist of the following steps.

1. De�ne matching cost.
2. Aggregate the cost over a squared window.
3. Select the minimal aggregated value for each pixel.

In a local (block matching) method, the matching cost is calculated using the in-
tensities within a �nite window. Sum of squared di�erences (SSD) [26], Sum of absolute
di�erence (SAD)[27], can be categorized as local methods. On the other hand, global
methods would not typically perform the second step of calculating the cost over a �-
nite window, instead, disparities are assigned by minimizing a global cost function that
includes all the matching costs. In this thesis, an OpenCV implementation of a robust
method called Semi Global Matching (SGM) will be used. A local window-based block
matching is performed along the epipolar lines while iteratively minimizing its global cost
function.

2.1.3.3 Triangulation and depth estimation

Triangulation is the process that uses the epipolar geometry and the disparity values
obtained from the stereo correspondences (Section 2.1.3.2) to estimate the depth map of
the scene. In triangulation, the following things will be assumed,

ˆ A stereo rig with known camera parameters (as described in Section 2.1.2).
ˆ The two stereo images having image planes that are coplanar with each other with

parallel optical axes*

ˆ The two optical centers are apart from a known distance and have equal focal lengths
(in practice, having approximately equal focal lengths are enoughf = f l � f r ).

ˆ Images are row-aligned as described in the stereo recti�cation section (2.1.3.1). Hav-
ing row-aligned images in a stereo rig is often called a frontal parallel camera ar-
rangement.

Figure 2.5 illustrates the geometric relationship of the projection scene in 2D with the
assumptions that are mentioned above. By using similarity triangles, one can calculate

* Also known as the principal rays . This is the ray that goes through the image centers clef t
x (or cright

x )
and the optical center Ol (or Or for the right image plane). These two principal rays will meet at the
in�nity or more commonly known in the literature as the vanishing point (Figure 2.5)
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Figure 2.5: Geometric relationship of stereo vision in 2D. PointP is a 3D world coordi-
nate that has a depth of Z . The values clef t

x and cright
x are the principal ray intersections

of the two image planes. For calculations only thex coordinate of the two image points
pl , pr will be considered.

the depth given the information of disparity (de�ned as d = pl � pr ) and the baselineB
between the two cameras. The two similar triangles that will be considered here are the
triangles connected by pointsP; pl ; pr and P; Ol ; Or . When considering the smaller triangle,
its height will be equal to Z � f , and its base can be de�ned asB � ((pl � clef t

x )+( cright
x � pr )) .

After stereo recti�cation, clef t
x and cright

x will have the same coordinates resulting in the
base of the smaller triangle to beB � (pl � px ). The depth Z can be calculated according
to (2.18).

B � (pl � pr )
Z � f

=
B
Z

) Z =
fB

(pl � pr )
=

fB
d

(2.18)

2.2 Feature detection and matching

The pose estimation method investigated in this thesis is heavily relied on the vision input
as it does not have any other sensory data. The movement of the vehicle is, therefore,
tracked by observing the surrounding environment. In general, sensors like wheel odometry
can describe a robot/vehicle's motion in a quantitative way. Similarly, to detect the
motion in vision application, special features in the surrounding will be used. These
features are often called aslandmark or feature points. These landmarks represent special
objects, points, or textures in the surrounding environment. By tracking them throughout
a sequence of images one would be able to estimate a motion vector of a given camera
system. Feature detection and matching consists of three di�erent processes:

1. Prominent keypoints (landmarks) need to be detected.
2. A descriptor will be de�ned, which describes the surrounding area (image patch) of

the detected keypoints, which can later be used to recognize the same keypoint.
3. In the matching phase, a selected keypoint will be matched between two di�erent

frames.
These keypoints, which are often callfeature points, interest points, or landmarks in

the literature, are detected using either the image intensities or an edge detection method.
A feature should be a point that can be easily recognized in image space. For example, a
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point in "a clear sky" should not be recognized as a feature, but a "corner of a building"
can be identi�ed as a feature point.

There are di�erent methods available for feature detection and matching. Scale-
Invariant Feature Transform (SIFT) [28], Speeded-up Robust Feature (SURF)[29], Bi-
nary Robust Independent Elementary Features (BRIEF) [30], Oriented Fast and rotated
BRIEF (ORB) [31] are the most popular feature descriptors that can be found in the liter-
ature. Binary Robust invariant scalable keypoints (BRISK) [32] and Fast retina keypoint
(FREAK) [33] are feature detectors that were introduced much later that have compara-
tively better computational performance compared to the methods mentioned above. The
feature detection part is quite similar in all of these di�erent methods. However, all these
methods have unique ways to de�ne the descriptor values, which comes with its advantages
and downsides. Depending on the descriptor technique, the feature detector can be di-
vided into mainly two groups: the vector-basedfeatures andbinary features. Vector-based
features are de�ned by intensity gradient changes over an image window, whereas binary
features are de�ned as Gaussian smoothing kernels over an image patch. While vector-
based features provide robust results in general cases (no rotations, no scale di�erences),
they tend to have a much bigger computational complexity than that of binary features.
In this thesis, the feature detector ORB will be used.

ORB serves as an e�cient alternative method to SIFT and SURF. As [31] suggests, the
algorithm shows excellent robustness for feature extraction, based on FAST and BRIEF.
The descriptor is at two orders of magnitude faster than SIFT. In ORB, FAST is performed
for keypoint detection, despite FAST being widely used, the drawback is also noticeable:
it does not have an orientation operator. The intensity centroid presented in [34] provides
a straightforward way to determine the corner orientation. With the assumption that the
corner's intensity is o�set from its center, the vector could impute an orientation. Given
an image patch that contains pixels in large form. The moments of a patch are de�ned as:

mij =
X

x;y
x i yj I (x; y) (2.19)

Provided the moments calculated according to (2.19), the centroid can be determined by:

C := (
m10

m00
;
m01

m00
) (2.20)

A vector
��!
OC is constructed, whereO and C represent the corner's center and centroid,

respectively. The orientation of the patch can then be expressed as:

� = atan2(m01; m10) (2.21)

The BRIEF serves as the basis for descriptor calculation of ORB. Given a smoothed
image patch, a binary test � is used, which is de�ned as:

� (p; x; y) =

(
1 : p(x) < p (y)
0 : p(x) > p(y)

(2.22)

where p(x) and p(y) are the intensity of the pixel at the location x and y in the patch.
The binary test is carried out in the patch where points follow a Gaussian distribution,
the test is implemented n times, which yields a vector f of length n:
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Figure 2.6: Orientation of the patch.

f n (p) :=
X

16 i 6 n

2i � 1� (p; x i ; yi ): (2.23)

As [31] suggests, BRIEF's matching performance falls o� sharply for in-plane rotation
of more than a few degrees. ORB proposes a method to steer BRIEF according to the
orientation of the keypoints. For any feature set of n binary tests at location (x i ; yi ), one
would need a matrix of size2n. Then it discretizes the angle to increments of2�= 30(12� ),
and construct a lookup table of precomputed BRIEF patterns. As long as the keypoint
orientation � is consistent across views, the correct set of points will be used to compute
its descriptor.

2.3 SLAM

SLAM, known as Simultaneous localization and mapping, is a process of constructing a
map and simultaneously estimating the pose of a vehicle in an unknown environment.
This process's di�culty is often referred to as a "chicken and egg" problem based on the
fact that localization and mapping are mutually dependent. An accurate map is needed
to estimate the pose of the vehicle, and at the same time, an accurate pose is also needed
to construct the map. While this problem appears to be complicated, several algorithms
are developed to solve this problem.

There are two main parts in the SLAM problem, and in the literature the two parts
are called the front-end and the back-end. The front-end processes the raw sensor data
from the various sensors and represents those data in an immediate representation of the
environment. These representations could be theconstraints of an optimization problem
or the probability distribution of a landmark etc. Theback-endtakes the above-mentioned
intermediate representation and solves the underlying state-estimation or the optimization
problem. In a nutshell, estimating the parameters that describe where objects are in the
environment with respect to the vehicle will be done in theback-end. Mainly three di�erent
categories of approaches can be found in theback-endprocess.

ˆ EKF - Extended Kalman Filter
ˆ Partical Filters
ˆ Least squares optimization((Graph based SLAM)
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In this project, the open-source SLAM algorithm OpenVSLAM adopts the most com-
monly used graph-based SLAM approach in solving the state estimation problem. The
general idea behind all SLAM problems is illustrated in Figure 2.7.

Figure 2.7: SLAM problem representation [14].

Given the situation where the vehicle is running in an unknown environment, a se-
quence of variables are de�ned to achieve localization and mapping [14].

1. xk : A state vector, which encodes the information of the pose of the vehicle.
2. uk : A control vector that is applied to the vehicle from time k � 1 to time k.
3. mi : A landmark location vector containing the information of landmarks of i .
4. zk : A landmark observation vector which contains the observation taken at time

instance k.
5. X 0:k = f x0; x1; :::::; xkg: The trajectory of the vehicle from instance 0 to k.
6. U0:k = f u1; u2; :::::; ukg: The sequence of control signals.
7. m = f m1; m2; :::::; mng: The sets of landmark locations.
8. Z0:k = f z1; z2; :::::zkg = f Z0:k� 1; zkg: The sets of observations.

Since there is uncertainty in the vehicle's motion as well as the observations, proba-
bility theory can be used to express the uncertainty explicitly. The SLAM problem can
therefore be formulated in a probabilistic model as (2.24), where the target is to obtain
the vehicles' path as well as a map given the information of controls and observations.

p(xk ; mjZ0:k ; U0:k ; x0) (2.24)

2.3.1 Overview of VSLAM

VSLAM, or the visual SLAM, is a method where a visual aid is used as input sensor data.
Lately, VSLAM has shown great popularity among the engineering community for its
�exibility in hardware and easy software integration. VSLAM has the same structure of
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