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Abstract
Autonomous parking is a field within ADAS/AD that requires exceptionally high
spatial precision, given the close proximity to vehicles, people, and other obsta-
cles. Surround-view camera systems are often used to both map the environment
and estimate the vehicle’s position by creating a stitched birds-eye view image of
the vehicle’s surroundings. To aid the development and evaluation of these sys-
tems, high-accuracy distance measurements between the car and its environment are
needed. This thesis presents a drone-based system that utilizes a monocular camera
to estimate ground-level distances in parking environments. Using car-mounted AR
fiducial markers as reference objects, the system achieves centimeter-level accuracy
at distances up to 10 meters relative to the car. In addition to the distance estima-
tion pipeline, a vision-based drone controller was implemented to track a target car
and maintain optimal positioning for video data collection during dynamic parking
scenarios. Real-world testing demonstrates that the proposed method yields consis-
tent results, highlighting its potential as a low-cost and flexible tool for generating
ground truth distances. To our knowledge, this is the first application of monocular
drone-based distance estimation for the development and validation of ADAS/AD
systems.

Keywords: Monocular Camera Distance Estimation, ADAS, Autonomous Parking,
Surround View 360-camera, Vision-based Drone Control, PID
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List of Acronyms

Below is the list of acronyms that have been used throughout this thesis listed in
alphabetical order:

ADAS/AD Advanced Driver-Assistance Systems / Autonomous Driving
AR Augmented Reality
ARE Absolute Relative Error
BEV Bird’s-Eye View
CLAHE Contrast Limited Adaptive Histogram Equalization
FOV Field of View
LiDAR Light Detection And Ranging
MAE Mean Absolute Error
MPC Model Predictive Control
PID Proportional–integral–derivative
RMS Root Mean Square
SDK Software Development Kit
SIFT Scale Invariant Feature Transform
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Nomenclature

Below is the nomenclature of indices, sets, parameters, and variables that have been
used throughout this thesis.

Sets

x State vector
u Input vector
y Output vector

Parameters

coverhang Car rear overhang
clength Car length
cx, cy Principal point coordinates (optical center)
D = Distortion
vector
fw, fh Frame width and frame height
fx, fy Focal lengths in pixels along the x and y axes
K = Camera
matrix
Kp Proportional gain
Ki Integral gain
Kd Derivative gain
k1, k2, k3 Radial distortion coefficients
lbb Bounding box length
Pdesired Desired brightness
p1, p2 Tangential distortion coefficients
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wbb Bounding box width

Variables

A,B,C,D State space matrices

~C =
cx
cy

 Car’s position vector

C,G Control and system transfer functions
dpx Distance in pixels
dcm Distance in centimeters
e Control error
~ep Positional error vector
eψ Rotational error
eh Altitude error
h Drone height
MP , PO Peak overshoot, percent overshoot
mpx Marker pixel circumference

~O =
ox
oy

 Origin’s position vector

pixelPerCm Number of pixels per centimeter for each frame
t Time
tr Rise time
ts Settling time

~P =
px
py

 Drone’s position vector

uc Control input
yref Reference output
y System output
ym Measured output
ψ Drone yaw angle
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1
Introduction

With the rise of autonomous driving and advanced driver-assistance systems (ADAS),
the demand for accurate data to support vehicle perception has grown signi�cantly.
Parking is a speci�c area within ADAS that requires exceptionally high spatial pre-
cision due to the close proximity to surrounding vehicles and obstacles. In modern
vehicles, surround-view camera systems are commonly used for enhanced vehicle
perception during parking. However, achieving the required level of precision is
challenging in practice, as sensor noise and environmental variability introduce sig-
ni�cant uncertainty. This is mainly due to the di�culty of extracting reliable mea-
surements from the cameras, which are hindered by their low perspective, high lens
distortion, and imperfect stitching, all of which impair accurate environmental map-
ping.

To improve surround view systems, accurate ground truth distance data consist-
ing of the vehicle's position relative to the parking area needs to be collected and
evaluated, which in turn will enable improvements to the surround view system's
distance measurements. A drone-mounted downward-facing camera o�ers a promis-
ing solution, providing a stable bird's-eye view (BEV) image, similar to a car's
surround-view camera BEV image. However, the drone has a more comprehensive
and reliable high-resolution image, better suited for extracting relative distances to
parking lines and neighboring cars. This higher vantage point enables better feature
tracking, better visibility of parking spaces, and a more accurate understanding of
the environment, improving data-driven decision-making for parking functionalities.

1.1 Purpose and Objective

This thesis aims to develop a drone-based system that gathers video data of parking
scenarios and accurately extracts real-world distances from this data. The objective
is to implement a drone controller that tracks and follows a target car autonomously
while recording video. Using computer vision, the video data will be post-processed
to �nd distances between di�erent features in the recorded frames. In current sur-
round view systems, the relative position between the car and the parking spot
corners is the key feature for accurately positioning the car in the world frame.
Hence, in the post-processing, we measure the distances only between these fea-
tures. We de�ne the accuracy of the distance measuring algorithms as the primary
performance metric for our system. To enable desired accuracy, it is crucial to have
both accurate distance estimation algorithms, a responsive controller, and a stable
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1. Introduction

camera view.

The objective is summarized into three research questions:

ˆ To what accuracy can real-world distances between features in the frame be
extracted from the video data collected from a single drone-mounted BEV
camera?

ˆ What are the bene�ts and limitations of using a drone's bird's eye view with
computer vision to determine physical distances for evaluation of ADAS park-
ing systems?

ˆ What is the qualitative and quantitative performance of a decoupled PID
controller used for drone tracking of a moving car?

1.2 Contributions

In this thesis, we present a novel drone-based system for estimating ground plane
distances, tailored for parking-ADAS applications. The distance estimations achieve
centimeter accuracy for distances up to 10 meters and are su�ciently accurate to
serve as ground truth distances during the development of surround view systems
used in modern cars.

1.3 Delimitations

In this project, we will limit the scope to address distance estimations to park-
ing spots with speci�c speci�cations, focusing on rectangular parking spaces with
four solid, clearly visible boundary lines that are not obstructed or occluded by
other vehicles or debris. The system will handle all visible parking spots of this
type simultaneously. These can be located in large outdoor parking lots as well as
custom-con�gured spaces outlined by movable lane markers. The project will not
handle residential area parking, street parking, or other types of parking areas.

The tracking controller for the drone should be adapted for real-time tracking of
the target vehicle during standard parking velocities and maneuvers. No attempt
will be made to control the car or establish any telemetry connection to the vehicle.

All video data is recorded while the drone is in �ight and subsequently processed
o�ine on separate computing systems, independent of the drone's remote controller
hardware. Hence, the processing will not be handled in real time.

Throughout the entire project, we will exclusively utilize the DJI Mavic 2 Pro drone,
and our solution will be speci�cally tailored to this drone using the DJI Mobile SDK.

2



1. Introduction

1.4 Related Work

The dual objective of the thesis, to both implement a drone controller and develop
monocular camera distance estimation algorithms, necessitates a review of litera-
ture across multiple research domains. This subsection examines relevant work in
vision-based drone control, distance estimation using monocular cameras, and data
collection for ADAS development.

Vision-based sensing and control for drones is a rapidly evolving �eld. Current
research is often focused on high-velocity navigation and obstacle avoidance using
Machine Learning [3], which builds on previous research using classical model-based
methods, often model predictive control (MPC) [4][5][6]. However, our thesis fo-
cuses on slow-speed applications where accuracy and stability are of high impor-
tance. Several papers have investigated methodologies for improving these speci�c
aspects. In [7], the author focuses on maximizing state estimation accuracy by
using a Kalman �lter whose output is fed to an MPC. Accurate state estimation
is crucial for data collection in monitoring, inspection, and patrolling applications.
Jeon and Jin Kim [8] present another method for similar drone control applications,
focusing on autonomously following an object as smoothly as possible for videog-
raphy by integrating a target motion prediction module. A more general method
for drone control implemented by Reizenstein [9], is a simpli�ed system model, that
maps throttle and angular control inputs to positional and vertical control through
a black box model, developed by Kugelberg [10]. The drone's latitudinal positionx,
longitudinal position y, and height z, are controlled independently using PID con-
trollers. In our implementation, we employ a similar control methodology, utilizing
independent PID controllers for position, yaw, and height.

There are several papers on distance estimation from monocular cameras, both for
the general camera problem [25] and with the use of drones [26], in this case to de-
termine distances from a person to an object. These papers are focused on distance
estimation relative to the cameraand utilize deep learning-based monocular depth
estimation models. Their approaches to depth perception could theoretically be
applicable to our work, as our system similarly requires accurate height estimation
between the ground and the drone, to enable accurate distance measuring between
features on the ground plane. However, the resulting accuracy of the distance esti-
mations is far from su�cient for ground truth applications, where [25] had a mean
relative error of 11% and [26] had up to 30 cm error to a target person and an
error to an obstacle of up to 60 cm. Other papers focus on determining distances
between features in the image. In a paper on single-view metrology [27], Criminisi
et al. use the geometry of the vanishing point and a reference length to estimate 3D
a�ne measurements in a single picture. However, this approach typically depends
on images of a 3D environment, containing identi�able parallel lines to determine
the vanishing point, and reference lengths in each desired direction of measurement.

A byproduct of our system is the collection of large amounts of aerial video data of
parking spaces, which we subsequently label with distances to facilitate the develop-
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1. Introduction

ment of ADAS. There are several large datasets with images for ADAS development,
such as Zenseact Open Dataset [11], Waymo Open Dataset [12], Cityscapes Dataset
[13], and nuScenes Dataset [14]. However, these are primarily road-focused and
do not contain speci�c parking images. Wang et. al have collected parking area
data speci�cally for ADAS parking functions and automatic parking [15], but it
relies solely on car-mounted sensors, such as forward-facing cameras, radar, and
surround-view camera systems. There are studies exploring the use of drones for
monitoring and managing parking spaces in urban areas, [16] and [17], but none
focus on collecting parking images and data with drones for ADAS development.
We believe that this approach is underutilized and represents a gap in the research
that we intend to address.

1.5 System Description

The system consists of two main parts: the drone, equipped with a vision-based con-
troller, which tracks the car while video recording, and the algorithms that process
the recorded videos to measure distances. The controller utilizes a roof-mounted
ArUco marker [19] as the setpoint to facilitate tracking, as illustrated in Figure
1.1. From the recorded video, the car is detected, as well as all the parking spots.
Pixel distances are then used to approximate physical distances between the car and
parking spots, illustrated in Figure 1.2.

Figure 1.1: Illustration of a drone tracking a roof-mounted ArUco marker.
(Generated by OpenAI's ChatGPT 4o, private communication, 12 May 2025)
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