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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 different 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 traffic injuries. Recent research [4]
published by the European Transport Safety Council (ETSC) shows that in 2019, the
number of fatalities due to traffic accidents was 22659 in Europe. One significant factor in
these accidents is bad road conditions. Traffic 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, specifically 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 field of AVs, one can see that this issue is yet to be solved. In the field 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 defined 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 pose it 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 those X,Y, Z axis.

Different 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 specific 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 effects
when dealing with reflective 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 find methods that have fewer effects 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 efficiency 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 specifications.
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1. Introduction

Figure 1.1: The structural effect from the surroundings on GNSS estimations. The GNSS
signal might reflect when it comes to different structures in the environment. Weather
conditions could also have impact on the reflections.

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 different 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 extracted SURF
(Speeded Up Robust Features) image features are used in this method, by monitoring the
difference 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 fill 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 different 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 finding the spatial configuration 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 defined 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 called g2o 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 significant implementations. The key to solve the probabilistic SLAM prob-
lem is finding a good representation of the observation and motion models that allow to
efficiently calculate the prior and posterior distributions. Among various representations,
an Extended Kalman filter 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 filter, 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
modified, 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 data captured 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 different 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 affect 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.
• The dataset that contains the images from the Barmark project is collected in real-

time. However, the data are recorded as compressed images, and the implemented
system will only be tested in an off-line separate system.

• 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.

• Weather condition effects will not be addressed in this thesis.
• 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.

• 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.

• 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. Classification 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 configuration

This thesis used two different datasets to evaluate the feasibility of a vision system being
used in an urban navigation system. The dataset from this project is called BARMARK
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 of 960×600 and
field 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 to 82◦. 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 configuration. Figure (a) illustrates how the two cameras are at-
tached in the vehicle, and figure (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 five 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 the GPS
location, relies on four main parts, namely accurate estimation of the depth of the scene,
feature extraction (and tracking), final pose estimation, and the optimization of the esti-
mation. This chapter illustrates the theoretical fundamentals of obtaining reliable location
estimations. In the first 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 of stereo 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 the epipolar geomatry
(see Section 2.1.3).

This estimation starts with computing correspondences between 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 the 3D 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 different 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 rectification 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 finding 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 field. The image points are
projected on a plane through a microscopic pinhole, a camera intrinsic matrix K is defined
(2.1) to record the information of focal length, aspect ratio, principal point, and skew.
Theoretically, a lens can be defined 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.

K =

fx s cx

0 fy cy

0 0 1

 (2.1)

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(r2 + 2x2)] (2.4)

ycorrected = y + [p1(r2 + 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 called geometric camera calibration.
The matrix K gives the relationship between the real world and the image plane,

xy
1

 = K
[
R t

]
︸ ︷︷ ︸

:=P


X

Y

Z

1

 (2.6)

Here the intrinsic matrix K represents the projective transformation (like a homogra-
phy matrix) between the 3D camera coordinates (Xc, Yc, Zc) to the image coordinates (the
pixel x, y coordinates), while the extrinsic matrix

[
R t

]
transforms the world coordinates

X,Y, Z to the camera coordinates of Xc, Yc, Zc. In pose estimation algorithms, what is
often estimated is the camera matrix P , and multiplying the newly estimated P with the
inverse of K would give the relative pose (the

[
R t

]
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 is Direct 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 = K3×3 ·R3×3
[
I −X0

]
3×4︸ ︷︷ ︸

P

·X4×1 (2.7)

In (2.7), the values x3×1 and X4×1 denote the image coordinates and its correspond-
ing world coordinates. The value of P would be the camera matrix, which needs to be
estimated. One could also see that the intrinsic parameters in the matrix K 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
use Zhang’s Method [20].

Zhang’s Method is 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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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 significant. OpenCV [21] uses different colors for each row so that it
would be easy to track the rotational changes efficiently. Dimensions of the checkerboard
as per this example is 7× 6.

not focus on obtaining the rotational or the translational matrices. The difference in this
method is that instead of using known 3D locations, it uses a checker-board pattern 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
different images. An example checkerboard image is given in Figure 2.2.

The trick used in this method is that it defines its own coordinate system such that
the x, y plane is defined on the checkerboard surface. The idea would be to force the
feature points that are detected to have a Z coordinate value of zero, which results in a
new homography matrix as shown in (2.8).

xy
1

 =

a b c

0 d e

0 0 f

 r11 r12 r13 t1
r21 r22 r23 t2
r31 r32 r33 t3



will be zero

(2.8)

Instead of directly estimating all the parameters of the camera matrix P , a series of
homography matrices (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 via Zhang’s method. These two matrices can be then
defined as Pleft and Pright. Consider a vector X ′ =

[
X Y Z 1

]T
, where a 3D location

is denoted by X =
[
X Y Z

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

and right) as xl and xr.

xr = PrightX
′

=
[
Rright tright

]
X

′

= RrightX + tright

(2.9)

xl = PleftX
′

=
[
Rleft tleft

]
X

′

= RleftX + tleft

(2.10)

The relationship between the two cameras can be defined as xr = Rnewxl + Tnew .
Where Rnew and Tnew are the new rotational matrix and translational vector that defines
the relationship between the two cameras. Combining (2.9) and (2.10) and re-arranging
them,

R−1
right(xr − tright) = R−1

left(xl − tleft) (2.11a)

xr = RrightR
−1
left(xl − tleft) + tright (2.11b)

xr = RrightR
−1
leftxl −RrightR

−1
lefttleft + tright (2.11c)

xr = RrightR
−1
left︸ ︷︷ ︸

Rnew

xl + tright −RrightR
−1
lefttleft︸ ︷︷ ︸

Tnew

(2.11d)

Since the inverse of a rotational matrix is its transpose, the matrix R−1
left will become

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

Rnew = RrightR
T
left (2.12a)

Tnew = tright −Rnewtleft (2.12b)

2.1.3 Epipolar geometry

Depth estimation only using the image data is one of the key advantages in stereo vision.
As explained in the previous section, depth estimation takes several steps, and one of
the critical steps is finding 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
define 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 line L2 is a projection of ray c0 to p∞. 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 called Epipolar geometry.

Consider two image planes capturing the same static point p, 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 =

[
R t

]
. This matrix P can be defined 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 as x0 and x1 (respectively on the left and
right images). The two-camera centers are denoted as c0, and c1 and their projection on
each other’s image planes are denoted as e0 and e1 (right-center projection and left-center
projection, respectively). These two special points are called epipoles. 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) defined by the points e0x0 (and e1x1) from the point of projection to the
corresponding epipolar points are called the epipolar lines.

The projection of the 3D point p could lie anywhere on line L2 in the right image
plane. An interesting feature that can be seen here is that when projecting the line L2
to the left image, it will become a point (x0) in the left image plane. More specifically,
all of the possible locations of a point 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 the epipolar 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 rectification

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 the disparity 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 coordinate P are define as pl 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 are row-aligned∗. Unfortunately, in the real world one would not find 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 rectification is to align
the two image planes mathematically so that the epipolar geometry can be applied during
the process of depth estimation.

Several different algorithms are proposed in the literature to compute the rectification
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
rectification will be discussed. This calibrated stereo rectification algorithm has often
been called Bouguet’s algorithm. It tries to estimate two rotational matrices Rl and Rr

(left and the right cameras, respectively) that adjust the two cameras to be co-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 rl

∗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 rectification terms means computing the distortion vector, a rotational matrix Rrect and the
rectified and un-rectified camera matrices (Mrect, M). These rectification 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 rectification process.

‡Here the term working area refers to the illustration in Figure 1.2b. In this figure, the green color zone
is often in the literature called the common area between the two cameras.
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and rr, the the two matrices Rl and Rr can be define as,

Rl = Rrectrl (2.13a)

Rl = Rrectrr (2.13b)

The technique in Bouguet’s algorithm is to first rotate each rotational part of the
camera matrices (say Rleft 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 defines a rotational matrix Rrect that rotates the left
camera around Ol, so that the epipolar lines become horizontal and project the left cam-
era’s epipoles to infinity. The resulting Rrect can be defined by three mutually orthogonal
unit vectors e1, e2 and e3.

Rrect =

e
T
1
eT

2
eT

3

 (2.14)

The first vector is defined 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 defined as,

e1 = T

‖T‖
(2.15)

The vector e2 is orthogonal to e1 and can be defined 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 =

[
−Ty Tx 0

]T√
T 2

x + T 2
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 different image planes for two different cameras
are known as the stereo correspondence. The matching can only be performed in an area
where both the camera views overlap (recall the working 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 point i, j, is defined by d(i, j) = xl−xr. Here
xr is the image projection of the 3D point p in the right image plane, and xl is the same

∗This translational vector T is in fact, the same vector defined in (2.12b). For easy interpretation, let
Tnew be redefined as T .
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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 find 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 effort, 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 different methods to find
these correspondences and mainly consist of the following steps.

1. Define 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 finite window. Sum of squared differences (SSD) [26], Sum of absolute
difference (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 fi-
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,

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

parallel optical axes∗

• The two optical centers are apart from a known distance and have equal focal lengths
(in practice, having approximately equal focal lengths are enough f = fl ≈ fr).

• Images are row-aligned as described in the stereo rectification 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 cleft
x (or cright

x )
and the optical center Ol (or Or for the right image plane). These two principal rays will meet at the
infinity 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. Point P is a 3D world coordi-
nate that has a depth of Z. The values cleft

x and cright
x are the principal ray intersections

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

the depth given the information of disparity (defined as d = pl − pr) and the baseline B
between the two cameras. The two similar triangles that will be considered here are the
triangles connected by points P, pl, pr and P,Ol, Or. When considering the smaller triangle,
its height will be equal to Z−f , and its base can be defined as B−((pl−cleft

x )+(cright
x −pr)).

After stereo rectification, cleft
x and cright

x will have the same coordinates resulting in the
base of the smaller triangle to be B − (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 as landmark 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 different processes:

1. Prominent keypoints (landmarks) need to be detected.
2. A descriptor will be defined, 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 different

frames.
These keypoints, which are often call feature 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 identified as a feature point.

There are different 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 different methods. However, all these
methods have unique ways to define 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-based features and binary features. Vector-based
features are defined by intensity gradient changes over an image window, whereas binary
features are defined as Gaussian smoothing kernels over an image patch. While vector-
based features provide robust results in general cases (no rotations, no scale differences),
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 efficient 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 offset 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 defined as:

mij =
∑
x,y

xiyjI(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, where O and C represent the corner’s center and centroid,
respectively. The orientation of the patch can then be expressed as:

θ = atan2(m01,m10) (2.21)

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

τ(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.

fn(p) :=
∑

16i6n

2i−1τ(p;xi, yi). (2.23)

As [31] suggests, BRIEF’s matching performance falls off 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 (xi, yi), one
would need a matrix of size 2n. Then it discretizes the angle to increments of 2π/30(12◦),
and construct a lookup table of precomputed BRIEF patterns. As long as the keypoint
orientation Θ 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 difficulty 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 the constraints of an optimization problem
or the probability distribution of a landmark etc. Theback-end takes 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 the back-end. Mainly three different
categories of approaches can be found in the back-end process.

• EKF - Extended Kalman Filter
• Partical Filters
• 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 defined 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. X0:k = {x0, x1, ....., xk}: The trajectory of the vehicle from instance 0 to k.
6. U0:k = {u1, u2, ....., uk}: The sequence of control signals.
7. m = {m1,m2, .....,mn}: The sets of landmark locations.
8. Z0:k = {z1, z2, .....zk} = {Z0:k−1, zk}: 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,m|Z0: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
flexibility in hardware and easy software integration. VSLAM has the same structure of
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SLAM, the only difference being that in VSLAM, instead of sensor reading from sensors
like odometry, GNSS, IMU, etc., VSLAM defines environmental changes by detecting
feature movements in the scene for its estimation in the front-end part. The back-end
part is the same as in the previous section. An overview of the front-end section of the
general VSLAM algorithm is illustrated in the next few figures.

In Figure 2.8, the initial setup of a scene is illustrated. A typical scene often contains
moving objects (like vehicles) and static scenes like buildings, road signs, etc. The camera
view is shown in Figure 2.8c as the resulting view from the stereo rig, as explained in
Figure 1.2. When the vehicle moves forward (or in any direction), it will start capturing
different scenes at each time instance. These captured scenes could be slightly different
from the previous scene or could have a considerable amount of changes compared to the
previous scene. For example, when a vehicle is taking a turn, the changes will occur more
frequently compared to that in a straight line motion. Hence a turn is named an eventful
situation∗ in this thesis.

(a) (b)

(c) (d)

Figure 2.8: Overview of the driving scene. Figures (a) and (b) show how a typical
environment would look in an urban area. Figure (c) camera view of the intersected
images from left and right cameras. Finally, a scenario of a vehicle moving forward is
illustrated in figure (d).

∗Analyzing an eventful situation is quite important because the final pose estimation will depend not
only on feature extraction but also on feature tracking. If the previous feature can not be tracked in the
current frame, which often occurs in an eventful situation, the algorithm has a high chance of breaking the
continuous pose estimating.
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(a) (b)

(c) (d)

Figure 2.9: Feature extraction and key frame generation. Figure (a) is scene capture at
time T , and (b) is the keyframe generation part at time instance T . Figures (c) and (d)
are the respective processes at time instance T + 1.

Figures 2.9a and 2.9b illustrate the feature extraction and the keyframe generation
at time instance T . In feature extraction, the detected features are labeled as landmarks,
and each of these landmarks is given a specific id so that those can be distinguished among
other landmarks. Typically a landmark apart from its id contains the following attributes,

1. kfinitial: This gives the initial keyframe id that was detected for this particular
landmark. In other words, which keyframe detected this landmark first.

2. posei: This is often defined as a 3× 1 vector, which indicates the landmark position
with respect to the camera.

3. kfi: Typically, a landmark will be visible through at least a couple of keyframes.
The kfi represents the ith keyframe id that detects a particular landmark

Therefore, a standard landmark vector contains two ids and two vectors that represent its
location and behavior throughout a visual movement. Meanwhile, a keyframe generated
at time T will be defined as keyframeT , which includes a unique id, a camera pose, and a
vector of detected landmarks. Once the pose estimation is finished, the estimated states
will be fed to the SLAM back-end, resulting in a detailed map as shown in Figure 2.10.
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Figure 2.10: Resulting trajectory with the estimated poses. Red color points are cur-
rently tracked features. The yellow color points represent the already saved features.
These features will be saved as map data, which can be used in the localization phase.
Green color pyramids are the generated keyframes, while the blue color arrow shows the
estimated trajectory.

2.3.2 Graph-based SLAM

Graph based SLAM, as mentioned in previous section, is a SLAM paradigm which is
based on least squares error optimization methods. Among three different categories of
approaches, graph based optimization has following characteristics :

1. The problem is presented by a graph.
2. The graph contains nodes, which represent poses of the vehicle.
3. The edge between two nodes refers to the spatial constraint.
4. The key idea is to construct a graph and find a best node configuration that mini-

mizes the error caused by the constraints’ effect.

Figure 2.11: Graph-based SLAM framework [35].

A typical graph-based SLAM framework that consists of front-end and back-end parts
is illustrated in Figure 2.11. The nodes represent the states of the vehicle, which could
be used to generate predicted observation, the key idea of graph-based SLAM lies on
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finding a best configuration of the nodes such that the error between real and predicted
observations are minimized. A graph-based optimization method called g2o [13]is used in
implementation. The details of mathematical derivation are presented in Appendix A.4.

2.3.3 OpenVSLAM

OpenVSLAM [17] is an open-source, state-of-the-art visual SLAM framework with high
usability and extensibility. The software is developed to incorporate several useful features
and functions, therefore, it can serve as a library that is compatible with third-party
programs.

Figure 2.12: System architecture of OpenVSLAM [17].

As described in Section 2.3, a typical visual SLAM algorithm can be divided into
mainly two processes: the front-end and back-end parts. The same architecture can
be found in the OpenVSLAM library. As one can note in Figure 2.12, OpenVSLAM
consists of three modules, the tracking module, the mapping module, and the global
optimization module. The tracking and mapping modules fall into the front-end part, and
the optimization part, which performs a graph-based optimization, falls into the back-end
part. The camera pose for each frame will be calculated in the tracking module, and this
calculated pose will be optimized in the local optimization in the back-end section. A
decision will then be taken to save the newly calculated pose as a keyframe (KF). If it is
selected as a KF, then this new KF will be saved in the map. The new KF will then be
sent to the mapping module for global optimization. Here the map will be updated with
the 3D points in the new KF using triangulation techniques described in Section 2.1.3.3.
Furthermore, a loop-closure detection using a search window in the map will be performed.
This part is defined as the global optimization, and this uses the technique of Bundle
Adjustment (BA) [36]. The term loop closure stands for the algorithm of detecting a
previously visited area/section of the map. This technique is also used in the localization
stage of OpenVSLAM, where a pose will be estimated relative to a previously recorded
map.
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This thesis focuses mainly on two objectives: evaluating the accuracy in pose estimation of
an urban vehicle using a computer vision-based approach, and detecting free-space in front
of a given vehicle. A visual SLAM approach is proposed in this thesis to solve the pose
estimation problem, and in this project, OpenVSLAM will be evaluated. One should also
note that the current system is implemented under the ROS environment [37], hence, a
few modifications were made to the OpenVSLAM package to obtain the expected results.
Camera calibration is a very crucial part of this thesis. The calculated parameters were
evaluated using the reprojection error. One other key component in any visual SLAM
algorithm is feature detection and tracking. The effects of different field of views (FoVs)
on the estimation accuracy were also evaluated. An image stitching method to increase
the image view as a solution to small FoVs was also implemented and evaluated. Finally,
a free-space detection method was implemented, where the objects that are closer to the
vehicle, are detected through a technique called salient object detection. The overview of
the pose estimation system is given in Figure 3.1.

Figure 3.1: Overview of the pose estimation system.
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3.1 Image Prepossessing

Image preprocessing, as shown in the first block in Figure 3.1, is a critical step before
passing the image data to the OpenVSLAM algorithm. The images captured from the
two independent cameras have two different frequencies, or in the computer vision do-
main, the frame rate per second (fps) of the left and the right cameras are different. The
difference in terms of frequency in Hz is relatively small (50Hz and 55Hz for left and right,
respectively∗). However, this difference tends to increase over time, resulting in unsyn-
chronized images that affect the stereo vision implementation as described in Section 2.1.
The intrinsic matrix (in (2.1)) is also essential in the visual SLAM algorithm. Estimating
these parameters as accurately as possible is, therefore, essential. In this section, the over-
all implementation of the image preprocessing algorithm will be discussed. In Section 4.1
practical challenges that one might face when implementing the following algorithms are
presented.

3.1.1 Image Synchronization

The Barmark dataset is a rosbag [38] file that contains data as compressed images. Here,
the data has to be recorded in a certain way such that it takes a minimum amount of
memory in the system. One should note that one image has a resolution of 960× 600 and
have RGB information, and therefore, the amount of memory to record a few minutes
of data will consume a considerable amount of memory†. To avoid this, the images are
recorded as compressed images. The initial task would decompress the rosbag images, and
this was done by subscribing to the two message feeds (from the respective cameras) and
republishing the same message with RGB encoding along with a new timestamp. These
new images were then recorded to another rosbag file for further processing.

The implementation of the image synchronization process is shown in Algorithm 1.
The algorithm starts with selecting the message data from the rosbag file, which is followed
by creating two lists of data vectors that contain image details and respective timestamps
of the two cameras. The terms Parent and Child came from the stereo rig setup of FLIR
camera system. The stereo rig is set up so that the left camera triggers the right camera,
thus in this project, the left camera act as the parent triggering the right camera, the
child.

3.1.2 Camera Calibration

The traditional method of camera calibration (described in Section 2.1.2), the DLT, is,
of course, not possible in this thesis, since accurately measuring the distance to different
points in the scene is impractical. Thus, Zhang’s method in estimating the intrinsic matrix
(recall the definition (2.1)) was used. A checkerboard with black and white squares was

∗Theoretically, two identical cameras, even though they process images independently, should have the
same frequency. However, this is not the case in the real world; apart from minor mismatches in the
hardware and software, the main contribution to the frequency mismatch is that the stereo rig is set up so
that one camera triggers the other.

†The dataset records in this thesis took approximately two minutes. For these two minutes, with
compressed images, it took a memory close to 4GB. Therefore, if one recorded the same data without
decompressing, it would likely take way more than 4GB.
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Algorithm 1: Image synchronization
Input Two sets of unsynced images (left and right) and their timestamps
Result: Two sets of synced images (left and right)
initialization;

1. extract image data and the timestamp values from the rosbag file
2. for each message, a data vector is generated with the image data and timestamp.
3. insert all the data vectors from the previous step to two lists left and right.
4. select the list that contains the most number of data vectors and name it Parents

and the other vector Children.
define initial values;
current time = 0;
previous time = 0;
initial_image = True;
synced left images = empty list;
synced right images = empty list;
synced timestamps = empty list;
for each child in Children do

time_child = timestamp value of child;
is_frame_synced = False;
ignore_frame = True;
while frames are not synced do

for each parent in Parents do
time_parent = timestamp value of parent;
time_difference = time_parent - time_child;
if |time_difference| ≤ pre-defined threshold then

is_frame_synced = True;
ignore_frame = False;
add parent image to synced left images;
remove parent image and the timestamp from Parents;

end
end

end
if not ignore_frame then

add child image to synced right images;
if initial_image then

initial_image = False;
previous time = time_child

else
time difference = time_child - previous time;
current time += time difference;
add current time to synced timestamps;

end
end

end
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(a) Close-up (b) Relatively far from the camera

(c) Rotated (d) Tilted

Figure 3.2: Different poses of the checker board. Taking images with different poses, as
shown in the subfigures, are essential.

placed in front of the cameras, and several images were taken for further processing.
It is vital that both cameras can capture all the small squares in the checkerboard. As
described in Section 2.1.2, specifically in Zhang’s method of camera calibration, to estimate
the homography matrix is shown in (A.6) for a single image, one would need at least four
points in that image plane. Then, once the homography for a single image is estimated,
to estimate camera parameters (the K matrix), the B matrix shown in (A.13) needs to be
formulated. To solve the values for B using (A.18), one would need at least another three
images. Different poses of checkerboard images as required by the algorithm are shown in
Figure 3.2.

Firstly, a new set of 3D points are defined. In (2.6), the value of Z is set to zero so
that it will take the form of (2.8). Since the value of Z is zero, these sets of 3D points will
be the same for all the images. The values of the X and Y will be defined according to
the checkerboard’s dimensions. A 3D point in space X ′

k where Zk is equal to zero can be
expressed as,

X
′
k =

Xk

Yk

Zk

 =

i× dj × d
0

 where i = 0....W
j = 0....H

(3.1)

where the kth 3D point can be define as k = i + j. Here, the values W and H are the
number of squares in x and y directions, respectively, in an image plane∗ and d is the
length of one square.

∗The value W × H can be defined as the dimension of the checkerboard. In this thesis, the values were
8 × 6. The value W × H is also equal to the number of feature points in the checkerboard.
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Then to obtain the required intrinsic matrices, the two sets of images (the left and
the right) were fed to Algorithm 2. Two pre-derived function from OpenCV was used
in this algorithm: findChessboardCorners and stereoCalibrate. This method is an offline
calibration method. Two sets of images fed to the algorithm are assumed to be synced.
The function’s output, the two intrinsic matrices, and the two distortion vectors will be
obtained along with the rotational matrix and the translational vector between the two
cameras (all these matrices and vectors are called the camera parameters).

Algorithm 2: Stereo calibration - Off-line method
Input Two set of synced images (left and right) with different checkerboard poses.
Result: Calibration parameters
initialization;

1. read image data and save all the images in a list named Images
2. create a vector of 3D points as given in (3.1)

defining initial values;
left_image_point_vector ← ∅ ;
right_image_point_vector ← ∅ ;

. Both these vectors contain another set of vectors that contain the 2D image
points per each image
for each image in Images do

use the function findChessboardCorners to detect corner features of each
image (left and right);
if corner points are detected for both images then

add the two point vectors to left_image_point_vector and
right_image_point_vector

end
end
resize the 3D point vector to the same size as the two 2D image point vectors;
apply the function stereoCalibrate

The next method is the online camera calbration method. This method is, of course,
quite similar to the stereo offline calibration method. However, the algorithm is written so
that it can perform calibration in real-time. This real-time camera parameter estimation is
possible because of the ROS architecture. However, this online algorithm can not perform
stereo calibration (in the current version), and the two cameras have to be calibrated
separately. The algorithm is quite similar to Algorithm 2. Initially, the 3D points will be
defined, and for each image, the OpenCV function findChessboardCorners will be used to
detect 2D image points in the checkerboard plane. All these detected points will be saved
in a separate vector, and when the vector has a size bigger than 15∗, a new thread will
be opened for the calibration process. Since the calibration is done in a separate thread,
real-time image acquisition will not be disturbed (this would result in updating the image
point vector defined by the function findChessboardCorners).

∗In OpenCV documentation this is the recommended minimum number of iterations required to get
reasonable estimations in camera calibration
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Once in the calibration mode, the function calibrateCamera in OpenCV will be used to
estimate the camera parameters. For this function, as input, the image coordinate vector
is detected from findChessboardCorners, and a 3D point vector with the size of the 2D
image point vector will be given. This function will output the camera matrix, distortion
parameters, rotation matrix, and the translational vector. One would then calculate the
K matrix (the intrinsic parameters) from the camera matrix. To evaluate the estimated
matrices, the method called reprojection error was used. In this error evaluation, the 3D
points will be projected onto the image plane using the newly acquired camera matrix.
The error obtained after this operation is called the reprojection error, and pseudo-code
for calculating the reprojection error is given in Algorithm 3.

Algorithm 3: Reprojection error calculation.
Input Estimated camera matrix, detected image points, and the 3D points
Result: Reprojection error for an estimated camera matrix
initialization;

1. Insert insert all the detected image points to a vector with size 1× n where n is the
number of checkerboard images. This vector has sub-vectors, each having m
number of points that are equal to the number of feature points in a single
checkerboard

2. create a vector of 3D points as given in (3.1) (this vector should also be resized to
have the same size as the image point vector defined in the previous point).

defining initial values;
Total Error = 0.0;
for i = 0; i < n; i++ do

error per point = 0.0;
for j = 0; j < m; j ++ do

use the function projectPoints to calculate the estimated image points
estimation(xj , yj);
if actual detected point is actual(xj , yj);

error per point+=
(

actual(xj , yj)−estimation (xj , yj)
)2

(3.2)

end

Error per image =
√

error per point
m

(3.3)

Total Error+= Error per image;
end

Reprojection Error = Total Error
Total Images (3.4)
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3.2 System implementation

The implementation process of this thesis’s two main objectives, the pose estimation, and
the free-space detection, will be discussed in this section. The architecture of the system
implementation process of this project is illustrated in Figure 3.3. In the first section, the
OpenVSLAM and the Pose Estimation blocks shown in Figure 3.1 will be discussed. The
OpenVSLAM library [17] is mainly written in C++. However, this library was not fully
integrated with the ROS system at the time of implementation of this project. Therefore,
some extra modification was done so that the system is adapted to ROS. In Figure 3.3,
the whole process of estimating the vehicle’s pose given stereo camera images are labeled
as the mapping stage. The OpenVSLAM library can also solve the localization problem,
even though not investigated in this thesis in the localization phase, further optimizing
the estimated trajectory by loop-closure detection is possible. Apart from loop closure
detection, a map recorded in the initial mission’s∗ mapping stage can be used in a different
mission to obtain relative poses with respect to the initial mission. A free-space detection
algorithm to identify objects closer to the vehicle was also implemented in this thesis and
will be further discussed in Section 3.2.2.

Figure 3.3: Overview of the project architecture. Here, the green color blocks represent
the algorithms’ input data, and the blue color rectangles are the process. The three blue
color blocks labeled as nodes are built under the ROS environment. Red color blocks are
independent libraries that are not dependent on ROS. The yellow color blocks represent
the outputs.

∗The term mission in this project refers to a single drive/activity or a job performed by the utility
vehicle. In the context of this thesis, it refers to recording the map data, which includes defining the
trajectory, recording landmarks.
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3.2.1 Mapping stage

In this subsection the mapping stage illustrated in Figure 3.3 will be further evaluated.
As an overview, this mapping stage receives data from pre-recorded images, calibra-
tion data, and initial GNSS data. In the second processing block, a modified version
of theOpenVSLAM library will gather the information from the initial images and the
calibration parameters to estimate the camera pose. The output camera pose (shown in
yellow color) will then pass through the URDF∗ node, where necessary transformations
are done to estimate the pose in the real world coordinate system. This newly estimated
vehicular pose will be fed to the vision heading node that manages further calculations for
vehicle headings and GNSS estimations. A detailed description of this flow is given next.

Synchronized images and the calibrated camera parameters will be given as inputs to
OpenVSLAM library. The entire process from obtaining images to estimating the vehicle’s
pose will be addressed as the Mapping stage in this thesis. The following sub-processes
are implemented within the mapping stage:

1. The main ROS wrapper for the OpenVSLAM library.
2. The URDF node, which describes internal transformation between different coordi-

nate frames.
3. The GPS estimations
Two types of ROS wrappers were implemented and tested in this thesis. In the

first type, synchronized images are fed the ROS wrapper as a dataset. Hence no image
subscription from a 3rd party ROS node will be performed. The advantage of this method
is that it has less stress on RAM usage. The other method was to subscribe to a stream of
images that have been published by another node. This method helps simulate real-time
performance. However, it uses RAM (computational power) more than the offline method.
Another usage of the second method is the capability of publishing data at different rates.
Regardless of the two methods, there were mainly three threads† running in parallel to
estimate the camera’s pose.

1. Parent thread from the OpenVSLAM library.
2. ROS wrapper to help communicate with the library. This thread also include the

data subscription and publishing.
3. Visualization thread for Pangolin Viewer [39]. This is the main visualization tool in

the OpenVSLAM library.
Once the camera pose for the stereo rig is obtained, it needs several transformations to

describe the same pose in the real world coordinate system. In the pin-hole camera model,
the depth (the Z axis) is defined outwards from the image plane, and in the case of the
real world, usually, the coordinates frames are defined so that it has the Z in the upward
direction. In a simple system, manually converting the cartesian values using a known
transformation matrix is easy. However, obtaining the transformation matrix in a complex
system with moving segments and coordinate frames can be mathematically demanding.
To solve this issue of tracking coordinate frames and updating values according to relatively

∗URDF stands for unified robotics description format. This is an xml file describing all the coordinate
frames and dimension of sensors/parts in a robot. A detailed description will be given later in this section

†OpenVSLAM library, of course, contain many threads in a single run; however, in this thesis imple-
mentation, only the main (or the parent thread) was used to communicate between the library and the
local ROS system
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(a) TF-tree of the system

(b) URDF visualization model

Figure 3.4: TF-tree that describes the system and the URDF visualization model. Figure
(a) represents how all the frames are attached to each other. In this thesis, main concern
will be the transformation between the base_link and the camera_link. The term odom is
a common name that is used to describe the world coordinate frame. The relative pose of
the vehicle will be calculated with respect to this odom frame. The auto generated ROS
version of the tf tree is illustrated in Figure B.2. Figure (b) illustrates the vehicle model
and how the different links are connected. The URDF configuration file can be adjusted
to change the values and properties of each joint.

moving coordinates frames, ROS has a concept called tf ∗. In simple terms, the tf package
defines a tree-like structure to connect different coordinate frames, and all the branches
of this tree are connected with relative transformation matrices. This concept is called
defining a TF-tree, and it helps to update values throughout the system with respect to
any given coordinate frame.

There are many different ways in ROS to define the TF-tree of a system. When
defining the TF-tree, one should also consider the actual psychical differences between
the coordinate frames. For example, in this thesis, the camera is located about 0.75 m
above the vehicle’s base. This information needs to feed to the TF-tree correctly, or the
end transformation matrix between two frames will be inaccurate. The method used in
this thesis to define all these connections is the URDF node. URDF as mentioned is a

∗The package name tf stands for transformations. More information can be found in the official ros-wiki
page, http://wiki.ros.org/tf
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configuration file, which describes how the internal sub-systems are connected in a robot.
This URDF package allows its users to not only define different coordinate frames but also
define their joint types. For example, a wheel of a robot (in this thesis, the vehicle) can
define as a revolute joint relative to the main link∗, while another sensor can be defined
as a static link. URDF node visualization and the TF-tree is given in Figure 3.4.

The Vision Heading Node (shown in Figure 3.3, in the mapping stage process section)
will take this newly calculated pose after transformation and will publish it as the vehicle
pose. Then the heading of the vehicle is calculated using this new pose. In this thesis,
the heading is defined as the vehicle direction. Typically, an object in the space has three
rotational axes: the roll, pitch, and yaw (or in terms of access in the real world coordinate
system X, Y , and Z axis respectively). In the context of this thesis, it is assumed that the
vehicle only has rotations around its Z axis or have only yaw angles. Heading direction
was therefore calculated as the changes in the Z axis. Two methods were evaluated in
calculating the heading, the previous point (PP) method, and the direct yaw (DY) method.
In the PP method, a distance vector between the current point and the previous point
was calculated. Then, this vector’s arc tangent value was calculated, and the value was
assigned as the heading direction. In the DY method, the yaw angle from the newly
converted pose was used.

To evaluate the accuracy of the estimations, the estimated pose† was compared with
ground truth values. For the BARMARK dataset, ground truth values are generated
from a GNSS unit and are assumed to be accurate. Two error criteria are used in this
thesis to evaluate the estimated poses, namely the Root Square Error (RSE) and Absolute
Trajectory Error (ATE) [40]. Further, the mean and median of these two error criteria
were also used to summarize the estimations.

Let the ground truth at frame i be θi =
[
xi yi

]
and the estimation be, θ̂i =

[
x̂i ŷi

]
,

then RSE for frame i will be,

RSEi =
√(

θi − θ̂i

)2
(3.5)

and the mean RSE for N number of frames can be expressed by,

RMSE =

√√√√ 1
N

N∑
i=1

(
θi − θ̂i

)2
(3.6)

In heading estimation (orientation part of pose estimation) instead of (x, y) values the
three angles,yaw,pitch and roll will be used to calculate RSE values for each iteration.

The second criterion, ATE, is only evaluated for trajectory errors. In ATE, instead
of merely taking the difference between ground truth and the estimation, a distance value
will be calculated (using x, y coordinates).

ATEi =
√

(xi − x̂i)2 + (yi − ŷi)2 (3.7)

∗It is standard practice to define one main link in the system. This is usually the robot’s gravity center
and often called the base_link. Overall, robot motions are defined with respect to this main link.

†In this thesis, the pose is divided into two groups. The translational part of the pose (x, y values, z

is constant) is named trajectory estimations, and the orientation value estimation (will only consider the
yaw/angle around z axis) is named as heading estimations. Refer to Sections 4.2 for further description.
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similar to the mean RSE, a mean ATE (MATE) for the entire trajectory with N iterations
can be calculated by,

MATE =

√√√√ 1
N

N∑
i=1

(xi − x̂i)2 + (yi − ŷi)2 (3.8)

The transformation vector (the x and the y values in meters) estimated from the
algorithm (the estimation coming from the yellow color block named Vehicle pose in the
Process section inMapping stage row in Figure 3.3) are relative values to a specific mission.
Meaning the initial value will always start from (0, 0). However, these relative values can
not be used when stating the vehicles’ location in a map with longitude values and latitude
values. Therefore a conversion between the relative values x, y coordinates to the absolute
location in longitude and latitude is essential. The algorithm used to estimate the longitude
and latitude is given in Algorithm 4.

Algorithm 4: Longitude and Latitude estimation
Input Initial GNSS data and continuous pose estimation
Result: Longitude and Latitude
initialization;

1. define initial absolute coordinate in meters (initial GNSS values longitude0 and
latitude0 will be extracted from the GNSS unit - in Figure 3.3, mapping stage
input section; Initial GNSS values block)

absolutex0 = R× cos(longitude0)× cos(latitude0) (3.9a)
absolutey0 = R× sin(longitude0)× cos(latitude0)‘ (3.9b)

while pose estimation available do
retrieve the estimated pose values ;

relativexi ← estimated pose vector.x (3.10a)
relativeyi ← estimated pose vector.y (3.10b)

update the absolute cartesian values ;

absolutexi =absolute x0 +relative xi (3.11a)
absoluteyi =absolute y0 +relative yi (3.11b)

update longitude and latitude

estimatedlongitudei = tan−1
(
y

x

)
(3.12a)

estimatedlatitudei = tan−1
(√

absolutex2
i +absolute y2

i
absolutex2

i +absolute y2
i −R2

)
(3.12b)

end
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In the above algorithm an assumption is made that the initial value from the GNSS
unit attchted in the vehicle is accurate (in terms of longitude and latitude values). The
symbol R in (3.9) is the earth radius and is taken as 6,378,100 m.

3.2.2 Free-space detection

This section refers to the Free-space detection row in Figure 3.3. Here the term free-space
detection stands for detecting objects in the scene and warning about the distance of that
object from the vehicle. For example, an object located at a 1m distance is considered a
possible danger, whereas an object at around 10m will be considered ideal. A quantitative
analysis was not carried out. Instead, objects visible in the ground plane close to the
vehicle were detected. The main idea was to build up a system that can be re-used in
the future, and this part of the free-space detection was written in C++ under the ROS
environment.

The stereo vision properties and the depth images were used in this free-space de-
tection, where an algorithm based on salient object (SO) detection was implemented. A
salient object in an image processing context is an object with unique attributes compared
to the rest of the environment. While there are many different approaches to SO detec-
tion [41], [42], [43], the approach by [15] where the background and foreground objects are
classified based on the depth information was used in this thesis.

In this algorithm, the foreground and the background objects are differentiated based
on the comparison of whether creatain image regions are closer to the camera than the
surrounding environment. Typically SO detection methods as suggested in the literature
[44] (among the ones given previously) often work with single objects in space however, this
is not the case in the practical world. Therefore, a method that allows detecting multiple
salient objects in the environment needs to be implemented. The method suggested by
[15] uses a segmentation-based approach to address this issue. The graph-based image
segmentation [45] method implemented in the OpenCV library was directly used in this
thesis.

As inputs for this algorithm, the left RGB image, and the depth image are given.
The RGB image is fed to the predefined class to obtain the segmented image. The image
is divided into N number of segments where a segment Si (where i = 1...N) will define a
unique region of the image. Then a unique property F (Si) is defined, which tells whether
the segment Si is foreground or background. Once the image segmentation process is
finished (and N number of segmented regions are obtained), the image will be scanned
from left to right, pixel by pixel, to define the property of F (Si) for each region. Based
on the current pixel pc a search window W (in this thesis, defined as 3× 3) is defined. An
example image window is illustrated in Figure 3.5. Algorithm 5 illustrates the method of
defining the unique value of F (Si). Following notations will be used in this algorithm

• dpc : Describes the current depth value at the image location (u, v)
• wpc : Describes the current pixel in the selected search window. If dpc is (u, v), then
wpc = (u + i, v + j), where i, j are two variables varies from 0 to the height of the
selected squared window.

• Spc : Segment value of the current pixel pc

• Swpc
: Segment value of the current pixel in the search window W
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Figure 3.5: Search window of the SO algorithm [15]. Different segmented regions are
defined in different colors. Here u and v is the equivalent of the x, y image coordinates in
an image plane.

• mcurrent: A matrix that has same dimensions as the search window. This contains
the value of the depth difference.

• M : A matrix that has the same height and width as the image. A value at (u, v) in
this matrix is defined by (3.17). This value is a depth value, defined relative to its
neighboring pixels.

The operation (3.15) calculates the depth difference between the current pixel and
another pixel in the search window, and (3.16) calculates the difference between the current
pixel and search window pixel that is furthest to the camera (have the maximum distance).
These two matrices can be defined as a function of dpc and dpw . If the result of this
subtraction is positive, then the current pixel pc is said to be to be closer to the camera
and hence can be labeled as foreground compared to the search window pixel wpc . If the
result of this subtraction is negative, the current pixel pc is considered as background.
After processing each window search, the two matrices are summed. Matrix M (in (3.17))
updates this summed-up value for each pixel. This matrix will have the same dimensions as
the original image. The property F (Si) for a segment Si can then be calculated by taking
the summation of all the distances in M that belongs to the segment Si. A normalized
vector of all the properties F (Si)) is be defined as,

FN (Si) = F (Si)
Ni

(3.13)

where Ni is the number of pixels in the segment Si. A single value FN (Si) is a value
with unknown limits. Thus, a clamping process is done so that all the values are defined
between 0 and 255∗. Then a threshold FT H is set to decide whether the segment Si is
foreground or background.

Si =
{
background FNS(i) 6 FT H

foreground FNS(i) > FT H
(3.14)

The ground plane close to the vehicle can be defined as a background area (or a
segment) compared to the other objects in the environment. In fact, the threshold FT H

is tuned so that the segment covering the ground plane close to the vehicle is chosen as
∗FN S(i) = FN S(i)

(
255

FN max

)
, where FN max is the maximum value of the vector FN
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Algorithm 5: Define the unique property of a segment Si

Input Left RGB image, Depth map and the segmented image
Result: A function F (Si) that describes whether a selected segment Si from an

segmented image is a foreground region or a background region.
initialization;

1. left RGB image ⇒3×u×v Image = I

2. obtained segmented image (graph-based segmentation)
⇒1×u×v Segmented_Image = SI

3. get the respective depth image ⇒1×u×v Depth_Image = DI

for for each column u in I do
for for each row v in I do

pc ← I(u, v);
dpc ← DI(u, v);
Spc ← SI(u, v);
max_distance = 0;
for width i of the window W do

for height j of the window W do
wpc ← I(u+ i, v + j);
Swpc

← SI(u+ i, v + i);
mcurrent ← ∅;
mmax ← ∅;
if pc 6= wpc & Spc 6= Swpc

then
dpw ← DI(u+ i, v + j);

mcurrent = dpc − dpw (3.15)

if max_distance < dpw then
max_distance = dpw ;

mmax = dpc − dpw (3.16)

end
end

end
end

Mu,v =
i∑

i=0

j∑
j=0

mcurrenti,j
+

i∑
i=0

j∑
j=0

mmaxi,j (3.17)

end
end
The resulting matrix M contains all the relative depth differences corresponding
to each pixel of the image. Each of these values belongs to a specific segment
defined in the segmented image. Then the function describing a segment S(i) can
be expressed as;

F (Si) =
∑

pc∈Si

M (3.18)
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background. A predefined area of a projected rectangle† is set in the ground plane. In this
thesis, this is set as a static plane to simplify the process. If an object is getting closer
to the vehicle, then it will mean a change in the backgroundness‡ of that predefined area.
Finally, two threshold values are defined to create three states of the current environment
that is close to the vehicle. If the size of the predefined area is reduced, i.e., when objects
are entering the zone, depending on the percentage of the size reduction, the three states
will change to Warning, Danger and Ideal.

3.3 Feature extraction and tracking

Feature extraction and tracking is a critical component of any visual SLAM system. In
the stereo vision context, detecting key-features in the two images (left and right) in two
consecutive frames is the initial step for point triangulation to estimate the relative pose
between the two frames. After the triangulation phase, with the two cameras’ matrices, the
current frame’s pose will be estimated. Therefore, one should note that correct matches
between frames are critical; otherwise, inaccurate triangulation may result in lousy pose
estimation.

The next step would be to track the feature movement from frame to frame. In a
frame i, the detected feature will change its image location in the next frame i + 1. The
feature difference between the two frames or the pixel level movement would be the critical
factor in estimating the pose difference. Furthermore, the location of the feature is equally
important.

3.3.1 Feature extraction and matching

In OpenVSLAM, ORB (recall Section 2.2) is used as the feature detection and extraction
method. For a feature detector, ORB performs quite well with respect to the compu-
tational time. Thus it was decided to use ORB as the feature detector for this thesis.
However, one should note that it is more important to assign descriptors that characterize
key-feature (landmark) properties, which are detected by the feature extraction method
and match the correct features between two frames, rather than detect features from
a frame. However, one should note that assigning accurate descriptors to characterize
key-feature (landmark) properties is more important than the feature extraction process.
These descriptors are responsible for the feature matching process that uses descriptor-
generated properties to match landmarks between two or more frames.

Therefore, even though it was decided to use ORB as the feature detector, different
combinations of descriptors were used to evaluate the feature extraction and matching
methods further. The Table 3.1 shows the various combinations used to find a suitable
descriptor for this project.

There are mainly three scenarios that affect the accuracy when creating a descriptor of
an image and matching two descriptors from a trained image and the query image. Suppose
the query image (in this thesis, this would be the current image) and the trained image

†The predefined rectangle has a static area and this area will initially be declared as background segment
‡The property of a segment has been the background. This property is a value that fluctuates between

0 and the threshold FT H
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Detector Descriptor Distance measure

ORB

SIFT EuclideanSURF
ORB

HammingFREAK
BRISK

Table 3.1: Different feature detectors and descriptors.

(the previous image) have a significant rotational difference. In that case, this could lead
to matching wrong features in between the trained image and the query image. Another
factor that would affect is the scaling of the image (down or upscaling). Finally, intensity
changes in the two images may also affect the accuracy in matching two descriptors.

(a) Original image (b) Rotated image

(c) Upscaled (d) Changed intensities

Figure 3.6: Original (also known as the training image) in Figure (a) and the three
different scenarios that affect the accuracy in feature description and matching. Figure
(b) illustrates the rotational scenario and Figure (c) represents the upscaled scenario.
Finally, in Figure (d), the change in different intensities are shown.

In this thesis, since the utility vehicle is only moving in one plane (the x-y plane),
rotational movements in the x/y axis will not occur, and the rotational scenario shown in
Figure 3.6b can be ignored. One might argue that the vehicle movements’ vibrations will
result in rotations. However, these resulting rotations will be negligible and, therefore,
can be ignored. Scaling (up or down) can be noticed if the algorithm tends to skip several
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frames. For example, consider a case where images are captured when the vehicle moves
towards an object that takes up to 25% image space in frame i. The same object will take
more image space in frame i+ n, where n > 1. However, the scale difference between two
consecutive frames can be ignored because, in this project, the synced images are captured
with an average frame rate of 10fps, and the algorithm will not skip any frames during
execution.

One can see a clear difference in figures 3.6a and 3.6d with respect to the intensity dif-
ference. These two images are consecutive images, and the reason for this sudden change in
the shade is because the direction of the (sun-)light rays change with the change of vehicle
direction. In image 3.6a, the vehicle was facing north, and it will slowly start turning to
the east in the next few images. This results in clear changes in the intensities between two
consecutive images. Therefore, one should note that the descriptor selected in this thesis
should be sensitive to intensity changes. An intensity change with different combinations
given in Table 3.1 was tested to find a suitable detector/descriptor combination for this
project.

The task was only to change the intensity of the images. It was done using changing
the intensity value by a factor chosen according to the original image’s mean. First, the
original image’s mean intensity will be calculated, then a percentage of this value will be
taken (for example, 10% of the mean). Each pixel of the chosen image will be increased
(or decreased in the case of reduction) with the newly calculated value. Finally, all the
values will be multiplied with a factor where the highest pixel intensity after the change is
set to 255 and the lowest to 0. Results after increasing (and decreasing) pixel intensities
by 30% is shown in Figure 3.7.

(a) Intensity reduced image (b) Original image (c) Intensity scaled image

Figure 3.7: Change in intensities. Figure (a) represents a 30% intensity reduction, where
the mean intensity of 114.581 was reduced to a mean of 94.355. In the case of Figure (c),
the mean value was increased up to 130.759.

3.3.2 Feature tracking

Feature tracking is equally as important as feature detection when it comes to visual SLAM
algorithms. In theory, features that were detected at frame i will have different image
locations compared to when detected at frame i+1. The pixel difference between features
will estimate the moving direction of the vehicle between two frames. The magnitude
of the motion vector between two consecutive frames will be proportional to the pixel
difference between the features in the current frame and the previous frame.

The state estimations will be heavily dependent on this motion vector estimation
in the tracking phase of the OpenVSALM or any visual SLAM algorithm. The image
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Figure 3.8: An overview of the feature tracking algorithm. Inputs of this algorithm are a
sequence of images and are illustrated in the green color blocks. OpenCV implementation
of ORB feature detection and matching is shown in blue color blocks. Two gray color
block and the two dotted lines connecting blocks in matching and update phases are only
triggered in the initial iteration. Feature tracking (only the selected feature) and update of
the motion vector and the search window are shown in yellow color blocks. Visualization
block includes drawing the updated motion vector for analytic purposes.

location of the detected features affects the estimated motion vector. For example, image
points located in the image center section would have little movement than the image
points in the two corners, especially in an eventful situation. What interesting here is
that a motion vector between two frames with a broader FoV has a much higher vector
length compared to the same two frames with a smaller FoV value. These two vectors have
different lengths, even for the same movements, is because that the broader FoV captures
more corner pixels than those of a smaller FoV. To observe this behavior, an ORB feature
tracking experiment was implemented.

This experiment’s objective was to see how feature points in different image locations
affect the overall motion vector in a sequence of images. For this experiment, an ORB
feature-based tracking algorithm was designed, adapted from the paper Object tracking
based on ORB and temporal-spatial constraint by Wu et.el [46]. An overview of the im-
plementation is given in Figure 3.8. For illustration purposes, the stereo vision setup was
ignored in this experiment. Instead, only the left images of predefined sequences from the
KITTI dataset were used.

In the original paper, an object of interest is defined before the algorithm starts. In
this thesis, instead of an object, a specific feature point was tracked for a sequence of
images. Initially, the image was divided into three sections (3 image masks), the left, the
center, and the right. Three feature points from the three masks will be selected in the
initial stage, and these three points will be tracked throughout the selected image sequence
to calculate three motion vectors for the three masks. Firstly, to select the initial point
for each mask, all the said mask features will be generated. The feature point closest to
that given mask’s center point will be selected as the initial feature point to track. An
example image with the three masks is shown in Figure 3.9.

Once the initial points for each mask are defined, three rectangular windows will be
defined around the initial points with an initial height (h) and width (w). Let one of
those rectangles be Reci(xi, yi, w, h), in the initial frame i = 0, where xi, yi represents the
initial feature point. Next, a search window for the next frame will be defined according
to that said feature point’s motion continuity. And the search window for the frame i+ 1
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Figure 3.9: Image with predefined masks. In this example, 50% of the image width is
allocated as the center part of the image, whereas 25% each is given for the left and the
right regions of the image.

is defined as Si+1(ui+1, vi+1, w
′
, h

′) where,

(ui+1, vi+1) = (xi, yi) +−→Mi (3.19a)

w
′ = w + α (3.19b)

h
′ = h+ α (3.19c)

Here vector −→M is the newly calculated motion vector, and α is a constant that can be
changed according to the feature detection in the selected search window. In the initial
case, the motion vector is set to (0, 0), which will be updated in the next iteration.

Once the search window is defined and all the feature points in that search window
are detected, then a matching between the window Reci in frame i and the search window
Si+1 in the frame i+1 will be performed based on the ORB descriptor obtained at feature
detection and description stage (refer to Figure 3.8). This process will detect the initially
selected keypoint. Let MKi be all the matched points between frame i and frame i + 1
(in the selected mask) that are in frame i, with N number of matched points (which is a
subset of all the keypoints detected in frame i), Then the geometric center Ci for MKi

for the selected mask can be formulated as,

Ci = 1
N

N∑
j=1

MKi[j] (3.20)

Similarly, a subset set of matched keypoints in frame i + 1 can be defined as MKi+1,
where its geometric center is defined as, Ci+1. Then the motion vector −−−→Mi+1 is calculated
as −−−→Mi+1 = Ci+1−Ci. The rectangle for the next frame i+1 (which will be compared with
i+ 2) can be defined as Reci+1(xi+1, yi+1, w, h), where

(xi+1, yi+1) = (xi, yi) +−→Mi (3.21)

By repeating this process for all three masks, one would expect to obtain three motion
vectors.
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3.4 Effects of FoV in VSLAM

In this thesis, the estimated pose was evaluated against an open-source dataset called
KITTI dataset. The images included in KITTI has an FoV close to 82◦, which is around a
70% increase compared to the dataset addressed in this project, which has an FoV around
23◦. The FoV can be calculated by (3.22), where FoV value in radians will be calculated,
given the focal length (f) of the camera lens and the camera sensor width (dhorizontal).
Note that the vehicle is moving in the ground plane, resulting in no rotations around the
pitch or the yaw axes. This leads to negligible tracked feature movement in the vertical
direction of the image. Therefore one can ignore the effect from the vertical FoV.

Figure 3.10: FoV simulation masks - KITTI Odometry dataset.

FoV = 2 tan−1
(
dhorizontal

2f

)
(3.22)

A hypothesis was made that the FoV has an impact on estimating the pose of the
camera. To test this hypothesis, a simulation was carried out using the KITTI Odometry
dataset. Without changing the actual resolution of the image, which was 1220× 370, the
image color of the right and left sides were changed into black color. When changing the
pixel values one should note that this was done for an entire column. The number of
columns from the left and right side should be the same and this number was calculated
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as a percentage from the maximum width of the image (or the number of columns in the
image). Another key thing is that when changing the pixel value of the selected columns,
the color will not matter as long as all the selected columns have the same color.

The main idea behind creating this temporary mask is to force the ORB algorithm
to detect features only from the middle part of the image. This way, one would be able to
simulate the FoV reduction effect without actually changing the camera parameters. Even
though the image’s actual width is not reduced, dhorizontal in (3.22) can be changed since
the image visibility is forced to a particular section of the image. The masks were initially
starting with 100% visibility, and then the columns were reduced with regular intervals
until it reached a point where the FoV can be simulated as 21◦ degrees (75% from the
original width). An example FoV reduction is given in Figure 3.10.

It was observed that the said hypothesis regarding the FoV effect on visual SLAM
algorithms was correct. The obtained results of this simulated experiment are presented in
Section 4.3. This report further discusses and evaluate the reason behind this mentioned
behavior in Section 4.4.2 according to an experiment designed as described in Section
3.3.2.

3.5 Image stitching

The FoV of the Barmark dataset, as mentioned before, is around 23◦, and one might
argue about improving the FoV via merging the two stereo images. This is a valid point;
however, if the images are merged, then the advantage of using stereo vision to get an
accurate depth estimate would be lost. Hence in the VSLAM algorithm, one would face
the monocular drift.

However, an attempt was made to merge the left and right images to see whether it
increased the image FoV to a reasonable amount so that the algorithm can be shifted to
monocular SLAM to achieve acceptable results. The initial attempt of image merging was
an offline method known as the robust homography estimation and image stitching. As
described in the appendix Section A.3 (A.24), a homography matrix can be defined such
that it defines a relationship between two sets of image points that are projected from
the same 3D points. This thesis defines these two sets of image points by ORB feature
extraction and matching (instead of stereo correspondence).

Once the matched image points are obtained, a DTL equation was constructed to find
the homography between the two images point vectors. If the two vectors (which include
2D vectors) are define as xl and xr (to represent left and right images respectively) then
a relationship between two image point vectors can be defined as λxl = Hxr. To estimate
the homography matrix, which has 8 DoF one need at least 4 points. Initially, 4 points
will be selected randomly, and the DLT equation given in (3.23) will be constructed. In
(3.23), the values c1 to c4 represent the 4 point correspondences. The point in the left
image is given by xl =

[
x11 x12 x13

]
and the point in the right image is given by

xr =
[
x21 x22 x23

]
∗.

∗Please note that in the actual implementation, the vectors xl and xr are defined as homogeneous
vectors hence both the values x13 and x23 are equal to one.
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(3.23)

Then solving M using SVD, one gets the solutions to the v vector. The eigenvector
corresponding to the smallest singular value will give the optimal solution for the vector
given in v, which is the expected homography matrix between the two image point vectors
when rearranged to a matrix.

An optimal solution obtained from the method mentioned above is only optimal for
the four points that were selected randomly. To obtained an actual optimal solution, an it-
erative estimation method, RANSAC or Random sample consensus [47] method was used.
Once estimation is finished using random 4 points, a projection error can be calculated
using all the matched points with the estimated homograpy matrix.

Projection error =

√√√√ N∑
i=0

(
xleft

i − estimatedHxright
i

)2
(3.24)

Ideally, the projection error calculated by (3.24) should be zero if the homography
matrix is optimal. Since it will not be zero, a set of inlier points can be defined with a
user-defined threshold. Every point that does not fall into the inlier category is defined as
an outlier. Initially, the number of inliers is set to zero and is updated with each iteration,
and after a given number of iterations, a homography with the maximum inliers will be
selected as the optimal homography matrix. Using the calculated optimal homography,
the right image can be transformed into the left image, and the results are given in Figure
3.11c.

As shown in Figure 3.11c, even after the image merges, the increment in FoV is
negligible. In fact, it was calculated that the merged image only increased the FoV by
1◦. Therefore, it is clear that for the BARMARK dataset, increasing the FoV using this
image stitching method is not feasible.
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(a) Left image (b) Right image

(c) Combined image

Figure 3.11: Image stitching results. Figure (c) represents the merged image of left and
right. The black boards on the corners represent the internal rotations that can be seen
in the image planes.
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Results & Discussion

In this chapter, the pose estimation results and analysis will be presented. In SLAM
front-end as described in Section 2.3, pre-image processing is a crucial step. This step
includes image synchronization (described in Section 3.2) and obtaining correct camera
parameters and depth estimations. This chapter presents the initial image calibration
results and the estimated depth results. Next the pose estimation results from the ROS
integrated OpenVSLAM is presented. The effect of FoV in pose estimation and VSLAM
in general is presented using the data from KITTI Odometry dataset. This is followed
by feature extraction and tracking analysis. Finally, the chapter ends with a qualitative
analysis of free-space detection.

4.1 Image preprocessing - Implementation phase

As mentioned in Chapter 3, the pre-processing image part is very crucial. Due to tech-
nical constraints, it was not possible to test this version of implementation in the vehicle
itself, and as a solution, a ros-bag file was recorded with compressed images. Of course,
these compressed images save memory when recording the images that otherwise would
cost much memory even for a small amount of data collection. However, some of the
applications used in this thesis cannot be directly accessed by these compressed images,
such as python rosbag API (which is used to read rosbag files) and rqt (application used
for visualization). Hence an image decompression was needed. In an ideal case, the de-
compression methods suggested in Section 3.1.1 would be able to decompress the entire
image stream without any interruption; this is, of course, not the case in a practical im-
plementation. Since the images have a high resolution and are needed to be recorded at
a higher frequency (in this thesis, initial images have frequencies close to 50Hz to 55 Hz),
the decompression method tends to miss some frames. As a solution, the bag files were
fed to the decompression method at a slower rate∗. One should note that this frequency
decrease is performed only to make sure that all the frames are correctly decompressed. In
fact, one would be able to rerun the newly recorded bag file at any desired rate afterward
if one wishes to simulate the real-world frequency rates.

The camera’s frequency or, in the computer vision context, the fps of the camera is
also an important point that needs attention in real-world applications. In this thesis,
mainly two ranges of fps values will be addressed. The first one is when recording the
data. In this case, the frequencies need to have a higher rate, otherwise, when performing

∗The value for this slower frequency depends on the system that analyzes these rosbag files. Therefore,
to make sure that all the images are correctly decompressed and since no real-time performance was needed,
a frequency of 250Hz (four images per second) was used in this thesis in an 8GB RAM system.
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the image synchronization, process (described in Section 3.1.1), a significant amount of
image data will be lost. An example of such a scenario is given in Figure 4.1.

(a)

(b)

Figure 4.1: Images captured at different fps values. Figure (a) shows images captured at
a very low fps value (around 5 to 6 fps), which resulted in losing lots of data between the
frames. This losing frames can be troublesome, especially in an eventful situation. Figure
(b) shows images recorded at a higher rate (around 18 to 20 fps). At these rates, after the
image synchronization process, even if a few frames are lost due to not been synched, the
algorithm will still be able to capture a reasonable amount of image frames to proceed to
the VSLAM algorithm.
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In the second case, the range of fps needs to be much lower than the above-mentioned
high range fps. This low range of fps values is used when feeding image data to the
OpenVSLAM library. Having lower frequencies is beneficial since it will cause less stress
to the system, especially if it has insufficient RAM. A workaround solution to force having
a lower fps value is to skip some frames when running the algorithm. However, the trade-
off here is that when skipping too many frames, the algorithm tends to lose its feature
tracking, ending up breaking the algorithm altogether. With several trial and error runs,
10 fps (recall the initial rate when recording the images were around 18 to 20 fps) was
selected as the feasible frequency to run without any frames skipping for a computer with
8 GB of RAM.

The next important part of image pre-processing is obtaining the accurate camera
parameters, which helps in the depth estimation process and the pose estimation process.
As mentioned in Algorithms 2, the initial step is to detect and define feature points in the
checkerboard with different views. An example of such detection is given in Figure 4.2.

(a) Close-up

(b) Relatively far from the camera

(c) Rotated
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(d) Tilted

Figure 4.2: Checkerboard corner detection of stereo images. The entire checkerboard
must be visible in both the left and the right images. Different colors for different rows
help track rotations in the checkerboard. In this thesis, the dimension of the board is 8×6
and all its 3D locations are defined according to (3.1).

As described in Algorithm 2, one would then be able to perform camera calibration
(either for both cameras at the same time - offline method or online) using prebuiltOpenCV
functions. Even though one would theoretically only need three images, it is recommended
to use as many images as possible with different variations, as shown in Figure 4.2. Since
the estimation is based on the least-squares method and the quality of the estimation relies
on its data, in this case, the homography matrices that are estimated separately for each
different image (recall Section 2.1.2.2). The newly estimated camera parameters can be
evaluated using the reprojection algorithm described in Algorithm 3. In this thesis, the
best average reprojection error achieved was 2.43 pixels; this is acceptable since the entire
image has a resolution of 960× 600.

This calibration process takes a considerable amount of time since the matrix that it
needs to solve in the form of a least-squares problem is quite large. Assuming that one
would use at last 15 images (as recommended in the OpenCV∗), the matrix V given in
(A.18) will be a matrix with 30 × 6 dimension. When using the offline stereo calibration
method, a choice can be made regarding the number of images since it uses pre-recorded
images. However, this assumes that all these images have perfect visibility of the checker-
board corners that will be detected using the existing OpenCV functions. This is often not
the case in a practical situation, and most of the time, one would be left with fewer images
than the initial number of images fed to the algorithm after the findChessboardCorners
function.

In the online method, this issue of not having adequate images is not a problem.
However, the calibration process is done in parallel while capturing the images, and this
makes this online process take a lot more time than that of the offline method. In the initial
round of collecting images, the calibration process will start after acquiring a sufficient
number of images. Still, since the capturing process is also processing in a parallel thread,
the next run’s number of detected images can be quite big. This value often reached 100
images. Assuming that the initial calibration takes about 20s (which was the average time

∗OpenCV camera calibration tutorial, https://docs.opencv.org/master/dc/dbb/tutorial_py_
calibration.html
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to solve with 15 images), and the synchronized images are captured at 10 fps. Then for
20 seconds, the saved images with checkerboard corners would reach close to 200. In the
online method, the reprojection error for each calibration iteration will also be calculated
in real-time.

As described, both the procedures have their trade-offs. However, out of the two
approaches, it is suggested to use offline calibration with adequate images until it reaches
an acceptable reprojection error value. (This value can be relative to different resolutions,
but in this thesis, the average of 2.5 was set as a threshold given the high resolution of
the images).

With calibration parameters available for the cameras, the next step would be to
perform stereo rectification (as described in Section 2.1.3.1). Figure 4.3, illustrates the
images after rectification. As shown in the figure, once the rectification is performed, the
images will have some rotations, and the edges of the images may disappear. The matrix
obtained after rectification will then align the image plane with the green lines shown in
Figure 4.3.

Figure 4.3: Stereo rectification process. Green lines can be viewed as the epipolar lines
described in Section 2.1.3.1.

After stereo rectification, one can perform a stereo correspondence to obtain a given
scene’s disparity map. This disparity map can then be used to estimate the scene’s depth,
as shown in Figure 4.4.

(a) Disparity map (b) Depth map

Figure 4.4: Disparity and depth maps. Gray areas in the disparity map represent pixels
that have difficulty finding its corresponding value in the other image. The depth map is
generated using the left image and the disparity map.
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4.2 Trajectory and Heading Estimation

The trajectory estimation includes the estimation of the x and y coordinates in a cartesian
plane. As described in Chapter 3, in the thesis, the changes in the z-axis in the world frame
was ignored since the vehicle only moves in the x/y plane. Two error criteria RSE and
ATE (recall Section 3.2.1) are used in this thesis to evaluate the algorithm’s performance.
The BARMARK dataset, which was captured by the utility vehicle equipped with two
cameras, has a length of approximately 110s (close to 2300 × 2 images after the image
synchronization step), and it covers an area around 30m2.

4.2.1 Trajectory estimation

The ground truth pose was estimated using accurate GNSS data after a conversion be-
tween the absolute position in meters to a relative position. The data was collected to
resemble an urban area with many vehicles and a significant amount of turns (or eventful
situations). The pose estimation results were plotted against the actual ground truth as
illustrated in Figure 4.5. One can see that the estimated trajectory tends to have huge er-
rors compared to the ground truth. The errors are significant, especially when the vehicle
is taking a turn or as expressed in previous chapters in an eventful situation, where the
feature changes are quite substantial in consecutive image frames. These errors will be
accumulated even though the vehicle is moving in a straight line. In this dataset, a turn
occurred at the beginning of the sequence, which immediately affects the entire estimation.
The timestamps also expressed that the estimates were made quite early compared to the
ground truth.

Figure 4.5: Trajectory estimation against the ground truth values obtained from accurate
GNSS data. The timestamp data labels and the respective ellipses indicate the cumulative
error increment in the algorithm with an inaccurate estimation. The markers in the two
graphs are spaced with 10s time intervals.
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The RSE values for each point were also calculated (recall Section 3.2.1), and the
results are shown in Figure 4.6. One can see that the errors tend to increase at time
instances where an eventful situation is taking place. The maximum RSE error between
the estimate and the actual value is 12.26m, which occurred around the time instance
48s. This error occurs after two major turns in the trajectory, which further shows the
cumulativeness of the pose estimation errors.

Figure 4.6: RSE in trajectory estimations. The mean of RSE (RMSE) was around 4.45m
and the median was around 3.35m in the translational errors with respect of the ground
truth.

The ATE (recall Section 3.2.1), is the same method used in many VSLAM papers for
error evaluation in trajectory estimations. The ATE between the above two trajectories
shown in Figure 4.5 was also evaluated and the results are illustrated in Figure 4.7. While
RSE provides an overview of the error behavior for each time instance, ATE shows the
actual deviation from the ground truth in terms of distances.

Figure 4.7: ATE in trajectory estimations. The mean ATE was around 6.85m and the
median was around 4.47m in the translational errors with respect to the ground truth.
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4.2.2 Heading estimation

In pose estimation, one should note that not only the translation but also the orientation
in terms of the rotations around roll, pitch and yaw axes are essential. In this thesis, since
the vehicular movement is only a planar motion in the xy-plane, only the yaw angle in the
world coordinate system were considered to be important. The heading direction of the
vehicle was, therefore, defined in terms of changes in yaw angle. Figure 4.8 illustrates the
ground truth headings and the estimated headings.

Figure 4.8: Heading direction estimation in degrees. Two methods were used to estimate
the heading angle, the previous point method denoted as Estimation PP and the direct
yaw angle denoted as Estimation DY.

The current vehicle’s coordinate system is defined from −180◦ to 180◦, this can some-
times be misleading to readers. For example, around the 18s mark in Figure 4.8 one can
see a sudden error increase (close to full 360◦). In fact, this is just an error of around
5◦, and the misleading interpretation is because the error fluctuates between two different
quadrants. Therefore, to obtain a better overview of the error, the angles were converted
to 0◦ and 360◦ degrees from −180◦ to 180◦. The results are shown in Figure 4.9. The
RMS error of the two heading estimation methods, PP and DY (recall Section 3.2.1) are
illustrated in Figure 4.10.

Regardless of the two estimations having a relatively similar shape, one can see that
vision pose estimation (both methods PP and DY ) tend to estimate its location quite
early compared to the ground truth. As one can notice, from the two methods used in this
thesis, DY seems to have a much smoother curve compared to that of the PP method.
The reason behind this is the way that PP is calculated. When estimating the heading’s
direction vector, the difference between two points is taken, and then to calculate the
direction, the inverse tangent of the distance vector is calculated. The problem with
inverse tangents is that the solution tends to go to infinity when the angle (in this case,
the resulting distance vector) is close to zero. Unfortunately, this is often the case with
pose estimation. Once the camera pose is estimated, the URDF node publishes a new pose
estimation (approximately) at a rate of 10Hz. This results in receiving points that are
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Figure 4.9: Heading direction estimation in degrees. The limits are defined in between
0◦ and 360◦. Markers that are denoted have a time interval of 20s.

very close to each other in consecutive iterations, resulting in a relatively smaller distance
difference. A threshold was added to avoid negligible distance. However, this results in
a jerky behavior in the end estimations, as shown in Figure 4.9. Therefore from these
results, it is suggested that estimating the vehicular heading using DY is better compared
to PP.

Figure 4.10: Heading estimation error in degrees. The mean and the median error values
obtained from the PP method were (approximately) 25◦ and 15◦ respectively, while from
DY the values were (approximately) 22◦ and 12◦ respectively.
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4.2.3 GNSS estimation

GNSS estimations or the longitude and latitude estimations were done according to the
algorithm described in Section 3.2.1 (Algorithm 4). The two expressions of (3.9) are
modified to:

absolutex0 = (R+N) ∗ cos(longitude0) ∗ cos(latitude0) (4.1a)
absolutey0 = (R+N) ∗ sin(longitude0) ∗ cos(latitude0)‘ (4.1b)

where N is the altitude value, obtaining the altitude values was not possible in this thesis.
While various methods estimate GNSS values from a relative position, all of these methods
are accurate only to a small area. Furthermore, the value for R used in this thesis is the
Earth radius at the equator and was not corrected to the estimation’s exact location.
Therefore the overall error that occurred with the estimations could also be affected by
this value. In mathematical terms, the errors are relatively insignificant (occurs in values
of 10−4); however, the errors were relatively high in an actual map.

(a) (b)

Figure 4.11: GNSS Estimations. Figure 4.11a illustrates the difference between the
ground truth GNSS values and the estimated GNSS values. Figure 4.11b, it shows the
estimation in the real map in longitude and latitude.

4.3 Effect of FoV in pose estimation

As mentioned in Section 3.4, a hypothesis was created stating that the FoV has an impact
on estimating the pose of the camera∗. Images from the KITTI dataset was used with
reduced FoV to test this hypothesis. Before looking into the results from reduced FoV,
one should look at an actual comparison between the two datasets’ images. Figure 4.12
illustrates how the two cameras from the two datasets see the environment. Note that
this comparison between the two datasets is just qualitative. It is assumed that both the
images were taken at approximately the same distance to vehicles in the image. Clearly,
the images from the KITTI dataset can capture a much bigger surrounding area than the
BARMARK dataset.

∗In this thesis the goal is to estimate the vehicles’ pose, which is basically a transformed version of the
camera pose. Therefore analyzing the effects of camera pose estimation is imporatant
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(a) KITTI dataset

(b) BARMARK dataset

Figure 4.12: KITTI dataset vs BARMARK dataset. The KITTI dataset’s images shown
in 4.12a have a resolution of 1220× 370 with an FoV of close to 82◦. BARMARK images,
shown in 4.12b, on the other hand, have a much higher resolution of 960 × 600 but with
FoV around 23◦.

One could argue that increasing the FoV of a camera will also reduce the image’s
quality. Which, of course, is a valid point. For example, when looking at the two cars
(which approximately have the same horizontal length) shown in Figure 4.12, they are
represented in different pixel lengths, which means one would see more detailed images
with low FoV cameras. However, acquiring images with high quality is not the priority in
VSLAM. The low resolution affects the feature detection algorithms, but since this project
operates in urban environments, detecting features will not be a problem. Covering more
area of the surroundings in a single iteration is more important.

The results of the estimations are given in Figure 4.13. A noticeable error increment
with FoV reduction can be seen when analyzing those figures. The errors from the pose
estimation are cumulative, meaning that if a wrong estimation is calculated at i, the error
obtained from frame i would add up in the next frame i + 1 and all the future frames
in the sequence. ATE and the cumulative errors calculated for the trajectory shown in
Figure 4.13 are illustrated in Figure 4.14.
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(a)

(b) (c)

Figure 4.13: Pose estimation with different FoVs. As described in Section 3.4, a manip-
ulated dataset with different FoVs of the same dataset from KITTI was used. Figure (a)
illustrates the entire map of an area of approximately 250m2. Zoomed-in regions of the
same figure are shown in (b) and (c), which shows straight-line motion and a turning sce-
nario respectively. In turning movement, the worst estimation, which has an FoV around
21◦, tends to estimate its pose earlier compared to other FoVs. The same effect can be
seen in Figure 4.5.

When the vehicle moves in a straight line, the effects seem to be low compared to
a scenario of the "vehicle is taking a turn" or, as mentioned in this thesis, in an eventful
situation. The reason for this behavior is described in Section 4.4.2. An area comparison
of the two datasets and a summary of the errors in ATE with different FoVs are given in
Figure 4.15
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(a) ATE in pose estimations (b) Cumulative error

Figure 4.14: ATE and cumulative error in pose estimation associate with different FoV
values.

(a) Area comparison (b) Error summary

Figure 4.15: Area comparison between the two datasets (KITTI and BARMARK ) and
the error summary associated with different FoVs in the KITTI dataset. BARMARK
covers an area close to about 30m2 and KITTI covers an area approximately around
250m2.

4.4 Feature extraction and tracking

As described in section 3.3.1, features plays a major role in any visual SLAM algorithm.
Detecting features unique to a given environment and accurately matching those features
between different perspectives of the same scene decides the quality of estimations in visual
SLAM. This section presents a performance overview of different feature descriptors with
different intensity conditions and a comprehensive analysis of how feature tracking gets
affected by FoVs.
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4.4.1 Feature description and matching

In this thesis, instead of the feature extractor, the performance of the feature descriptor
was prioritized. An analytical performance based on the correct matches against different
intensities is considered when choosing the accurate descriptor. A maximum of 2000
matches was considered in this analysis. Usually, it is easy to obtain lots of feature points
in an urban area due to the environment’s complexity. Therefore, it was not a problem to
get 2000 feature points in the feature detection process. Then four different descriptors
were created using the ORB, BRISK, SIFT and SURF. The feature descriptor FRISK
was not evaluated due to implementation issues related to the OpenCV library in the ROS
environment. Finally, descriptor matching was carried out according to the two different
distance matching techniques (recall Table 3.1).

The next step is to distinguish suitable matches from bad matches. First, the distances
between all matched point pairs are calculated, and the minimum of these values was
selected. If the distance between two matched points is greater than twice the minimum
distance, that matched, point pair was considered a wrong match. However, the minimum
distance will sometimes be very small, so an empirical value of 20 was the lower limit. This
would divide the matched point pairs into two groups, the correct matches and the wrong
matches. Then, a percentage value is calculated correctly matched points percentage after
the descriptor matching process.

Figure 4.16: Intensity changes versus correct matches.ORB was always used as the de-
tector in the detector/descriptor combination with different descriptors. The percentages
in the two corners illustrate the different descriptor performance with the most challenging
intensity changes.
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Detector/ Descriptor
combination

Detect
time(ms)

Descriptor
time(ms)

Matching
time(ms)

Total
time(ms)

ORB/ORB 2.6 2.6 4.4 9.7
ORB/BRISK 2.8 5.5 3.3 11.6
ORB/SIFT 2.5 86.6 10.9 100.4
ORB/SURF 2.6 90.4 5.8 98.8

Table 4.1: Different feature detectors and descriptors. Only the ORB detector was
used in this experiment, hence the similar detection time for all the detector/descriptor
pairs. Out of the two different distance measurement methods used in matching, Ecludian
distance measurement and matching methods (used in ORB and BRISK) have higher
computational time compared to Hamming distance measurement methods (used in SIFT
and SURF, recall Table 3.1). Note that these times are approximately measured using
C++14 libraries.

‘

As can be seen in Figure 4.16, the ORB/SURF combination provides better ro-
bustness over other combinations, with correct matches percentage of 98.28% with 30%
intensity increase. Even in intensity decrease, when all the other combinations fail, ORB/-
SURF reaches to 72.50% accuracy with 30% intensity decrease. However, after analyzing
the computational time, the method ORB/SURF was shown not to be feasible to run
in real-time (refer Table 4.1). From the image synchronization algorithm, images will be
passed through at a rate of 10Hz (approximately a new set of images for every 100ms).
A feature detection/matching algorithm running at a much slower rate is not feasible.
Therefore, to balance out all the factors, the feasibility in real-time, and the accuracy
in feature matching under intensity changes, it is recommended to use the feature detec-
tor/descriptor combination of ORB/ORB.

4.4.2 Feature tracking analysis

In navigation, estimating the current pose, in general, is done via different sensor readings,
such as odometry measurement, IMUmeasurement etc. In visual pose estimation methods,
the substitution for these typical sensor data is the features and their movements. Feature
movement in a sequence of images describes, how the camera capturing those features
moves in the space, similarly to how continuous odometry data describes a robot/vehicle’s
wheel movement.

As described in Section 3.3.2, the behavior of feature movement was analyzed with
two different FoV values over a sequence of images. In the first case, feature movement
was analyzed with full FoV of ≈ 80◦. In the second case, the image was divided into
three masks the center, the left, and right regions, as illustrated in Figure 3.9. For this
experiment, FoV of the center region was set to ≈ 40◦ by reducing 50% of the full FoV.
The other two regions (left and right) was not removed like in the pose estimations with
reduced FoVs experiment described in sections 3.4 and 4.3. Instead, features in those two
areas were also tracked and analyzed for better qualitative analysis.
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(a)

(b)

Figure 4.17: Feature movements in pixel level between three frames. In both figures, the
points that are colored in blue represent the features detected in the initial frame. Let the
initial frame be i = 1, then the features that were detected and matched between frames
i = 1 and i = 2 are represented in red color. Features detected and matched between
frames i = 2 and i = 3 are colored in green. Abbreviation KP stands for the number of
keypoints detected in each region. TD means the total distance moved by all the features
in a given region, and AD means the average distance moved in pixel level. In both figures,
calculated distances are between frames i = 2 and i = 3.

The movement of the features in consecutive images decides the motion vector of the
camera. The magnitude of this motion vector between two images decides how much the
camera moves compared to its previous position. As shown in Figure 4.17, features that in
the center region tend to move very little compared to the other two regions, despite having
a comparatively higher number of keypoints. This affects the average feature movement
between two frames as shown in the two figures 4.17a and 4.17b, which eventually decides
the magnitude of the motion vector. In this Figure 4.17, the center region represents the
scenario of having a lower FoV and its effect on the overall motion vector. Note that in
this Figure 4.17, a left turn was simulated. Therefore a comparatively larger movement of
features can be seen in the right region.

Using the method described in Section 3.3.2, a motion vector was calculated between
two frames and was updated throughout a sequence of images. As illustrated in Figure
4.17a, three motion vectors were calculated, and these three motion vectors were compared
with a motion vector calculated with an image with full FoV (an image similar to Figure
4.17b).
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(a) Initial image of the sequence (frame i = 1)

(b) Final image of the sequence (frame i = 7)

(c) Motion vectors in three masks

(d) Motion vector in full FoV image

Figure 4.18: Motion vector tracking over a sequence of seven images. In figures (b) and
(c), the red color path represents the motion vector. Yellow color rectangles represent
the search windows. Since no specific object was defined in this tracking algorithm, in
the initial case, the keypoint closest to each mask’s center (or in the case of full FoV, the
keypoint closest to the image center) was selected and tracked. The search windows are
used to track this initially selected keypoint throughout the image sequence accurately.
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As it can be seen in Figure 4.18, the motion vector estimated with full FoV have
much larger magnitude compared to the motion vector estimated in the center region of
the Figure 4.18c. The next logical question one could ask is why the average feature
movements are low with lower FoV images. When considering the features in the center
part of the image, the movement is low regardless of the FoV value, but the real effect of
having a lower FoV is that it tends to lose matched features more frequently than in the
case of a much larger FoV. It is true that regardless of the FoV, for each frame, a new set of
features are introduced. However, these new features will not have any matching features
in the previous frame. Hence those new features will not be categorized as matched
features and will not affect the overall motion vector.

A set of images was selected to get a better overview of feature lost, and features of
these images were detected and tracked. In this experiment, since it was essential to track
only the center region’s features, the two corners of the image were removed. First, all
the features in the initial frame (frame i = 1) were detected and saved, and then in the
matching stage, these saved features were matched with different frames from i = 2 to
i = 7 to see the feature lost in a sequence of images. The results of this experiment are
given in Figure 4.19.

In this experiment the frames i = 1 and i = 2 are the initial image pairs. Therefore,
between these two frames, the matched percentage will be 100%. The comparison will
start with frame i = 3, and as one could see in Figure 4.19a. Even after a single frame
change, almost 10% of the initial features were lost. Analyzing the image in Figure 4.19e,
just five frames after the initial pair, it already loose close 40% of its initial features.

(a)

(b)
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(c)

(d)

(e)

Figure 4.19: Feature lost percentages in a sequence of images. Blue color points marked
in all the figures are the initial feature points detected at frame i = 1. Green color features
are the ones that were detected and matched with the previous frame. Red color once are
the features that were detected in the initial frame but were not detected and matched in
the current frame.

This feature lost is for an image with an FoV of ≈ 40◦ and one should understand that
the percentage of losing features would only increase with FoV reduction. This feature
lost not only effects the overrall magnitude of the motion vector but also it effects the
smoothness of the motion vector. it can be also seen in Figure 4.18, that in full FoV
case, the estimated vector have a much smoother than with less FoV version (consider the
center region of Figure 4.18c).

In Section 4.3, when analyzing the pose estimations with different FoVs, it was ob-
served that the errors were significantly high in eventful situations compared to when
moving in straight lines. This behavior is illustrated in Figure 4.13a. This error behavior
in pose estimation can also be explained via the motion vector estimations. In eventful
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situations, features tend to move fast compared, resulting in motion vectors with higher
magnitude. However, the magnitude of estimated motion vectors with low FoV will be
lower than the motion vectors estimated with higher FoVs. Hence the resulting errors will
also be higher in eventful situations compared to straight-line motion. A comparison of a
straight line motion and a turn motion (eventful situation) is illustrated in Figure 4.20.

(a)

(b)

Figure 4.20: Motion vectors in straight-line motion and turn motion. Figure (a) illus-
trates a motion vector estimation in a straight line throughout seven frames. The motion
vector estimation with the same number of frames but with a turning motion is shown
in Figure (b). These two scenarios represent approximately the same areas illustrates in
figures 4.13b and 4.13c.

4.5 Free-space detection

As mentioned in Section 3.2.2, free-space detection aims to detect objects that are closer to
the vehicle. Once objects in the space are detected, one can identify whether that detected
object is close to the vehicle (the camera) or not based on a pre-defined threshold. Before
defining the said threshold, the initial task would be to identify all different objects in the
environment. To correctly differentiate objects from the background, a multi salient object
detection method is used as described in Algorithm 5. This algorithm initially needs the
depth map of a scene. This is achieved by creating the disparity map of a scene given two
synchronized left and right images. Figure 4.21 illustrates the first steps of the process.

The gray pixels in the middle of the image illustrates the confusion of stereo matching.
One can see that areas with gray color pixels tend to have similar environments throughout
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(a) Left image (b) Right image

(c) Disparity map

Figure 4.21: Left, right images and the resulting disparity map. In Figure 4.21c, the
gray color represents the disparity values that were not calculated. The far left columns
tend to have gray values because that section in the left image is not visible from the right
image.

a larger area in the original left and right images (4.22a, 4.22b), which tends to confuse
the stereo correspondence algorithm even if the searches are carried out along a single
epipolar line. Once the disparity map is obtained, the next part would be to estimate the
scene’s depth (as described in Section 2.1). The resulting depth image is illustrated in
Figure 4.22.

(a) Depth estimation (b) Depth grid

Figure 4.22: Estimated depth map of the scene. Figure (a) is the resulting depth,
and Figure (b) is a visualization of the depth values in meters. These depth values are
illustrated as a grid, where each value is the average of the given smaller marked regions.
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Once the depth is estimated, the next task to obtain the segmented image. This is
done using graph-based segmentation as described in Section 3.2.2. The process of graph-
based segmentation is already implemented in OpenCV. However, this process tends to
take a considerable amount of time (around 90 ms) to process an image with a complex
environmental feature, which one would find in an urban environment. Since in this
thesis, the main concern is about detecting objects closer to the vehicle, it is justifiable to
ignore objects that are far away in the scene, using the estimated depth values. Setting
the intensity value to zero of all the pixels that are larger than a pre-defined threshold
value can make the segmentation process a little bit computationally feasible with real-
time∗. By ignoring these far-away pixels, one would not only obtain faster results from
the segmentation process, but this would also create fewer segments. Setting all intensity
values to a specific value that corresponds to the far-away depth pixels in the depth
map forces all the selected far-away pixels to be a single region that would otherwise be
categorized as lots of smaller segments. Hence more processing time to analyze each of
these segments in the later part of the algorithm.

The resulting segmentation image is shown in Figure 4.23a. The left image (in Figure
4.22a), the depth map and the segmented image will be given as inputs to the Algorithm
5 to estimate the backgroundness of the scene as described in Section 3.2.2. Figure 4.23b
illustrates the resulting image after categorizing all the segments according to (3.14).

(a) Graph based segmentation (b) Salient object

Figure 4.23: Graph-based segmentation and the final results of multi salient object
detection. In Figure (b), the pixels with intensities zero are categorized as background,
and the non-zero pixels are identified as foreground pixels.

This free-space detection’s objective is to build a warning system. Therefore accu-
rately identify each object was not prioritized; instead, a more computational reliable
method was expected. Figure 4.23b, it can be seen that the area that is quite far away
from the camera has inaccurate background/foreground detection. However, the detection
is quite reliable in the close regions. As mentioned, pixel locations with relatively larger
values in the corresponding depth map are ignored, deliberately to reduce the computa-
tional cost results due to the segmentation process, and the downside is, of course, some
unreliable background/foreground detection.

∗Compared to the 90 ms value, after the modifications to the far away pixels, the time tends to decrease
close to 60 ms.
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Once the salient objects are identified in the scene, the next task is to check whether
any of these detected objects are in close range with the vehicle. This was done by
allocating a danger zone in the space in front of the vehicle. This danger zone represents
the vehicle’s location in future iterations.

The ground plane was estimated as the first step of defining the danger zone. Here a
rectangular area, which is very close to the camera is selected∗. In this thesis, a method
based on homography projection is used to estimate the ground plane.

The first step of this process is defining a rectangular area using four points in the
ground plane close to the vehicle. These four points can be marked by placing some
specific objects (like traffic cones). Then an image of the scene covering all the four objects
(markers) needs to be captured using a fixed stereo rig. This captured image represents
the ground plane in the image plane and let that four images points be represented by
a vector x =

(
xi yi 1

)T
, where i = 1..4. Since the actual distance between the four

markers are known, one could define a different coordinate frame, where these four markers
are defined with respect to a selected marker and that selected marker has the coordinate
value (0, 0). For example, assume that the selected rectangle has a height of 2m and a
width of 1m. Then if the left bottom corner point is (0, 0), then the top-left point would be
(0, 2). Right bottom and top will then be defined as (1, 0) and (1, 2). These newly defined
four coordinates crates a plane that is also bounded within the selected four marker points.
If these four points are defined by a vector X =

(
Xi Yi 1

)T
(where i = 1..4), then there

exists, a relationship between the two planes (the image plane and the user-defined ground
plane),

X = Hx (4.2)

where H is a homography matrix† that describes the projection between the image plane
and the newly defined coordinate frame (the ground plane bounded by the four marker
points).

Since the vector x in (4.2) represents image coordinates in the current image plane, the
matrix H will allow any point in the image plane to be transformed into the newly defined
ground plane. Figure 4.24a present a grid covering the entire image being transformed
into the estimated ground plane. Since this newly transformed plane represents the user-
defined area in the initial step of this process, this new estimated ground plane can be
named the danger zone for the vehicle. These are often called region of interest (ROI)
areas and are bounded by predefined points. Furthermore, this area can be defined as
closed polygons, and operations like finding an area or counting the number of non-zero
pixels are possible.

This method of estimating the ground plane is quite popular and effective since almost
all the ground planes’ points can usually be fit into a plane (as ground planes are often
defined as flat surfaces). However, due to practical constraints, placing markers to obtain
actual distances was not possible in this thesis. Therefore, initial marker values were

∗The image coordinate frame in the OpenCV library defines its initial coordinate 0, 0 in the top left
corner. Therefore when defining a space close to the camera in the image plane, pixel locations with large
y coordinate need to be selected.

†To estimate this matrix, technique described in either Section A.4 or in Appendix A.3 can be used. In
the implementation, this matrix was obtained using OpenCV function findHomography
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(a) (b)

Figure 4.24: Ground plane estimation and 3D bounding box estimation. Figure (a)
illustrates the estimated ground plane. This ground plane is a projection from the blue
color grid, and one can see how the letters are projected ground plane after the projection
(in red color). Here the four corners marked by letters A,B,C and D are the initial marker
locations. Figure (b) is a 3D bounding box, estimated using the projected ground plane.
The height of this box can be adjusted according to the user’s need.

estimated using the depth grid illustrated in Figure 4.4. This resulted in minor inaccuracies
in the estimated 3D bounding box.

As described in the salient object detection phase, all the pixels that are estimated
as background pixels are assigned with zero pixel values making all those regions that
are categorized as background to have black color. The rest of the pixels will have their
original intensity values, making only the foreground objects (pixels) to be visible. With
ROI defined, such foreground pixels been entered into the danger zone can be easily
detected. This technique is used in detecting objects closer to the region, but since the
objective is to perform free-space object detection, this ground plane was further extended
to resemble a rectangular box as illustrated in Figure 4.24b.

The first thing that needs to be done in this process is to define the close polygon
that represents the defined 3D bounding box. This closed polygon can be defined using
a minimum of six points∗. Once the polygon is defined, it can be recognized as a sub-
mask in the image. Next, the number of pixels in that polygon (newly created sub-mask)
is calculated. Since in this thesis, the estimated 3D bounding box is static, the total
number of pixels in this polygon will remain the same throughout the operation. Taking
the intersection between the created mask and the final results from the SO detection
process (Figure 4.23b), one would obtain all the foreground objects in the selected 3D
bounding box as illustrated in Figure 4.25c. Since the total number of pixels in the
selected 3D bounding box is known, one could calculate a percentage between the zero
and non-zero pixels ratio as only the foreground pixels have non-zero values. Using two
per-define threshold values according to the user’s need, one can categorize any percentage
value into three categories. The entire process starting from the results from SO detection
until calculating the percentage value for the selected mask is illustrated in figure 4.25.

∗Four corner points in the top layer of the 3D box and two points with the largest y value in the bottom
layer
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(a) (b)

(c) (d)

Figure 4.25: Object detection process in the danger zone. Figure (a) represents the 3D
bounding box and the output image from the SO detection phase. Next, in Figure (b),
the binary mask, which contains all the non-zero values, is presented. The intersection of
the mask and Figure (a) is given in Figure (c). Figure (d) illustrates a visualization of the
ground plane and the calculated percentages.

The three scenarios of Ideal, Warning and Danger after the final processing in free-space
detection is illustrated in Figure 4.26.

The objective of free-space detection addressed in this thesis was to warn about the
objects in front of the vehicle. Since this was only meant to be a warning system, high
accuracy in detecting all the objects in the surrounding environment or object classifica-
tion was not expected. Processing an entire image with a resolution of 960× 600 is quite
computationally heavy. Therefore a few extra measurements like ignoring the pixels that
correspond to high depth values were performed. The trade-off was that the objects in
those ignored areas had inaccurate interpretations of objects being foreground or back-
ground. This behavior can be seen in Figure 4.23b. However, the pixels that are closer
to the camera (specifically the pixels with high y coordinate values) have reasonably good
estimations. For example, the figure recognizes the entire ground plane as a background
region compared to the two vehicles in the image’s middle section. This SO detection
method can therefore be recommended to solve small scale free-space detection problems.
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(a) (b)

(c) (d)

(e) (f)

Figure 4.26: The three different warning types after the detection process. The percent-
age is shown on the top left corner in all these figures (a),(c),(e) is the zero to non-zero
pixel ratio. The first pair, figures (a),(b), shows an ideal case, where no object is in the
danger area. Figures (c) and (d) represent a warning scenario. The final pair, figures
(e) and (f), illustrates the "danger" scenario. In this thesis, percentages above 40% were
considered a "danger" scenario, and a "warning" scenario is defined between 10% and 40%.
"Ideal" case is where the percentages are below 10%.
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Conclusion & Future Work

In this chapter, a conclusion to the problem, the feasibility of using a computer vision-based
pose estimation method for urban navigation is presented. This thesis mainly focused on
evaluating a visual SLAM-based approach to solve a common yet challenging problem in
autonomous navigation; the pose estimation problem. Apart from the primary goal, a free
space detection method is also implemented and evaluated. After a thorough analysis of
the current systems’ results, few suggestions are presented for future developers who might
be interested in addressing autonomous navigation problems for outdoor urban vehicles.

5.1 Conclusions

This thesis starts by discussing one of the most talked-about topics in autonomous nav-
igation areas, the pose estimation problem and the currently used methods in obtaining
accurate pose estimation results. As described in Chapter 1, the main issue with the widely
used traditional estimation methods is their questionable accuracy in estimations, partic-
ularly in urban environments. Therefore a computer vision-based method is suggested in
this thesis due to its lightweight hardware configurations and minimal interference on the
sensor data (images) caused by the environmental factors.

In this thesis, to evaluate a computer vision-based pose estimation method’s feasibil-
ity, a state-of-the-art visual SLAM method was implemented and tested using a dataset
collected by a utility vehicle. This BARMARK dataset used to evaluate the performance
of the vision-based pose estimation system contains high-quality images with a resolution
of 960 × 600. However, the FoV of the camera used to capture these images was around
23◦. The estimation generated from BARMARK dataset did not have the expected level
of accuracy, and an initial guess was made that the mentioned low FoV value affected the
results. Hence a hypothesis was generated that FoV of a camera affect the performance
of visual SLAM algorithms.

It was observed that the FoV of a camera does play a major role in pose estimations.
An experiment was carried out using a well-known benchmark dataset, the KITTI dataset
to test the hypothesis mentioned above. The main difference between the two datasets
was the FoV value. KITTI dataset had a FoV close to 82◦, which is approximately around
72% FoV increase compared to BARMARK dataset. As mentioned in Chapter 3, KITTI
dataset was re-arranged to simulate different FoV values. These new images were then
used to estimate the pose. From this experiment, it was proven that when the FoV values
decrease, the estimation accuracy also decreases exponentially.

When FoV reduced to a minimum of 21◦ in the KITTI dataset, the mean ATE
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reached to 6.5m, which was quite close to the ATE value obtained in the BARMARK
dataset of 6.8m. One critical point about the BARMARK dataset was that it had two
quick turns in quick successions at the beginning of the trajectory. This is why the mean
ATE in BARMARK is slightly larger than KITTI, even though the area is relatively small
compared to KITTI. As described in Chapter 4 pose estimations error are cumulative,
and since taking a turn does have more effects on the overall estimation as described in
Section 4.4.2, the mean ATE of BARMARK was recorded as slightly higher than the
KITTI dataset with approximately similar FOV.

The reason behind the FoVs effects on pose estimation in visual SLAM was also
analyzed. As described in Chapter 2, feature detection and tracking are critical aspects
of visual SLAM. It was observed that the feature tracking process was affected heavily by
the FoV of the camera. An ORB tracking algorithm was used to capture how features
move around when the camera moves, and using these movements, a motion vector was
calculated. This motion vector calculated in the SLAM algorithm’s front-end decides the
final pose estimation accuracy from the SLAM algorithm’s back-end. The movements of
key-features decide the magnitude and the direction of this motion vector in a scene, and
the movements of the features are often affected by narrow FoV values. It was observed
that the inaccurate and unsteady motion vector estimations were due to the constant
feature lost between consecutive frames, which are caused by narrow FoV. This behavior
of losing constant features leads to lousy pose estimations. Apart from the narrow FoVs,
it was observed that feature loss could also be caused by sudden intensity changes in the
scene between frames, which fails the feature matching and tracking process. After a
few experiments, ORB/ORB proven to be the most robust and computationally effective
detector/descriptor combination to handle these sudden intensity changes.

Even with the full FoV from the KITTI dataset, it was observed that the mini-
mum mean ATE achieved around 0.3m. This was also not an accepted mean error value
compared to the other traditional methods mentioned above. In a nutshell, it is not rec-
ommended to use stand-alone vision systems for pose estimations. This pose estimation
using vision approaches is still an open reach field, and hence achieving millimeter level
accuracy in outdoor urban navigation can be quite challenging.

5.2 Future work

Analyzing the current results in pose estimations using the BARMARK dataset, it was
observed that the FoV of the camera is the reason why the proposed system failed to
achieve an acceptable result. However, as mentioned in the previous section, even with a
reasonable FoV value, the system still fails to achieve millimeter length accuracy. Therefore
an extra sensor(s) for better accuracy is encouraged. After a simulated experiment using
the KITTI dataset, an optimal value of at least 50◦ can be recommended, where the mean
ATE reached close of 1.2m for an area of 250m2 (recall figures 4.14a and 4.15b). This
estimation should then be fused with an external sensor for better accuracy.

When using sensor fusion techniques with external sensor data, it is important to know
accurate transformations between the said two sensor frames. This is a challenging task,
especially if these coordinate frames have relative motions with respect to each other.
For example, an articulated vehicle (as addressed in this thesis) can have two sensors
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that need to be fused but are located in different vehicle sections, making them move in
separate trajectories at any random given time, this makes the fusion inaccurate if the
transformation matrix has inaccurate values. Implementing a full-scale URDF node is the
best solution for this issue since all the submodules are already connected under the ROS
environment.

In regards to the system memory allocation, when running the vision application, the
RAM of the system tends to reach up to 4GB. This was considered reasonable in this thesis
since no other operation was running in parallel while executing OpenVSLAM library and
its related submodules. However, this will not be the case in a practical implementation.
For a utility vehicle like the one addressed in this thesis, multiple other operations need
to be handled along with vision application. Therefore acquiring such memory value is
not acceptable. It was noticed that the maximum amount of memory is required by the
Pangoine viewer, which was the visualization tool in OpenVSLAM library. It is true that
in the implementation phase, a visualization aid can be beneficial, however, this could
be avoided in the actual execution phase. Another suggestion is to replace the current
visualization tool with a lightweight tool in ROS.

The free-space detection was implemented as an external tool that acts as a warning
system. This, of course, is not a full-scale object detection system, but this library is
written so that the main algorithm can be modified using external plug-ins. The cur-
rent algorithm is an adaption from the method suggested in [15], but this original paper
further includes a fusion between another two different methods for better accuracy. Ob-
ject detection can further be improved using deep learning techniques. Furthermore, the
technique provided in this thesis to identify objects that are closer to the vehicle using
ground plane estimation is a simple yet effective method. However, the ground plane
estimation suggested in the thesis might not be the most robust method since its a static
estimation. Hence more effective ground plane estimation using methods like Iterative
close point (ICP) [48] or estimations based on the geometric consistency of the scene as
presented by Yunze Man et.el. [49] is suggested.
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A
Indepth Theoretical Explanations

A.1 Camera Calibration - DLT

Given the P matrix as,

P =

p11 p12 p13 p14
p21 p22 p23 p24
p31 p32 p33 p34

 (A.1)

One could notice that each point gives 2 observation equations, one for each image coor-
dinate,

x′ = p11X + p12Y + p13Z + p14
p31X + p32Y + p33Z + p34

(A.2a)

y′ = p21X + p22Y + p23Z + p24
p31X + p32Y + p33Z + p34

(A.2b)

Where, x′, y′ represents the image coordinates andX,Y, Z represents the world coordi-
nates. Therefore to estimate the camera matrix which has 11 DoF, one might need at least
6 points. For the simplification purpose, if the matrix P is denoted as P =

[
AT BT CT

]
,

then the above A.2a and A.2b can be further written as,

x′ = AT

CT
·X ⇒ x′CTX −ATX = 0 (A.3a)

y′ = BT

CT
·X ⇒ y′BTX −ATX = 0 (A.3b)

This could be written in the form of a matrix A where xi and Xi are the ith image
point and its corresponding world coordinate.
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A. Indepth Theoretical Explanations



−X1 −Y1 −Z1 −1 0 0 0 0 x1X1 x1Y1 x1Z1 x1
0 0 0 0 −X1 −Y1 −Z1 −1 y1X1 y1Y1 y1Z1 y1
... ... ... ... ... ... ... ... ... ... ... ...

... ... ... ... ... ... ... ... ... ... ... ...

−Xi −Yi −Zi −1 0 0 0 0 xiXi xiYi xiZi xi

0 0 0 0 −Xi −Yi −Zi −1 yiXi yiYi yiZi yi

... ... ... ... ... ... ... ... ... ... ... ...

... ... ... ... ... ... ... ... ... ... ... ...

−Xn −Yn −Zn −1 0 0 0 0 xnXn xnYn xnZn xn

0 0 0 0 −Xn −Yn −Zn −1 ynXn ynYn ynZn yn


︸ ︷︷ ︸

:=A



p11
p12
p13
p14
p21
p22
p23
p24
p31
p32
p33
p34



=



0
0
0
0
0
0
0
0
0
0
0
0


(A.4)

Solving the equation Ax = 0, and finding the null space of A using Singular Value
Decomposition (SVD), will give an estimated P matrix. Since the intrinsic matrix K

(as expressed in 2.1), is a positive definite upper-triangular matrix, one could use RQ
Factorization to decompose the K matrix.

A.2 Zhang’s Method

Since the third column of the rotational matrix will be eliminated once its multiplied with
the Z value, the same equation can be re-written as,xy

1

 =

a b c

0 d e

0 0 f


︸ ︷︷ ︸

K

r11 r12 t1
r21 r22 t2
r31 r32 t3


︸ ︷︷ ︸

r1,r2,t

XY
1

 (A.5)

For the purpose of simplification the product of K and the r1, r2, t matrices will be
defined as a new matrix which is a 3 × 3 as H =

[
h1 h2 h3

]
. Then for an image

with multiple image points (the corner points which are detected using an edge detection
algorithm) the following equation can be derived (where L is the number of feature points
in a single image), xi

yi

1

 = H︸︷︷︸
3×3

Xi

Yi

1

 i = 1, ...., L (A.6)

This can then be solved using the previously explained DLT method. Instead of a
3 × 4 camera matrix, in this case it will estimate a 3 × 3 Homograpy matrix. Similar to
the previous method, the following equation can be obtained from A.6,

x′ = h11X + h12Y + h13
h31X + h32Y + h33

(A.7a)

y′ = h21X + h22Y + h23
h31X + h32Y + h33

(A.7b)
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This could be written in the form of a matrix A where xi and Xi are the ith image
point and its corresponding world coordinate.



−X1 −Y1 −1 0 0 0 x1X1 x1Y1 x1
0 0 0 −X1 −Y1 −1 y1X1 y1Y1 y1
... ... ... ... ... ... ... ... ...

... ... ... ... ... ... ... ... ...

−Xi −Yi −1 0 0 0 xiXi xiYi xi

0 0 0 −Xi −Yi −1 yiXi yiYi yi

... ... ... ... ... ... ... ... ...

... ... ... ... ... ... ... ... ...

−Xn −Yn −1 0 0 0 xnXn xnYn xn

0 0 0 −Xn −Yn −1 ynXn ynYn yn


︸ ︷︷ ︸

:=A



h11
h12
h13
h21
h22
h23
h31
h32
h33


=



0
0
0
0
0
0
0
0
0


(A.8)

To solve the system of liner equations, which would estimate H, one would need at
least 4 points since the matrix H has 8 DoF. Once the DLT is setup, a similar method
of finding the null point vector of a type Ax = 0 can be performed. This would give the
estimated matrix H. One should note that in the equation A.5, the matrix r1, r2, t is not
a rotational matrix, hence obtaining the K matrix using QR factorization is no longer
possible.

Since the matrix K is a positive definite matrix with and diagonal with zero values,
K can be recognize as an invertable matrix.

H =
(
h1 h2 h3

)
= K

(
r1 r2 t

)
(A.9a)(

r1 r2 t
)

= K−1
(
h1 h2 h3

)
(A.9b)

r1 = K−1h1 and r2 = K−1h2 (A.9c)

To obtain the K matrix, first the properties of the r1, r2, t matrix in (A.5) will be
evaluated. Even though the matrix itself is not a rotational matrix, the two columns r1
and r2 are still orthogonal hence the dot product of the two column vectors will be zero.
Furthermore, the norm of the two vectors will be equal to one (vector are of unit length).

rT
1 r2 = 0 and ‖r1‖ = ‖r2‖ = 1 (A.10)

From the first constrain shown above in the equation A.10,

rT
1 = hT

1 K
−T and r2 = K−1h2 ⇒ hT

1 K
−TK−1h2 = 0 (A.11)

From the second constrain in the equation A.10,

‖r1‖ = ‖r2‖ = 1⇒ rT
1 r1 = rT

2 r2

⇒ hT
1 K
−TK−1h1 − hT

2 K
−TK−1h2 = 0

(A.12)

One can see that in the both constraints A.11 and A.12, the matrix K−TK−1 is a sym-
metric positive definite matrix. This is redefine as a new matrix called B.
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B =

b11 b12 b13
b12 b22 b23
b13 b23 b33

 (A.13)

Then there are standard decomposition methods that decompose a positive define matrix
into two triangular matrices. This decomposition method is known as the Cholesky de-
composition [50]. chol(B) = AAT where A = K−T . Then the two constraints that are
given in (A.11) and A.12 can be re-written as,

hT
1 Bh2 = 0 (A.14a)

hT
1 Bh1 − hT

2 Bh2 = 0 (A.14b)

The matrix B has only six unknowns. To apply SVD method to solve the unknowns in B,
a vector b =

(
b11 b12 b13 b22 b23 b33

)T
can be defined. In (A.14), the two vectors of

h1 =
(
h11 h12 h13

)T
and h2 =

(
h21 h22 h23

)T
are known, then recalling the method

used in DLT (in (A.8) and A.4) one can formulate the equation V b = 0,

(
h11h21 (h12h21 + h11h22) (h13h21 + h11h23) h12h22 (h13h22 + h12h23) h13h23

)
︸ ︷︷ ︸

vT
ij

b = 0

(A.15)

(
h2

11 − h2
21 2

(
h11h12−
h21h22

)
2
(
h11h13−
h21h23

)
h2

12 − h2
22

(
h12 (h11 + h13)−
h22 (h21 + h23)

)
h2

13 − h2
23

)
︸ ︷︷ ︸

vT
i −vT

j

b = 0

(A.16)
In the two equations A.15 and A.16, i = 1 and j = 2. Then V b = 0 in a matrix for a
single image can be given as,

V b =
(

vT
ij

vT
i − vT

j

)
b = 0 (A.17)

When expand this equation A.17 for n images one would be able to and matrix of
size 2n× 6. Solving this with SVD would give the matrix B and then applying Cholesky
decomposition one would be able to obtain the intrinsic matrix K.

1vT
12

1vT
1 −1 vT

2
...

kvT
12

kvT
1 −k vT

2
...

nvT
12

nvT
1 −n vT

2


︸ ︷︷ ︸

V



b11
b12
b13
b22
b23
b33


︸ ︷︷ ︸

b

= 0 (A.18)
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A.3 Robust Homography Estimation and Image Stitching

Given the two camera matrices P1 =
[
R1 t1

]
and P2 =

[
R2 t2

]
, one can see that there

exists an expression,

λ1x1 = P1X and λ2x2 = P2X (A.19)

Where X is the real world 3D coordinate, and the x1 and x2 are the image points in
the two images. The expression can further expand in to,

λ1x1 =
[
R1 t1

] [X
1

]
and λ2x2 =

[
R2 t2

] [X
1

]
(A.20a)

λ1x1 = R1X + t1 and λ2x2 = R2X + t2 (A.20b)

λ1R
−1
1 x1 = X +R−1

1 t1 and λ2R
−1
2 x2 = X +R−1

2 t2 (A.20c)

If the camera center is projected using the camera matrix, then the resulting projection
will be a null vector. If the normalized version of a camera matrix is considered, then the
camera center can be calculated using,

[
R t

] [C
1

]
= 0 (A.21a)

RC + t = 0⇔ C = −R−1t (A.21b)

Where R is the rotational part and t is the transnational part of a normalized camera
matrix P .

Using the expression given in (A.21b), one can see that the two camera centers can
be defined as, C1 = −A−1

1 t1 and C2 = −A−1
2 t2. Substituting these values to (A.20c), one

could get the expressions,

λ1A
−1
1 x1 = X − C1 and λ2A

−1
2 x2 = X − C2 (A.22)

Since the two camera centers are equal, one could see that the two equations given in
(A.22) are equal to each other then,

λ1A
−1
1 x1 = λ2A

−1
2 x2 (A.23a)

λ1x1 = λ2A1A
−1
2 x2 (A.23b)

Here since the values of λ1 and λ2 are scalar values one could write,

x1 ∼ A1A
−1
2︸ ︷︷ ︸

H

x2 (A.24)

According to the expression given in the equation A.24, if the two camera centers are
equal, then there exists a transformation, which can transform the first image into the
second one, and its transformation can be expressed by the homography matrix between
the two images.
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A. Indepth Theoretical Explanations

A.4 Graph-based SLAM

Given an unknown state, a predicted measurement can be generated, the error can then
be expressed as the difference between predicted measurement and real measurement.

ei(x) = zi − fi(x) (A.25)

With the assumption that the measurement error is normally distributed with zero mean,
the squared error of a measurement can be expressed in the following form,

ei(x) = ei(x)T Ωiei(x) (A.26)

where Ωi is information matrix of a constraint. The goal is to find the state x∗ that
minimizes the error given all measurements.

x∗ = argmin
x

∑
i

eT
i (x)Ωiei(x) (A.27)

One way to solve the above problem is applying iterative local linearization, which firstly
linearizes the error term around a initial guess point, then compute the solution of the
derivative of the squared error function, the obtained solution would be set as new working
point to proceed to next iteration. With the initial guess x, the Taylor expansion provides:

ei(x+ ∆x) ' ei︸︷︷︸(x)
ei

+ Ji(x)∆x (A.28)

where Ji is the Jacobian matrix computed in point x and ∆x is small increment. Inserting
above expression into A.26:

ei(x+ ∆x) = eT
i (x+ ∆x)Ωiei(x+ ∆x)

' (ei + Ji∆x)T Ωi(ei + Ji∆x)
= eT

i Ωiei + eT
i ΩiJi∆x+ ∆xTJT

i Ωiei + ∆xTJT
i ΩiJi∆x

(A.29)

The expression of squared error could be further rewritten as follows:

ei(x+ ∆x) ' eT
i Ωiei︸ ︷︷ ︸

ci

+ 2eT
i ΩiJi︸ ︷︷ ︸∆x

bT
i

+ ∆xTJT
i ΩiJi︸ ︷︷ ︸

Hi

∆x

= ci + 2bT
i ∆x+ ∆xTHi∆x

(A.30)

the global error then can be computed as the sum of the squared errors, which is:

F (x+ ∆x) '
∑

i

(ci + bT
i ∆x+ ∆xTHi∆x)

=
∑

i

ci︸ ︷︷ ︸
c

+ 2(
∑

i

bT
i )︸ ︷︷ ︸

bT

∆x+ ∆xT (
∑

i

Hi)︸ ︷︷ ︸
H

∆x

= c+ 2bT ∆x+ ∆xTH∆x

(A.31)

where bT =
∑
eT

i ΩiJi
i

, and H =
∑
JT

i ΩiJi
i
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A. Indepth Theoretical Explanations

As the goal is to minimize the error function, one way is computing the derivative of the
error function with respect to small increment:

∂F (x+ ∆x)
∂∆x ' 2b+ 2H∆x (A.32)

Setting the above expression to zero yields:

0 = 2b+ 2H∆x→ H∆x = −b (A.33)

thus the solution is:
∆x∗ = −H−1b (A.34)

the new state for next iteration is then:

x← x+ ∆x∗ (A.35)
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B
Results

In this chapter, the auto-generated results, figures will be illustrated and explained briefly.
One should note that both ROS and OpenVSLAM have their own methods of data visu-
alizations. Some of these methods were used directly in this thesis, and those figures are
illustrated and discussed here in this chapter.

(a) (b)

(c) (d)

(e)

Figure B.1: Extrinsic matrices visualization. In Figure (e), the blue color camera icon
represents the left camera while the red icon represents the left camera.
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B. Results

Figure B.1 shows different positions covering the entire area of the image space and
the scene’s respective camera poses. These camera poses are, in fact, the different extrin-
sic matrices for different poses. Once these matrices are multiplied with the K (intrinsic)
matrix, one would be able to obtain the camera matrix P for each different position. Typ-
ically in pose estimation problems, the matrix P will be estimated, and then multiplying
with the inverse of K, one would get the desired camera pose. The key important factor
in Figure B.1e is that it shows how the detected images are spread in space that represents
the narrow FoV value one had to deal with in this thesis.

Figure B.2: ROS generated TF-tree of the current system. Here the red colored frames
are the most important. The initial estimation from the OpenVSLAM will give the camera
pose in a coordinate frame with the Z axis facing outwards from the camera.

Figure B.3: Part of the URDF file description of the vehicle. Here the structure of the
two links (coordinate frames) marked in red rectangles in Figure B.2 are defined along
with the two connection parameters.
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(a) (b)

(c)

Figure B.4: Process of pose transformation between two coordinate frames.

Figure B.2 illustrates how ROS defines the connection between the internal system (in
this thesis, the utility vehicle). The first branch connecting odom to base_link is defined
by TF package. Origin of odom coordinate frame is the initial fixed starting point of the
robot and this updates with every new pose. All the other connections are defined by a
custom node, which describes the URDF description’s connections. The term Broadcaster
is the name of the node publishing the respective coordinate status and values. Average
rate refers to the rate at which the messages are published. Buffer lenght is the number
of messages that the respective transformation can hold. The custom node is set to 20
messages, but since this figure was captured at the very beginning with no incoming
messages, it shows the value of zero. The bugger in TF node is quite big since it all
captures other messages which are not related to the current system. The two timestamps
Most recent trasform and Oldest trasform represents the timestamps of the most recent
and the oldest transformations in the buffer (This is a first-come-last-out buffer).

The TF structure is defined from top to bottom, meaning in Figure B.2, the top most
frame is called the parent frame and the base_link bellow it called the child frame. When
calculating transformations in the next section of the tree, base_link will be denoted as
the parent, and all the other links will be called as the child links. This hierarchy is
important when defining values in the URDF description, as illustrated in Figure B.3.
First, one would define the structure of the selected coordinate frame. In this example
the camera_link is defined as a cube. Next, the connection should be presented between
the two links. First as illustrated in Figure B.2, camera_link is connected to camera_base
and then the camera_base is linked to base_link. When defining these connections, it
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is important to properly define the distances and the orientations between each link (as
described in Section 3.2.1).

Figure B.4 illustrated the process of transforming a pose from one coordinate to an-
other, in this case from transforming the estimated camera pose to the world coordinates.
First, as shown in Figure B.4a, the estimated pose matrix from OpenVSLAM needs to
be converted to a ROS message. The red color rectangle represents the matrix definition
in OpenVSLAM library, which is a 4 × 4 matrix containing the rotational part and the
transformation vector from the camera pose estimation. Figure B.4b shows the instance
of capturing the newly estimated camera pose. The red color box in Figure B.4b illus-
trates the transformation process between the needed two coordinates frame. One would
need the transformation between the base_link and camera_link. This transformation is
saved in the tfbuffer object (defined by ROS-TF library). The incoming message from
Figure B.4a will then be transformed accordingly such that the output_pose_ describes
the transformation and the orientation of the link base_link. In this thesis, one should
note that the roll and the pitch values were ignored as described in Section 3.2.1. Finally,
as shown in B.4c the newly defined transformation will be updated in the odom trans-
formation (shown in the green color rectangle) and will be broadcast (shown in red color
box) accordingly.

Figure B.5: Partial migration from Pangoine viewer to ROS-Rviz. Red color arrow
represents the heading direction of the vehicle. White color dots represents the 3D point
cloud generated by OpenVSLAM similar to what one would see in Pangoine viewer.

A partial implementation of Pangoine viewer visualization tool in ROS is illustrated
in figure B.5. As mentioned in Chapter 5 it is important to migrate to a Pangoine viewer
free OpenVSALM implementation. As the first step of that implementation, few functions
in Pangoine viewer has currently been implemented along with ROS-Rviz.
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(a) (b)

(c)

Figure B.6: BARMARK dataset with OpenVSLAM library. Figure (a) is the respective
map status when capturing the image shown in Figure (b). The yellow color points in
Figure (b) represents the currently detected and tracked feature points. These points are
marked in red color in Figure (a). White color points represent the already saved features
(landmarks). Figure (c) shows the dataset’s final map, and the purple color path is the
estimated trajectory.

(a) (b)

Figure B.7: The estimated trajectory of the KITTI dataset visualized in the Pangoine
viewer. The green color pyramids in the zoomed-in version of the same trajectory shown
in Figure (b) are the estimated keyframes.
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