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Abstract

Autonomous mobile robots have become a viable solution for advancing parking lot

infrastructures to be autonomously patrolled and surveyed remotely. Towards this

goal, this thesis presents a monocular vision-based perception system that generates a

visually interpretable parking lot map using a constructed 1/3rd scale Security Patrol

Robot (SPR). The proposed perception pipeline uses semantic segmentation, inverse

perspective mapping, probabilistic line detection, and pose-based line clustering to

approximate metric-scaled line marking representations. An incremental mapping

algorithm uses robot localization to merge spatially related line detections and create

a globally consistent map. Parking spots are detected based on mapped geometry and

occupancy is classified using 3D vehicle detection. The end-to-end system is verified

using data captured by the SPR in an outdoor parking lot environment. The results

show the developed framework is capable of efficient parking lot mapping and spot

detection under real-world conditions.

Keywords: mobile robot; SLAM; parking lot mapping; parking spot detection;

monocular vision
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Chapter 1

Introduction

1.1 Background and Motivation

Autonomous mobile robots (AMRs) have become an increasingly popular choice for

use in urban infrastructures to produce a new-age of smart cities that improves the

quality of life for humans. Towards this goal, signi�cant research and development

has been made to integrate AMRs in spaces such as package delivery and sanitation;

however, a wide range of use cases remain under-explored. One such area is parking

lot patrol, where a mobile robot can be deployed to autonomously map the layout

of a parking lot, identify unique spots and assess their occupancy status. The data

collected from such a system could become useful in remote enforcement of parking

lot violations (e.g. extended stay, loitering), generate real-time occupancy statistics

and inform municipalities on areas that see high activity and may require future

expansion. Additionally, the resulting map could be abstracted for use in HD maps [1]

which autonomous vehicles depend on for navigation and path planning. Currently,

most AMRs are designed for speci�c domains and do not generalize well to other

environments. For example, delivery robots are made compact to operate on sidewalks

alongside humans while sanitation robots tend to be larger in size but built around
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industrial 
oor scrubbers. There is a growing demand in the robotics �eld for a

general purpose mobile robot that is su�ciently large to operate alongside vehicles

but remains modular and cost e�ective in comparison to full-scale cars.

Parking spot detection, however, has remained an active area of research for many

years, driven largely by the goal to enable vehicles to autonomously locate and navi-

gate into spaces without user intervention. Toward this objective, modern day vehicles

are now commonly equipped with four to eight �sheye cameras [2] around the car body

to form the basis of around view monitor (AVM). Images are typically processed and

stitched together to create a birds-eye perspective of the environment in which park-

ing spots can be identi�ed using classical computer vision or deep learning techniques.

While this approach is e�ective in visually perceiving the surrounding environment,

it comes with signi�cant complexity. AVM systems require precise intrinsic and ex-

trinsic calibration for proper functionality. Furthermore, �sheye cameras are used

for near-�eld sensing, limiting detection pipelines to using only the front entrance of

spots. Therefore, current solutions do not extend to creating a metric-accurate map

including parking lot markings and spots across an entire environment.

1.2 Scope

The primary scope of this research is the design and development of a mobile robot

platform for parking lot mapping and spot detection with occupancy classi�cation.

This includes the mechanical design, electrical architecture and software development

required to produce a fully functional prototype. All three subsystems should priori-

tize robustness, modularity, safety, and reproducibility to support future development.

The constructed robot must also be capable of precise low-level control, simultaneous

localization and mapping (SLAM) in an outdoor environment and remote teleop-

eration. The designed perception system should incrementally build a metric-scale
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map of the lane markings found in the parking lot that is globally consistent with

the real-world layout. Additionally, parking spots should be accurately detected and

visualized along with an indication of the occupancy status. Finally, the perception

algorithm should rely only on images from monocular cameras, and the robot's pose

to ensure reproducibility with minimal hardware requirements.

1.3 Objectives

The detailed objectives of this thesis include:

Robot Design

ˆ Design and construct a mid-sized (1/3rd) mobile robot capable of robust and

safe navigation in outdoor parking lots.

ˆ Integrate a modular electrical hardware architecture for integration of sensors

to enable localization, navigation, and mapping tasks.

ˆ Implement low-level control software for accurate steering and velocity tracking.

Perception Pipeline

ˆ Develop a monocular-vision based perception algorithm for extracting metric-

scaled parking lot line markings and vehicles footprints.

ˆ Implement semantic segmentation, 3D vehicle detection, inverse perspective

mapping, and line detection for robust geometric feature detection in outdoor

environments.

Parking Lot Mapping and Spot Detection

ˆ Integrate global localization on the SPR for accurate pose estimation in outdoor

environments

ˆ Develop an incremental mapping framework to generate a global representation

3



of a parking lot environment in metric-scale

ˆ Integrate spatial indexing and geometric merging to continuously update feature

representations

ˆ Implement a spot detection algorithm to produce parking spot locations with

vehicle occupancy classi�ed

ˆ Validate the end-to-end system in an outdoor parking lot

1.4 Outline

This thesis is organized as follows:

Chapter 2 reviews prior work related to parking spot detection and mapping. Vi-

sion and range-based sensor systems techniques, and mobile robot platforms capable

of navigation and sensing in outdoor environments are discussed.

Chapter 3 presents the design and development of the Security Patrol Robot

(SPR) including it's mechanical, electrical, and software subsystems.

Chapter 4 details the perception pipeline used for extracting metric features

from monocular camera images captured by the SPR. This includes visual perception,

inverse perspective mapping, and line marking estimation.

Chapter 5 describes the parking lot mapping and spot detection framework. This

includes SPR global pose estimation, incremental line marking, and spot detection

with occupancy classi�cation.

Chapter 6 presents the experimental results obtained using the SPR in an out-

door parking lot environment. The e�cacy of the SPR platform, perception pipeline,

mapping, and spot detection methods are evaluated.

Chapter 7 concludes the work, summarizes the key �ndings, and suggests future

work.
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Chapter 2

Literature Review

2.1 Introduction

This chapter presents an in-depth review of the literature covering all areas discussed

within this thesis. Although limited public research exists on parking spot detection

and mapping using a mobile robot, inspiration can be drawn from advanced driver

assistance systems (ADAS) for automobiles. First, a survey of the sensors used for

perception of a parking lot environment is presented. Following this is a detailed

discussion of spot detection techniques, split into classical computer vision, and deep

learning-based methods. Next, parking lot mapping techniques are reviewed. For

clarity, mapping in this context refers to the generation of a metric-scaled map which

contains a realistic representation of line markings and spots found throughout a

parking lot. Subsequently, a review is conducted on mobile robot designs used for

various applications. Designs are assessed for their reproducibility and capability to

operate in an outdoor environment among full-scale vehicles. Lastly, a summary is

presented to clearly address the identi�ed gaps and reinforce the motivation of this

work.
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2.2 Sensor Systems for Parking Spot Detection

Vehicle numbers continue to increase in urban areas resulting in congestion and grow-

ing frustration among drivers to �nd available parking spaces at their destination.

Individuals often struggle to park in these tight and crowded areas. This has driven

research to develop a fully automatic solution that identi�es parking spaces around

the user's vehicle. For this purpose, researchers have experimented with a variety of

sensors for perception around the ego-vehicle including visual and range-based sen-

sors. This section reviews the literature of these sensor systems to understand their

capabilities and limitations particularly for adaptation to mobile robotic platforms.

2.2.1 Vision-Based Systems

Visual sensors have become a fundamental component in the development of advanced

parking spot detection systems in vehicles [3]. They are chosen for their ability to

produce high-resolution images that accurately render colour and textures within an

environment. Vision sensors come in various forms each with their own advantages

and disadvantages. Careful consideration of a camera's unique characteristics is re-

quired before implementation on a mobile robot. Accordingly, this section reviews

two types of vision sensors relevant for parking spot detection and mapping appli-

cations: monocular and �sheye cameras. In addition, vision systems composed of

multiple cameras are also discussed.

Monocular Cameras

Monocular cameras are the most widely studied and utilized sensor in computer vision

research as they are favoured for their low-cost, compact form, and rich sensor data [4].

These cameras feature a single lens which captures light from an observed 3D-scene

and projects it to a 2D-image. Consequently, the sensor's performance is sensitive
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to lighting and harsh weather conditions within the environment. For instance, low

or overly bright light can signi�cantly a�ect the contrast of image and reduce clarity

of observed artifacts like parking lot lines [5]. Nonetheless, visual data is critical for

pattern analysis and semantic understanding of a scene and so these challenges are

necessary to overcome.

Mathematically the projection of the observed world to the image sensor is de-

�ned by the pinhole camera model [6]. It assumes a distortion-free image, however,

in practice, lens distortion is common and must be corrected for using calibration.

This process obtains a polynomial modelling radial distortion as well as the intrinsic

parameters of the camera such as focal length, principal point, and skew [7].

Due to the nature of monocular cameras, the absolute scale of the scene is lost.

However, it is possible to recover the real world position of points lying on the ground

using inverse perspective mapping (IPM) [8]. This method assumes that all points in

the image are on a level ground plane and that the camera's extrinsic parameters (i.e.

position, orientation) relative to it are known. This technique is commonly applied in

vehicle technology to transform images to a birds-eye view (BEV) that is metric-scaled

and free of perspective distortion [9]. The accuracy of its results, however, decline

if the observed image contains 3D objects or if the camera's extrinsics unexpectedly

change during operation (e.g. driving over a speed bump). Observed 3D objects

are poorly visualized in the resulting BEV image, thus the metric information of

representing them is unreliable.

Fisheye Cameras

While monocular cameras are practical for parking spot detection and mapping,

ADAS vehicle technology has moved towards the use of �sheye cameras [10]. They

operate similarly to monocular cameras but feature a wide-angle lens that signi�-

cantly increases the perceived �eld-of-view (FOV). For reference, monocular cameras
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tend to have a horizontal FOV (hFOV) of 120° and vertical FOV (vFOV) of 60° while

�sheye cameras have a 180° hFOV and 150° vFOV [11].

This can be bene�cial for parking spot detection when combined with IPM as

more parking spaces can be viewed at once. However, this increased FOV introduces

signi�cant non-linear radial distortion, requiring a more involved camera model and

calibration sequence in comparison to standard pinhole cameras [12]. In addition,

capture of objects further away from the sensor reduces in quality [11]. Due to this

characteristic, the IPM transformed image's region-of-interest (ROI) is limited to

approximately 4 meters from the camera in vehicle parking spot applications [13].

Since perpendicular parking spaces are de�ned by line markings that are approxi-

mately 5.5 meters long, these algorithms do not extract its full metric representation

and typically rely on entrance markings for recognition. In contrast, monocular cam-

eras can accurately capture objects at a greater distance at the expense of a more

narrow FOV. Therefore, monocular cameras are well suited for far-�eld applications

and �sheye cameras for near-�eld.

Around View Monitoring Systems

Now ubiquitous in modern vehicles are multi-camera systems that are composed of

four �sheye cameras facing independent directions. The images captured can be

transformed with IPM and synthesized to create a single 360° birds-eye view image

[14]. This system has several names in the literature including around view monitor

(AVM) [15], panoramic surround view (PSV) [16], and surround-view camera system

(SVCS) [11]. For clarity, this thesis will use AVM to refer to these 360° multi-camera

systems.

With respect to parking spot detection, this allows for the interpretation of spots

observed on all sides of the vehicle. While this greatly improves the e�ectiveness of the

parking system, the limitations of �sheye cameras remain and so restrict detection to
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the entrance points of the slot. Therefore, full mapping of the parking spot boundary

lines is not possible, assuming the vehicle traverses along the direction perpendicular

to the parking spaces. Moreover, this system would not adapt well to a mid-sized

mobile robot for parking lot mapping as the smaller base width would result in an

even smaller usable coverage area. Figure 2.1 details the functional coverage area of

a full-scale vehicle and mid-sized mobile robot equipped with AVM.

Figure 2.1: E�ective spatial coverage of �sheye cameras in a parking lot environment
using standard sedan vehicle.

2.2.2 Range Sensor Systems

Range sensors operate by emitting signals (e.g. light, sound, radio) and measuring

the time taken for it to re
ect o� an object and return [17]. The distance to an

object is recovered by using the signal's time-of-
ight and its known emission speed.

Unlike monocular cameras, these sensors are invariant to changes in illumination and

thereby preferred for use in low-light conditions. Range sensors like light detection

and ranging (LiDAR) and ultrasonic are especially popular in autonomous vehicles
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for obstacle detection, collision avoidance, localization, and mapping [18]. LiDARs

are capable of accurate distance estimation of objects as far as 100 meters in 1D,

2D, and 3D con�gurations. However, they come at a signi�cantly higher cost in

comparison to monocular cameras. Meanwhile, ultrasonic sensors tend to be low-cost

and commonly used in vehicles for 2D distance measurement under 10 meters, like

occupancy detection, but are inherently error-prone and are di�cult to interpret [19].

A disadvantage of range sensors is their inability to extract semantic detail from

the observed environment. Consequently, spot detection approaches that use these

sensors can not verify parking spot markings but instead depend on verifying free-

space between adjacent vehicles to �nd available spots [20], [21], [22]. This limitation

makes range sensors unusable for the mapping of parking spot markings and so mo-

tivates the usage of vision sensors. Some techniques are e�ective at mapping parking

lot markings by fusing a 3D LiDAR with visual sensors [23]; however, it is favourable

to avoid these expensive ranging sensors in low-cost mobile robot applications. There-

fore, the remainder of this work focuses on vision only methods.
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2.3 Parking Spot Detection

Within this thesis, spot detection refers to the method in which parking spaces are

accurately estimated in the vehicle or mobile robot's FOV using onboard sensors. In

contrast to free-space approaches which require costly range sensors and the presence

of adjacent vehicles to identify spots, marking-based methods utilize context-rich vi-

sual sensor data. Speci�cally, images are processed to identify salient features and

patterns of ground markings. Because parking spots are composed of line segments

that are straight, evenly spaced, and predictable, systems can leverage geometric pri-

ors for robust classi�cation. Since few works accomplish both mapping and detection,

this section focuses solely on the survey of marking-based spot detection approaches.

These are further categorized into classical computer vision and deep learning-based

techniques.

2.3.1 Classical Computer Vision Approaches

Many implementations of parking spot detection on vehicles rely solely on �rst-

principles computer vision techniques. These algorithms often begin by undistorting

images captured by �sheye cameras and generating a top-down view of the scene

using IPM. This data is then further processed to �nd key features of markings us-

ing classical methods such as edge detection, corner detection, line detection, and

template matching.

Corner Detection Methods

Suhr and Jung [24] proposed a fully automatic parking detection solution that uses

the rear-view �sheye camera on a vehicle to classify spots into one of �ve types.

Images were transformed into a birds-eye view and processed using the Harris corner

detector [25]. Detected corners are then classi�ed using template matching to describe
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the orientation of line markings that intersect at that point. Based on this, corners

are paired to generate one of four known junction types that describe the parking

markings entrance type. Neighbouring junctions are then paired to de�ne the �nal

spot type.

The authors later extended their work to operate on 360° AVM images to detect

multiple spots in one image [26]. The constructed AVM image covered 3.5 meters from

the front, rear, right, and left sides of the sedan vehicle. Therefore spot detection is

limited to the analysis of entrance markings and not the full length of the space. While

this methodology still relies on corner detection, it improves the robustness of results

by tracking and comparing detections from previous timesteps. As a result, spots are

more likely to remain correct throughout their lifetime within the AVM image. This

is helpful when markings become occluded or changes in lighting degrade detection.

Although these methods are e�ective in structured outdoor parking lots, they

occasionally produce incorrect detections due to the inherent limitations of traditional

computer vision and cameras. Speci�cally, the Harris corner detector fails when there

is a lack of contrast between parking lot markings and the ground surface. This is

a common occurrence as cameras capture shadows and bright re
ections that can

a�ect the sharpness of observed features. In addition, this approach type fails in

extracting corners of spots with degraded line markers as sharp edges are needed for

successful corner detection. Although tracking is helpful in rectifying poor parking

spot recognition, it does not overcome the fundamental challenge of direct detection

that is invariant to variable lighting and worn markings.

Line Detection Methods

Another approach to parking spot estimation is using traditional line detection and

geometric analysis. The goal of these approaches is to leverage the known geometric

relation between parking spot markings (i.e. parallel separating lines). Jung et al.
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[27] proposed an early integration of this strategy for rear-view �sheye cameras on

vehicles. Their framework works by �rst creating a binary image of lane marking

outlines using Sobel edge detection. Next, the Hough transform [28] is applied on

the binary image to extract line structures of the two parallel lines and perpendicular

guideline that de�nes their target spot. Final spot detection is accomplished by

querying along the guideline for T-junctions representing separating spot lines.

Wang et al. [29] proposed an alternative line detection approach that uses the

Radon transform [30]. They suggest that the Radon transform outperforms the Hough

transform in a parking lot line detection context as it has better tolerance to varying

lighting conditions. Wang et al. also implement a method for inferring parking

spot occupancy by analyzing the number of edge pixels within the boundaries of a

detected space. Yang et al. [31] also employs the Radon transform in their work with

an additional heuristic-based line �lter to mitigate false positive detections due to

bright artifacts and obstacles in the image.

Similar to other classical computer vision approaches, these algorithms su�er in

detecting markings casted with shadows or overly bright lighting as this directly

a�ects the quality of edge detection binarization. In addition, the presence of distorted

parked vehicles in the birds-eye image creates unwanted line detections. Although the

Radon transform is pointed out to be more resistant to this using a �lter, it depends

on empirical tuning of parameters which is not robust to changes in environmental

conditions over time. Moreover, the Hough and Radon transform output continuous

lines without endpoint information, meaning that without a perpendicular line, spot

corners can not be recovered.

Hamada et al. [32] proposed a variant which operates directly on 360° AVM images

from a vehicle. Unlike other line detection approaches which analyze continuous line

detections, Hamada et al. apply the probabilistic Hough transform [33] to �nd line

segments in the scene. While it still depends on error-prone edge detection, the
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probabilistic Hough transform allows for a more in-depth geometric analysis of parking

spot boundaries using their endpoints. In their work, they screen for perpendicular

lines that exist at the end of two parallel lines to classify a spot. Since it relies

on near-�eld AVM images, this requires the vehicle to often drive through spots to

obtain a full view of line geometry. This is often unfeasible in real world applications

especially for mobile robot surveillance applications.

2.3.2 Deep Learning Approaches

Deep learning has become the state-of-the-art method in parking spot detection for

its ability to overcome visual challenges that traditional computer vision techniques

su�er from [34]. Using large datasets composed of hand-labelled images, deep learning

models are trained using convolutional neural networks (CNNs) to robustly identify

visual features across varying environmental conditions [35]. Due to the nature of

training, deployed models are typically task-speci�c and focus solely on a single ob-

jective. In the context of parking spot detection, deep learning models can be split

into two categories including feature detection and object segmentation. These tech-

niques are reviewed for extension and limitations when adapting to a mobile robot

that maps markings and estimates spots.

Feature Detection Methods

Zhang et al. [13] proposed a dataset for deep learning-based parking spot detection

called PS2.0. The dataset contains 360° AVM images captured from a full-sized vehi-

cle. The 9827 training images in this collection are labelled with points that represent

two line marking junction types found at the entrance of spots in China. In their

work, a CNN-based model is trained to detect these points. Next, entrance junctions

are paired and processed in a traditional �lter which classi�es a spot using known ge-

ometric relationships. This work e�ectively improves upon classical computer vision
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techniques by removing reliance on stable illumination for feature detection. How-

ever, it has shown false positive detections in their experiments which arise when

observations greatly di�er from trained data. To this end, researchers have continued

to propose works that improve performance on PS2.0 using a similar system [36],

[37], [38], [39]. A notable work among these is proposed by Li et al. [40] who use an

additional trained model for screening vehicle occupancy in detected spots.

These methods suggest that the combination of CNN image inference and spatial

analysis can greatly outperform traditional computer vision techniques. However,

since the developed work ultimately limits detection to parking spot entrance points,

it can not be adapted to creating a detailed map of the lot environments markings

which are not exclusively used for parking spaces. Furthermore, the training data

is tailored to spots in China, which does not generalize well to junction-less spots

typically seen in Canada.

Semantic Segmentation Methods

An alternative approach to using deep learning for parking spot detection is seman-

tic segmentation which involves the pixel-level classi�cation of an image. Using this

method, image pixels are colour coded to represent object classes like vehicles, pedes-

trians, ground, and road markings. Similar to methods previously discussed, this

involves the training of a CNN framework [41] using a substantial dataset of images

labelled with pixel-level annotations and classes. The dataset should also include

images in varying environmental and lighting conditions for the model to learn and

produce robust results.

Wu et al. [16] proposed a solution for semantic segmentation on AVM images in a

parking lot environment. The authors created a dataset from images captured from a

vehicle which labelled solid white and yellow lines, dashed white and yellow lines, and

parking spot markings. Their proposed model successfully segments AVM images to
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provide masks of all ground visible ground markings. Since masks are only pixels,

further processing is required to obtain actual line characteristics like orientation,

and location. Wu et al. use classical computer vision techniques like skeletonization

and the Hough transform to produce representative lines and thereafter structural

analysis for individual spots. Jang et al. [42] employ a similar technique but are also

able to segment vehicles and walls. Instead of relying on post-processing, they use

the generated mask directly towards identifying spots. By assuming the vehicle is

perpendicular to the spot, an encoded ROI is used over the mask, which searches for

free space between line masks. If the free space is equal to the known width, the spot

is identi�ed along with vehicle occupancy.

The method of semantic segmentation is compelling as it is the only deep learning-

based approach which is capable of extension to detailed parking lot mapping. How-

ever, the methods proposed in [16] and [42] operate on near-�eld AVM images with

coverage of 10 m x 10 m and 12 m x 6 m respectively around the ego-vehicle. As

discussed in Section 2.2, and illustrated in Figure 2.1 this coverage is not su�cient

for use on a mid-sized mobile robot as it is not capable of mapping the entire span of

parking lots found in Canada. Furthermore, the datasets used for training in these

works are not shared publicly. This motivates the usage of monocular cameras to-

wards parking lot mapping and detection as the robot can accurately segment ground

markings at a further distance. In addition, there are large open-source datasets [43]

for monocular cameras that would otherwise be di�cult to annotate and create by

oneself.

2.4 Parking Lot Mapping

The previous section discussed parking spot detection in a single birds-eye view image,

however, the reviewed methods do not extend to creating a global map as their
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Figure 2.2: Annotated image on the Mapillary Vistas dataset for monocular semantic
segmentation [43]

primary use-case is for assisting human-drivers. In contrast, parking lot mapping

focuses on incrementally constructing a spatially consistent map around a vehicle

which details ground markings, vehicles, and parking spaces. This functionality is

desirable in autonomous vehicles as it can provide valuable information to improve

localization, path planning, and navigation. This section reviews the few existing

methods that work towards creating a map in parking lot environments that includes

one or more of the aforementioned features.

A vision-only mapping approach is proposed by Yang et al. [31] whose aim is to

detail parking spots and occupancy towards autonomous parking in low-cost vehicles.

Their method �rst uses a front-facing stereo camera for visual SLAM to estimate

the vehicle's pose. This is a fundamental requirement in mapping applications as

state estimation provides the transformation from the vehicle's starting point to its

current position which can be used to spatially map features in the local frame to

a global scope. Yang et al. also employ a classical computer vision approach for

parking spot detection in the vehicle's AVM image. Detected spots are transformed

into the global map using the transformation obtained from the SLAM framework.

While this is a feasible approach to spatially mapping parking spots, the approach

does not extend to markings as they use traditional line detection techniques. While
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they also introduce a method for updating occupancy status using monocular vision,

the obtained information is unlabelled and does not delineate between vehicles or

pedestrians.

Another vision-based solution is proposed is proposed by Qin et al. [44]. They

train a semantic segmentation model using a custom made dataset which includes

ground markings, vehicles, walls, speed bumps, and parking spot corners. Their

method operates directly on AVM images and consequently only focuses on near-�eld

details. Qin et al. directly use segmented line marking features for visual SLAM.

This approach does well in projecting visual features to a global map, namely line

markings and parking spots. However, the developed method does not determine

occupancy status. In addition, the dataset used is proprietary and therefore not

shared, leading to irreproducible results without signi�cant time investment. While

several other approaches exist [23], [45], they rely heavily on 3D range sensors, which

is not feasible for the targeted low-cost mobile robot application, as discussed in Sec-

tion 2.2. In summary, it is clear that there lacks a uni�ed approach that successfully

projects parking spots with vehicle occupancy and ground markings in a globally

representative map.

2.5 Mobile Robot Designs

Towards the goal of using a wheeled mobile robot (WMR) for navigation in parking

lots, it is imperative that the platform can operate visibly alongside cars, withstand

outdoor conditions, and be modular to integrate various sensors. The construction of

the robot is critical for accurate real-world testing and validation of methods devel-

oped in this work. This section surveys WMRs and evaluates their construction for

their capacity to ful�ll these requirements.

An established platform for academic use-cases is the Husky unmanned ground
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vehicle (UGV) developed by Clearpath Robotics [46]. Compared to full-scale vehicles,

the robot is small in size but is capable of indoor and outdoor navigation. The

Husky UGV is based on a skid-steer drivetrain making it highly maneuverable, and

suitable for various research goals such as perception and navigation tasks. Clearpath

Robotics speci�cally focuses on creating robots which users can alter to their desired

speci�cations. This allows for introduction of sensors, manipulators, and custom

software. Although useful in applications where people are the primary dynamic

object, its small-size is not suitable for vehicle environments where it is blind to

drivers. Besides Clearpath Robotics, there are no other providers of large scale WMRs

appropriate for experimentation in outdoor parking lots.

Within academia, there are several mobile robot designs that are publicly shared

with detailed documentation for others to recreate and use towards education or

research-driven purposes. A notable example is F1TENTH [47], which is a 1/10th

scale RC car modi�ed with hardware required for autonomy (i.e. sensors, con�g-

urable motor controllers, and power distribution). This platform is commonly used

for validating autonomous racing research within indoor environments. Similar open-

sourced platforms have since been created by also modifying a 1/10th scale RC-Car.

For instance, MuSHR [48] aims to provide a more cost-e�ective solution by using only

o�-the-shelf components. Chronos [49] on the other hand, builds o� a 1/28th scale

car to enable the development of multi-agent experiments. The size of these robots

are not suitable for use alongside full-scale vehicles. Moreover, their documented

hardware is based on low-voltage systems (5V to 11.1V) which cannot be extended

to larger scale platforms that operate on 24V or more. These reasons suggest that

a custom designed and developed WMR is required for e�ective experimentation of

parking lot mapping methodologies.
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2.6 Summary and Contributions

In summary, a detailed review is presented of approaches used for parking spot detec-

tion and mapping. In the surveyed research, it is found that the majority of work is

aimed towards full-scale vehicles using surround-view camera systems for local park-

ing spot detection. It was found that these methods can not easily be adapted to

parking lot mapping as they are based on near-view �sheye cameras. While e�ec-

tive for detecting the entrances of spots, these cameras fail to capture high-resolution

detail of full line markings. This is a critical limitation, as parking lot mapping neces-

sitates mapping full geometric information for creating a interpretable representation

of the environment.

In addition, the methods reviewed for parking spot detection are categorized as

classical and deep learning-based approaches. The former is strongly in
uenced by

lighting conditions and does not make it a reliable approach in parking lot mapping.

The latter improves on this shortcoming by training CNN on labelled image data to

recover desired visual features. However, the reviewed approaches are dependent on

near-view cameras and are not suited for full geometric mapping. Furthermore, the

reviewed work focus primarily on the local detection of parking spaces for ADAS.

As a result, these approaches do not develop a global map as the ego-vehicle travels

in the environment. The one work [44] that presents a mapping approach does not

recover line markings, and operates on AVM images and a closed-source deep learning

model.

To address these gaps, we propose an end-to-end system that creates a metric-

scaled global representation of outdoor parking lot environments using a mid-sized

mobile robot platform. We integrate monocular cameras to capture detailed far-�eld

features. To the best of the author's knowledge, the contributions of this work are as

follows:
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1. A monocular camera-based perception pipeline for parking lot mapping that

includes metric line markings, spots, and vehicle occupancy

2. A BEV-based line marking estimation algorithm using semantic segmentation,

mask �ltering, PPHT, and pose-based line clustering.

3. An incremental global mapping algorithm that uses R-tree spatial indexing and

geometry-based line merging

4. An online parking spot detection algorithm based on metric spatial relationships

and 3D vehicle detection for occupancy classi�cation

5. A reproducible 1/3rd scale mobile robot platform for exploring outdoor parking

lot environments and retrieving sensory data for parking lot mapping
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Chapter 3

Design of Security Patrol Robot

3.1 Introduction

The task of parking lot patrol and navigation requires a wheeled mobile robot design

of su�cient size to be identi�able by pedestrians and dynamic vehicles. To the best

of the author's knowledge, few mobile robots are readily available for this task, nor

provide adequate space for mounting of a large sensor suite. This chapter presents

the design and development of a 1/3rd scale vehicle, named the Security Patrol Robot

(SPR). The SPR's construction is detailed by major subsystems including mechan-

ical, electrical and software designs. The designed robot is capable of navigating

outdoor parking lot environments while obtaining abundant sensory information of

its surroundings for use in advanced parking lot patrol algorithms. The chapter is

comprehensive to encourage re-creation of the vehicle or its modular subsystem that

can be adapted to any medium scale autonomous mobile robot.
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Figure 3.1: SPR CAD isometric view

3.2 Mechanical Design

3.2.1 Chassis Design

The SPR was designed to be su�ciently large in size for safe operation in parking

lot environments where dynamic vehicles are present. The core chassis of the robot

is a welded steel frame, which supports the rigid mounting of suspension, drive, and

supplemental components. The overall length, width, and height of the assembled

robot are 0.59m, 0.85m, and 1.02m respectively. In comparison to the average sedan

vehicle, this is approximately 1/3rd scale, providing greater mobility while remaining

visible to drivers. The SPR is a wheeled mobile robot (WMR) and adopts a steering

con�guration known as Ackermann steering. This is similar to the kinematics of a

standard vehicle where the rear wheels are actuated for propulsion while the front

wheels are responsible for steering. In contrast to typical di�erential drive WMRs,

this drive system provides more natural motion trajectories which reduces unwanted

lateral movement that degrades localization performance. Besides this, several elec-
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trical enclosures are mounted to the chassis to provide adequate space for hardware

components used towards creating an autonomous mobile robot. A detailed discus-

sion of electrical hardware and sensors for autonomy is presented in Section 3.3.

Di�erential
Gearbox

BLDC Motor

AS5047P
Encoder

Shock Absorber (x2) Shock Absorber (x2)
Suspension Pivot

Points (x4)

Absolute Position
Encoder

DC Motor

Rear Drive Assembly Front Drive Assembly

Figure 3.2: SPR underbelly with key drive and suspension components detailed

3.2.2 Drivetrain Con�guration

The undercarriage of the mobile robot's 3D design is detailed in Figure 3.2, highlight-

ing the front and rear drive assemblies and their respective components. The rear axle

of the SPR is driven by a brushless direct current (BLDC) motor rated coupled to

a 22:1 di�erential gearbox. The BLDC motor is rated for 3000RPM at 48V/1000W,

roughly correlating to a vehicle speed of 6.35m/s accounting for the reduction. The

gearbox is used to generate su�cient torque for overcoming elevation changes in an

outdoor setting like speed bumps and ramps. Moreover, the di�erential ensures the

rear wheels can spin at varying speeds from one another, improving traction and sta-

bility when navigating through turns. The elimination of this gearbox would result

in increased slip and tire wear which directly a�ect the performance of localization
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algorithms. This bene�t is further realized in Chapter 5, where the state estimation

of the SPR is derived.

3.2.3 Steering and Suspension

The front axle of the robot houses passively driven wheels connected by a steering

linkage. The steering system is driven by a 12V 220W direct current (DC) motor

where the output shaft is aligned perpendicularly to the front axle. Displayed in

Figure 3.2, the rotation of the motor corresponds to a change in steering angle using

a rack and pinion. The mechanical steering limit of the wheels is� 35� with respect to

the longitudinal axis of the robot. This corresponds to a minimum turning radius of

1.29m, advantageous for sharp turns and obstacle avoidance. Both axles are secured

to the chassis frame and are supported by two sti� shock absorbers. The suspension

system supports vehicle stability over rough terrain, which is common in parking

lots with substandard road surfaces and potholes. In addition, it ensures the robot's

orientation is in
uenced less by uneven surfaces that would otherwise introduce roll

and pitch changes that complicate sensor modelling. Each axle of the vehicle has

rotors mounted to both ends for the wheels to be fastened to with lug nuts. Table 3.1

summarizes the drivetrain characteristics of the designed SPR.

Table 3.1: SPR Drivetrain Parameters

Parameter Measurement

Wheelbase 0:85 m

Track Width 0 :585 m

Height 1:02 m

Tire Radius 0:23 m

Max. Steering Angle 35�
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3.3 Electrical Hardware Architecture

The SPR's hardware architecture was designed to enable autonomous functionality

in an outdoor parking lot environment. The constructed system requires systems

for low-level control, perception, onboard computation and communication. The

proposed architecture is illustrated in Figure 3.3, emphasizing modularity, safety and

reproduction. The following sections will provide insight to the various modules that

constitute the SPR's hardware architecture.

Figure 3.3: Electrical hardware architecture. Rounded boxes denote components
receiving 5V while rectangular boxes are components receiving 12V - unless shown
otherwise.

3.3.1 Power Distribution

The SPR's system is powered by a 46.8V (13S) 80Ah lithium-ion battery. This power

source was selected for its capacity to power the high-voltage drive actuator and

peripherals while also providing signi�cant run-time for outdoor experimentation.
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The battery features an integrated on-o� switch and is wired to a 40A breaker for

over-current protection. The supply line is then wired to a terminal block and is

distributed to the BLDC motor controller and two voltage regulators to power low-

voltage equipment. Based on the speci�c requirements of selected devices, 5V and

12V DC-DC converters are used and connected to respective distribution panels. Each

panel provides 12 outputs, each protected with standard automotive blade fuses. The

designed power distribution system e�ciently supports and protects all hardware in

the system while also supporting quick integration of new devices.

3.3.2 Motor Controllers

The controller selected for the rear BLDC drive motor is the Vedder Electronic Speed

Controller (VESC) version 6. This open-source controller is rated for 75V and 100A,

supporting direct connection to the power supply. The VESC provides �eld-oriented

control (FOC), producing increased motor performance at low-speeds in comparison

to traditional BLDC control methods. In addition, it supports the direct integration

of an encoder for precise speed control. These characteristics are bene�cial for WMR

applications like security patrol where operation is primarily at low-speed but requires

accurate estimates of speed for downstream tasks.

Control of the steering actuator on the other hand is accomplished using a DC

motor controller known as the Roboclaw Solo. This controller is rated for 34V and

60A, well within the speci�cations of the 12V steering motor. Since steering control

is more involved than motor speed, the Roboclaw Solo is only used for pulse-width

modulation (PWM) and receives commands from an external Teensy 4.1 microcon-

troller (MCU). The MCU is responsible for executing a PID controller which uses

data from an encoder mounted adjacent to the DC motor. Section 3.5 details the

developed control algorithm.

To provide added safety to the system, normally-closed (NC) relays are wired in

27




	Thesis Examination Information
	Abstract
	Author's Declaration
	Statement of Contributions
	Acknowledgements
	List of Tables
	List of Figures
	Introduction
	Background and Motivation
	Scope
	Objectives
	Outline

	Literature Review
	Introduction
	Sensor Systems for Parking Spot Detection
	Vision-Based Systems
	Range Sensor Systems

	Parking Spot Detection
	Classical Computer Vision Approaches
	Deep Learning Approaches

	Parking Lot Mapping
	Mobile Robot Designs
	Summary and Contributions

	Design of Security Patrol Robot
	Introduction
	Mechanical Design
	Chassis Design
	Drivetrain Configuration
	Steering and Suspension

	Electrical Hardware Architecture
	Power Distribution
	Motor Controllers
	Sensors
	Proprioceptive Sensors
	Exteroceptive Sensors

	Onboard Processing

	Kinematic Motion Model
	SPR Control
	Speed Control
	Steering Control

	SPR Software Architecture
	Robot Operating System
	Robot Visualization
	Robot Operation

	Summary

	Perception Pipeline
	Introduction
	Visual Perception from Monocular Cameras
	Line Marking Segmentation
	3D Vehicle Detection

	Inverse Perspective Mapping
	Camera Extrinsic Parameters
	Camera Intrinsic Parameters
	Inverse Perspective Mapping Homography
	BEV Image Creation

	Line Marking Estimation
	Mask Filter
	Line Detection
	Pose-based Line Clustering
	Pose-Similarity Metrics
	Clustering Algorithm



	Parking Lot Mapping and Spot Detection
	Introduction
	Global Pose Estimation
	Dead-Reckoning
	2D LiDAR SLAM

	Incremental Line-Marking Mapping
	Spatial Indexing with R-Tree
	Line Segment Association and Merging

	Parking Spot and Occupancy Detection
	Spot Detection
	Occupancy Classification


	Results and Discussion
	Introduction
	Experimental Setup
	SPR Validation and Performance
	Linear Velocity Tracking Performance
	Steering Controller Performance

	SPR Localization Performance
	SLAM Position Accuracy
	SLAM Orientation Accuracy

	Perception Pipeline Validation
	Line Segmentation Performance
	Line Detection Validation
	IPM Pitch Sensitivity Analysis

	Parking Lot Map and Spot Detection Results

	Conclusion and Future Work
	Conclusions
	Future Work

	Bibliography

