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Abstract

Environment perception within autonomous driving aims to provide
a comprehensive and accurate model of the surrounding environment
based on information from sensors. For the model to be comprehen-
sive it must provide the kinematic state of surrounding objects. The ex-
isting approaches of object detection and tracking (estimation of kine-
matic state) are developed for dense 3D LiDAR data from a sensor
mounted on a car. However, it is a challenge to design a robust de-
tection and tracking algorithm for sparse 3D LiDAR data. Therefore,
in this thesis we propose a framework for detection and tracking of
unknown objects using sparse VLP-16 LiDAR data which is mounted
on a heavy duty vehicle. Experiments reveal that the proposed frame-
work performs well detecting trucks, buses, cars, pedestrians and even
smaller objects of a size bigger than 61x41x40 cm. The detection dis-
tance range depends on the size of an object such that large objects
(trucks and buses) are detected within 25 m while cars and pedestri-
ans within 18 m and 15 m correspondingly. The overall multiple object
tracking accuracy of the framework is 79%.
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Sammanfattning

Miljöperception inom autonom körning syftar till att ge en heltäckan-
de och korrekt modell av den omgivande miljön baserat på informa-
tion från sensorer. För att modellen ska vara heltäckande måste den ge
information om tillstånden hos omgivande objekt. Den befintliga me-
toden för objektidentifiering och spårning (uppskattning av kinema-
tiskt tillstånd) utvecklas för täta 3D-LIDAR-data från en sensor monte-
rad på en bil. Det är dock en utmaning att designa en robust detektions-
och spårningsalgoritm för glesa 3D-LIDAR-data. Därför föreslår vi ett
ramverk för upptäckt och spårning av okända objekt med hjälp av gles
VLP-16-LIDAR-data som är monterat på ett tungt fordon. Experiment
visar att det föreslagna ramverket upptäcker lastbilar, bussar, bilar, fot-
gängare och även mindre objekt om de är större än 61x41x40 cm. De-
tekteringsavståndet varierar beroende på storleken på ett objekt så att
stora objekt (lastbilar och bussar) detekteras inom 25 m medan bilar
och fotgängare detekteras inom 18 m respektive 15 m på motsvarande
sätt. Ramverkets totala precision för objektspårning är 79%.
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Chapter 1

Introduction

The autonomy of a vehicle has been evolving gradually from Parking
Assistance Systems to vehicles which can drive autonomously with
minimum human supervision [53]. The Society of Automotive Engi-
neers (SAE) offers a classification of a vehicle autonomy in its Inter-
national Standard no. J3016 [34]. This classification is based on the
amount of driver’s intervention and attentiveness required to control
the vehicle. According to the classification (see Table 1.1) there are 6
levels of autonomy where level 0 is no automation and level 5 is full
automation when a human enters only a destination. Here are some
examples of existing systems belonging to different autonomy levels
[54]: Adaptive Cruise Control belongs to level 1. Audi Traffic Jam As-
sist, Tesla Autopilot [23] and Volvo Pilot Assist belong to autonomy
level 2 where under certain conditions the car can steer, accelerate, and
brake while the driver is performing all dynamic driving tasks. Audi
Traffic Jam Pilot is considered to be at level 3. The system can manage
all aspects of driving under certain conditions including monitoring
the environment, however, the driver must be available to take over
the control at any time. An example of level 4 autonomy is Google’s
Firefly pod-car prototype which is defunct now. This prototype did
not have any pedals or a steering wheel and was restricted to a top
speed of 25 mph. Cars with level 5 of autonomy (full automation) do
not exist yet, but Google’s driverless-car project Waymo is fairly close
to reaching this level [53].

The core competency of a vehicle with autonomy higher than level
1 is environment perception which provides crucial information about
surrounding areas of a vehicle [56]. This information includes free

1
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drivable areas, presence of obstacles on the way and their kinematic
states.

The design of an accurate and robust environment perception sys-
tem for autonomous vehicles is accompanied by many challenges. One
of the challenges is the complex environments for object detection such
as urban environments consisting of a great variety of objects. In order
to have a robust perception system it is required to have general solu-
tions for different types of objects. In particular, the system should be
able to detect any kind of small obstacle on the road, regardless of its
specific properties. Hence, object detection method should be based
on general feature extraction.

Another challenge is the presence of false detections. False detec-
tions can happen due to technical characteristics of a sensor, noise in
sensor’s readings, and features of a detection approach. One of the
solutions to eliminate false detection is to evaluate if detections oc-
cur in several sequential frames, i.e. object tracking [70]. In addition,
object tracking is used for estimation of objects’ kinematic states (lo-
cation and velocity) and the prediction of their position in the future
time stamp. This information improves decision making and control
of a vehicle.

1.1 Thesis objectives

Although potential solutions to the above mentioned challenges for
designing of object detection have been established, they are suitable
for autonomous cars which are usually equipped with dense LiDAR
sensors (for instance, KITTI dataset [24] contains data from Velodyne
HDL-64E LiDAR). However, in this thesis project, there are three con-
strains creating a robust object detection algorithm: ability to detect
both large and small unknown objects, sparsity of LiDAR data and the
sensor’s mounting position on a heavy duty vehicle. Therefore, given
these constrains, the thesis project has the following objectives:

• To investigate how consistently the detection and tracking of mul-
tiple unknown objects will work.

• What is the smallest size of an object which can be detected?

• Within what distance range is it possible to detect objects?
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1.2 Thesis outline

The thesis report is structured as follows: in Chapter 1 one can find
a brief overview of autonomy classification of a vehicle, explanation
of environment perception importance and the role the detection of
an object plays in the environment perception. In Chapter 2, the au-
thor describes technical characteristics of sensors commonly used for
perception tasks and provides literature review of existing object de-
tection and tracking approaches. Chapter 3 is dedicated to the expla-
nation of the proposed detection and tracking approaches. Implemen-
tation details of the proposed method are described in Chapter 4. Re-
sults of the detection and tracking framework are stated in Chapter
5. Finally, Chapter 6 provides conclusion of the thesis work and a
proposal for the future work. Also, in the last chapter one can find a
discussion on the ethical issues in the area of autonomous driving.



Chapter 2

Background

This chapter aims to give literature review of topics related to object
detection and tracking framework for autonomous vehicles within the
scope of this thesis. The chapter starts with the description of work-
ing principles of sensors commonly used in environment perception,
namely camera and LiDAR. Then, there is an overview of object detec-
tion methods using camera and LiDAR and an overview of tracking
methods based on Bayes theorem. Finally, there is an overview of the
methods for the extrinsic calibration between camera and LiDAR.

2.1 Sensors for Environment Perception

2.1.1 Camera

Camera has been the main sensor for Environment Perception for many
years due to its ability to provide dense information of the surround-
ing environment and cheap cost. There are three types of cameras:
monocular, RGBD (or 3D camera) and stereo. Monocular cameras pro-
vide a 2D image. RGBD cameras produce a 2D image and, in addition,
using a method such as structured light, time-of-flight or modulated wave-
length, they produce 3D spatial representations of surrounding envi-
ronment [60] called point clouds. This type of cameras performs well
indoor. However, Kazmi et al. claimed in [39] that the RGBD type of
cameras is not reliable for outdoor applications. The stereo camera can
also provide a 2D image and a point cloud. It uses two cameras to cal-
culate the depth of a point in 3D space where it is proportional to the
disparity of the point between the left and right cameras [20].

5
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Although, a camera-based perception algorithm is able to detect
small objects and understand the scene in more details due to high
density of data and color distinction. Such algorithms are sensitive to
illumination. Therefore, object detection can fail in some conditions.
For example, it is not possible to detect objects in a shadow or glare.
Also, glare influences a point cloud construction for a stereo camera
leading to absence of depth points in that area.

2.1.2 3D LiDAR

LiDAR (Light Detection And Ranging) sensor uses an optical mea-
surement principle to localize and measure the distance to an object
in space [28].

Typically it has the time-of-flight distance measurement method. In
this type of measurement method, the time elapsed between transmit-
ting and receiving of the light pulse is proportional to the distance
from the sensor to a reflecting point such that:

d =
c0 · t

2
(2.1)

where d is the distance in meters, c0 is the speed of light and t is time
of travel.

The sensor usually rotates around the vertical axis and can have up
to 1 million measurements per scan depending on the sensor’s model.
Measurements are taken with the rotation rate of 10 Hz which con-
jointly construct a 3D point cloud. Additionally, LiDAR can return
light intensity which represent reflectance of an object.

3D LiDAR readings have certain advantages such as direct mea-
surement of the distance and insensitivity to lighting conditions, how-
ever, there are some disadvantages as well. First, LiDAR data has
lower resolution than camera. Second, LiDAR lacks color and texture
information compared to a camera. Third, it is sensitive to an object’s
reflectivity so the non-reflective surfaces such as glass do not produce
points in a point cloud.

Point cloud

A point cloud represents raw data from any type of 3D scanner in
Cartesian coordinate system making it easy to store, process and vi-
sualize the data. Formally, a point cloud can be defined as a collection
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(a) Camera image

(b) Point cloud

Figure 2.1: Example of a frame recorded by the left camera of stereo
camera Zed and Velodyne VLP-16 LiDAR data in an urban scenario
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of points P = {p1, p2, p3, ..., pn} representing measured or generated
surfaces (see Figure 2.1). Each point pi has an attribute of spatial loca-
tion (x, y, z) and can have the additional attribute such as intensity I

such that pi = {xi, yi, zi, Ii}. Spatial coordinates have right-hand con-
figuration where x axis is the forward direction from the sensor, y axis
is the left direction and z axis is the elevation.

2.2 Literature review

2.2.1 Object detection

Since detection of objects is an important task for environment per-
ception a lot of research has been done in this field. Object detection
implies segmentation of a sensor reading into semantically meaning-
ful objects. In this section existing approaches relevant to this thesis
project are presented and grouped by data sources: camera and Li-
DAR.

Camera based detection

There are many different types of methods for object detection using
2D images. This section covers three approached namely feature based
object detection, approaches using motion detection in a sequence of
images, and Deep Neural Networks (DNN).

Classical object detection methods focus on features extraction. Pop-
ular feature extraction algorithms are Scale Invariant Feature Trans-
form (SIFT) [45], Speeded Up Robust Feature (SURF) [5], Histogram
Of Gradient (HOG) [15], Binary Robust Independent Elementary Fea-
ture (BRIEF) [7]. Some works have proposed accurate object classifica-
tion using both good feature descriptors and good classifiers, such as
Bag-of-Words (BoW) method [43]. In BoW, features are extracted using
methods such as SIFT and SURF, and then the discriminative data ob-
tained from some interval process steps is classified using a classifier.

Detection of moving objects and their segmentation is usually solved
by image analysis from one time frame to another. Frame difference
method has been used in [80], [8] and [44]. This method uses the
pixel-wise differences between two sequential images to extract the
moving regions. Another technique for a moving object segmentation
was presented in [69] called optical flow. A dense displacement vec-
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tor is calculated defining the translation of each pixel in a region. The
displacement vector is computed using the brightness constraint, as-
suming brightness constancy of corresponding pixels in consecutive
frames. Choi et al. in [13] calculated the background optical flow gen-
erated by the vehicle movement. In [46] authors proposed to improve
robustness of moving detection by merging background subtraction
and optical flow methods.

Recently deep learning methods have become popular for object
detection and classification. Deep learning methods are different from
classical approaches in that they learn features directly from raw pixels
of input images. In deep learning methods, local receptive fields grow
in layer-by-layer manner. Low-level layers extract fine features, such
as lines, borders, and corners, while high-level layers extract higher
features, such as object portions, like pedestrian parts, or the whole
object, like cars and traffic signs.

Girshick et al. claimed that their Regional CNN (R-CNN) [26] de-
tected objects better compared to systems based on simpler HOG-like
features on PASCAL VOC challenge in 2014. The essence of the method
is that region proposals, which are created using a Selective Search
process [74], are passed to a modified version of AlexNet CNN [40].
The final layer of the CNN is a Support Vector Machine (SVM) that
classifies whether there is an object in the proposed region. For the fi-
nal result, the proposed regions were passed through the linear regres-
sion to generate smaller bounding boxes. This CNN method could not
detect images in real time due to large number of proposed regions
being passed to AlexNet CNN. Therefore, further versions of the re-
gion based detection made attempts to improve performance of the
method. For example, a separate Region Proposal Network called Re-
gion of Interest Pooling (RoIPool) was proposed in Fast R-CNN [25]
to pass images into a classification network. Also, it was suggested to
train the classifier and the bounding box regressor in a single model.
Later, Ren et al. designed Faster R-CNN model [61] where the Region
Proposal Network became a part of the model. Further, Mask R-CNN
[30] was presented in 2017 which is an extension of Faster R-CNN for
pixel level segmentation.

Another approach in CNN-based detection and classification was
presented by Redmon et al. in [59]. They re-framed object detection
as a single regression problem, straight from image pixels to bound-
ing box coordinates and class probabilities in their model You Only
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Look Once (YOLO). While Fast R-CNN performs detection on many
region proposals and thus performs prediction multiple times for dif-
ferent regions in an image, the YOLO architecture is similar to Fully
Convolutional Neural Network (FCNN) where an image of nxn size
is passed once through the network and it outputs mxm size predic-
tions (m<n). The YOLO network is splitting the input image in a grid
and for each grid cell it generates two rectangular bounding boxes
(vertically and horizontally oriented) and class probabilities for those
bounding boxes. YOLO model has less false positive detections and
faster detection rate compared to R-CNN model.

Camera based object detection is well studied and offers a wide
range of methods. However, this approach has downsides such as de-
pendency on lighting variation (i.e. shadow or flare). Also, despite the
fact that DNN based object detection is very promising, it requires im-
mense number of annotated training images. In addition, DNN based
detection methods have limitations since models are trained to detect
certain classes such as cars, pedestrians, cyclists etc. The detection al-
gorithm fails if an unknown object is present on the road.

LiDAR based detection

In general, LiDAR based segmentation methods can be divided into
two groups: grid-based and object-based [10].

Grid-based detection. Grid-based methods are based on the idea
of representing environment as a grid map. Each grid cell is assigned
a probability of being occupied. One common approach to update the
probability is to compare the occupancy of a cell at current time frame
k to its occupancy at previous time frame k-1 with the Bayesian Occu-
pancy Filter [14]. Some authors have implemented the Particle Filter
to derive velocity in each grid cell [70],[16]. In these methods authors
have offered to create a velocity grid map. Each cell in the map had
particles representing its velocity distribution and occupancy likeli-
hood. Neighboring cells with similar velocities were clustered and
then each cluster was represented in the form of an oriented cuboid.

Detection of moving objects based on grid-based method was first
proposed in [3]. A point cloud was stored in a 3D occupancy grid
where voxels that were occupied and free in different time frames were
considered as dynamic objects.
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Grid-based segmentation results in simpler detection process and
easy data association. However, this type of object detection has some
drawbacks: (1) all of the points within an obstacle grid are considered
as the obstacle points, leading to wrong classification of some ground
points as objects. (2) With sparse laser data, some obstacle points tend
to be missed due to insufficient laser points in the grid in a long dis-
tance. (3) Maps with lower grid resolution usually merge the neigh-
boring objects into one, which leads to overestimation of a size of an
object.

Object-based detection. Object-based detection methods use a col-
lection of bounded points to describe an object. The methods in this
category mainly consist of two stages: ground extraction to exclude
non-informative points and clustering to reduce the dimensionality of
a point cloud.

Himmelsbach, Hundelshausen, and Wuensche proposed to create
a circular grid for ground extraction in [31] where the lowest points of
each circular grid were taken in order to find line segments. Further,
those line segments whose slope is smaller than certain threshold were
labeled as ground. After ground extraction the rest of the points were
segmented into 3D voxels. Similar approach for object detection was
presented in [2]. Ground points were estimated by evaluating prob-
ability distribution function of angles between the ground plane and
the set of lines passing through the center of the vehicle and every
point in point cloud. A Kernel Density Estimation (KDE) was pro-
posed to estimate the probability distribution function of angles. Since
ground is assumed to be planar and it constitutes large portion of a
point cloud, the peak value of KDE was considered as the angle of
ground plane. The ground removal method was amended by Kalman
Filter estimating a ground plane’s pitch angle. After ground extraction
3D bounding boxes are formed around points representing objects.

In [1] authors proposed piecewise stripe estimation by plane fitting
and merging these stripes from closest to distant stripes if the slope
difference was not significant. Ground modeling and removal was fol-
lowed by voxelization and further differentiation between static and
dynamic objects. For identification of dynamic and static objects the
following idea was used: dynamic objects occupied different voxels
over time and voxels which belonged to static objects consisted of
more cloud points compared to voxels belonging to moving objects.
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2.2.2 Bayes theorem based tracking

In order to model the perceived environment, a vehicle needs to be
continuously aware of the kinematics states (e.g. position and velocity)
of surrounding objects. To execute appropriate control actions within
reasonable time frame, it is required to have some information about
the objects states. For instance, the ability to track the movement of
objects on the road and classify them as static or moving can be used
to apply braking on time.

After an object has been detected, it is provided as an input to a
state estimation filter so that the kinematic state of the object can be
calculated. Recursive filters are used for efficient estimation of possi-
ble evolution of detected object states disregarding measurement un-
certainties. Bayes filtering approach is the mostly used and well devel-
oped probabilistic and statistical theory which can be applied directly
to a model and solve issues in object tracking [72]. It is the basis for
more complex algorithms used for solving the object tracking problem
such as Particle Filter and Kalman Filter.

A non-parametric Particle Filter [71] is used to solve a tracking task
for cases when a dynamic model of an object or a measurement model
of a sensor are non-linear. The idea behind this filter is to use large
number of points ("particles") in order to approximate probability dis-
tribution of the state of an object. The performance of the algorithm de-
pends on the number of particles and, in turn, is related to the model’s
dimensionality. Thus, the filter has limitations such as computational
efficiency and low dimensionality of the model [71].

An example of implementation of Particle Filter for object detec-
tion is found in [57]. Petrovskaya and Thrun used Rao-Blackwellized
Particle Filter (one type of Particle Filter) as an alternative to Extended
Kalman Filter[4]. In this paper authors tried to limit the complexity
of the Particle Filter formulation by limiting the estimated parameters
and storing vehicle pose and velocity only. Another examples of Par-
ticle Filter usage are [17] and [49] where authors applied occupancy
grid and voxels to reduce dimensionality of particles to achieve real-
time performance.

Even though Particle Filter is a suitable solution for the object track-
ing task, it is used relatively rarely compared to Kalman Filter due to
computational complexity. Kalman Filter is an efficient method to es-
timate the state of a linear process in a mean squared sense. It became
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a very popular technique for object tracking and have been applied in
many works such as [36], [48] and [47].

Kalman Filter algorithm can be applied to linear systems (i.e. when
dynamic and measurement models are linear). If motion or measure-
ment model is non-linear, Extended Kalman Filter or Unscented Kalman
Filter [37] are commonly used. Extended Kalman Filter linearizes non-
linear functions using Taylor series approximation [9]. Examples of
application of Extended Kalman Filter can be found in [12]. Unscented
Kalman Filter, on the other hand, instead of computationally expen-
sive linearization, uses so-called sigma points from a Gaussian distri-
bution of a system’s state. Sigma points are similar to particles from
Particle Filter, but the number of sigma points is significantly smaller
and they are sampled deterministically from the distribution. Exam-
ples of implementation of Unscented Kalman Filter for object tracking
was presented in [81], [65], and [32].

2.2.3 LiDAR and camera extrinsic calibration

Extrinsic calibration is the method of finding a six degrees of freedom
transformation between camera and LiDAR.

The common approach for calibration is to detect a calibration tar-
get with each sensor separately and estimate translation and rotation
parameters to match the detections. Vel’as et al. in [75] proposed to de-
tect circular features using Hough transform in an image and Random
sample consensus (RANSAC) in a point cloud. Gong, Lin, and Liu
in [27] formulated the calibration problem as a nonlinear least square
problem with geometric constraints using triangular objects.

These methods are targeted to dense range measurements so that
3D LiDARs with lower resolution (e.g. the 16-layer scanner) entail
some issues.



Chapter 3

Methodology

This chapter elaborates the theoretical methodology of the proposed
detection and tracking framework. First, the system overview is given.
Then details of object detection approach are presented, in particular,
the surface normal estimation theory, ground extraction method based
on difference of normals approach, euclidean clustering and centroids
calculation. Further, the theory related to multiple object tracking part
of the framework is presented including the Bayes theorem application
in object tracking, Kalman Filter theory, Hungarian method for data
association, the description of track management and the static vs. dy-
namic object classification method. Finally, the stereo ORB-SLAM the-
ory is described as a vehicle motion estimation approach.

3.1 System overview

The proposed framework is divided into two major components based
on the functional objectives: (1) detection which produces meaningful
segmented objects and (2) tracking whose task is to assign dynamic
attributes to detected objects and maintain them.

The component hierarchy and input/output flow can be seen in
Figure 3.1. The input of the system is the raw data from 3D LiDAR
while the output is a list of objects embedded with context aware at-
tributes, namely the spatial location and dynamic/static classification.
The detection block uses object-based detection approach which con-
sists of three sub-components: the ground removal to eliminate the
massive number of irrelevant points, clustering to segment point cloud

14
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into a number of spatially grouped points (i.e. objects), and centroids
estimation to represent clusters. The tracking block predicts centroid
state using information at previous time stamp and provides data as-
sociation for correction of the prediction. Also, in the tracking block
each tracking object is classified as dynamic or static. In order to han-
dle false detections each track is given a state (i.e. tracking or drifting).

Further in this chapter each step of the proposed detection and
tracking system is described in detail.

Figure 3.1: Proposed multi object detection and tracking system archi-
tecture
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3.2 LiDAR based object detection

A point cloud from a 3D scanner represents surfaces of a scanned area.
Surface normals are important properties of a geometric surface. In
this thesis, we implement the method based on Difference of Normals
developed by Ioannou et al. in [35] for ground extraction.

3.2.1 Surface normal estimation

A normal ~n at a point p on a given surface S is estimated as a vector
perpendicular to the tangent T of the surface at that point, see Figure
3.2. The tangent plane estimation and its normal calculation task can
be solved using Principal Component Analysis (PCA) [64].

Figure 3.2: Normal vector of a surface S at a point p

The PCA method calculates the eigenvector and eigenvalues of a
covariance matrix created from the nearest neighbors of a point. In
particular, for each point pi, the covariance matrix C is calculated as
follows:

C =
1

k

k∑
i=1

(pi − p) · (pi − p)T (3.1)

C · ~vj = λj · ~vj, j ∈ 0, 1, 2 (3.2)

where k is the number of neighboring points in the predefined neigh-
borhood of pi, p̄ represents the 3D centroid of the nearest neighbors,
λj is the j-th eigenvalue of the covariance matrix C, and ~vj the j-th
eigenvector.

Further, the eigenvector corresponding to the minimum eigenvalue
is considered as a normal vector at each point.
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3.2.2 Difference of normals for ground extraction

Ground extraction using Difference of Normals method is based on
the assumption that ground is a flat surface or a gradual slope.

The method is based on the fact that a normal ~n to a surface re-
flects the underlying geometry. A normal orientation depends on se-
lected support radius r of a surface. Normals ~n and tangent planes T
estimated with small supporting radius rs are affected by small-scale
surface structure including noise. On the other hand, normals ~n and
tangent planes T estimated with the large support radius rl are less
affected by small-scale structure, and represent the geometry of large-
scale surface structures. In the light of this, two normals estimated at
the same point p with different supporting radii have similar values
if the point p belongs to a flat surface. Therefore, difference of two
normals ~n(p, rs) and ~n(p, rl) can be the measure of a surface flatness.
Figure 3.3 illustrates the influence of support radii on estimation of
normals and difference of normals on a non-flat surface.

Figure 3.3: Effect of different support radii on estimated normals for a
point cloud. Figure is from [35]

Difference of normal vectors is calculated as follow:

∆n(p, rs, rl) =
n(p, rs)− n(p, rl)

2
(3.3)

where rs, rl are small and large radii used for normal estimation
~n(p, r).

To perform ground extraction, we choose only those points where
difference of normals vector ∆~n(p, rs, rl) satisfies the following condi-
tion:

||∆~n|| < τ (3.4)

where τ is the predefined magnitude threshold.
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3.2.3 Euclidean clustering

After ground extraction, remaining points in a point cloud represent
objects in the scene. Since tracking over individual points in point
cloud is computationally expensive, the reduction of dimensionality
by clustering is a necessary step. Clustering is a process of combining
multiple spatially close-range samples.

In this thesis project clustering is done by evaluating 3D Euclidean
distances among points. In another words, points located close to each
other in 3D belong to one object. The Euclidean distance between a
point p1(x1, y1, z1) and a point p2(x2, y2, z2) in a point cloud is calculated
in the following way:

d(p1, p2) =
√

(x1 − x2)2 + (y1 − y2)2 + (z1 − z2)2 (3.5)

After calculating Euclidean distances between points, the points
are grouped according to distances considering the minimum num-
ber of points to form a cluster sizemin. The sizemin parameter should
be chosen proportionally to the size of objects and density of a point
cloud.

3.2.4 Centroid calculation

In order to perform the following tracking task each cluster, which is
C = (x1, y1, z1), (x2, y2, z2), ..., (xn, yn, zn), is represented by a centroid
c(xc, yc, zc). Centroids are estimated as follows:

c(xc, yc, zc) = (
1

n

n∑
i=1

xi,
1

n

n∑
i=1

yi,
1

n

n∑
i=1

zi) (3.6)

where n is the number of points in a cluster.

3.3 Multiple object tracking

In case of tracking multiple objects, a separate track is created for each
of the detected objects. Representation of objects as centroids allows
us to use linear motion model for an object. Furthermore, the mea-
surement model of LiDAR sensor is also linear. Thus, Kalman Filter
is suitable approach to solve the tracking task for these linear models
and is computationally efficient and robust.
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3.3.1 Bayes theorem in object tracking

In object tracking, quantities such as sensor measurements and states
of tracked objects are modeled as random variables. Since random
variables can take multiple values, the probabilistic inference is needed
to estimate the law governing the evolution of those variables.

Let xk be random variables corresponding to a tracking object’s po-
sition, Zk = (z1, z2, ..., zk) be a measurement at time k related to xk.
Given the assumption that a random variable takes continuous val-
ues, the knowledge of the presence of an object x is represented be a
probability density function (pdf) p(xk). Bayes theorem allows updat-
ing existing knowledge about xk given Zk by inferring as follows [9]

p(xk|Zk) =
p(Zk|xk)p(xk)

p(Zk)
(3.7)

where p(Zk|xk) is the likelihood of having the measurement Zk, given
the state xk, p(xk) is the prior probability of the state xk and p(Zk) is
the probability of having the measurement Zk.

However, since measurements are received in a sequence over dis-
crete time steps, a recursive form is needed assuming that the system
has Markov property (the process in the future is stochastically inde-
pendent of its past) as follows:

p(xk|Zk) =
p(Zk|xk)p(xk)

p(Zk|zk−1)
p(xk|xk−1)p(xk−1|zk−1) (3.8)

Furthermore, it is also essential to know the sequence of objects,
their states and the number of objects and their states at a particular
time k. This information can be derived from p(xk|Zk) by marginaliz-
ing objects and their states as follows:

p(xk|Zk) =
1

p(zk|zk−1)

∫
p(xk|xk−1)p(xk−1|zk−1)dxk−1 (3.9)

The integral in 3.9 is called Chapman-Kolmogorov equation. Solution
of the equation gives the predicted state xk, given all the measure-
ments up to time k − 1 and the state at time k − 1.

Solving the recursive relation 3.9 is the main idea of object tracking
as filtering problem. In the context of object tracking the prior pdf is
derived from the object dynamic model and the likelihood is derived
from the measurement model (sensor observation).
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3.3.2 Kalman Filter

Kalman Filter is the analytical implementation of Bayesian method
that seeks to compute recursively the optimal parameters estimates
(i.e. the object states) from its posterior density[72]. Specifically, Kalman
Filter assumes that the object’s dynamic and posterior density at pre-
vious time step k − 1 follows Gaussian distribution and that object’s
dynamic and measurement models are linear.

Kalman Filter is divided into two stages [11] (see Figure 3.4): time
update (prediction) and measurement update (correction). During time
update stage, the current state of an object can be predicted based on
its state in previous time stamp. In measurement update the predicted
state is being corrected with current measurement from a sensor.

Figure 3.4: Kalman filter framework for single object tracking

A state x ∈ Rn of a discrete-time process and a measurement z ∈
Rm at time k are estimated by the linear stochastic difference equations
[78]:

xk = Axk−1 +Buk−1 + wk−1 (3.10)
zk = Hxk + vk (3.11)

These equations have the following components: matrix A (nxn)
representing motion model, matrix B (nxl) to relate control input to
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the state, control input u, matrix H (mxn) representing measurement
model, and random variables wk and vk representing noises of the pro-
cess and measurement respectively. Noises are independent from each
other and have the error covariances of a process Q and of a measure-
ment R such that p(w) ∼ N(0, Q) and p(v) ∼ N(0, R).

Kalman Filter components for the proposed tracking solution have
the following values:

• state vector x = [x, y, z, vx, vy, vz]
T , where x, y and z are coordi-

nates of the cluster’s centroid position and vx, vy and vz are the
velocity components in x, y and z directions. Thus, Kalman Filer
estimates the position of a detected object with respect to a sensor
and object’s relative velocity;

• motion modelA =



1 0 0 ∆t 0 0

0 1 0 0 ∆t 0

0 0 1 0 0 ∆t

0 0 0 1 0 0

0 0 0 0 1 0

0 0 0 0 0 1

, where ∆t is time dif-

ference between two time frames;

• measurement model H =

1 0 0 0 0 0

0 1 0 0 0 0

0 0 1 0 0 0

;

Note that motion and measurement models are linear.
Kalman filter consists of the following steps [36]:

1. Time update of the state estimate:

xk|k−1 = Axk−1|k−1. (3.12)

2. Time update of the state error covariance

Pk|k−1 = APk−1|k−1A
T +Qk. (3.13)

3. Kalman Gain

Kk = Pk|k−1H
T (HPk|k−1H

T +R)−1. (3.14)

Kalman gain depends on accuracy of a measurement and defines the
degree to which a measurement influences the state estimation. If ac-
curacy of the measurement is high, the Kalman Gain has a high value.
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Otherwise, the Kalman gain has relatively low value and vice versa.
4. Measurement update of the state error covariance

Pk|k = (I −KkH)Pk|k−1, (3.15)

where I is an identity matrix.
5. Measurement update of the state estimate

xk|k = x+Kk(zk −Hxk|k−1). (3.16)

3.3.3 Data association based on Hungarian method

Kalman Filter (or its variants) estimates states (location and velocity)
of an object at each time stamp using measurements. In multiple ob-
jects tracking case, correct assignment of each measurement to exist-
ing tracks is necessary. This process is called data association. Using
centroid-based representation of clusters allows us to use linear asso-
ciation approach.

Linear association approach compares values of match scores of
associating instances. In data association for tracking, match scores
can be represented by distances between tracks from previous frames
and detections in current time frame and then placed into cost matrix
C. The general definition of linear assignment problem for tracking
with a given (nxn) cost matrix C is to find a (nxn) permutation matrix
P that minimizes the total score:

minimize: E =
n∑

a=1

n∑
i=1

PaiCai

subject to: ∀i
A∑

a=1

Pai = 1

∀a
I∑

i=1

Pai = 1

Pai ∈ {0, 1}

(3.17)

where i and a iterates over tracks and measurements, in this example
number of tracks and measurements are equal. Permutation matrix P
ensures one-to-one correspondence of tracks and measurements.
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In this thesis project James Munkres’s variant [50] of the Hungarian
assignment algorithm is applied for data association. Each element of
a cost matrix C are given by Euclidean distances between object loca-
tions predicted by Kalman Filer and locations of new measurements.
In real world, the number of tracks N and number of measurements
M are rarely equal. Hence, besides assigning detections to existing
tracks Hungarian assignment algorithm also determines which tracks
are missing measurements and which measurement should initiate a
new track.

The Hungarian algorithm consists of the following steps:
1. Find and subtract minimal match score in each row and try to form
a permutation matrix out of elements that have value 0 in this array. If
a permutation matrix cannot be formed, continue to the next step.
2. Find and subtract minimal match score in each column and try to
form a permutation matrix out of elements that have value 0 in this
array. If a permutation matrix cannot be formed, continue to the next
step.
3. Draw as few row, column lines as possible to cover all the zeros.
4. From the elements that are left, find the lowest value. Subtract it
from all elements that are not struck. Then add it to elements that
are present at the intersection of two lines. Leave other elements un-
changed.
5. Try to form a permutation matrix out of elements that have the
value 0 in this array. If it is still not possible to form the permutation
matrix go to step 3. Otherwise, the permutation matrix represents as-
signments.

3.3.4 Track management

Noisy LiDAR readings and the possibility of occlusion require the im-
plementation of track management. The main purpose of track man-
agement is to eliminate false tracks and maintain object tracking in
case of missed measurements.

Within track management, every track is assigned a unique state
(not to be confused with the Kalman Filter states) which reflects its
validity. States are summarized in the Table 3.1. When the tracking
module receives a new measurement, a new track is initialized with
Initializing state. After 5 successful associations of the track with
incoming measurements the confidence that it is not a spurious detec-
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tion is high. Hence, the track’s state is changed to Tracking. In case
when no detection is assigned to a track, it gets Drifting state. This
track is not deleted in case a measurement is assigned to it in the future
and tracking can be continued. A track is deleted if Drifting state
lasts longer than 3 time frames.

Table 3.1: Description of a track’s state

Name State Description

Initializing 1 A track with newly associated measurement

Tracking 2
A track with associated measurement more than n

time frames (n = 5)

Drifting 3
A track with lost measurement which may return to
Tracking state if a corresponding measurement is
found in the future

3.3.5 Static vs. dynamic object classification

An object’s dynamic classification is one of the essential attributes that
can influence decision making process. The relative velocity of an ob-
ject is estimated as part of object’s state at every time frame using
Kalman Filter. In order to correctly estimate the class of an object based
on velocity, it is necessary to eliminate effects of noise, occlusion and
vehicle’s constant frame change. Therefore, the class of an object is es-
timated using average velocity over several time frames. In this thesis,
the number of frames to calculate average velocity is set to 3.

3.4 Vehicle motion estimation

The object tracking task for autonomous driving requires compensa-
tion of the vehicle movement. Commonly, the vehicle movement is
compensated using Inertial Navigation System (GPS/IMU), for exam-
ple in [1], or estimating the velocity of the vehicle using the internal
sensors of the vehicle. However, in this thesis project due to the un-
availability of other sensors, Simultaneous Localization and Mapping
(SLAM) technique based on stereo camera data is used to estimate ve-
hicle movement. SLAM estimates location of a vehicle in unknown
environment and builds a map of this environment at the same time
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without any prior information [79]. An intermediate step in SLAM is
the vehicle pose estimation (position and orientation) which is used in
this thesis project.

The state-of-the-art in vision SLAM is ORB-SLAM method. Mur-
Artal and Tardós presented ORB-SLAM solution for monocular cam-
era in [51] and ORB-SLAM2 solution for stereo and RGBD cameras
in [52]. The author do not consider the RGBD implementation of the
algorithm since RGBD camera do not perform well in outdoor con-
ditions. Monocular implementation of ORB-SLAM has some draw-
backs. Since monocular camera does not provide depth information
directly, the SLAM algorithm fails to estimate correct scale of the map
and, hence, estimated trajectory. In addition, system bootstrapping re-
quires multi-view for map initialization, but monocular camera cannot
triangulate from first frame. Therefore, to start pose estimation the al-
gorithm requires to receive at least two frames. ORB-SLAM based on
stereo images does not face such difficulties. Therefore, stereo ORB-
SLAM is used for a pose estimation in this thesis project. Note that
since SLAM uses images of a stereo camera, it estimates the pose of
the camera at each time frame.

3.4.1 Stereo ORB-SLAM2

In this subsection the theoretical basis of Stereo ORB-SLAM2 algo-
rithm are briefly described. More information about this algorithm
can be found in [52]. The ORB-SLAM2 system overview is presented
in Figure 3.5. The system consists of three threads running in par-
allel: (1) tracking to localize camera in every frame by finding feature
matches to the local map and minimizing the re-projection error apply-
ing motion-only Bundle Adjustment (BA)1, (2) local mapping to manage
the local map and optimize it, by performing local BA2, (3) loop closing
to detect large loops and correct the accumulated drift by performing
a pose-graph optimization. The loop closing thread launches a fourth
thread to perform full BA3. Each of the threads are described in more
detail below.

1Motion-only BA optimizes the camera orientation and position, minimizing the
projection error between matched 3D points in world coordinates and keypoints.

2Local BA optimizes a set of co-visible keyframes and all points seen in those
keyframes.

3Full BA optimizes all keyframes and points in the map, except the origin
keyframe that is fixed.



26 CHAPTER 3. METHODOLOGY

(a) Threads and modules of the system

(b) Input pre-processing

Figure 3.5: Overview of the ORB-SALM system for stereo and RGBD
cameras. Figure is from [52].
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Before starting the description of main threads, it is worth stating
the following:

• The system uses same features, namely Oriented FAST and ro-
tated BRIEF (ORB) features, for mapping and tracking, and for
place recognition and loop detection. The ORB features are ori-
ented multi-scale FAST corners with a 256 bits descriptor. This
type of features is invariant to view point and fast to calculate.

• Each map point pi stores the following information: its 3D posi-
tion Xw,i in the world coordinate system; the viewing direction
of the position ni; a representative ORB descriptor Di selected
according to hamming distance.

• Each keyframe Ki stores the following information: the camera
pose Ti which is presented as a rigid body transformation for the
transformation of world points to the camera coordinate system;
intrinsic parameters of the camera; all extracted ORB features in
the frame.

• Co-visibility information is used in several tasks of the system
and it is represented as an undirected weighted graph called co-
visibility graph. In the graph, a keyframe represents a node and
an edge weight is proportional to the number of common map
points between two keyframes. An edge between nodes exists if
the number of common map points in two frames is sufficient.

• An essential graph is presented for loop correction instead of
co-visibility graph. Essential graph consists of a spanning tree
which is built from the initial keyframe. The spanning tree pro-
vides a connected subgraph of co-visibility graph with minimal
number of edges. When a new keyframe is inserted, it is in-
cluded in the tree linked to the keyframe which shares most ob-
servation points. Further, when a keyframe is erased by the culling
policy, the system updates the edges affected by that keyframe.

• Bag of words is used to recognize place and perform loop detec-
tion and relocalization. Visual words are parts of the descriptor
of a place also known as the visual vocabulary. The vocabulary is
created off-line with the ORB descriptors extracted from a large
set of images. The system builds incrementally a database that
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contains an invert index of a keyframe where the visual word
from a vocabulary has been seen. The database is also updated
when a keyframe is deleted by the culling procedure.

Tracking

The tracking of a camera location starts from pre-processing input im-
ages extracting ORB features at salient keypoint locations, see Figure
3.5b. It can be seen form the image that pre-processing step outputs
stereo and monocular keypoints. Stereo keypoints are defined as xs =

(uL, vL, uR), where (uL, vL) are coordinates on the left image and uR
is the horizontal coordinate on the right image. Keypoints are found
by matching ORB features on the left rectified image to features on
the right rectified image. Further, each stereo keypoint is classified as
close or far according to how much its depth differ from camera base-
line. This classification is important because close keypoints can be
safely triangulated4 from one frame providing accurate scale, transla-
tion and rotation information, while far keypoints provide weak scale
and translation information, but accurate rotation information. Hence,
far points are triangulated only when they are supported by multiple
views. Monocular keypoints are defined as xm = (uL, vL) on the left im-
age and correspond to all ORB features for which a stereo match could
not be found. These points are only triangulated from multiple views
and do not provide scale information, but contribute to the rotation
and translation estimation.

At startup the system creates a keyframe with the first frame, set-
ting its pose to the origin, and creates an initial map from all stereo
keypoints. In the future time frames, if tracking was successful for pre-
vious frame, a constant velocity model is used to predict camera pose
and a guided search of the map is performed to find points observed
in the previous frame. If not enough matching points are found (i.e.
motion model is violated), a wider search of map points around their
positions at the last frame is used. Then, the pose is optimized with re-
spect to the found correspondences. In case the track is lost, the frame
is converted into a bag of words and is queried in the recognition
database for keyframe candidates for global relocalization. The cor-
respondences of ORB features and map points are computed in each

4Triangulation is a process of determining location of a point in 3D given its
projections onto two, or more, images.
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keyframe as described in general information. Then each keyframe is
iterated through RANSAC and camera pose is estimated using the PnP
algorithm [42]. If a camera pose with enough inliers is found, the pose
is optimized. Also, a guided search of more matches with the map
points of the candidate search is performed. Finally, the camera pose
is again optimized, and if it is supported with enough inliers, tracking
procedure continues.

After camera pose estimation and initial set of feature matches,
map can be projected into the frame and more map point correspon-
dences are searched. In order to bound the complexity, only local map
is projected. The local map contains a set of keyframes K1, that shares
map points with the current frame, and a setK2 that consists neighbors
of the K1 in the co-visibility graph. The local map also has a reference
keyframe Kref ∈ K1 which consists the most map points with the cur-
rent frame. Further, each map point seen in K1 and K2 is searched in
the current frame. This is achieved by projecting the map point to the
current frame and considering distance from map point to camera to-
gether with representative descriptor D of the map point. The camera
pose is finally optimized with all the map points found in the frame.

The last step in the tracking thread is to decide if the current frame
is spawned as a new keyframe. This depends on number frames passed
from the relocalization, number of tracked points in the current frame
and number of frames have passed from last keyframe insertion.

Local Mapping

The following steps are performed by local mapping with every keyframe
Ki.

First, the keyframe insertion is performed in the following way:
new node is added to co-visibility graph representing new keyframe
Ki and weights are updated; then spanning tree is updated linking
Ki to the keyframe with the most points in common; bag of words
representation of the keyframe is computed which will help in the data
association for triangulating new points.

In order to eliminate wrongly triangulated existing map points (i.e.
due to spurious data association) they should pass the culling condi-
tions during the first three keyframes after creating. First, the track-
ing must find the map point at least in 25 % of the frames in which
it is predicted to be visible. Second, if more than one keyframe has
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passed from map point creation, it must be observed from at least three
keyframes. Once a map point has passed these conditions, it can only
be removed if at any time it is observed from less than three keyframes
by local BA.

New map points are created by triangulating ORB features from
connected keyframes Kc in the co-visibility map. For each unmatched
ORB feature in Ki the system matches them with other unmatched
features from other keyframes using bag of words. After ORB pairs
are triangulated, in order to accept the a new map point, the following
parameters are checked: positive depth in both cameras, parallax, re-
projection error, and scale consistency.

The local BA optimizes the currently proposed keyframe Ki, all the
keyframes connected to it in the co-visibility graphKc, and all the map
points seen by those keyframes. Observations marked as outliers are
discarded.

For compact map representation, the local map detects redundant
keyframes and deletes them. This step is called local keyframe culling.
It discards those keyframes in Kc whose 90% of map points have been
seen by at least three other keyframes.

Loop Closing

The loop closing thread aims to detect if the last keyframe Ki has been
seen already and close a loop. This thread uses steps described below.

First, similarities between the bag of words vector of Ki and all its
neighbor in the co-visibility graph are estimated and the lowest score
smin is found. Then the system is eliminated those keyframes from
recognition database whose score less than smin. In order to accept a
loop candidate, it should be detected consecutively three frames.

Second, after detecting a loop, the loop fusion step is performed. In
order to correct a loop, duplicated map points are fused and new edges
are inserted in the co-visibility graph. The current keyframe pose Ti is
corrected using rigid body transformation. All keyframes involved in
the fusion updates their edges in co-visibility graph creating edges that
attach the loop closure.

Third, for efficient loop closure an Essential graph optimization is
performed as described above. After the optimization, each map point
is transformed according to the correction of one of the keyframes that
observes it.
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Finally, a full BA is incorporated to achieve an optimal pose.



Chapter 4

Implementation

This chapter is dedicated to describing implementation details specific
for the thesis project such as sensors models including their techni-
cal characteristics, sensors’ mounting positions, extrinsic calibration,
point cloud pre-processing and ego-motion compensation.

4.1 Practical implementation details

The proposed framework is written in C++ programming language
using Qt toolkit [58] binding on the Kinetic distribution of the Robot
Operating System (ROS) [63] and running on Ubuntu 16.04 LTS.

In this thesis research we use data from Velodyne VLP-16 LiDAR
and ZED camera. This data is recorded to special ROS format called
rosbag. It records a point cloud and two images from stereo camera
into separate messages synchronized by time. Important to notice
that Velodyne VLP-16 driver is integrated in ROS. With the help of
the driver, raw LiDAR data is processed and saved as the single scan
every time stamp in a point cloud format. ZED camera STK integrated
in ROS allows to record directly rectified image to use in SLAM.

The following third-party libraries are used: point cloud Library
(PCL) [64] for processing LiDAR’s point cloud, Eigen [21] for matrix
computation, Transformation TF package from ROS to maintain the
relationship between sensors coordinate frames [22].

The detection and tracking algorithms excluding ORB-SLAM are
running with frequency 5 Hz. SLAM is computationally heavy for the
computer. Therefore, the pose is estimated separately and recorded to
a rosbag together with a raw point cloud and stereo camera images.

32
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The proposed arbitrary object detection and tracking method de-
pends on many parameters. The influence of parameters on the algo-
rithm performance is described in more details in Chapter 5.

4.2 LiDAR and camera sensors

For this thesis project, we use stereo camera ZED [67]. The stereo func-
tionality of the camera is exploited for LiDAR and camera calibration.
The details of the calibration is presented in Section 4.3.1.

For object detection purposes Velodyne VLP-16 LiDAR is used.
Raw data of the sensor is presented in spherical coordinates (distance,
elevation from horizontal plane, azimuth). This model of the sensor
has a scanning range covering 360 degrees in azimuth, 30 degrees in el-
evation and 16 channels [76]. Channels represent the number of lasers
locating along the vertical axis of the sensor and providing 16 beams
of a measurement.

Velodyne VLP-16 produces sparse data having 2 degrees of vertical
resolution and 0.1 - 0.4 degrees of horizontal resolution [76].

4.3 LiDAR and camera mounting

Velodyne VPL-16 and camera are mounted on a dashboard on one of
Scania buses "Klasse", see Figure 4.1. In order to provide proper track-
ing of objects with deployed visual SLAM it is important to know rel-
ative position of camera and LiDAR. Extrinsic calibration is aimed to
find the relative position of sensors.

4.3.1 Automatic LiDAR and camera calibration

In this thesis project we use the calibration approach which is pre-
sented in [29]. This calibration method uses a combination of stereo
camera and 3D LiDAR reading in order to detect calibration target
with predefined shape and dimensions. Figure 4.2 illustrates the cali-
bration target shape. The advantage of this method is that it is suitable
for calibration medium resolution scanner, i.e. 16-layers.

The algorithm estimates the rigid body transformation relating to
coordinate system {C}, centered in the left camera of ZED stereo cam-
era and the LiDAR coordinate frame {L}, see Figure 4.3. The transfor-
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Figure 4.1: Camera and LiDAR mounting on Scania bus "Klasse" with
the closer front and side views

Figure 4.2: Calibration target. Figure is from [29]

mation is defined as a set of parameters ξCL = (tx, ty, tz, φ, θ, ψ), where
tx, ty and tz represent translation along x, y and z axes, and φ (roll),
θ (pitch) and ψ (yaw) represent rotation around x, y and z axes. The
set of parameters can be used to create a transformation matrix TCL,
which allows to transform a 3D point pc in camera coordinates into a
point in LiDAR coordinates pl = TCLpc.

The algorithm uses a series of LiDAR scans and rectified images
from stereo camera. Both sensors are assumed to be placed with a cer-
tain overlap in their field of view. Also, for good performance it is
required that the circular holes on the calibration target are intersected
by at least two LiDAR beams and they are fully visible on camera im-
ages.
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Figure 4.3: Schematic illustration of calibration between LiDAR and
camera. Figure is from [29]

The calibration consists of two stages: segmentation of reference
points in point clouds from LiDAR and from stereo images, and es-
timation of the transformation parameters. Further, point clouds for
the LiDAR and for the camera are denoted as P l

0 = {(x, y, z)}, P c
0 =

{(x, y, z)} correspondingly. P c
0 is produced from estimated pixels’ depth

which is obtained using stereo matching algorithm from two gray scale
stereo camera images. Each of the clouds P l

0 and P c
0 is expressed in the

coordinate system with origin in its sensor, that is {L} and {C} respec-
tively.

The segmentation stage starts from finding planes πl and πc belong-
ing to the calibration target in LiDAR and stereo camera point clouds
respectively. A plane model estimation is done using RANSAC algo-
rithm. In order to confirm that the estimated plane belongs to the cali-
bration target we check if it is parallel to the vertical axis of the sensor
reference frame. Further, points in a point cloud located further than a
certain threshold from the plane model are eliminated. This results in
point cloud segments P l

1 and P c
1 , see Figure 4.4a and Figure 4.5a.

The next step in segmentation is to find points in a point cloud
which belong to the edges of calibration target. It is performed in a
different way for each point cloud. For LiDAR point cloud, each point
in the plane model pi ∈ P l

1 is assigned a magnitude representing the
depth difference considering neighbor points:

di∆ = max(di−1
r − dir, di+1

r − dir, 0), (4.1)
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(a) (b) (c) (d) (e)

Figure 4.4: Results of segmentation steps for extraction of the reference
points from LiDAR point cloud. Figure is from [29]

(a) (b) (c) (d) (e)

Figure 4.5: Results of segmentation steps for extraction of the reference
points from stereo camera point cloud. Figure is from [29]

where dir is the range measurement given by the sensor for the
point pi; pi−1 and pi+1 are points adjustment to pi in the same scan
plane. Then, all points with magnitude greater than a certain thresh-
old are filtered out. These points marked red on Figure 4.4b. On the
other hand, for stereo camera point cloud, points that map to edges in
the gray scale image are kept. To this end, Sobel filter [18] is applied to
the left image of the stereo camera. Illustration of target’s edge detec-
tion result on stereo camera point cloud is shown on Figure 4.5b.

The following steps in the segmentation stage are intended to seg-
ment four circles on the calibration target which is used as correspon-
dence keypoints between two point clouds in the registration stage.

From the precedent step, we have received points belonging to
edges of the calibration target including circles’ edges. LiDAR point
cloud is processed to keep only points from circles’ edge based on
number of points on these edges. As for camera, the filtering process is
based on elimination of lines. The lines are found using a sample con-
sensus segmentation and selected according to their orientation and
the known dimensions of the calibration pattern. Resulting filtered
clouds of this step, P l

2 and P c
2 , are shown on Figure 4.4c and Figure

4.5c.
Afterward, we detect points representing the holes of the calibra-

tion pattern. For that purpose, segmentation process is done in 2D



CHAPTER 4. IMPLEMENTATION 37

determined by the plane model πl and πc. This is achieved by rotating
clouds P2 until points are aligned with the XY plane of the calibration
target and by adjusting z-coordinate. Then, circles are segmented in
the XY subspace through sample consensus, deploying the known cir-
cle radius. Finally, obtained circles’ centers are transformed back to 3D
sensor’s coordinate system. These centers are illustrated as greed dots
on Figure 4.4d and Figure 4.5d.

The final step in segmentation is aimed to increase robustness against
noise in the process. The idea is to accumulate centers over a window
of N frames. Further, these accumulated centers are clustered (i.e. Eu-
clidean clustering). Cluster centroids are the desired reference points
which are used at the following registration stage.

The registration stage finds the set of transformation parameters
ξ̂CL. The registration procedure involves two steps. First, we compute
optimal transformation without rotation. The result is a set of param-
eters t′CL = (t′x, t

′
y, t
′
z). These parameters are obtained by finding the

least-square solution of the system with 12 equations:

tCL = p̄il − p̄ic, ∀i ∈ {tl, tr, bl, br} (4.2)

There are three equations for four reference points (centroids of cir-
cles) in LiDAR and stereo camera point clouds p̄il and p̄ic respectively.
Points are labeled according to their positions in the sensors’ coordi-
nate system as top-left (tl), top-right (tr), bottom-left (bl) and bottom-
right (br) to allow the matching of points in both point clouds. Finally,
the least square solution is found through column-pivoting QR de-
composition.

In the second stage of registration, the final estimation of full set
of parameters is performed. For that task, Iterative Closest Point al-
gorithm [6] is applied to minimize the sum of point-to-point distances
between the cluster centroids. The final transformation is obtained as
composition of that two partial transformations.

4.4 Point cloud pre-processing

LiDAR is mounted on the dashboard inside the bus. Due to this po-
sition, some points in the point cloud become non-informative, par-
ticularly, points which represent the environment inside the bus, see
Figure 4.6a. In order to eliminate unnecessary computation, we fil-
ter out non-informative points from 3D point cloud. Filtering implies
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(a) Raw data (b) Data after pre-processing

Figure 4.6: Effect of pre-processing step on LiDAR point cloud

removal of points which have negative x coordinates. Thus, after pre-
processing the point cloud consists of points which have x ∈ (0, 100)

m, the upper limit corresponds to the sensor’s technical characteristic.
The Figure 4.6 illustrates the effect of filtering.

4.5 Coordinate transformations

Presence of different sensors in the pipeline requires to assign all mea-
surements to one origin for consistency. On one hand, visual SLAM
algorithm estimates the poses of the camera. On the other hand, dis-
tances to objects are measured with respect to LiDAR origin. In order
to estimate distances to an object correctly it is necessary to consider
relative position between the camera and LiDAR. This relative posi-
tion is estimated via sensors calibration, for more details see Subsec-
tion 4.3.1.

Transformations from LiDAR’s origin to a camera origin are done
using TF package in ROS [22]. Figure 4.7 visualizes how the transfor-
mation is done. The output of the proposed detection and tracking
framework is the distances from the camera frame to objects.
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Figure 4.7: Example of transformation



Chapter 5

Results

Performance of the proposed method is tested on various scenarios.
The author evaluates the object detection and tracking method per-
formance using quantitative evaluation metrics, investigates the min-
imum size of an arbitrary object that can be detected as well as the
maximum distance on which objects can be detected. Further in this
chapter following sections are presented: evaluation metrics, testing
dataset, results of object detection and results on multiple object track-
ing.

5.1 Evaluation metrics

The detection and tracking performance is evaluated using some of
the frame based metrics and CLEAR quantitative metrics [68].

Frame based metrics are computed every frame of test data to eval-
uate the performance. First, we compute True Positive (TP), False Posi-
tive (FP) and False Negative (FN) detections across all frames. Then the
False Alarm Rate (FAR) and Tracker Detection Rate (TRDR) are computed
using the following equations respectively:

FAR =
FP

TP + FP
(5.1)

TRDR =
TP

GT
(5.2)

where Ground Truth GT is the number of objects in all frames.
One of the CLEAR metric is the number of ID switch (IDSW) is

used to evaluate the tracking robustness. It measures the number of

40
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fragmentation (i.e. loosing the track and starting a new one) across all
frames for a tracked object.

Another CLEAR metric is Multiple Object Tracking Accuracy (MOTA).
It combines three sources of errors defined above, namely FP, FN and
IDSW, in order to indicate overall performance of the detection and
tracking method. This metric is given as:

MOTA = 1−
∑

t(FNt + FPt + IDSWt)∑
tGTt

(5.3)

where t is the time step (frame index). Value of MOTA can be negative
if the number of errors exceeds the number of actual objects.

5.2 Testing dataset

All data for testing the proposed method was collected using the a bus.
There are several scenarios aiming to fulfill the desired evaluation of
the object detection and tracking method. Figure 5.1 illustrates screen
shots from collected dataset scenarios. The description of scenarios is
stated below.

Scenario 1. A person standing in front of the bus, see Figure 5.1a.
On the left side from the person there are tree parked buses. The
ground is flat and there is a slope on the right size. The test vehicle
is moving.

Scenario 2. A car is moving in front of the bus. Figure 5.1b illus-
trates the scene. There are two buses on the left side of the car. How-
ever, due to narrow field of view of the camera they are not seen on
the image. The ground is flat. The test vehicle is moving.

Scenario 3. Three people moving in front of the bus on distances 5
m, 10 m, 15 m respectively, see Figure 5.1c. The ground is flat. The test
vehicle is moving.

Scenario 4. People are throwing boxes of different sizes at dis-
tances 5 - 8 m from the LiDAR sensor, see Figure 5.1d. The aim of
this scenario is to reveal the minimum object size that can be detected.
Three sizes of boxes are presented: small 30x21x16cm, medium 53x21x13cm
and large 61x41x40cm. The ground is flat. In this scenario, the distance
between people are less than 1 m at some time frames. The test vehicle
is stationary.

In the following illustrations of the results one should keep in mind
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(a) Scenario 1 (b) Scenario 2

(c) Scenario 3 (d) Scenario 4

Figure 5.1: Screen shots of different scenarios for experiments on pro-
posed object detection and tracking method

that the camera has narrower field of view comparing to the LiDAR
sensor.

5.3 Discussion

5.3.1 Object detection results

Object detection heavily depends on the ground extraction method
(Difference of Normals), LiDAR data sparsity and objects’ reflectiv-
ity. The effect of these factors on object detection is described below as
well as results of evaluation of the minimum distances where an object
can be detected and the minimum size of detected objects.

Effect of parameters in Difference of Normals method

The Difference of Normals method filters out flat roads as well as grad-
ual slopes. However, due to its filtering principle it might also ex-
tract large flat surfaces belonging to some objects (e.g. bus or truck)
or small objects. This happens if parameters such as small rs support
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radius, large rl support radius and magnitude threshold τ had been
chosen poorly. As it is stated in Section 3.2.2, small rs and large rl
support radii for normals calculation reflect underlying surface’s ge-
ometry. Therefore, these radii should be proportional to the size of
objects which is important to preserve while ground extraction. The
threshold magnitude τ is used to evaluate if difference of normals at a
point is small enough to classify the point as a ground.

To be able to detect large scale objects (bus or truck) the rl should
be large enough to grasp the difference in geometry between ground
and the object. The effect of two different large support radii applied
for ground extraction is shown on Figure 5.2. This example illustrates
that Difference of Normals algorithm with rl = 0.7 m filtered out the
bus on the left side of the scene, see Figure 5.2b. Larger value of rl led
to preserving LiDAR points of the bus and their further clustering.

The small support radius and magnitude threshold parameters in
Difference of Normals algorithms influence detection of pedestrians
and other small arbitrary objects. Therefore, small radius rs should
be small enough to grasp the geometry of an object. In addition, a
magnitude threshold τ should be chosen according to the difference
of normals estimated with rs and rl. Small magnitude threshold value
can lead to poor ground extraction, while its large value can lead to
filtering out small objects. Therefore, it is a trade-off between proper
ground extraction and the ability to detect small objects.

Example of ground extraction and pedestrian detection is shown
on Figure 5.3. This result was gathered using the following parame-
ters: rl = 0.7 m, rs = 0.2 m and τ = 0.2 . Even though, some ground
points had been left after ground extraction, they were ignored while
clustering due to sparseness, see Figures 5.3b and 5.3c.

Effect of an object’s reflectivity

Working principle of LiDAR sensor also has impact on object detection
performance. In particular, LiDAR reading is sensitive to object’s re-
flectivity. For example, Figure 5.4 shows that windows on buses were
not captured by LiDAR. One can see that it leads to oversegmentation
of the bus on the left side of the scene. In addition, if an object or its
part is non-reflective it can be omitted by object detection due to lack
of LiDAR points or their small number.



44 CHAPTER 5. RESULTS

(a) Camera image of the scene

(b) Point cloud after pre-processing overlaid with clustering result with rl =
0.7 m, rs = 0.2 and τ = 0.2

(c) Point cloud after pre-processing overlaid with clustering result with rl =
1.0 m, rs = 0.2 and τ = 0.2

Figure 5.2: The effect of different large support radii on object detec-
tion. On (b) and (c) pre-processed point cloud (red points) overlaid
with clustered point cloud (different color for each cluster)
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(a) Camera image of the scene

(b) Point cloud after ground extraction

(c) Point cloud after pre-processing overlaid with clustering result

Figure 5.3: Pedestrian detection result. On (c) pre-processed point
cloud (red points) overlaid with clustered point cloud (different color
for each cluster)
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(a) Camera image of the scene

(b) Point cloud after pre-processing overlaid with clustering result

Figure 5.4: Object detection result depending on object’s reflectivity.
On (b) pre-processed point cloud (red points) overlaid with clustered
point cloud (different color for each cluster).
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Effect of LiDAR data sparsity

It can be seen on all figures with a point cloud in this chapter that
VLP-16 LiDAR data is sparse and do not have readings after a certain
distance. The LiDAR data sparsity influences the detection at large dis-
tances and small objects detection. LiDAR beams become more spread
out as the distance increases. On ground extraction stage with Differ-
ence of Normals method, since rs = 0.2 m it can cover points of one
beam only. Hence, estimated normal vector does not correspond to an
underlying surface in far distances.

Small object detection with sparse LiDAR data is a challenging task
for two reasons. First, since a small object gets fewer LiDAR readings it
is required to have low value for minimum number of point to form a
cluster sizemin. Second, as stated above rs and τ parameters influence
small object detection in a way that their low values can grasp geome-
try of small objects. However, this can result in worse ground extrac-
tion because it would also grasp noise of LiDAR data. Hence, ground
extraction which leaves ground points and small value of sizemin to
form a cluster lead to false detections.

Minimum size of a detected object

The experiment on finding the size of the smallest detected object was
performed using same parameters as for pedestrian detection and min-
imum number of point to form a cluster sizemin = 15 points. These pa-
rameters occurred to be optimal to avoid false detections and be able to
detect the large box with size 61x41x40 cm, see Figure 5.5 while boxes
with smaller size were not detected.

Maximum distance for an object detection

Investigation of the maximum distance at which an object can be de-
tected revealed that it depends on an object’s size. Large objects such
as trucks could be detected in the distance of 25 m. A car from Sce-
nario 2 was detected within 18 m. Pedestrians were detected in the
distance shorter than 15 m, see Figure 5.3c. Finally, the smallest object
from Scenario 4 was detected at the distance less than 8 meters.
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(a) Camera image of the scene

(b) Point cloud after pre-processing overlaid with ground extraction and clus-
tering result

Figure 5.5: Result illustrating small objects detection. On (b) pre-
processed point cloud (red points) overlaid with clustered point cloud
(different color for each cluster).
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5.3.2 Multiple object tracking results

The tracking method could track moving objects in all scenarios ac-
cording to detections.

As mentioned above false detections can occur due to poor choice
of parameters. In order to eliminate the false detections, it is proposed
to apply tracking of detections. This means that a detection is con-
sidered as an object if it has appeared several times sequentially. Fig-
ure 5.6 illustrate the tracking of objects from the Scenario 1. One can
see that there are 3 tracking objects and one spurious detection on the
right side of the scene. The system eliminates the spurious detection
because it is inconsistent.

Tracking robustness (the ability to maintain tracks over frames) de-
pends on the detection consistency. Figure 5.7 illustrates the continu-
ous tracking paths of 2 people in Scenario 3. Since the third person is
farther than 15 m away the track is not created. On the other hand,
Figure 5.8 shows that tracks can be fragmented due to merging and
splitting of detections, occlusions or discontinuous detections.

Object’s dynamic classification (static vs. dynamic) was correct for
pedestrians and for the car. Whereas the dynamic class of a large static
object, namely a bus, was classified incorrectly in many cases, see Fig-
ure 5.8. The reason of dynamic misclassification is that centroids of
large objects change positions due to different view points resulting to
a non-zero velocity of detected objects.

5.4 Performance evaluation

Performance evaluation of the detection and tracking framework is
summarized in Table 5.1. The overall result has reasonably high score
of TRDR and MOTA 82.36% and 79.10% respectively. The scores are in-
fluenced by testing results of each of the scenario. From the table, one
can notice that Scenario 1 has high value of FAR metric and low value
of MOTA due to non-reflective parts and overestimation of buses. Sce-
nario 2 is relatively easy having one object to track. Hence, it has the
highest rate of TRDR. Scenario 3 has the lowest value of TRDR and
MOTA because the third person is outside of the detection range of
the detection algorithm (further than 15 m) in most recorded frames.
Finally, in Scenario 4 merging and splitting of detections and as a re-
sult the high number of IDSW led to 85.54% score of TRDR and 84.97%
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(a) Camera image of the scene

(b) Point cloud after ground extraction, clustering and tracking

Figure 5.6: Illustration of tracking of objects and elimination of spuri-
ous detections. On (b) there are 3 tracking objects meaning that each
detection is detected in more than 5 sequential frames (here green
cube). Note that green cubes of tracking representations overlay the
blue spheres of detections. On the right side, there is a spurious detec-
tion which is not considered as an object.
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(a) Camera image of the scene

(b) Point cloud after ground extraction, clustering and tracking including the
visualization of tracked paths

Figure 5.7: Illustration of tracking paths of 2 objects. On (a) the person
in far distance is not detected, another person is out of camera field of
view. On (b) there are 2 tracking objects (red cubes) with correspond-
ing paths (red and purple lines). Note that red color track belongs to
the person who is outside of the camera field of view.



52 CHAPTER 5. RESULTS

(a) Camera image of the scene

(b) Point cloud after ground extraction, clustering and tracking including the
visualization of tracked paths

Figure 5.8: Illustration of tracking of objects, their classification to dy-
namic and static, and visualization of tracked paths. On (b) tracking
paths are showed by lines where each color illustrates a different track.
The scene shows that tracks are interrupted sometimes due to merg-
ing and splitting of detections, and intermittent detection. Note that a
bus on right side is classified as a dynamic object due to inconsistent
LiDAR reading.
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score of MOTA.

Table 5.1: Overall evaluation result

Metrics Scen. 1 Scen. 2 Scen. 3 Scen. 4 Overall
TRDR, % 80.92 89.34 72.54 85.54 82.36 ± 5.36
FAR, % 13.64 0 0 0 2.89 ±3.41
MOTA, % 67.75 85.65 72.54 84.97 79.10 ±8.08
Total Obj. Number 524 704 987 1737 3952
Total Frames 175 548 391 400 1514

The summary of the evaluation of detection and tracking perfor-
mance is stated below:

• The detection rate and accuracy are 82% and 79% respectively.

• Object detection is depended on parameters in ground extrac-
tion. The parameters might differ for detection of various scale
objects.

• LiDAR data sparsity influences the performance of small object
detection and limits the detection in far distances.

• Non-reflective parts of an object might result in oversegmenta-
tion.

• Experiments on investigation of the minimum size of detected
objects revealed that it is roughly 61x41x40cm size.

• The detection distance range of an object depends on its size (for
buses/trucks it is about 25m, for cars it is approximately 18m, for
pedestrians the detecting range is around 15m).



Chapter 6

Conclusions and Future Work

The chapter highlights important discoveries found throughout the
thesis research and implementation phase. First, the conclusion on the
proposed detection and tracking framework is presented considering
objectives of the thesis. Then potential improvements are formulated
in the Future Work section. Finally, the social impact and ethical as-
pects of autonomous driving are discussed in the last section.

6.1 Conclusions

3D LiDARs have became the great solution for detection and tracking
task in environment perception for autonomous vehicles since they
provide lightning independent data of the direct distance to an object.
However, 3D LiDAR data is sparse and cannot grasp the an object at
large distances. Also, the reflectivity of an object plays important role
in object detection. In addition, the sensor mounting position on a
heavy duty vehicle limits the perception of the environment. There-
fore, detection and tracking of objects using sparse 3D LiDAR data is
considered as a challenging task.

Despite these challenges the accuracy of the proposed detection
and tracking framework is 79%. It is revealed that the minimum size
of an object which can be detected within 8 m is 61x41x40 cm. The de-
tection distance range depends on the size of an object such that bigger
objects (trucks and buses) can be detected within 25 m, while cars and
pedestrians within 18 m and 15 m correspondingly.

The proposed framework shows good results on data collected from
a heavy duty vehicle. As stated in Chapter 5 it is able to detect and

54
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track unknown objects including vehicles, pedestrians, and small ob-
jects. However, there are some weak points in the performance such as
relatively short detection range, limitations in detection of very small
objects and oversegmentation. These weak points can be eliminated
as it is discussed in the next section.

6.2 Future work

There are two directions to improve the performance: increase density
of a point cloud and change the representation of objects’ clusters.

More dense point clouds will improve detection of small objects,
objects in large distances and, in some cases, eliminate oversegmen-
tation of large objects with non-reflective parts. One of the approach
to up-sample a point cloud (i.e. increase density of points) is to create
a depth image, for example, by sequential merging of LiDAR scans
[41] or with camera support [77], [19]. One should remember that up-
sampling using the LiDAR scans does not solve the oversegmentation
problem since there will be still gaps in non-reflective areas of an ob-
ject. In contrast, the up-sampling methods with camera support re-
solve the oversegmentation issue.

The change of objects cluster representation from a centroid to a
bounding box [62] and its further classification based on shape will re-
duce false detection rate. In addition, the application of certain motion
models to a class will improve tracking. Examples of motion models
are constant velocity and constant turn-rate velocity for a vehicle, and
random motion for other objects. Since these motion models are not
linear it will be required to use an EKF or UKF for tracking.

6.3 Ethical aspects in autonomous driving

The field of autonomous driving has been developing fast in recent
years. Common use of autonomous vehicles will have great influence
on society. First, autonomous vehicles have the potential to improve
road safety [66]. Thousands of lives per year will be saved if crashes
on roads related to drivers’ error, fatigue, alcohol or drugs are elim-
inated. Second, autonomous heavy duty vehicles would accelerate
businesses and solve the problem of drivers shortage in the industry
[73]. Third, autonomous vehicles can travel with shorter headways
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due to improved safety, leading to increased road and intersection ca-
pacities [33], [38]. Finally, autonomous driving for heavy duty vehi-
cles application will facilitate business development and address the
driver’s shortage problem.

Environmental perception is only a small part in autonomous sys-
tems but plays an essential role. It scans surrounding areas and de-
tects obstacles. This information further can be given to a driver or
processed by decision making module depending on the vehicle au-
tonomy level. Actions are taken either by a driver based on his/her
judgment which differ from person to person or by a system with pre-
defined decision logic. Developing this decision-making logic raised
many ethical questions. In this section following question are stated:
(1) Who decides the decision-making rules on a vehicle? (2) How to
achieve equal level of safety on autonomous cars? (3) Who is respon-
sible for accidents if they occur?

The first question is related to finding the right answer to the Trol-
ley Problem. In this classic problem, a trolley is going down the tracks
towards five people. A lever can be pulled to redirect the trolley, but
there is one person stuck on the only alternative track. The scenario
exposes the moral question: Is it morally acceptable to kill one to save
five, or should you allow five to die rather than actively hurt one? The
answer on this question is not trivial and depends on people’s judg-
ment. Therefore, in case of autonomous vehicles for personal use it is
reasonable to give people the option to decide the ethical choices for
the vehicle they travel with. On the other hand, ethical choice for com-
mercial autonomous vehicles (i.e. buses and trucks) should be decided
by a committee and then approved by voting of citizens on a national
or even global scale.

The second question is related to certification of autonomous ve-
hicles before being used. Nowadays, companies develop algorithms
using different metrics to evaluate performance of an assistance sys-
tem and different motion control logic in similar situations. To achieve
safety on the road it is vital to have unified standards for autonomous
vehicles on national and global scale. For instance, currently, PEGA-
SUS Project of the German Federal Ministry of Economic Affairs and
Energy [55] is involved in various projects to define the legal frame-
work for type approval to ensure that autonomous vehicles are safe
and secure.

The third question is related to legal aspect of responsibility for an
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assistance system performance. As an example author considers that a
vehicle has SAE classification level less that Level 5 or that the system
is under development, since it is assumed that after certification fully
autonomous vehicle actions cannot be the reason of an accident. Thus,
if an accident occurs with an autonomous vehicle, the responsibility
for the accident can be either on a driver or on a car manufacturer
depending on the situation when the accident occurred. These cases
should be investigated carefully and guilty part takes responsibility.

To summarize, even though current technologies are very close to
the point of having fully autonomous vehicles there are plenty of un-
solved ethical and legal aspects. These aspects should be discussed
and tackled on regional, national and global scales to achieve planned
results of autonomous vehicle integration to the society.
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