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Abstract

In the rapidly urbanizing environment of New Zealand, monitoring and preserving urban green
spaces are crucial foecological balance and sustainability. Urban vegetation significantly
contributes to the ecological and social fabric of city life, making its distribution, health, and
diversity essential for effective urban management and environmental protectioneSdasch
addresses a significant gap in current methodologies for monitoring urban greenery by introducing

a more efficient, accurate, and less lainbensive approach using deep learning technology.

Extensive data collection, preprocessing, and trainiagewey components of this research.
Image collection routes were meticulously planned to ensure a comprehensive dataset representing
diverse urban vegetation. A major challenge was the quality and privacy concerns within the
dataset. Continuous image aag in urban areas led to issues like blurry, repetitive, and non
vegetative images. To mitigate these issues, diverse filters were introduced to enhance the dataset's
guality and ensure privacy protection. Focusing on advanced computer vision sysitethests
employed the YOLOv5 and YOLOv8 models for automated urban vegetation detection using RGB
images from camounted cameras. The models were chosen for their effectiveness in image
recognition, with various image augmentation techniques and aimnotabls enriching the
training process. The thesis also explored transfer learning and layer freezing techniques in model
training, along with a unique method of using larger bounding boxes for tree annotations to

enhance the detection of specific trpedes.

The models' performance in vegetation detection was evaluated through precision and recall
rates, highlighting their reliability and efficiency, with YOLOv5x demonstrating the highest
precision (0.93) and recall (0.90) for urban vegetation detectn tree species detection, the

YOLOv5m with Transfer Learning model achieved a strong balance of precision (0.95), recall
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(0.77), and accuracy (0.86), while YOLOv8m with Transfer Learning excelled in recall (0.93),
proving useful for applications reqing high true positive identification. For specific tree
detection, the YOLOv8m_Bigger_size model led with high precision (0.95), recall (0.98), and the
top mAP5095 score (0.79) in validation. These results underscore the models' applicability in
diverse urban scenarios and reinforce the feasibility of this approach for-saede urban
vegetation monitorind he research findings indicate that deep learning technology, particularly
the YOLOvSmM and YOLOvBm models, significantly enhances the efficiencyaaadracy of
urban vegetation monitoring. The innovative use ofsaunted cameras for data collection marks

a significant advancement over traditional methods, enabling the capture efdatgeurban
vegetation data with minimal intrusion and high@éncy.

In summary, this study demonstrates that applying advanced computer vision systems can
markedly improve urban vegetation monitoring. The integration of YOLOvV5 and YOLOv8 models
in New Zealand's urban landscapes offers a novel approach to addresbatlenges of
urbanization. The models are adaptable for use in other New Zealand cities with access to similar
urban vegetation datasheets, crucial for evaluating model accuracy and enhancing precision in
future models. This thesis advances our undedstg of urban vegetation monitoring using
computer vision and highlights the potential of deep learning models in enhancing environmental
conservation efforts. The insights and methodologies presented provide valuable tools for urban
environmental manageant and suggest new directions for future research and applications in this

critical area
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1 Introduction
1.1 Context

Urban areas in New Zealand host a diverse range of native tree species, including Kahikatea
(Dacrycarpus dacrydioides), Grey Willow (Salix cinerea), and members of the Myrtaceae family
[1, 2]. With over 87% of the country's population residing in citgdsthe significancef urban
vegetation in maintaining ecosystem health cannot be overstated. Urban vegetation has positive
influences on such as ecosystem funct{dns], improved human health and quality of lié 7],
and safe havens for indigenous biodiverfty9]. Trees in Urban Areacan suffer from chronic
abiotic stresses (such as changes in the growing season and circadian rhythm due to urban thermal
discomfort, disorders caused by air pollution, and droudb®) invasive alien plant specigkl],
insect pests and diseag&?2]. To control them, continuous inspection and monitoring programs

are needed.

Continuous monitoring of urban vegetation proves challenging;dmnsuming, and laber
intensive[13]. To address these limitahs, researchers have explored innovative methods to
rapidly assess plant healfh4, 15] These investigations indicated two main steps: (i) image
acquisition and (i) analysis and classdfiion [11, 16, 17] Various technologies, including
satellite imagery[18-20], Unmanned Aerial Vehicles (UAVYR1, 22] and vehiclenounted
cameragll, 23] have been utilized for iage collection. However, each of these technologies
presents limitations. Satellites are oriented towards dsecgke surveys and might not precisely
identify individual trees or sparse clusters. UAVs encounter issues of limited coverage, proficiency
prerauisites, and regulatory constraifig?]. Furthermore, dronflight duration constraints due

to frequent recharging or refueling introduce tiretated challenggd.1].

Recent reseahc has dedicated efforts to advancing techniques for urban vegetation

identification, classification, and modeling, reflecting the increasing recognition of urban

1
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vegetation's ecological importance and the necessity for innovative monitoring approaches.
Notably, a study explored automated urban tree detection via RGB image analysis, combining
Faster RCNN and FPN architecture to achieve remarkable precjg#in Additionally, research
extended to identifying and classifying invasive alien plant species using RGB images, utilizing
YOLOv3 for object detection and ResNet50V2 for accurate classification, underscoring the
potential for preise categorizatiofiL1]. In parallel, investigations were conducted to detect and
classify a substantial number of treesiges using three distinct methodologies: the Relgased
Convolutional Neural Network (Faster@\NN), YOLOv3, and RetinaNg1.7].

It's worth noting that while these deep learning models hold promise for urban vegetation
analysis, they are not without limitations. FasteCRN's limitation in accurately detecting
smaller objects is linked to the e¢sa resolution of its CNN feature blof5]. YOLOv3, though
known for its efficiency, can compromise accuracy in detecting small objects and handling
imbalanced class distributiofig6]. RetinaNet faces challenges in feature loss due to resolution
reduction, channel compression, andsampling, particularly affecting smaller defects and
feature fusion[27]. ResNet0, althoughimpactful, has drawbacks related to overfitting and

accuracy fluctuationg28].

As urban vegetation monitoring gains importance in the context of ecological equilibrium and
sustainability, it is imperative to navigate these tations while harnessing the potential of

advanced techniques to effectively manage urban green spaces.

1.2 Objective

This research thesis aims to develop and deploy an advanced computer vision system for the
automated detection of urbamgetation, with a specific focus on identifying a particular species
of tree and individual trees using RGB images captured by-m@anted camera. The primary
objective of this study is to design a robust methodology that leverages the YOLOv5 model to
achieve accurate and efficient tree detection in urban environments. The research encompasses

multiple stages, each contributing to the successful realization of the proposed objectives.
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1.2.1 Scope ofwork

1.2.1.1 Imagepreprocessing anehhancement
The research begify preprocessing the collected RGB images to enhance their quality and
utility for subsequent modetaining This includes the implementation of filters to remove blur,

repetition, and privacgensitive information, ensuring a clean and focused dataset.

1.2.1.2 Dataannotation ancdugmentation

A critical step involves the annotation of the prepared images to facilitate supervised learning.
Accuratelabeling of target vegetation, especially the specific species under study, is crucial.
Augmentation techniques arpied to expand the dataset, enriching the model's understanding

of various scenarios and improving its generalization capability.

1.2.1.3 Model architectureselection anctustomization
The choice of the YOLOvV5 model architecture serves as the foundation feviagreffective
object detection. Customization thie architecture is carried out to optimize it for the detection of

urban vegetation, with a particular emphasis on the target species and individual trees.

1.2.1.4 Speciesspecific modeldevelopment
The researcinvolvestraining the initial YOLOv5 model to detect all trees within the urban
landscape. A subsequent refinement process is executed to specialize the model's capabilities in

recognizing a specific species, such as magnolia trees.

1.2.1.5 Individual treeidentification
Building upon the speciespecific model, the thesis extends to the development of a model
capable of identifying individual trees with a high degree of accuracy. This requirdarfing

the existing model and integrating advanced object redogrigchniques.

1.2.2 Researchyuestions an@xpectedoutcomes

The research endeavors to answer the following key questions:

1 How effective are the applied preprocessing filters in enhancing the quality of the training
dataset and subsequently improving modeiquarance?
1 Can the customized YOLOV5 model accurately detect the target species (e.g., magnolia

trees) within urban landscapes, surpassing generic tree detection models?
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1 How well does the specialized model perform in identifying individual trees, and what

level of accuracy can be achieved?

1.2.3 Significance andmplications

The outcomes of this research hold significant potential for urban planning, environmental
monitoring, and species conservation. An accurate and efficient computer vision system for tree
detection, particularly for specific species and individual trees, can provide valuable insights into
urban green spaces and contribute to informed deemsaking.

1.3 Thesisoutline
The contents of eacthapterof the thesis are outlined below, covering kegas of the

research topic and model development.

Chapter2 details the comprehensive literature review undertaken forrésearch This
chapterexplores various monitoring platforms, including SatelBesed Monitoring, Unmanned
Airborne Vehicle (UAV)Monitoring, and vehickbased approaches. It also examines different
imaging techniques in vegetation analysis like Hyperspectral, Multispectral, and RGB Imaging,

followed by a discussion on image processing techniques.

Chapter3, ‘Systemdesign andnethodology; outlines the methodological framework of the
research. It covers the data collection process with a focus on the infrastructure of the imaging
system, data collection strategy, and preprocessing steps such as removalegfatain images
and privacy protection. Thishapteralso delves into the training of deep learning models,
particularly YOLOv5 and YOLOvVS8, discussing aspects like dataset preparation, image

augmentation, annotation, and the training process.

Chapter4, 'Resultsand Discussion,' presents the findings and analysis. It revisits the dataset
preprocessing steps, evaluates the annotation tools used, and focuses on the outcomes of urban
vegetation detection, specific species detection, and specific tree detectivanaitthe bounding

box sizes. It concludes with a summary of the key findings.

Chapter 5, 'Conclusion," offers a comprehensive overview of the research outcomes,
encapsulating the major findings and their implications. It also highlightefuésearch pathways
and opportunities, suggesting potential areas for further investigation and development in urban

vegetation surveillance using advanced computer vision techniques



2 Literature review

The thesis has thus far introduced tieed for monitoring urban vegetation, emphasizing its
critical role in enhancing environmental quality, public health, and urban planning. The central
aim of this research is to explore the potential of RGB images and deep learning techniques in
achievingefficient and effective monitoring of urban vegetation, with the end goal of providing a
stateof-the-art tool for managing urban ecosystems.

This chapter presents a comprehensive literature review, covering a range of key aspects
central to this researcihese include the broader framework of urban vegetation management,
diverse monitoring methods, and specific technical domains such as imaging technigues and image
processing, extending to machine and deep learning. While these topics may appeae, cisghrat

is integral to the conceptual and methodological fabric of this thesis.

Urban vegetation monitoring methods are far from standardized, necessitating a thorough
examination of existing approaches to establish a foundational understanding. THerefrolon
traditional image processing methods to more advanced machine and deep learning techniques
offers a myriad of methodological choices. This review not only guides the selection of the most

appropriate methods but also identifies research gapththdlhesis aims to fill.

Each primary section of this chapter will discuss general theories found in the literature,
followed by an examination and critique of prior research in these areas. Through this approach,
the literature review seeks to integrativerse yet crucial areas of research, laying a robust
intellectual groundwork for employing RGB images and deep learning in urban vegetation

monitoring.
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2.1 The importance of urban vegetation surveillance

Rapid urbanization is a defining characteristic oft@dern era, bringing about significant
social, economic, and environmental repercusg@as30] As of 2011, over half of the world's
population resided in urban areas, a number projected to incre@8%tm the developed world
and 64% in the developing world by 20830, 31] Increasing urban population is likely to lead to
an array of environmental problems in cities such as increasing air pollution and climatic
perturbationg32].

Against the mentioned potential problems, trees and urban green spaces (U&§e)ama
unique and sustainable solutif®0, 33] Trees, an integral part of the urban ecosystem, can
alleviate environmental issues in both direct and indirect W&4s35] Directly, trees absorb
gaseous pollutants like sulfur dioxide (SOZ2), nitrogen dioxide (NO2), and ozone (O3) through leaf
stoma and intercept particulate matter in the[3&]. Indirectly, they can lower atmospheric
temperatures by providing shade and transpiring, thereby reducing the rate of chemical reactions
that lead to secondary pollutafi8s’, 38} Moreover trees offer other ecological benefits such as
carbon sequestration through photosynthesis, noise reduction, and the mitigation of the urban heat
island effead increasingly crucial due to ongoing climate chaf@f43]. The benefits of urban
vegetation are not just ecological but also extend to the physical and psychologidadinglbf
city dwellers[44, 45]

On the other hand, urban vegetation faces a wide range of challenges that endanger its health
and longevity. One of these challenges is the effects of cliohateges. Iurban area, the stress
on trees from climate change is worsened due to factors like the heat island effect, poor air quality,
hard surfaces, and changed soil conditions, all of which can significantly impact tree growth and
survival [46]. Increased storm intensity and limited available space are causing higher rates of
street tree mortalitj47]. Moreover, increased occurrences of drought and heatwaves are causing
significant damage to tree canopid8]. Changes in soil chemistry and microbial life due to
urbanization have also been shown to slow the growth of trees compared to those in natural settings
[49].

Equally pressing are the threats from invasive species, which pose a unique risk by
outcompeting ath displacing native vegetatigthl]. These species are a significant factor in the

erosion of biodiversity and rank amotite top five global threats to biological diversjB0].
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Beyond damaging native species and their ecosystems, these invasive plants can also have harmful
repercussions on human health and economic-lvegtig [11]. It is crucial to have effective
monitoring systems in place to pinpoint where these species are most prevalent, their potential for
spreading, owhere they can be most effectively contaiffet]. Channels of transportation like

roads, rail lines, and footpaths play a pivotal role in the dissemination of these invasive species, as
they allow for the longlistance transport of seg@®, 53]

In addition to the threat of invasive plant species, another natural factor significantly impacting
the kealth and survival of urban vegetation is the presence of diseases ar{@4jeStise rise in
global commerce and the accompanying transfer of plant materials across countries and continents
have escalated the risks associated with pests and dissagdsan flora considerably in recent
decades[55]. Plant pathogens and insect infestations can significantly harm urban plant
ecosystems, leading to both gradual weakening and, in severe cases, the death of trees and other
vegetation56].

A particularly alarming projection comes fromezent study, which estimates that by the year
2050, roughly 1.4 million street trees in urban communities are likely to be destroyed due to
invasive insect pestfp7]. This data highlights the need for more thorough monitoring and
management strategies focused on mitigating these harmful effeetslecline of a substantial
number of trees can substantially impact various facets of urban life uftwamecosystem§s8,

59] and urbanbiodiversity [60-62] to human and wildlife healtf63] and weltbeing[64, 65]
Moreover, this decline adversely affects the quality of urban[@6]] urbanwater cycleqd67],
andatmospheric condition$8], resulting in issues like soil degradation, increased flooding, and

elevated urban temperatulé®, 70}

In conclusion, the necessity for robust urban vegetation surveillance is immediate and
enduring, as confirmed by a multitude of studies. The consequences of inadequate monitoring are
far-reachiny, affecting everything from soil quality to human whedling, thereby highlighting its
pervasive impact on urban ecology. While the projected adverse scenarios are alarming, they also
accentuate the importance of prompt and precise monitoring as a noeam$igate these
undesirable outcomes. Consequently, due to the urgent and critical nature of this issue, the

subsequent section will provide a thorough examination of the existing methodologies used in
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urban vegetation surveillance, scrutinizing theieefiveness in terms of both the technologies

employed and the strategies implemented

2.2 Monitoring platformsin urban vegetation surveillances

The Effective and continuous urban vegetation surveillance plays a crucial role in
understanding and managing the intricate urban ecosystems. While the monitoring of vegetation
has traditionally beenabourintensive and costly, recent advancements in tecgolave
enabled more efficient data collection and monitofih®, 71} This section aims to delve into
various monitoring platforms, exploring their capabilities and application in urban vegetation

management.

In the realm of urban vegetation monitoring, image acquisition has been pivotal, wherein
different technologies offer varied degrees of effectiveness and practicality. Platforms such as
satelliteg[18, 20} Unmanned Aerial Vehicles (UAV$21, 22] and vehiculamounted cameras
[11, 23]have been employed to cater to diverse monitoring needi€ontexts. These platforms
utilize imaging techniques such as RGB, multispectral and hyperspectral imaging to capture data

that is critical to understanding vegetation health and dyndif2€85].

While each platform provides valuable data, choosing an appropriate method involves a trade
off between spatial resolution, area of coverage, @, operational feasibility. The ensuing
subsections will present and assess studies that have leveraged these platforms, focusing on the

practicalities and outcomes of their application in urban vegetation monitoring

2.2.1 Satellitebasedmonitoring

Satellitebased monitoring of vegetation has roots dating back to the early 1970s when the first
Earth-observing satellites such as the Landsat program were launched by[R&\SA] Initially,
these technologies were focused on broader land use and land cover applications, often lacking the
resolution and sensitivity required for more localized, urban assesd@ni&/ith advancements
in satellite technologynd imaging software, more recent systems can now capture data at much
finer spatial resolutions, making them more applicable for urban vegetation survei[lédjce.
Moreover, offering many advantagesuch as largscale data acquisition, high temporal and
spatial resolution, and the ability to monitor inaccessible areas, satellites have become a crucial

tool for understanding and managing urban green spage81]
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Several studies highlight the utility of sateditased monitoring in urban vegetation
surveillancd33, 8284]. For instance, a study conducted8y] employed Very High Resolution
(VHR) Pleiades imagery for vegetation mapping in Kuala Lumpur. The researchers utilized the
Normalized Difference Vegation Index (NDVI) in combination with a Maximum Likelihood
classification technique to differentiate between areas of low vegetation, high vegetation,-and non
vegetated land cover. A distinctive feature of the study was its use of varying NDVI threshold
values for specific vegetation classification. The methodology achieved an overall accuracy rate
of about 71%, backed by a kappa coefficient of 0.5. While confirming the utility of VHR Pleiades
imagery and NDVI for urban vegetation surveillance, the stlgsty@mphasized the necessity for
further research to adapt this approach to different geographic areas and varying types of land use
[85].

In a 2019 study[86] utilized RGB and 16n resolution neainfrared and red bands from
Sentinel2 to accurately calculate the Normalized Difference Vegetation Index (NDVI) for urban
areas in the Pearl River Delta. The NDVI estimates were -gad&iated with highresolution
Google satellite images, achieving a strong correlation of 0.97. The study confirmed that Sentinel
2 data can effectively complement Urban Canopy Parameters (UCPs) from the World Urban
Database and Access Portal Tools (WUDABEJ.

In the other study was done [86] on the application of tNetlike Convolutional Neural
Networks (CNNSs) for individual tree recognition using very higholution RGB satellite images,
specifically focusing on northern temperate mixed forests in Russia's Primorsky R#dipimg
GeoEyel pansharpened RGB imagery with a spatial resolution of 0.46 m/pixel, the researchers
trained the WUNetlike CNN to perform image segmentation. The study found that this deep
learning approach outperformed standard pideeded machine &ning methods, such as random
forests and ¥nearest neighbor classifiers, particularly in minimizing fglesitive identifications
of greencolored objects. Furthermore, the-Nétlike CNN recognized trees not just as a
collection of pixels, but as spatiobjects with specific geometries, achieving a mean accuracy
score of up to 0.96. Importantly, the study also emphasized the significance of capturing satellite

images during appropriate phenological seasons for effective tree species recf@giition

While satellites offer valuable advantages for monitoring urban vegetatipmpportant to

point out that using satellidata to monitor urban areas is difficult due to the complex variety of
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land features, especially when observed at finer s{@e89]. Temporal restrictions are another
drawback, as satellites aren't always available to capture images at the specificeynmesytive
needed; additionally, long waiting periods can occur between the acquisition and reception of these
imageq90]. Environmental factors like cloud cover further complicate tluagon by obstructing

clear views, making satellite imagery less reliable for continuous monit¢@@p These
challenges are especially noticeable when satellite data are companézjoated with ground

level or localized aerial data.

Moving forward, the subsequent section will delve into the emerging realm of Unmanned
Airborne Vehicle (UAV) Monitoring. This approach serves as an intermediate solution, bridging

the gap between grodibased and satellite observations.

2.2.2 Unmannedirbornevehicle (UAV) monitoring

Unmanned Airborne Vehicles (UAVs), commonly known as drones, have undergone a
significant transformation since their inception. Originating from military applications, by the
early 2000s, they began to find their place in commercial and research $8t{d@8] Initially,
thesedrones were constrained by limited flight durations and imaging capabilities; however, the
rapid advancement of technology has greatly expanded their pof@8jialoday, UAVs strike a
perfect balance between cadticiency aml highresolution imaging. This unique combination
makes them especially wellited for detailed, timely, and versatile research and planning,

particularly in the domain of urban vegetation monitoféi, 94]

Several studies show UAVS' role in urban vegetation monit¢@s@8]. [99] used deep fully
convolutional networks (FCNs) for segmenting a specific tree species in an urban context using
UAV-captured RGB images. Methodologically, they assessed five FCN models, including
SegNet, UNet, FGDenseNetand two DeepLabv3+ variants. They also evaluated the benefits of
using fully connected conditional random fields (CRFs) for 4postessing. The research
pinpointed the presence of the endangered tree species, Dipteryx alata Vogel. Results showcased
ovenall accuracies between 88.9% and 96.7%, with CRFs improving performance but at a higher

computational cost.

[100] in their study titled "Tree species classification using deep learning and RGB optical
images obtained by an unmanned aerial vehicle," investigated urban tree species identification

leveraging RGB imagery from UAVs. Methodologically, they presented setaémcompassing
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10 distinct tree species with tree canopy images set against both simple and complex backgrounds.
They assessed the effectiveness of deep learning models, such as AlexNet, VGG16, and ResNet
50, and juxtaposed their performance with tradil techniques, notably-Kearest neighbor
(KNN) and BP neural network. Remarkably, their findings highlighted ReSQlst superior

capability, which achieved an impressive 92.6% overall accuracy on the dataset.

In the other articlef[101] utilized training and test data from three temperate forest sites in
Japan, covering 56 tree species. Using URGB images combined with deep learning for tree
identification, the model's performance yielded a high Kappa score of 0.97 when tested on identical
conditions to the training set. However, the score declined to 0.47 when evaluated on data from
different tmes and locations. The results highlighted challenges in identifying closely related
species and those with similar environmental preferences, suggesting the need for further

optimization in realworld applications.

UAVs have undeniable potential, but theare limitation such as limited battery life,
administrative and legal requirements, privacy concerns, limited mission time and djStence
92]. Moreover, by increasing the complexity of urban landscapes, the necessity for-ignaind
monitoring becomes more important. This leads us to consider the role of vehicles equipped with
advanced monitoring systes. The upcoming subsection will explain monitoring urban vegetation

using vehicles.

2.3 Monitoring using vehicles

Monitoring urban vegetation using vehicles, specifically through sieget imagery, offers
an intimate perspective on urban vegetation aralygich an approach serves as a valuable data
source to precisely and accurately detect and evaluate urban greenery along thEl@kets
Vehicles equipped with cameras empower researchers to gather images from specific areas,
delivering detailed, stred¢vel insights that are often unattainable through satellites and UAVs
[103].

Ina 2022 studyjl02lconduct ed i n Tai 6an cit yyearBddu na,
Street View images to monitor urban streiete vegetation greenery changes. To distinguish green
vegetation pixels based on the ireagspectral information, the study employed both the
ISODATA (an unsupervised classification method) and the SVM (a supervised classification

method). However, when combined with segmentation, the Vegetation Greenery Index (VGI)

11
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showcased superior classdtion accuracy compared to both ISODATA and SVM methods.
Specifically, classifications using VGI yielded the lowest commission, omission, and overall
errors. While all three methods overestimated green vegetation, with some misclassifications like
greenbuilding surfaces and shades, the overestimation was least pronounced with thes¥¢|
approact{102]. Several similar studies were conducted using stregt imageg103-105].

In another studyj11] developed a system to monitor Invasive Alien Plant Species (IAPS)
along roadsides using a higpeed camera mounted on a moving vehicle. The study collected
images of seven specific IAPS and employed three deep convolutional neural networks,
ResNet50V2, MbileNetV2, and YOLOvVS3, for classification and detection. The performance of
these networks was influenced by both the input image size and the size of the IAPS within the
images. Binary classification, which differentiated between IAPS andIA®S8, exhibied
enhanced accuracy compared to the classification of individual plant species. The results indicated
a recall of 92% on training and validation, with an average precision of 77% for detected species.
While ResNet50V2 was more efficient in detecting Rosgosa, YOLOv3 was superior in
identifying the hardeto-detect species, Lupinus polyphyllus and Pastinaca datiya

Vehicle-based stredevel monitoring offers a distinct advantage in capturing the detailed
characteristics of urban greenery along road networks, addressing information gaps that satellite
and UAV imagery often overlookl02, 103] This method demonstrates particular efficat
mapping streelevel vegetation with high accuracy in densely populated urban §6ag
However, its application is confined to readcessible zones and is reliant on vehicle availability,
providing a more limited scope in comparison to aerial metfidi. Studies indicate that street
level imagery is especially valuable for identifying invasive species and evaluating urban green

coverage along transportation corridfi83].

Table 2.1 provides a comparative analysis of the three predomioddn vegetation
monitoring methods: SatelliBased Monitoring, Unmanned Airborne Vehicle (UAV)
Monitoring, and VehicleBased Monitoring, and concisely outlines their respective advantages and

disadvantages, offering a clear perspective on their appitgadnd limitations.
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Table 2.1: Comparativeanalysis ofmonitoringmethods

Monitoring Method Advantages Disadvantages
Satellite-Based - Wide coverage and remote area acc - Challenges in detailed urban mapping
Monitoring - High-resolution data - Time delays in data capture

- Useful for broad landscape analysis - Weathefrelated image interference
UAV Monitoring - Detailed, highresolution imaging - Limited flight time and range

- Flexible and timely dateollection - Regulatory and privacy concerns

- Costeffective for small areas - Weather dependency
Vehicle-Based - Precise stredevel detall - Limited to roadaccessible areas
Monitoring - Direct observation of urban greenery - Dependent on vehicle availability

- Effective in urbarsettings - Narrower scope compared to aerial meth

As we delve into the advantages of data collection platforms like satellites, UAVs, and-vehicle
based monitoring, it'essential to understand that the imaging techniques employed significantly
influence the outcomes. After discussing the common platforms and their respective strengths and
weaknesses, we will transition to our subsequent section, "Imaging Techniquesetatidag
Analysis" Here, we will explore various imaging methods, including RGB Imaging, Multispectral
Imaging, and Hyperspectral Imaging, to understand their roles and capabilities in urban vegetation

analysis

2.4 Imagingtechniques irvegetatioranalysis
In this subsection, various imaging techniques that are commonly used in monitoring urban
vegetation will be discussed. We will discuss three primary types of imaging techniques:

Hyperspectral Imaging, Multispectral Imaging, and RGB Imaging.

2.4.1 Hyperspectraimaging

Hyperspectral imaging synthesizes spectroscopy and imaging to concurrently capture spatial
and spectral data, enabling detailed spectral analysis and precise material identification in diverse
scientific applications[107]. Hyperspectral images have a wide range of applications in
environmeral [108, 109] military [110], mining [111], and medical field§112]. Unlike
traditional imaging systembyperspectral images are rich in spectral informationtlaisdpectral
information can reflect the physical structure and chemical composition of the object of interest,
which is helpful for image classificatiofl13, 114] A dozen of research showed that the
hyperspectral data obtained from satellitgsl%, 116), UAVs [117-119] and grounebased

platforms[120, 121]have been widely used for species identification and vegetation monitoring.

A study conducted bj122] utilized hyperspectral imaging tclassify urban tree species in

Hong Kong. In this study, a hyperspectral library was established, classifying 19 tree species. A
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total of 450 bimonthly images were acquired by a terrestrial hyperspectral camera (SRLIM
from November 2018 to Octob2019. The accuracy of the Deep Neural Network classification
model, developed to identify tree species from hyperspectral imagery, ranged from 85% to 96%,

depending on the seasfir?2].

In another study[123] leveraged hyperspectral imaging to classify different vegetation types
in highly fragmented planting areas of southern China. A commercial hyperspectral imaging
sensor (S185), mounted on a UAV platform, was used to capture images, which were then
aggregaed to various spatial resolutions (from 0.025 m to 2.5 m) to analyze the impact on
classification accuracy. The method employed was the GBgs®d Image Analysis (OBIA), with
a thorough examination of different segmentation scale parameters and featbers) Results
indicated that the classification accuracies ranged from 84.3% to 9123}

While hyperspectral imaging provides substantial benefits for monitoring vegetation, it is not
without its ctallenges. Firstly, hyperspectral data is characteristically nonlinear, and the spectral
information is subject to loss or interference from noise, attributed to a myriad of uncontrollable
external factors including environment, atmosphere, illuminatiod, data transmissiofil24].
Secondly, hyperspectral data, inherently voluminous and with a pronounced correlation between
adjacent bands, readily induces information redundancy and overlap, presenting challenges in
effective data management and analji?®]. Thirdly, the procuremerf usable training samples
proves to be a considerable obstacle, leading to tipeskd problem in certain methodologies,
diminishing the generalization capability of classifiers, and subsequently limiting the widespread

application of hyperspectral @g113].

Given the pros and consf hyperspectral imaging, the next section will transition to
multispectral imaging, which offers another approach for vegetation monitoring and other

applications

2.4.2 Multispectralimaging

Multispectral imaging works with images in select narrow basss a specific range of the
spectrum and can create characteristic wavelengths for each pixel in a focusefl26jel27]
Pictures obtained through auftispectral camera can glean a considerable volume of extra data,
which neither the human eye nor a conventional camera can discern, thereby having vital

applications in specific fields like precision agriculture, forestry, and medicine, as well as in
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identifying and classifying object§l27-132]. This technologyalso offers practical benefits,
including lower acquisition time and complexity compared to hyperspectral imaging, along with
the capability for realime application in certain domaifis33, 134]

In a recenstudy by[135], a methodology that integrates an objecented approach and a
random forest algorithm, utilizing UAV multispectral images, was developed to enhance the
identification accuracy of urban trees. The process initiated with the segmentation of images using
amulti-scale segmentation algorithm, informed by the scale determined through the Estimation of
Scale Parameter 2 (ESP2) tool and visual discrimination. Then, various features, including
spectral, index, texture, and geometric, were amalgamated into scB&ns% and S9, which
consisted of features chosen by the recursive feature elimination (RFE) method. The classification
of urban trees was executed based on these schemes, employing random forest (RF), support vector
machine (SVM), and kearest neighbo(KNN) classifiers. Results showcased that the RF
classifier outperformed SVM and KNN, with the highest accuracy being achieved in scheme S9
(contains all the preferred features), marking an overall accuracy (OA) of 91.89% and a Kappa
coefficient (Kappa) 00.91[135].

In the next studythe use of multispectral Sentirzlimagery for urban land cover and land
use (ULCLU) classification was explored, particularly focusing on a challenging and complex
densely populated urban area in the Séfast district of Delhi, Indig136]. Utilizing a 10 m
spatial resolution imagery and involving five pivotal ULCLU classesads, water, buildings,
vegetation, and barrennd- three distinct classification algorithms were applied: Support Vector
Machine (SVM), Artificial Neural Network (ANN), and Maximum Likelihood Classifier (MLC),
each with a training sample size of 150 pixels per class. Of the methods employed, SVM
show@sed superior classification performance, achieving an impressive 98.05% accuracy,
whereas all methods surpassed 90% accuracy. The findings affirm the substantive potential of
Sentinel2 multispectral imagery and advanced classification algorithms iniigrecurate and

critical information for ULCLU, particularly in densely urbanized cont¢%86].

In another study[,137] utilized WorldView2 multispectralmages spanning a spectral range
of 427908 nm and offering a 2 m spatial resolution, to classify six commercial forest species in
KwaZuluw-Natal, South Africa. The classification technique applied was gbddast squares

discriminant analysis (PL:BA), which achieved an overall accuracy of 85.42% and a kappa
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statistic value of 0.83, with accuracies for individual species fluctuating between 63% and 100%.
Additionally, the variable importance in the projeat(VIP) method was employed to identify the

most effective wavebands for species discrimination, notably coastal blue (427 nm), blue (478
nm), green (546 nm), and red (659 nm), achieving an overall accuracy of 84.38% and a kappa
value of 0.81 with the dical bands. Individual species accuracies using VIP bands ranged from
69% to 100%, highlighting the notable influence of the visible spectrum in forest species
discrimination[137].

However, multispectral imaging comes hvitertain limitations that require attention and
ongoing research to enhance its utility and accessibilthgse challenges include the need for
careful calibration to avoid potential misinterpretati¢h38], relatively low spectral resolution
compared to hyperspectral imagifig9], and a higher cost compared to RGB camgré8]. As
we transition from this discussion, the ensuing subsection will pivot towards exploring RGB
imaging, illuminating its distinct attributes, applications, and how it juxtaposes with the
hyperspectral and multisptral imaging technologies detailed above

2.4.1 RGBimaging

Red, Green, and Blue (RGB) imaging serves as a fundamental pillar within the realm of
monitoring and remote sensing4l]. RGB cameras, characterized by their lightweight
construction, offer a cogffective and straightforward operation, maintaining functionality under
various atmospheric conditions, whether sunny or cldady, 143] With high spatial resolution
and broad accesdiity in everyday devices like smartphones and digital cameras, RGB imaging
is widely adopted across numerous applications, making it a practical choice in remote sensing
[144-152]. They are emerging amattractive alternative to utilizing multispectral or hyperspectral
images, gaining increasing adoptionhe tealm of remote sensifitd7, 152] Many studies have
been conducted on RGBased vegetation monitoring, such as estimating leaf chlorophyll content
[153], leaf area index (LAI) estimatiofil54], evaluating plant height and biomafgkb5],
diagnosing otrient deficiencied156], monitoring plant growtt157], detecting stresgl58],
monitoring plant diseas¢$59], crop genotypingl60], etc. Specifically,n the field of monitoring
urban vegetation using RGB images, some research has been done, a few instances of which will

be referred to in the following.
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In a 2022 study regarding tree species monitoring and classification viagaghiresolution
RGB images, a deep learniiased mobile application tool was proposed and develdgddl
Through the evaluation of various deep learning architectures, including both mobile networks and
traditional models, the research utilized a dataset of 2,349 images, which comprised Dipteryx alata
species ad other local species. The images, manually annotated, were systematically divided into
training, validation, and testing subsets, aligning with the methodology offdlidecross
validation. The assessment of both accuracy and speed (across GPU ad G uplemented
deep learning architectures revealed that traditional networks offered superior performance in F1
score metrics, albeit with mobile networks being more rapid in operation. Specifically, the
Inception V3 model yielded the highest accuraattaining an F1 score of 97.4%, whereas
MobileNet, although registering the lowest F1 score of 83.84%, delivered the most optimal
classification speed for both CPU and GPU udiéil].

In another 2021 study exploring the utilization of Cld&sed methods for individual tree
detection in urba locales using highesolution RGB images, three statiethe-art methods were
evaluated: FastdRCNN, RetinaNet, and Adaptive Training Sample Selection (ATS&)]. A
comprehensive dataset, comprising 220 manually labeled images, reflecting 3382 trees, was
employel to discern the efficacy of these methods in recognizing single trees within the urban
environment. The study identified ATSS as the most accurate method, achieving ahG®2%
and an ARs of 28.4%, albeit with a general observation that FER@KN and RetinaNet may
perform qualitatively better in certain contexts. Despite all metrics remaining below 70%, a
gualitative analysis suggested satisfactory performance of the model, particularly notable in areas
of less density and for smaller tree cronisnetheless, a noticeable decrement in performance

was observed in regions of greater tree crown size and dfr&#ly

In other study that conducted in 2021, concentrated on monitoring urban forests by evaluating
various features on a singiiee scalg163]. The approach involved extracting spectral data,
vegetation morphological parameters, texture informatiom vagetation indexes from ultrahigh
resolution RGB images, which were captured using UAVs and subsequently applied to develop
an objectorientedbased random forest (RF) classifier. The research primarily focused on four tree
species:Michelia chapensisSalix babylonica Cedrus deodaraand Prunus cerasifera The

findings illustrated that the RGB images from UAVs effectively detected surface fragments and

17



Literature review

achieved a notable accuracy of 91.3% in RF classification, exceeding the outcomes from using
high-resdution street view maps by 20.5M463].

Another notable 2021 study employed a machine vision systamathalgamated UAV
derived RGB images and a convolutional neural network (CNN) for tree classification, achieving
over 90% accuracy by utilizing color and 3D information for segmentation and-bljget CNN
classification[164]. Similarly, a 2020 study introduced a tree species classification approach using
high-resolution RGB images from automated UAV flights and a lightweight CNN, attaining an
average classification accuracy of 92% under varied iflatron and phenological stages across

four tree specied 65].

However RGB images have some limitation such as being confined to the visible spectrum
and displaying a susceptibility to environmental factors, notably, fluctuations in illumination
which may impair image quality, especially during tbght conditions like nigpttime[148, 166,

167].

After a brief exploration of various imaging modalities such as hyperspectral, multispectral,

and RGB imaging, each presenting its own set of advantages, congfrabie.2), and specific

applications in research scenarios, the ensuing section shifts the focus toward an array of image

processing techniques.

Table 2.2: Comparativeoverview ofimagingtechnologies.

Imaging Type Advantages Disadvantages
Hyperspectral Imaging - Detailed spectral analysis - Nonlinearity in data
- Precise material identification - Susceptible to noise and interference
- Useful across various fields like - Challenges in data management and
environmental, military, mining, and  analysis
medical
Multispectral Imaging - Faster acquisition and less complexi - Need for calibration
than hyperspectral - Lower spectral resolution
- Directly applicable in reafime - Higher cost compared to RGB camera
scenarios
- Important in fields likeagriculture and
forestry
RGB Imaging - Costeffective and lightweight - Limited tothe visible spectrum
- High spatial resolution - Sensitive to environmental light chang
- Widely accessible and easy to proce - May not capture as much detail as
and interpret hyperspectral or multispectral
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2.5 Image processing techniques

In this subsection, we will concentrate on methods relevant to image processtiaylarly
with respect to urban vegetation monitoring. Our exploration will initially delve into conventional
machine learning algorithms and subsequently into Deep Learning techniques. Each method's key
features, along with their pros and cons in ddfeé uses, will also be explored.

2.5.1 Conventional machine learning algorithms

Machine learning, a branch of artificial intelligence (Al), encompasses the precise
development and optimization of algorithms that learn from designated datasets to make
predictiors about unknown data, utilizing statistical analysis to discern patterns within large
datasets and derive inferences about the dataset's §Lég8ut169] Numerous algorithms have
gained poplarity in this domain for their utility in image processing, includingéarest neighbor
(KNN), random forest (RF), support vector machine (SVM),-sadfanizing maps (SOM),
multilayer perceptron (MLP), radial basis function neural network (RBF), learmactor
guantization (LVQ), and principal component analysis (PCA). Over the past decade, the
application of these algorithms has permeated various scientific disciplines, finding utility in areas
such as roboticgl70, 171] agriculture[172, 173] medicine[174, 175] and aquaculturfl76,
177]. 1t is particularly noteworthy that much research has been undertaken in the surveillance,
identification, and classification of urban plant species employing some of the mentioned

algaithms. Subsequently, a number of these studies will be discussed.

In a 2023 study, very higtesolution WorldView2 satellite imagery was meticulously
explored for its capability to detect, delineate, and classify urban plant species across both public
and private domainfl78]. A selection of four spectral bands (blue, green, yellow, red) and four
texture features (namely, energy, entropy, isgatifference moment, Haralick correlation) were
identified as the most efficient attributes for objeased classification from the W& images.
Following this, a classification of plant species was executed using a Random Forest classifier. 22
dominant plant species, along with grassland, were successfully identified and classified,
achieving an overall accuracy of 84% and 83% respectively. Notable peaks in classification
accuracy were observed fBinus sppspecie whereas the lowest classification aacies were

noted forQuercus spppeci¢l78].
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The next study published in 2022 concerning the application of machine learning algorithms
for urban tree species classification, specifically between deciduous (broadleaf) and coniferous
tree species utilizing 3D raw LIiDAR data distinct methodologies was expl@7&d Initially,
ground, building, and varying vegetation classes (low, medium, and high) were derived from raw
LiDAR data through a hierarchicalile-based classification method. Subsequently, individual tree
crowns were segmented employing a mehift clustering algorithm from high vegetation points.

For the discrimination of deciduous and coniferous tree species within the urban area, a total of 25
spatiat and intensitybased features were utilized across three machine learning classifiers:
syoport vector machine (SVM), random forest (RF), and niajter perceptron (MLP). The
resulting overall accuracies of the machine learbiaged classifications were 80%, 83.75%, and
73.75% for the SVM, RF, and MLP classifiers, respectively, in a 70/3Qirg#esting split.
Notably, the SVM and RF algorithms consistently outperformed the MLP algorithm in terms of

providing superior classification results for identifying the urban tree spEcéis

Another study exploring urban tree species classification utilizing {dAs&d multsensor
data and machine learning, a mgkinsor data fusion technique was developed to enhance
classification accuracy with lined training samplg4.68]. This research employed various UAV
based sensors, including multispectral, hyperspectral, LIDAR, and thermal infrared imagery,
collected over an urban area to classify 96 trees spanning seven different species. Two supervised
machine learning classifierRandom Forest (RF) and Support Vector Machine (SVM), were
evaluated, focusing on their capability to handle and analyzedmgénsional datasets derived
from multiple sensors. When using hyperspealaived spectral features with RF, the fusion of
all features (spectral, LIDAR, thermal) from all sensor types achieved the highest overall
classification accuracy (OA) of 83.3% and a kappa of 0.80. In contrast, while multispectral
reflectance bands alone secured a significantly lower OA of 55.2%, ther@tiohiof all dataset
types (spectral, LIDAR, thermal) using multispectiatived spectral features nonetheless
achieved an OA of 81.3% and a kappa of 0.77 witH TB].

Lastly, Pu et al. focused on the utility of medgasonal highesolution Pléiades satellite
imagery for urban tree species mapping in Tampa, FL, USA, the authors explored the potential to
enhance chksification through the exploitation of seasonal variati{@@®]. The study assessed
and compared the capabilities of Pléiades images acquired in different seasons for classifying

seven species and groups of trees to discern the impact of seasonal variations on mapping accuracy.
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The employed species and groups inetligrarious oaks, pine, palm, camphor, and magnolia. A
multi-level classification system, utilizing a suite of classifieRandom Forest, Support Vector
Machine, and Linear Discriminant Analydiswas applied to classify image objects of the tree
speciesand groups with features derived from the images. Notably, the results illustrated a
substantial improvement in tree species mapping accuracies using the late spring season (April)
image compared to other seasonal images, with combinededrseason imageperforming even
better (p < 0.01). Furthermore, the findings
classification and established that the Random Forest classifier notably outperformed the other
classifiers for tree species classificatichighlighting the criticality of selecting apt seasonal

remote sensing data for mapping tree spdaieg].

Conventional machine learning algorithms showcases some advantages in image processing,
including they can train and work on leemd machine§l81], oftenrequires less data to train a
model effectively[182], and they have lower computational compleXi$3]. However, one
cannot overlook these algorithms' drawbacks. One prominent limitaticongéntionamachine
learning algorithms is that they cannot learn straight from unprocessed data; they need a caref
preprocessing process to extract features from raw data and classify them, and then they use these
classified features to find specific pattefb®4]. The next drawback is that the predictive accuracy
of these algorithms can be compromised and diminished due to extended training durations,
gradient explosions, and susceptibility to overfittiiigg5]. Moreover, conventional machine
learning algorithms, while excelling with small to medisimed datasets, mangtelimitations in
accuracy when applied to larger data$286]. Another limitation is hhat the issue of noisy and
imprecise data, along with inaccurate labels, significantly challenges the accuracy and reliability
of machine learning algorithm§l87]. In light of these challenges and limitations with
conventional machine learning, the subsequent section will delve into deep learning models,

exploring their capabilities and nuances.

2.5.2 Deep Learning techniques

Deep Learning (DL), a vital component of machine leayn{iiML) (Figure 2.1), has
experienced remarkable growth in recent years, particularly highlighted by its increasing
implementation in research and indudtt$$8-191]. A major turning point came in 2012 when,
fueled by advancements in computer vision tasks like image categorization, object identification

and tracking, and semantic segmentation, deep learning techniques began to be widely utilized for
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tasks such as land cover ntoning and classificatiorf192]. Its role has since expanded into
vegetation remote sensing, showcasing its versatility across various research {{t931196].

DL surpasses traditional machine learning algorithms by autonomously learning pertinent features
from annotated datasets, offering an-éménd learning approach that eliminatihe need for
manual expertise in feature extractj@64, 197, 198]

ARTIFICIAL INTELLIGENCE
A program that can sense. reason. act and adapt.

MACHINE LEARNING
Algorithms whose performance
improve as they are exposed to more
data over time.

DEEP LEARNING
Subset of machine

‘ learning in which )

\ multilayered neural

network learn from vast
amount of data.

Figure 2.1: Deep learning family
Inspired by the human brain's information processing patterns, DL utilizes multiple layers of

algorithms or artificial neural networks (ANNSs) for varied data interpretafit®®, 200]. Unlike
conventional ML techniques, which involve a series of steps including preprocessing and feature
selection, DL streamlines the process by integrating learning and classification in a single step
(Figure2.2) [200, 201] This efficiency has propelled DL to prominence in big data fields and is
continuously evolving to enhance performance in various ML tE¥X&205]. Its applications

range from image supeesolution[206] to object detectiofi207, 208] and image recognition

[203, 209] with its performance in some areas surpassing human capabilities.
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Figure 2.2: The difference between deep learning and traditional machine learning.
Building on this momentum, DL has more recently been incorporated into vegetation remote

sensing, marking its expanding influence in diverse research dorfE®3s196]. While
conventional machine learning algorithms necessitate manual expertise for feature extraction and
involve intricate procedures like feature sal@tt deep learning approaches enable-terehd

learning from annotated datasets, autonomously ascertain the most pertinent features, and have
demonstrably surpassed traditional algorithms in the realm of computer visiorj164k497,

198].

DL's impact extends across numerous scientific fields and industries, significantly
transforming them. Major technology companiegldwide are continually striving to advance
DL, which has already surpassed hudw®rel performance in various applications such as
predictive analytics in logistics, loan approvals, and entertainf@&ff. Despite its emarkable
achievements, DL's potential for further advancements remains vast, particularly in enhancing
human lives. Its precision and accuracy hold promise for natural disaster prefdtignnew
drug discoverief212], and cancer diagnodi®13-215].

In vegetation monitoring, detecting and classifying research, several deep learning
architectures have been used containing: DeepLalj{&?, ResUNet [216], ResNef11, 217,
218], VGG16[164, 219] LeNet[220], U-net[117, 221] DenseNef222], AlexNet[164, 219]
YOLOv3 [11], MobileNet [11], EfficientNet [101], etc. In the domain of urban vegetation
monitoring, deep learning has paved tisay for different research. Some of these studies are

briefly reviewed below.

Il n a 2018 study, publicly available aeri al

harnessed to develop a fully automated pipeline for tree detection and species meC(@pdii

23



Literature review

Utilizing VGG16 convolutional neural network€NN), the researchers processed and analyzed
these images for tree detection and subsequent species classification. The integrated system
displayed a proficiency to detect >70% of street trees and achieve a classification accuracy of
>80% for 40 differenspecies. Specific trees, for instance, certain species, might exhibit higher or
lower classification accuraci¢223].

In the next study, a deep learning model, specifically theet)was applied for urban tree
canopy mapping employing higlesolution aerial photograpfa24]. The Unet's efficacy in tree
canopy mapping was assessed across four spatial sd&@lesm, 32 cm, 50 cm, and 100 cm.
During the training phase, the data was apportioned with 85% allocated for training and 15% for
validation Performance was gauged using four quantitative metrics: Dice, Intersection over
Union, Overall Accuracy, and Kappa Coefficient. Notably, thedtls application with 32m
input images showcased exemplary results, recording an overall accuracy of ar@bhh
Intersection over Union of 0.963824].

In another study, a DeepLabv3 model was introduced for the purpose of tree species mapping
in tropical urban setting225]. The network architecture processes aerial RGB images and yields
two distinct outputs: a semantically segmented image and a distance map transform. The
segmented image provides labeled pixel positions, whereas the distance mafesnthe
Euclidean distance to the crown boundary for each pixel. A subsequeprposssing approach
was devised that fuses these outputs, leading to the classification of nine and five tree species with
averageFs cores of 79. 3 %lbespectiGedp. Natewbrthg ig theGrgsticessing4
method's ability to craft a detailed tree species composition map, exclusively labeling pixels of the

target species with elevated class membership probabji2és

In a 2022 study, the YOLOV3 model employed to detect and classify five urban street tree
species and estimate their profiles utilizing Google Street View injagék The YOLOv3 model
was rigaously trained on 5,480 pertinent images, allocating 80% for training and the remaining
20% for testing. After extensive training, up to 1,000,000 epochs, the optimal model was
pinpointed at 980,000 epochs. This model showcased a maximum mAP of 0.564patied by
precision and recall rates of 0.727 and 0.634, respec{26}.

Deep learning boasts several distinct advantages in the realm of data processing and

interpretation. Primarily, it possessthe capability to autonomously extract profound features
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directly from images, thereby ensuring an ¢m&nd analytical procesR27-229]. Unlike
traditional methods that rely on pdesigned features, deep learning gleans patterns directly from
raw data based on established extraction [@@&3)]. By initially comprehending simple constructs

and subsequently harnessing midgiered neural networks, it is able to represent intricate
structures within higldimensional data more abstractly, culminating in superior classification and
recognition accuracy231]. Central to deep learning's philosophy is the empowerment of the
model itself to discern critical features, therebyimizing human intervention. In essence, the
deep learning paradigm manages both feature representation and classifier learning in the training
phase. Its prowess is further substantiated by its remarkable successes in areas like classification
[232, 233]and target detectidi98, 234] Despite its prowess, deep learning presents challenges.

A primary concern is the High Computational Requirement. Implementing deep learning demands
substantial computational power, particularly during training, emphasized by the dependence on
specialized ardware like GPUs and TPUa35]. Equally significant is the Dependence on Image
Resolution. In vision tasks, the quality of outcomes hinges on the image's resolution, making high
guality inputs essential ands @ result, amplifying the requirements for data processing and
storagg198].

2.6 Summery
Modern urbanization leads to environmental challenges, including air pollution.
Urban green spaces mitigate environmental issues, absorbing pollutants and providing
ecological, psghological, and physical benefits.

1 Monitoring urban green spaces is tedious and costly using traditional methods, but image
acquisition technologies, like satellites, UAVs, and vehimotainted cameras, help
streamline the process.

1 Satellites offeextensive data capture and reach remote areas but face challenges in urban
monitoring due to varied terrains, availability, and issues like cloud cover and ground data
inconsistencies

1 UAVs provide coseffective, highresolution monitoring of urban vegeatat but grapple
with battery, legal, privacy challenges, and urban complexities.

1 Vehiclebased stredevel imagery provides a detailed and accurate view of urban

vegetation, offering insights not always achievable with satellites and UAVSs.
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T

Hyperspectral maging offers detailed data for applications like urban vegetation
monitoring but faces challenges like data nonlinearity and obtaining valuable training
samples.

Multispectral imaging offers detailed data quickly but faces challenges such as calibration
needs, lower resolution, and higher costs than RGB cameras.

RGB imaging is a costffective and accessible approach in remote sensing, preferred for
its lightweight equipment, higher spatial resolution, and ease of processing. With cameras
available in everday devices, their widespread use is facilitated. However, they are limited
to the visible spectrum and can be affected by environmental factors, impacting image
guality in conditions like lowight.

Conventional machine learning, a component of Al, hageml benefits for image
processing. However, its significant drawbacks include the need for detailed data
preprocessing, reduced accuracy over extended training periods, potential overfitting, and
limitations in handling larger datasets and noisy data.

Deep Learning offers an autonomous, -tménd approach to data analysis, excelling in
computer vision tasks by automatically identifying critical features. Its strengths lie in
enhanced accuracy and reduced human intervention, but it demands high comgdutati

power and quality image inputs.
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3 Systemdesign andnethodology

3.1 Introduction

This research thesis, forming an integral part of a broader study, addresses critical ecological
challenges, particularly the identification of moative and invasive species, and the early
detection of diseases in urban vegetatieigure 3.1 illustrates this through a systematic and
comprehensive flowchart, which visually differentiates the completed stages of this research from
those planned for fute exploration. Colored cells in the flowchart represent the steps achieved

within this thesis, while uncolored cells indicate the phases intended for subsequent research.

it

Diagnosis of
Tree Diseases

l Remove Non-Vegetation Images | 2
Tree Species
B
| Remove Blur Images | I__—m| Generdaf:lRiport -
. and Alerts

| Remove Repetitive Images I

P, 1 Tnf: .
P

Invasive Species
Detection

| Saving in specific folders I-

@G -

Figure 3.1: Overview of thebroaderstudy'sframework
colored cells show completed sections and-ocolored sectionsepresent planned for future works
Central to this thesis is the use of advanced computer vision techniques, employing RGB

images from a camounted camera and deep learning models, specifically YOLOv5 and

YOLOVS, to identify various tree species and individual trees within urban landscHpes
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research commenced with detailed data collection, focusing on camera setup and image capture,
followed by a critical preprocessing stage where filters were applied to improve image quality and
address privacy by removing neegetative and blurry ingges.

A key aspect of this study was the training of deep learning models. This involved preparing
datasets, annotating images, and conducting a rigorous training process, which successfully led to
the effective detection and classification of tree spediramportant achievement of this thesis
was the integration of this data with information from datasheets and the subsequent mapping of

tree locations, which significantly enhanced the understanding of urban vegetation.

Looking forward, as indicated in ¢hflowchart, the research aims to expand its scope by
incorporating drone and smartphone imagery and organizing tree images into specific folders
dedicated to individual trees. These steps will be crucial in future studies for monitoring tree health,
deteding diseases early, and identifying invasive species. The ultimate goal is to generate
comprehensive reports on each tree's status, thereby contributing to more effective urban

environmental management.

The System design andmethodology chapteris meticubusly structured, providing a
comprehensive view of the research's technical foundations. It encompasses several key areas,
starting from the initial data collection and extending through preprocessing, deep learning model
training, and vegetation type @etion. Thischapterhighlights the thoroughness of the research
process, from the initial setup and image capture to the deployment of advanced YOLO models

for data analysis, underscoring the robustness and replicability of the study.

3.2 Datacollection

Thequality of the datasét specifically, the visual imagésplays a pivotal role in the accuracy
of recognition algorithms within computer vision systd@%6]. Thus, the data collection process
becomes a cornerste for the success of such systems. For the purpose of this research, data was
captured through a combination of common hardware and meticulously planned capture sessions.
To ensure the accuracy of models, the data was required to be of high qualisentginee of
varied urban vegetation, and wdlbcumented. Ensuring this level of quality necessitates a
detailed examination of the technical aspects involved in data acquisition. The following
subsections will therefore explore timfrastructure of thémaging systen¢Section 1.2.1and the

image capture process (Section 2)2These sections are integral to understanding the systematic
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approach adopted to collect a dataset capable of training a computer vision system with high
precision andeliability in urban vegetation recognition

3.2.1 Theinfrastructureof theimaging system

The infrastructure of the imaging system serves as the technical backbone of the data collection
process. This encompasses all the physical and software componenisdbatert, capture the
visual data required for analysis. The design and integration of these elements are crucial in
creating a reliable and efficient data acquisition system. -Hagity cameras, robust computing
hardware, precise GPS modules, anlbriad frame designs constitute the hardware suite, while
sophisticated software ensures these components work seamlessly together. The hardware is
tasked with capturing higtesolution images under various urban conditions, and the software
synchronizes mage capture with location data and system controls. Together, they form a
comprehensive system engineered to meet the demanding requirements of urban vegetation
mapping through computer vision. The following subsections provide-dapth look at each
component's role and specifications, as well as the rationale behind their selection and

configuration for this research project

3.2.1.1 Hardware

The hardware deployed for data collection forms the cornerstone of the imaging infrastructure.
Figure 3.2 illustrates the complete setup of the inmpisystem hardware, encompassing the
camera(A) with its lens(B), computer(C), battery(D), GPS modul€E), GPS antennéF), and
Wi-Fi router(G). Each of these components plays a pivotal role in the system's functionality and
will be discussed in thenespective sections. The last part of the hardware section is related to the
Frame design which is crucial for the physical setup, ensuring that all hardware components are

securely mounted and aligned for optimal data capture
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Figure 3.2: Overview of the complete imaging system hardyare
A. the camera with B. lens, C. computer, D. batteries, E. GPS module with F. antenna, aréi G.
router

3.2.1.1.1 Camera andens

The Basler a2A532Q3ucBAS RGB camergFigure 3.2.A), with a 16.tmegapixel Sony
IMX542 CMOS sensor, captures higbsolution images (5328 x 3040 pixels) at 23 frames per
second(Figure 3.3). This frame rate is effective for capturing stationary details from a moving
vehicle, essential for urban data collectidime adjustable settings of this camera allow it to
efficiently adapt to the dynamic lighting and motion conditions typical of ugmsironments.
This capability is helpful in meeting the research objectives, which include compiling a detailed

visual inventory of urban vegetation

Figure 3.3: The Basler a2A532Q3ucBAS RGB camera
In the pursuit of capturing the most informative images possible, three Basler lenses with

different focal lengthd 50mm, 25mm, and 12mdnwere rigorously evaluate(Figure 3.4.A).

The selection of the lens was crucial to maximizing the amount of detail and information in each
captured image. Following extensive testing, the 12mm lens was chosen for its wider field of view,
both horizontally andvertically, making it particularly suitable for the urban environment. To
visually demonstrate the differences in the capabilities of these lenses, indsadyak output

images for each lens are presentédjfre 3.4.B for the 50mm lenskigure3.4.C for the 25mm
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lens;Figure3.4.D for the 12mm lens). Additionally, a comparative imagg(re3.4.E) has been
created to juxtapose the field of view and angle of view vertically for each lens, providing a clear
and direct comparison of their respective focal lengths and imaging characteristics.

E

Figure 3.4: Comprehensivelisplay andcomparison ofested Baslelenses.
A. shows the 50mm, 25mm, and 12mm lenses. B. is a sample image captured with the 50mm
with the 25mm lens, and D. with tA@mm lens, all taken from a fixed distance to illustrate the out
variation. E. provides a comparative analysis of the lenses, highlighting differences in focal len¢
vertical angle of view.
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An essential aspect of the camera setup was determhengptimal mounting angle Uon
the vehicle to ensure effective data acquisiiéigure 3.5.A). Through several trial runs, it was
observed that eamera angle of less than 45 degrees often resulted in many images being blurred
(Figure3.5.B). This blurring was likely due to the motion of the i and the speed of passing
objects. On the other hand, a camera angle greater than 45 degrees frequently captured multiple
trees in a single frame, which posed challenges for the process of individual tree identification and
analysigFigure3.5.D). Consequently, a 48egree angle was identified as the optimal orientation
for the camergFigure 3.5.C). This decision aligned with findings from other research, which
similarly recommended this angular setup for effective imaffitg

___________ Travel direction
a & >

Figure 3.5: Cameraangle on thecar roof andits effects onimages.

A. Depicts the camera's placement and itsld§ree angle on the car roof. B. Shows a sample im
captured with the camera angle set to less than 45 degrees, C. Presents a sample image captt
optimal 45degree angle, D. lllustrates a sample imegptured with the camera angle set to more i

45 degrees

3.2.1.1.2 Computer
The computational core of the data collection system is the BG6@ERAL, a fanless
industrial computer from AAEON (Taiwanlrigure3.2.C). For reliable and continuous operation

during field data acquisition, the system was powered by two batteries, each with a capacity of
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30000 mAh(Figure3.2.D). The computer is powered by an Intel(R) C@r#) i7-8700T CPU @
2.40GHz and is equipped with 32 GB of installed memory (RAM), alongside an Intel(R) UHD
Graphics 630 GPU. This setupoprdes substantial processing power necessary for the imaging
tasks. Its fanless design contributes to reduced mechanical wear and enhanced longevity.
Furthermore, the system is capable of operating across a wide voltage range from 10V to 35V and
can withsand a broad temperature spectrum fr@0fC to 55°C, which is essential for maintaining
operational stability in diverse urban environmeRigure3.6).

Figure 3.6: The fanless AAEON BOXER641A1 computer
3.2.1.1.3 GPS module anantenna

In addition to the importance of the imagisgstem, analyzing the collected images in
conjunction with the information recorded by the city's council for each tree is crucial. This
information includes each tree's scientific and common names, area (such as urban, rural, park,
etc.), and latitude arldngitude. It is important to note that using geographical coordinates (latitude
and longitude) is the most precise and efficient method for matching each tree's image with its
recorded information. Therefore, alongside the hardware dedicated to imagB®S module
(Figure 3.2.E) is necessary to record the geographical coordinates of each photograph. In this
study, the tblox ZED-FOR-00B module(Figure 3.7) and a GPS antenn&i@ure 3.2.F) was

employed for this purpose

Figure 3.7: The ublox ZED-FOR-00B module
3.2.1.1.4 Wi-Fi router

The last component of the imaging system's hardware is tHankPTL-WR703N (China)
(Figure 3.2.G), a compact wireless router. This device serves as a critical link between the

computer and the operator's laptop. TheWR703N is configured to create a local Wi
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network, to which théaptop can conne¢Figure3.8). Once this wireless connection is established,
the laptop gains access to the imaging system computerface, enabling remote operation and
monitoring of the imaging system. This setup is particularly advantageous for fieldwork, as it
allows for flexibility and mobility, eliminating the need for direct physical interaction with the
imaging system's conoer for system adjustments or data retrieval

Figure 3.8: The TRLink TL-WR703N WiFi routet
3.2.1.1.5 Frame design

As mentioned in the previous sections, the basis of this research involves using images
colleced by cameras mounted on vehicles. Consequently, the imaging system requires a frame
that can be attached to a vehicle. A key feature considered in the frame's design is its ability to be
mounted on the roofs of various vehicles (specifically those at aMaildniversity) and then
unmounted after data collection is completed. This frame was meticulously developed in
SolidWorks softwarerersion 2018and the final design was constructed following approval. The
precise dimensions of the frame are detailethénappendix sectios shown inFigure3.9, this
frame consists of three parts. Part ‘A’ corresponds to the main frame, which is mounted on the roof
of the car. The other two sections, labeled 'B' and 'C', are respectively relamdaa that houses

the computer and the camera mounting location
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Figure 3.9: Designed frame in Solidworks 2018;
A. mainframe, B. Computer box and C. Camera

3.2.1.2 Software

In the software domain, the designed system hinges on a Rydlsed framework, which
capitalizes on the ROS (Robot Operating System) for efficient message passing and process
management. Central to software infrastructure is the ability to process andsaes from two
different sources. Scripts utilize OpenCV for image processing and cv_bridge for converting
between ROS image messages and OpenCV image formats. It maintairtsaeréak with GPS
data, employing a subscriber model to receive updeteddinates. These coordinates are then
used to tag captured images with their respective geographical locations, effectively mapping

images to their reakorld coordinates.

Furthermore, Scripts demonstrates a sophisticated approach to file managemdataand
recording. Two separate image streams are handled concurrently, with images being saved to
designated file paths and their metadata (including GPS coordinates and timestamps) being logged
in a CSV file. This meticulous data logging is crucial forHdatealysis or review. Additionally,
scripts include functionality to dynamically update the file paths for image storage, allowing for
greater flexibility during operation. The system's shutdown procedure is designed to ensure all data
is correctly saveddfore termination, reflecting the emphasis on data integrity and robust operation
in diverse environments. This software suite not only exemplifies integration of various Python
libraries and ROS capabilities but also underlines the system's adaptatdlityliability in field

operationsThescripts are available onliren GitHub'.

1 GitHub link: https://github.com/Sami3610/BioVison/tree/main/Imaging_system/Drivers
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With the assembly and preparation of the imaging system now complete, encompassing both
the hardware and software configurations, the focus shifts to the practical application of this
sophisticated setup. The next staepalves the selection of specific routes for data collection,
tailored to target specific tree species. This route creation is not just about navigating through urban
spaces; it involves an approach considering various factors such as tree distribetoes sp
prevalence, and accessibility. The process and considerations behind designing these routes will
be discussed in the following subsection.

3.3 Datacollectionstrategy
In this section, the comprehensive data collection strategy employed@séaech is outlined.
This strategy is twofold, encompassing both the meticulous planning of routes for effective data

capture and a detailed overview of the tree species that were the focus of the study.

3.3.1 Route planning for data collection

Given the systeths battery | imitations, routes. wer e
The most important data used in this research for creating these imaging routes were the datasheets
provided by the city councils (Auckland, Hamilton, and Cambridge datasheetsadabla). As
mentioned in previous sections, these datasheets contain comprehensive information about each
tree, such as its scientific and common names, the area where the tree is located, its geographical
coordinates, etd-igure3.10, which is a flowchart, illustrates how these datasheets were utilized

to create the routes for image capture.
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Figure 3.10: Simplified workflow for creating areephotographyout e fr om coun
As illustrated in the flowchart, inaccessible areas such as parks, lakes, and protected zones

were filtered out, reducing the Cambridggtaset from 15,319 trees to 6,693 (43.7%) accessible
trees, achieved using Excel, QGIS, or Pytffeigure3.11), Following this filtering, species ith

the highest frequency in accessible areas were selected as target spediagyéiepecies, about
54% of the remaining dataset, were excluded, ensuring a focus on the most prevalent species
aligned with research objectives

Figure 3.1L Exampleé of areas that cannot be accessed by the vetialeted camera in Cambridg:
colored dots represent trees.

The final step in the process is Route Creation. This involved two methods: d afgroeach
and an automated approach using QGIS softwEne. manual approach is accurate but time
consuming(Figure3.12.A). Conversely, the autormet approach, created in QGIS with the ROS
tools plugin Figure3.12.B), allows for the quick development of complex routes, albeit with a
higher likdihood of errors.Combining these methods provided optimal results by generating
preliminary routes in QGIS and manually refining them for accufleigure3.12.C). During data
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collection, vehicle speed was regulated betwe@d@®m/h to optimize image quality and reduce

motion blur.

Fitered Cambridge /
* Flowedng Chary &

Filtered_Cambridge

* Flowering Cherry

+ Flowering Dogwood
+ Japanese Maple

* Lemon

* Liquidambar

+ London Plane

Pin Oak

« Siluer Rirch

Figure 3.12: Pathcreationmethod;
A. lllustration of amanuallydrawnroute in Cambridge, B. Automatedutegeneration using QGIS
and ROSools, C. Example ahanualverification andoptimization of arelgorithm-generatedoute.
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3.3.2 Overview ofselectedireespecies

The primary factor for selecting tree species was their abundance, as a sufficient number of
images are needed for training and validation of the model. Given that most tree species in New
Zealand are welknown[237], the selection was based solely on the count of each species that
was accessible. For example, in the Cambridge datasheet, about 135 different tree species are
recorded as being accessible for the imaging system, with their frequencies ranging froor 1969 f
Japanese Maple to just 1 for Purple Birch. After meticulous analysis, the final selection of eight
tree species was made, specificalRrunus SpeciegFlowering Cherry) Cornus Florida
(Flowering Dogwooyl Acer Palmatunf{Japanese MaplePlatanus X Acefolia (London Plang
Liquidambar StyracifluaLiquidambajy, Magnolia Grandiflora(Bull Bay), Quercus Palustris
(Pin Oal, andBetula PendulgSilver Birch). These species were deemed most suitable for the

aims of this research. Images of these selesyiedies are presented in Figure 3."
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Figure 3.13: Collection ofselectedreespecies;
A. Prunus Specie§-lowering Cherry), BCornus Florida(Flowering Dogwood), CAcer Palmatum
(Japanese Maple), Platanus X AcerifoligLondon Plane), ELiquidambar Styraciflua
(Liquidambar), FMagnolia Grandiflora(Bull Bay), G.Quercus PalustrigPin Oak), and HBetula
Pendula(Silver Birch).
After ead data collection session, a wide range of images is acquired, which comprises a mix

of redundant, blurry, and vegetatitnee images among the captured data. This assortment is
referred to as the 'raw dataset.’ If these irrelevant images are not retheyecin significantly
increase the time required for image analysis. Consequently, the following section, dedicated to
preprocessing, will discuss the methods employed to eliminate such images, thereby streamlining

the dataset into a more effective andfukcollection for analysis

3.4 Preprocessing

In this section, the focus is placed on the important steps undertaken to transform the raw
dataset into a form suitable for detailed analysis. An initial review of the raw datasets obtained
from the imaging sytem revealed that in a single data collection session, covering a distance of
10 kilometers at the specified speed mentioned in the previous section, approximately 6,000
images are captured within a span of 45 minutes. These images are the result sfethés sy
continuous operation from activation to deactivation. The preprocessing stage, therefore, is
essential in managing this large volume of data, ensuring that only the most relevant and high

guality images are retained for further analysis

The preprocessing process involves a series of steps, each critical in transforming the raw
dataset into a format optimized for analysis. Accordingitiure3.14 that outlines all the steps in
this section, the process begins with the removal ofwegetation images. This step is crucial to
ensure focus on pertinent data, with examples illustratdelgare 3.15.A. Following this, the

elimination of blurry image@~igure3.15.B) is undertakenwhere different techniques were tested
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to identify and remove images lacking clarilThe next crucial step is the identification and
removal of repetitive imaged=igure 3.15.C). A variety of methods were trialed to efficiently
reduce data redundancy. Additionally, privacy protection is a key aspect of preprocessing,
involving the blurring of personal information within the images, as demonstratEdyune

3.15.D. These steps are integral to refining the dataset, ensuring it is prepared for analysis and

Start Preprocessing

[ Remove Non-Vegetation Images

aligned with the research's gaals

’ Remove Blurry Images |

I Remove Repetitive Images |

| Blur Personal Information for Privacy Protection |

Prepared Dataset

Figure 3.14: Flowchart of thegreprocessingteps
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E
Figure 3.15; Examples of images from raw datasets that should be removed or edited;
A. nonvegetation images, B. blur images, C. repetitive images, and D. images with privac
information such as car plate number, human faces, etc.

3.4.1 Remove norvegetation images

While capturing images in urban areas with the imaging system, a variety dfnmmt
elements such as buildings, vehicles, and urban infrastructure are inevitably in¢higlee
3.15.A). These nofvegetation components can significantly clutter the dataset, leading to
inefficiencies in processing and analysis. To tackle this issue, a specialized method was employed
involving the use of a trained YOLOVS5 mhel, designed to detect urban vegetation. This approach,
detailed in the 'Training a model for detecting urban vegetation' section, enables the precise
identification of images containing vegetation. After training this model, each image from the data
collection sessions is analyzed, and only those with urban vegetation, irrespective of species, are
retained. Norvegetation images, which do not contribute to the research objectives, are removed
from the raw dataset. This selective filtering process is itapbfor maintaining a dataset that is
both relevant and manageable, thereby enhancing the overall efficiency and accuracy of the

subsequent analytical phases of the study.

3.4.2 Removeblur images

Blur in an image is a prevalent issue in digital impgecessing, often challenging to rectify
due to factors like environmental interference and camera movegg@Bit 239] In various
professional fields such as remote sensing, astronomy, microscopy, and medical imaging, blurry
images can sigficantly impede research and diagnosf38]. The primary reason behind blurry
images is typically the dynamic movement of the lens during capture, where the lens fails to set a
proper angle and focy240, 241] Digital images, composed ofxais in a grid formation, lose

clarity when these pixels do not represent the intended tone due to such disti2z8ices

42



Systemdesign andnethodology

In the context of this research, where the imaging system is mounted on a vehicle, similar
challenges are encounteréche vehicle's movements, influenced by pothofegure 3.16.A),
speed bumpsHgure 3.16.B), and uneven road surfaces, lead to significant camera instability,
resulting in blurred imaged(gure 3.15.A). Blurry images lack the clarity needed for precise
analysis, so they must be filtered from the dataset. To achieve this, two techniques were used: Fast

Fourier Transform and Laplacian Variance, each further explained below.

Figure 3.16: Commonurbanroadconditionsleading toccamerashake;
A. pothole and B. speed bump.

3.4.2.1 Fastfouriertransform technique

The Fast Fourier Transform (FFT) is one of the most come@miques in the identification
of blurred images. FFT, a powerful tool in digital image processing, transforms a signal from its

original domain (often time or space) into a representation in the frequency déafjin

In the context of image preprocessing, FFT is utilized to analyze the frequency components of
an image. Blurred images typically display a distincttgrat in the frequency domain,
characterized by a scarcity of hifflequency components, which are indicative of sharp edges and
fine details[243]. By applying FFT to each image, it becomes possible to differentiate between
clear and blurred images based on their frequency spectra. This differentiation is particularly
evident when asssing the amount of highequency content; a low quantity of hiffequency

components usually signifies that the image is bl[Z242].

Building upon the foundational principles of FFT in distinguishing between clear and blurred
images, a Python script was developed to operationalize this technique. The script follows a four
step process to identify blurred images etifeely. Initially, after converting RGB images to
grayscaleFFT is applied to convert each image from the spatial domain to the frequency domain,
where low frequencies are positioned at the corners and high frequencies at thé¢Fogunter
3.17). The script then employs "np.fft.fftshift" function to shift the zéemuency component to

the center, simplifying the manipulation of the central Higdguency components
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. . 5 Spatial-to-Frequency
Original images Grayscale images Domain Conversion
s W W i
§ A AP \ 1 WA
J

Clear images

Blur images

Figure 3.17: Original, grayscale, anfrequencydomainimages
Left: Original images featuring two clear and two blurred examples. Middle: Grayscale versions
original images. Right: Spatitb-frequencydomainconversions of each grayscale image, illustratii
their frequency domain representation.
Subsequenyl a rectangular filter is applied within this frequency domain: a specified

rectangular area at the center, where the high frequencies are located, is set to zero. This step is
crucial in selectively filtering out certain highequency components fromelimage. The size of

this rectangular area, which is changeable, is defined by the 'size’ parameter in tl{Eigargpt

3.18). After applying this ifter, an inverse FFT "np.fft.ifft2'function is executed to revert the
modified frequency domain back to the spatial donfgigure3.19).

Figure 3.18: Frequencydomain withrectangulafilter which shows the frequency domain after FF
highlighting a central rectangular area set to zero to filter out specific high frequencies.
The final step involves calculating the mean of the magnitude values from the transformed

image and comparing it against a predefined threshaliétermine if an image is blurry. In the
written script, if this calculated value is less than the threshold, the image is classified as blurry,
and vice versa. @ noteworthy that the threshold value used was determined through trial and

error, optimizingt for the most accurate blur detection in our dataset.
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Spatial-to-Frequency
Grayscale images Domam Conversion wi 1th
Rectangular filter

;BN .

Frequency-to-Spatial
Domain Conversion

Clear images

Blur images

Figure 3.19: Grayscalefrequencydomain with rectangular filter and inverse FFT Images
Left: Grayscale images featuring two clear and two biieveamples. Middle: Spati#d-frequency
domainconversions of each grayscale image with a rectangular filter that shows the area where
zero. Right: Inverse FFT images from frequency to spatial domain.
For finding the optimum threshold value amgttangular size, a selection of 100 blurry and

100 clear images were manually chosen and placed in a folder. These images were then separated
using the written script. After each separation, the accuracy of the differentiation was evaluated
based on thehreshold level. Ultimately, the threshold that yielded the highest accuracy in
separation was selected. In a similar manner, the most appropriate size for the rectangular filter

was also determine@he scriptis available online orGitHub!.

In summary, the Fast Fourier Transform technique prevadmethod for identifying blur in
images by analyzing their frequency spectra. Next, the Laplacian Variance technique will be
discussed, which is another pivotal tool for finding blur images. The Laplacian Variance technique
offers a different perspectiv®y focusing on the spatial domain rather than the frequency domain,
evaluating image sharpness through edge detection. The subsequent section will explore the

technicalities of the Laplacian Variance technique.

3.4.2.2 LaplacianVariancetechnique
Laplacian variance is used as a metric to assess the quality of an image in terms of blur. To
calculate the variance of the Laplacian, the Laplacian operator, a sactandierivative method,

is applied to the image; this operator effectively highlightsis of rapid intensity change, which

1 GitHub link: https://github.com/Sami3610/BioVison/tree/main/Filters/Blur_images_filter/FFT
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are indicative of edgd239]. Mathematically, for a twalimensional imagé(x, y), the Laplacian
L (x, y) is given by([244)):
2
I
L(X, y) = u_z -liz (1)
MX M
The equation(1) represents the sum of the second derivatives of the image intensity | with
respect to the x and y coordinates. It calculates the difference msitytéor a pixel compared to

its surrounding neighbors in both the horizontal and vertical directions

oOf1f1] 2 2 2 11)1]0
11214]| 3 3 31412]|1
11415]| 3 0 3 |1514]|1
2331121241213 |3]|2
2302414024103 ]| 2
2331121241213 |3]|2
1145]| 3 0 31514|1
1124 3 3 31412]|1
of1f1] 2 2 211)1]0

Figure 3.20: Laplacianoperatorapplied to a 9xixel matrix [244]
Figure3.20 showsthe effect of applying the Laplacian operator to an image section. Each cell

in the matrix corresponds to a pixel, with the number indicating the pixel's intensity value post
Laplacian application. The central region, with higher values, depictsea of high intensity
change, characteristic of sharp edges or significant texture contrast. This matrix visually
demonstrates how the Laplacian operator accentuates regions with rapid intensity changes, aiding

in the detection and analysis of imagerphass and texture

By calculating the variance of the Laplacian, one can determine the extent of blur in the image.
A higher variance indicates less blur, while a lower variance indicates mor@ tiduvariance of

the Laplacian L can be computed as

N
Var() =<4 (4 ) @
i=1
Where,L; represents each pixel value in the Laplacian impgds the mean of all Laplacian

values, N is the total number of pixels, and the summation is over all fiigeiation(2) calculates
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the average of thequared differences from the mean, providing a measure of the image's edge
sharpness

Based on the explanations provided, a Python script was developed to identify blurred images
in the datasetAccording to the scriptitially, each image igonverted into grayscale, which
simplifies the data for analysis. This preprocessing step is crucial as it facilitates a simpler
computation of the Laplacian variance.

Subsequently, the Laplacian operator, an edge detection tool, is applied to each image,
followed by the computation of its variance. This variance acts as an indicator of the image's
sharpness, quantifying the presence of clear ed@gesgd on a predetermined threshold, the script
categorizes each image as either blurry or clear. This tHdeshn be changed according to the
characteristics of the dataset. Images that exhibit Laplacian variance values lower than this

threshold are classified as blurr@the scriptis available online oitHub!.

Having effectively addressed the challenge of blur images using the Fast Fourier Tmansfor
and Laplacian variance techniques, the thesis focus now shifts to another crucial aspect of image
preprocessing: the removal of repetitive images. This next section will delve into techniques
employed to identify and eliminate duplicate or reaplicateimages from datasets. This step is
essential to ensure the uniqueness and quality of the data, further refining our analysis and

contributing to the robustness of the studyos

3.4.3 Remove repetitive images

Continuous imaging in urban areas often rssii repetitive imagegFigure 3.15.C) with
similar content, primarily when the vehicle stops due to traffic lights or traffic rules. Removing
theseduplicates significantly reduces analysis time. To address this, three methods were evaluated
for identifying and eliminating repetitive images: Mean Squared Error, Normalized-Cross

Correlation, and GRBased filtering, each discussedhe subsequent ssixctions.

3.4.3.1 Mean Squared Error technique
Mean Squared Error (MSE) is established as an effective signal fidelity measure in image

analysis. It provides a quantitative score to assess the similarity or error between twd2Aiges

1 GitHub link: https://github.com/Sami3610/BioVison/tree/main/Filters/Blur_images_filter/Laplacian_Variance
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Typically, one image is considered the original, while the other is a distorted or altered \Version.
the context of images, MSE is defined 245, 246]

1.\
MSE(x Y ==& (¥ - ¥° ©
i=1
Where x={x|i %2,...,N} and y={y]|i %2,...,N} represent the pixel values of the two
imagesand N is the total number of pixels.

The MSE's attractiveness lies in its simplicity and effectiveness. It is paraneeter
inexpensive to compute, and memoryless, allowing the sduareor to be evaluated
independently at each pix@45].

In this research, a Python script was employed to detect and remove similar images from
collected datasets using the Mean &ed Error (MSE) technique. To identify duplicate images,
a specific MSE threshold was initially established through a process of trial and error, where a
lower MSE value indicated greater similarity between images. Subsequently, each image
underwent a sysmatic process: they were loaded, resized to a uniform size, and converted into a
grayscale pixel array. This standardization was essential for the accurate calculation of MSE. The
core functionality of the script involved calculating the MSE for eachgfamages by comparing
their pixel intensity values, thus determining the average squared differences. When the MSE value
of a pair fell below the predetermined threshold, the images were identified as duplicates. These
duplicates were then relocatedaaesignated output folder, significantly streamlining the image

dataset by eliminating redundant imagBse scriptis available online oGitHub?.

Based on the experiences gained in this research, it was observed that the Mean Squared Error
(MSE) technique is sensitive to changes in brightnedscantrast. This means that variations in
lighting conditions between two images can result in high MSE values, even if the images are
structurally similar, as demonstratedrigure3.21, which provides an example of this limitation.
Consequently, another technique, fidormalized Cros€orrelation techniqu® which is not
sensitive to differences in brightness, was also tested for detectimgraading similar images.

This technique and its application will be discussed in the subsequent subsection

1 GitHub link: https://github.com/Sami3610/BioVison/tree/main/Filters/Similar_image_filter/similarity.detection MSE
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Figure 3.21: Threesimilar images withvarying brightnesdevels
unrecognized asimilar by the MSEBechnique.

3.4.3.2 Normalizedcrosscorrelationtechnique

Normalized crossgorrelation (NCC), a robust mathematical tool in the fields of signal and
image processing, is employed for matching features, analgamtarity, tracking motion, and
recognizing objectR247-249]. It is an effective method for measuring similarity between images,
with its main advantage being its insensitivity to variations in brightness and c¢aS@ist-or

comparing two images based on NC@& #yuatior(4) is used in this context is as folloW&b0]:

NCC(A Egzﬁéhyi(A(x y)- /;1\)33(:(X y - 4)
C A

Where A and Brepresent the two images being compargte pixel values at any given

position (x,y) in these images are denoted by A(kand B(x.y), respectivelyAdditionally, €a

and€g indicate the mean pixel values of images A and B, wihilandUs represent the standard

deviations of the pixel values in these imagasdthe total number of pixels in the images is
represented by NThis equationinvolves a summation over all pixglositions (X,y) in the

overlapping region of the images, ensuring a comprehensive comparison

A Python script was utilized for employing the Normalized G®@eselation (NCC)
technique. Firstly, a threshold should be considered which is selected ualngnt error.
According to this threshold, images with an NCC value above this threshold would be considered
similar. Images are systematically resized to 256x146 for computational efficiency and converted
to grayscale. The script then calculated NCCuesl between pairs of images using
ficv2.matchTemplatg recording the maximum NCC value for each pair to determine similarity.
Pairs with NCC values exceeding the set threshold are identified as similar and removed from

datasetsThe scriptis available online ofiitHub'.

1 GitHub link: https://github.com/Sami3610/8Vison/tree/main/Filters/Similar_image_filter/similarity.detection. NCC
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The NCC technique, in pracal evaluations, demonstrated that it does not possess the
limitations inherent in the Mean Squared Error technique. However, this research also investigated
another approach, which was based solely on using GPS coordinates recorded in the names of each

image. This method will be discussed in the following subsection.

3.4.3.3 Using GPS coordinates

Utilizing GPS information to identify similar images, unlike the previous methods, does not
involve any computations on the pixel values of each image, resulting ificgigtly higher
computational speed. Generally, the process involves subtracting the geographic longitude and
latitude of two points. If the resulting value is less than a specified amount, it indicates that the two
images were taken from the same logatidonsidering the camégixed angle and the consistent
positioning of the camera on the vehicle, it can be concluded that the two images are similar.

For this, a Python script was designed to extract latitude and longitude data directly from the
filenames of each image. The scépprimary function is to identify images with extremely close
GPS coordinates. This is accomplished by determining whether the absolute differences in latitude
and longitude between any two images are less than or equagiy fine threshold of 0.000001
(this value is changeable) degrees. Such small differences indicate that the images were taken in
close proximity to each other. Upon identifying images that meet this criterion, the script then

proceeds to remove the seconthge from the dataset

Despite the high speed of this method, it also comes with fundamental limitations. The first
limitation relates to the accuracy of the recorded GPS coordinates. It was sometimes observed in
dataset analyses that the GPS data cbelchighly erroneous, preventing this method from
correctly identifying similar image@-igure3.22). Another potential issue arises with routiest
have a single lane. When imaging is conducted to and from both sides of a street, two entirely
different images may have very close GPS coordinates. In such cases, this method mistakenly

removes one of the images automatically.
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capture_2380_tat_-37.89086973 _lon_175 4670376_date_2023-09-01 jpeg|
Cambridge

A B
Figure 3.22: Comparative GP8oordinates from two datasets have been collected at different tir
from the same routes in Cambridge;Blue points represent GPS coordinates that are complete
correct, and BBlue points represent GPS coordinates that are completely wrong.
After thoroughly examining various methods for identifying and removing similar images

from datasets, such as the Meaquared Error (MSE) technique, Normalized Gi@ssrelation,

and the use of GPS data, the focus of this study extends beyond mere image processing. An equally
critical aspect that emerges is the consideration of privacy concerns. The upcoming seetion, ti
'Privacy Protection: Blurring Personal Information,’ will explore the specific approach adopted in
this research to ensure the blurring of personal information within urban imagery. This is in line
with adhering to privacy protection standards anegrdating ethical considerations into data

handling, reflecting a comprehensive approach to urban imaging studies

3.4.4 Privacy protection: blurring personal information

Images often contain sensitive informat{@51-253] such as faces and vehicle license plates,
raising significant privacy concernsn this research, focused primarily on imaging urban
vegetation, the inadvertent inclusion of such private details alongside pictures of trees is inevitable.
Recognizing the critical need for privacy protection, these prigaogitive elements must be
carefully removed during the final phase of dataset preparation. Given the impracticality of
manually processing a large volume of images, the deployment of an automated model becomes
essential. The YOLOvV5 model, which has beentmmed to identify oveBO types of objects,
including humans, buses, trucks, personal vehicles, motorcycles, and bicycles, was selected for its
robust capability. Consequently, this model was effectively employed to detect and remove

personal information from the images, ensgraherence to privacy standards

For protecting privacy information in images, a custom script was developed to process images
using a prerained YOLOvV5 model, specifically designed for object detection, with an added

functionality to selectively blur c&in objects. The script includes a 'blur’ function, which applies
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a Gaussian blur to designated regions within the images. These regions are determined by
bounding boxes that encapsulate detected objects. When objects are identified in an image, their
bounding boxes and class labels, such as 'person,’ ‘car,’ 'truck," 'motorcycle,’ 'bicycle,' and 'bus," are
extracted. The script then strategically blurs these objects using the Gaussian blur function to
obscure thenFigure3.23). The scriptis available online orGitHub.

B = oy = R e -y
ez l l L —" ' I . '

-" -"

B
Figure 3.23: Example of privacy information filter's results; @riginal image, and BFiltered image.
Throughout the 'Preprocessing’ section, various filters and techniques were meticulously

applied to refine the raw dataset. This included the removaloofvegetation images, the
elimination of blurred images using Fast Fourier Transform and Laplacian Variance techniques,
the deletion of repetitive images through Mean Squared Error, Normalized-@yos$ation
methods, and GPS coordinate analysis, asagednsuring privacy protection by blurring personal
information. As a result of these comprehensive preprocessing steps, the dataset has been
effectively modified and prepared, laying a solid foundation for the subsequent phase. The study
now progresses$o the crucial 'Deep Learning Models Training' section, where these curated
datasets will be utilized to train sophisticated deep learning models, marking a significant step

towards achieving the research objectives

3.5 Deep Learningnodeltraining
After refining the dataset in the preprocessing stage, the next crucial step is Deep Learning
Model Training, aiming to accurately detect and analyze urban vegethtidnis project, the

YOLO (You Only Look Once) frameworks have been utilized, predominantyy tdutheir

1 GitHub link: https://github.com/Sami3610/BioVison/tree/main/Filters/Privacy _filter
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efficiency as singlstage detectors. While twsiage object detectors, such as theéNRN series,

have been popular in the research commuf@8d, 254, 255] singlestage detectors like the
YOLO seried256-259] are known for their faster performance, as they simultaneously predict the
bounding box and the class of obje&80].

The YOLO series, in particular, has played an important role as a-stagke detector in
object detection and action detection td260]. The YOLO series has evolved from YOLOvV1 in
2015 through to the latest version, YOLOVS, in 2(2RL]. Each version has been instrumental in
various studie for detecting, monitoring, or counting vegetati@61-273]. In this research,
YOLOvV5 and YOLOvV8 were selected for their specific strengths: YOLOvV5 has demonstrated
strong performance in preliminary studies, while YOLOvVS8 offers sihthe-art features. The

folowingsubsecti ons explore each model ds unique ¢

3.5.1 YOLOv5

YoloV5 is one of the most famous detection algorithms due to its fast speed and high accuracy
[260]. YOLOV5, a Part of the YOLO (You Only Look Once) series, builds upon the developments
from YOLOvV1 to YOLOv4[274] and has achieved top performances on malpect detection
datasets like Pascal VQg75] and Micro®ft COCO[276]. The netvark architecture of YOLOV5
is shown inFigure3.24. The architecture of YOLOV5 is meticulously designed for efficiency in
both speed and accuracy, nmak it particularly suitable for applications requiring rapid and

precise detectiof274].

As depicted in Figure 1.23, YOLOvV5's framework is composed of three distinct parts: the
Backbone, the Neck, and the He@tle Backbone of the model, featuring CSPDarknet, is created
by incorporating the Cross Stage Partial Network (CSPR&%)] into Darknet and is responsible
for the initial feature extractiof274]. This design helps avoid redundant gradient information,

reduci ng t IdeanatanthgelfodusingsyDlz20e5 on devices with limited resources

The Neck, utilizing the Path Aggregation Network (PAN2#8], enhances the information
flow between the layers and improves the object location acclRagyN et 6 s st ru<cture
level features to be passed up efficiently, a benefit for appliatike urban environmental
analysis where precise object detection is imporilms aspect of the architecture is particularly
crucial for urban environmental applications, where precise detection and localization are key
[274].
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Lastly, the Head of the architecture, namely the Yolo Layer, is tasked with generating the final
detection outputs. It produces feature maps of three different sizes to facilitatescaldti
prediction,enabling the model to handle objects of varying §2z&4.

Furthermore, YOLOVS5 stands out in the singlage detector category for its regressiased
approach to object deti®an, allowing for faster processing compared to-stege detectors. This
approach is significant for projects where speed is as important as accuracy, making YOLOv5 an
ideal choice for urban vegetation analysis. The model's CSP backbone significantgsred
inference time, while the PANet structure ensures both beaffprand updown pathways for
enhancing detection capabilitigs/4].

Backbone: CSPDarknet Neck: PANet Head: YOLO Layer
BottleNeckCSP | Concat | BottleNeckCSP
~ UpSample
Concat
- | BottleNeckCSP
( BottleNeckCSP [ Concat | BottleNeckCSP
SPP BottleNeckCSP BottleNeckCSP

CSP Cross Stage Partial Network - Convolutional Layer

: Spatial Pyramid Pooling Concatenate Function

Figure 3.24: YOLOV5 networkarchitecture
This architecture is divided into three main components: (1) Backbone, featuring CSPDarkne
initial feature extraction; (2) Neck, utilizing PANet for the fusion of extracted featureg3phtiad,
comprising the Yolo Layer for the final output of detection results including class, score, locatio
size of the detected objects. The process begins with data input to the CSPDarknet, followed b
integration in PANet, culminating ithhe Yolo Layer's detection outpia74].
The diverse range of YOLOvV5 suhodels is concisely summarized Trable 3.1, which

presents a comparative analysis of their performance metrics. Thesgodals vary in size,

speed, and accuracy, offering a spectrum of options to suit different computational requirements
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anddetection scenarios. The smallest variant, YOLOvV5nN, provides the fastest detection speed at
the cost of lower accuracy, making it an ideal choice for resaumestrained environments or
applications where redime processing is critical. On the other eridhe spectrum, YOLOvV5X,

the largest model, offers the highest accuracy but requires significantly more computational
resources and processing time. This model is better suited for complex scenarios where precision

is paramount.

Intermediate models lik&«OLOvV5s, YOLOv5m, and YOLOVSI offer balanced solutions,
catering to scenarios that require a compromise between speed and accuracy. The table also details
the models' performance in terms of mean Average Precision (mAP) across various input
resolutions, iference speeds on different hardware configurations (CPU and NVIDIA V100), and
computational complexity measured in millions of parameters (M) and fleptimg operations
per second (FLOPs). This detailed breakdown aids in selecting the most approPilisdes
variant for specific tasks in urban vegetation analysis, ensuring optimal performance tailored to

the unique demands of each study.

Table 3.1: Comparison of YOLOvSub-models

Size mAPY mAPY Speed Speed Speed

Model CPUbL V100bl Vi00b32 Farameters — FLOPs

(pixels) 50-95 50 (ms) (ms) (ms) (M) @640 (B)
YOLOV5N 640 28.0 45.7 45 6.3 0.6 1.9 4.5
YOLOvV5s 640 37.4 56.8 98 6.4 0.9 7.2 16.5
YOLOV5m 640 45.4 64.1 224 8.2 1.7 21.2 49.0
YOLOVSI 640 49.0 67.3 430 10.1 2.7 46.5 109.1
YOLOvV5X 640 50.7 68.9 766 12.1 4.8 86.7 205.7

The exploration of YOLOvV5's architecture, smodels, and their respective performance
metrics has provided a comprehensive understanding ofapsbilities and versatility in
addressing various object detection challenges. With the analysis of YOLOvV5 now concluded,
attention is shifted to the next subsection, where YOLOvV8 will be the focus. In this section, the

features of YOLOVS, the latest itdion in the YOLO series, will be explored.

3.5.2 YOLOv8

YOLOVS, released in January 2023, represents a significant evolution in the YOLO series,
offering enhanced detection accuracy and spg¥®]. This model represents the latest
advancement in the YOLO object detection series, building upon the successes of previous
iterations such as YOLOVS. It has beemimjzed for a wide range of vision tasks, including object

detection, segmentation, pose estimation, tracking, and classififzgi@jnit should be noted that,
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similar to YOLOvV5, YOLOVS offers five scaled versions: YOLOv8n (nano), YOLOvS8s (small),
YOLOv8m (medium), YOLOVS8I (large), and YOLOv8x (extrlarge) The architecture of
YOLOV8, comprising a backbone, neck, and head, introduces several innovative changes for
improved performance. This advanced structure is illustratEdyure3.25.
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Figure 3.25: YOLOVS8 networkarchitecture.
This figure showcases the key components of YOLOvVS8: a. The Backboneadified
CSPDarknet53 and C2f module for feature extraction, b. The Neck with aHPANstructure for
enhanced feature fusion, and c. The Head with a decoupled structure for classification and bo
box regressiof279].
YOLOvV8 employs a modified CSPDarknetf&7] as its backbone, dowsampling input

featues to five different scales (BB5), illustrated inFigure3.25a. It replaces the original CSP

T d

%5
ﬂﬂlxw -

(a) Backbone (b) Neck

module with the C2f modul€Figure 3.25f), which improves information flow and enables
efficient feature extractiofi279, 280] The CBS module, which combines convolution, batch
normalization, and activation, produces the final outfitigure 3.259). The backbone also
includes a faster versidhe Spatial Pyramid Pooling Fast (SPPF) modkigure3.25d) to reduce

processing demands and lategoynpared to the traditional versif2i79].

YOLOVS8's neck features a PARPN structure, inspired by Pet [281] and displayed in
Figure 3.25b. This setup combines features from two different scales, improving howthveell
model can capture object detailhie FPN (topdown) adds deeper feature information, while the

PAN (bottomup) enhances spatial accuracy, making it suitable for detecting objects at different
scaleq279].

56



Systemdesign andnethodology

YOLOVS8's detection utilizes a decoupled head structtigri(e3.25¢), with separate branches
for object classification and bounding box regression, using binary-entsspy loss (BCE) and
distribution focal loss (DFL)[282] with CloU [283], respectively. This structure enhances
accuracy and speeds up model convergence. As an dnebomodel, YOLOvV8 precisely
designates sample types and employs the-Aigked Assigner{284] to dynamically improve

detection accuracy and robustness

The range of YOLOvV8 sulmodels § succinctly detailed inTable 3.2, showcasing a
comparative analysis of their performance across various metrics. These variants, including
YOLOvV8n, YOLOvV8s, YOLOv8m, YOLOvS8I, and YOLOv8X, are designed to accommodate a
wide array of computational needs and detection scenarios, differing in size, speed, and accuracy.

At one end of the spectrum, YOLOv8n (nano), the smallest model, offers the fastetsblete
with a mean Average Precision (mAP) of 37.3, suited for scenarios where speed is crucial,
particularly in resourcéimited settings. In contrast, YOLOv8x (extl@ge), the largest model in
the series, achieves the highest mAP of 53.9, demanding coorputational power and time,
ideal for complex tasks where accuracy is critiddde intermediate models, YOLOv8s (small),
YOLOv8m (medium), and YOLOVSI (large), present balanced options. They cater to use cases
that necessitate a middle ground betwéerstivift processing of YOLOv8n and the high precision
of YOLOvV8x. The table provides insights into each model's mAP, inference speeds on different
hardware such as CPU and A100 TensorRT, and computational complexity, measured in millions

of parameters anbillions of FLOPs.

Table 3.2: Comparison of YOLOv&ub-models

Speed Speed

Model Size  mAP% CPU A100 Parameters FLOPs
(pixels) 5095  ONNX TensorRT (M) (B)
(ms) (ms)
YOLOvV8n 640 37.3 80.4 0.99 3.2 8.7
YOLOvVS8s 640 44.9 128.4 1.20 11.2 28.6
YOLOV8m 640 50.2 234.7 1.83 25.9 78.9
YOLOVvSI 640 52.9 375.2 2.39 43.7 165.2
YOLOvV8x 640 53.9 479.1 3.53 68.2 257.8

An exploration of the YOLOvV5 and YOLOv8 models, along with their intricate structures and
diverse submodels, has been conducted, establishing a solid foundation for understanding these
advanced object detection systems. With the architectural complexities and capabilities of these

models thoroughly examined, attention is now shifted to theoitapt aspect of dataset
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preparation for training. In the forthcoming section, the meticulous processes of data augmentation
and annotation, essential for tailoring the dataset to maximize the potential of the YOLOvVS5 and
YOLOvV8 models, will be delved into.

3.5.3 Dataset preparation for training

After selecting the models, the preprocessed data must be prepared for training. As illustrated
in Figure3.26, data preparation involves image augmentation, a critical step that will be discussed
in the following subsection. This process includes diversifying the dataset to enhance the model's
robushess, which is essential for ensuring accurate and reliable object detection across varied

scenarios.

Following image augmentation, the next crucial part of the model training is image annotation.
It should be noted that for this research, three datasss annotated to train the models for
identifying vegetation coverage (irrespective of species type), selected species, and specific trees
of a particular species, all of which will be explained in detail in the subsequent sections. So, four
annotation tols, namely ADAMs, Labelimg, Label Studio, and Roboflow.com, were evaluated in

this research.

The training and evaluation of the model commence-@osbtation. Should the results prove
satisfactory, the model is approved for further use. However, if thdtseare not up to the

expected standard, the process is repeated, beginning anew from the annotation phase.

| Prepared Dataset |

l

’ Augmentation ‘

}

—” Annotation ‘

|

Training model

Is the result
acceptable?

| Finish |

NO

Figure 3.26. Flowchart of the preparing dataset for training madels
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3.5.3.1 Imageaugmentation

The rapid advancements in deep learning for computer vision are largely due to improvements
in computational power, innovative algorithms, and the availability of extensive idsgsets
[285]. However, collecting large, labeled datasets remains challenging, especially in specialized
fields like agricultural imaging286]. To address this, image augmentation is employed to increase
both the size and diversity of datasets, enhancing model performance and reducing overfitting
[287, 288]

In this research, a diverse array of image augmentation techniques was applied to enhance
both the size and diversity of the training dataset, a critical step in refining the performance of deep
learning models. Blurring, achieved through kernel filters like Gaussian [B&9], played a
pivotal roleFigure3.27B. This approach not only simulated motion blur but also conditioned the

models to withstand such common image distortions inwedd scenarios.

Furthermore, meticulous adjustments in brightn@sgure 3.27C andFigure 3.27D) and
exposurgFigure3.27E andFigure3.27F)were implemated by manipulating the RGB values in
the color channels of the images. This technique, akin to photo editing, effectively recreated
various lighting conditions, essential for outdoor imaging applications. Alongside, image cropping
(Figure 3.27G) addressed the challenges posed by differing image dimensions, serving dual

purposes: standardizing the image size and introducing translation effectslabeibef289].

Noise injection(Figure3.27H), involving the addition of random Gaussidistributed values
to images, was another significant augmentation, enhancing the robustness of CNNs against visual
noise [289]. Complementing this, horizontal flippin@rigure 3.271) provided the models with
mirror-image variations of objects for improved recognition capabilities. Additionally, the cutout
technique, which randomly removes parts of images, encouraged the model to focus on less

prominent features, aiding in the detection of partially obscured olffegtse3.27J).

Moreover, rotational augmentatioffigure3.27K andFigure3.27L), carefully calibrated in
degrees, were applied to ensure the integrity of the labeldrpnstormation, thus preserving the
guality of the training datf289]. Lastly, the mosaic techniqué&igure3.27M), combining several
images into one, trained the models to recognize pheltbbjects in a single frame, thereby

mimicking complex realorld scenarios
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Overall, these augmentation methods collectively not only expanded the training dataset but
also infused it with a broad spectrum of realistic variations and complexities. &uch
comprehensive approach was instrumental in robustly training the models, equipping them with

the capability to accurately detect and classify objects in a wide range of conditions and scenarios.

Figure 3.27: Examples ofugmentatiortechniquespplied to thedataset
A. Original image, B. Image with Gaussian blur filter applied, C and D. Brightness adjustments
+20% to-20%, respectively, E and F. Exposure adjustments fi@o +10, respectively, G. Croppe
image, H. Image with noise injection, |. Image withihontal flipping, J. Image with cutout techniqu
K and L. Images rotated b0 and +10 degrees, respectively, and M. Image showcasing the m(
technique.
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With the completion of the image augmentation process, where the diversity and complexity
of the dataset were effectively enhanced, the focus now shifts to the subsequent crucial step in
dataset preparation: annotation. The upcoming subsection will delve into the detailed process of
labeling and annotating the augmented images. This phase is cagaiaprovides the models
with accurate and comprehensive information about the objects within these images, which is
essential for ensuring precise object detection and classification

3.5.3.2 Imageannotation

In the realm of computer vision, especially in obgetection and recognition, the process of
annotation is crucial. It plays a central role in building comprehensive datasets with ground truth
labels, essential for effective model training and evalug#280]. Annotation involves detailing
the shape, location, identity, and other potential attributes of objects within images, such as their
pose. However, creating a detailed annotated dataset is often restemseve, both in terms of
time and cost, particatly given the need to label a multitude of objects across a wide range of
images. This challenge often results in existing datasets being limited in their scope of object
classeg$291].

In the process of annotation, objects are typically outlined with bounding lines that capture
their propertie$292]. Depending on the nature of the object and the requirements of the dataset,
various anotation methods are used. These methods include bounding(bayes 3.28A) for
defining object perimeters and polygon segmentdttogure 3.28B) for detailed, shapspecific
marking [290]. The precision and quality of these annotations are critical to the success of
computer vision projects, as they directly impact the performance of object detection models.
Therefore, incorrect or misleading annotations can result in misidentificatiofaamdifoutcomes
from the model$290].
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B

Figure 3.28: Annotation methods;
A. Bounding box and BRolygon segmentation
The selection of annotation tools and their fodnbae it JSON, XML, or plain text depends

on the specific needs of the project, as demonstrated ikkm@Nn datasets such as COCO,
PASCAL VOC, and YOLO. Annotatiorypically involves a collaborative effort, bringing together
annotators, inspectors, and examiners who contribute to the meticulous creation and verification
of the datas€d93].

Given that the models selected for this research are from the YOLO series, the annotation tools
must generate outputs in plain text files, formatted to be compatible with YOLO's specific
requirements. Annotations are saved in a 'label.txt' file, typically containing information such as
class identifiers and object bounding box coordinates in a format standardized for YOLO.

Specifically, the annotation tool creates text files with the fof2&4]:

<object class> <x center >y center width heigt )
where <objectclass> represents the object's identity, an integer number ranging from 0 to
<classesl>. The bounding boxspecifications <x_center> <y center> <width> <height> are
expressed as floatiqgpint numbers relative to the width and height of the image, ranging from
0.0 to 1.0. This format ensures precise location and classification data for each object within the

images, which is crucial for the accurate training and functioning of the YOLO models

Considering the diversity of objects and their characteristics, there has been a development of
various annotation tools, some of which are freely available while otkqtsre a premium

license. The following sections of this research will focus on exploring several free annotation
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tools, discussing their functionalities, output formats, and examining their advantages and
disadvantages

3.5.3.2.1 ADAM

ADAMS (Advanced Data mining Ach Machine learning System), that developed at the
University of Waikato, introduces a significant change in workflow end2@s]. Moving away
from the usual methods of manualipking operators on a canvas, ADAMS uses a-lilee
structure(Figure 3.29). This design uses control actors and-aators within actehandlers to

manage data flow, removing the need for direct connections.

CallableActors
:EI ProgressBar min: 0.0, max: @{max}, format: ##%
(S4) 10ad report
@ Variable @{reportfile}, conversion: StringToString
() ReportFileReader DefsultSimpleReportReader
restoration file @ :_file} = @{flow_fil _long}.props [STRING, expand]
(») start
prompt user

B EnterManyValues Piesse enter values, imsge_dirjselection_type|min_pixel_distance]l
MapToVariables regexp: .=
process images
reset count @{count = 0 [STRING]
FileSystemSearch LocalFileSearch (@{image_dir} [SORT_BY_NAME])), ss array, plat!

1 SelectArraySubset X:center, Y:center, W:800, H:400, message: Please make your sele
#images
() ArrayToSequence

ting report? FileExists: file: @{ file). generator: NullFil enerator
Switch 4 cenditions

ﬂ ReportFileWriter DefaultSimpleReportWriter
@ CloseCallableDisplay Progress8ar

Figure 3.29: ADAMS structure with control actors and sabtors for annotating objects
The software has a variety of features for different parts of data management and analysis. It

is especially good in areas like machiearning and data mining. ADAMS has flexible data

processing abilities, supporting formats such as XML, HTML, JSON, and YAML.

For database interactions, ADAMS seamlessly works with systems like MySQL, SQLite, and
PostgreSQL. It also has features for imggamd graphics, supporting formats such as BMP, JPG,
PNG. Additionally, ADAMS allows scripting with languages like Groovy and Python, meeting a

broad range of needs in data analysis and workflow automation.

Moreover, a comprehensive set of readgde strutures for annotating images, such as
‘annotate objects' and 'image segmentation annotation’, is included in ADAMS. These structures

are prepared for use in their tidee structurewhen any of them is selected. Once the 'run'
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command is initiated, accessthe specific environment for the selected structure is enabled. In
this research, the 'annotate objects' structure was utilized. The annotation environment of the
software, following the execution of the structure, is observablegare3.30A. Following the

image annotation process, a text file serving as a report for each picture is generated in the output
section. The contents of each file ar@idesd inFigure3.30B.

@ bounding box X capture_494 lat_-37.7846361 lon_175.3148344 - Notepad
| zoom | (R File Edit Format View Help
| [on Mar 13 17:57:12 NZDT 2023
m} #Simple report format (= Java properties file format)
Filename=C\:\\Users\\pejma\\Desktop\\selected images\\
Filename\tDataType=S
Name=ca pture_494_lat_-37.7846361_lon_175.3148344. jpg
Name\tDataType=S.
Object.0001.height=215.0
Object.@0@l.height\tDataType=N
Object.@01.type=Tree
Object.000l. type\tDataType=S
Object.0801.width=87.8
Object.@001.width\tDataType=N
Object.@@01.x=225.0
Object.@01.x\tDataType=N
Object.@eel.y=1.0
Object.@@@1.y\tDataType=N
Object.@02.height=214.8
Object.@002.height\tDataType=N
Object.@02. type=Tree
Object.@02. type\tDataType=S.
Object.0802.width=91.0
Object.@802.width\tDataType=N
Object.0002.x=116.@
Object.@@02.x\tDataType=H
Object0001.y Object.0802.y=0.0
Object02height N 1310 Object.002.y\tDataType=H
St == Object.@803.height=115.8
an Object.0003. height\tDataType=N
X184 Y105 Zoom: 100% Object.@003. type=Tree
Object.@803. type\tDataType=S.
K Cancel Object.0003.width=104.0

A B
Figure 3.30: ADAM software;
A. The annotation environment of the ADAMS software, illustrating the interface and tools use
image annotation, and Bhe contents of a sample text file generated as a report for each anno
image, demonstrating the output format and data structure.
ADAMS operates offline, an advantage in limited connectivity environments. However, it is

nnnnnnnn
For swiching between types of annatator
tools

Annotator | adams, gulvisuaizaior

Object 0001 height
Object.0001 type

not designed for multiple users and requires a converter for YOLO compatibility, leading to some

workflow limitations.

3.5.3.2.2 Labellmg

Labellmg is an opesource annotatiotool developed with Python and QT for its graphical
interface, available on GitHub for both Windows and Mac operating systems. Widely used in
research[296-300], it allows users to annotate objects with bounding boxes and saves these
annotations as XML files in PASCAL VOC format, as well as in YOLO format for easy
compatibility with object detection modéisgure3.31).
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Box Labels

(] affut

v [ Use defouit label

Figure 3.31: The GUI of Labellmg
Advantages of Lab&hg include its focus on a single task (object detection), which streamlines

its use for specific annotation neefB01]. It offers direct usability with an executable for
Windows, though manual installation is required for other operating systems. Moreovemnigabell
integrates a functionality to mark inspected annotations with a flag, enhancing its utility in

annotation revier processef302].

However, Labdmg has its limitations. It does not support famrenotation nativel, nor does it
consider image prprocessing, which may require additional steps for users working with raw
images the tool also lacks the integration of functions for gostotation processing based on
prior knowledgd302]. Furthermore, Lab&hg is designed for straightforward image annotation
and does not offer functionalities for more complex téikkssemantic segmentation or automated
annotation inspection approach883]. It is also noteworthy that Labeig, being a lightweight

tool, is not designed to directly generate models using the annotated [Bidket

Given these limitations, the next tool to be explored in the subsequent subsection is 'Roboflow’,
which may offer additional features and capabilities that address some of the shortaaimings

Labelmg.

3.5.3.2.3 Roboflow.com

Roboflow, accessible at roboflow.cdB804], is the other tool in the field of image annotation
and dataset management for machine learning and computer vision applications. Thésedb
platform supports a variety of annotation types, including bounding pbpeégyons, and key

points, vital for a range of object detection and image segmentatiorf385ks
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A key feature of Roboflow is its compatibility with numerous input formats such as JPG, PNG,
BMP, MOV, MP4, and AVI, which greatly eases the importation of images for dataset creation;
This platform is equally versatile in its output capabilities, offeringréety of export formats like
coco JSON, VGG, Vott JSON, Marmot XML, YOLO PyTorch, YOLO Darknet TXT, and Kaggle
CSV[305].

Roboflow's robust data organization and management capabilities allow for efficient handling
of large datasets. The platform also enhances collaboration and team management, offering online
access and shared project workflows, which areqogarly beneficial for teams distributed across
various locations. Moreover, its extensive options for data augmentation and preprocessing
enhance the quality and diversity of datasets. The next advantage of Roboflow is its intuitive
interface and intégent defaults, enabling quick and accurate image annotation without the need
for extensive training or specialized knowledgeure 3.32).

......

No Tags Applied

= il }
Figure 3.32 Theannotationinterface of Roboflow
However, the platform has its limitations. Users are required to upload images to Roboflow,

which might be a constraint when dealing with sensitiviargescale data. Additionally, being a
cloud-based tool, Roboflow relies on stable internet connectivity, which could be a significant
drawback in areas with poor internet access. The free version of Roboflow limits the number of
images that can be anntgd, and advanced features are available only through paid subscriptions.
Moreover, the platform may offer limited customization options compared to other annotation

tools, which could be a constraint for projects requiring highly tailored workflows.
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In light of these limitations, the next tool to be evaluated is Label Studio. This evaluation will
determine if Label Studio offers features that address some of the shortcomings identified in
Roboflow.

3.5.3.2.4 Labelstudio

Label Studio[306] is a web application platform, designed to cater to a wide range of data
labeling needs across multiple data typesuniog text, images, videos, audio, time series, and
multi-domain data types. Available both as an epeurce solution and with advanced features
under a commercial license, Label Studio stands out for its accessibility and functionality in
machine learmg application$307]. The platform offers a comprehensive

According to the Label Studio documentatiomaable advantage of Label Studio is its
versatility in annotation types. It supports annotations for text, images, and videos, among others,
thereby serving a wide ay of data labeling tasks. Its workflow is customizable, allowing users
to tailor the platform according to their specific project needs. Furthermore, Label Studio facilitates
collaboration and team management, making it an ideal choice for projectsvitiaeimultiple
annotators or teams. Another significant feature is its ability to run offline, providing flexibility
for users without constant internet access. Additionally, it can connect to online storage services
such as AWS S3, Google Cloud Storadficrosoft Azure, and Redis, ensuring easy data

management and accessibility.

However, Label Studio does come with its own set of limitations. The initial setup and
infrastructure requirements can be complex, potentially posing a challenge for users without
technical expertise. It also has limitations in input formats, specifically to CSV and JSON, which

might restrict its use in scenarios requiring more diverse file types.

One of the most remarkable aspects of Label Studio is its high degree of customizatio
According to its documentation, users can modify almost every element within the software
interface, such as import and export options, user management, and annotation tools like bounding
boxes and polygons. These modifications can be made by altegibty ML, CSS, and JavaScript

files of the frontend to meet specific project requireméritgure 3.33).

Additionally, using the Django framework in the Label Studio backend, users can integrate
additional services or external systems. This includes capabilities like reading Excel files, furth

extending the platform's utility and adaptability in various data processing scenarios.
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Given Label Studio's capability for customization, a version of the software was specifically
customized to meet the requirements of this project. The followingpsertl explain the details
of this customized version and its applications.

11 Label Studio = Projects / NewProject#13 / Labeling Settings

B o+ @IS

e Bamboo 2 | Em Manuka <

Figure 3.33: Theuserinterface of Label Studio.
3.5.3.2.5 Customized Label Studio

Given the evaluations conducted in #motation section, only Label Studio offers significant
customization capabilities. Hence, a version tailored to the specific needs of this research was

developed.

One of the key challenges in annotating images of vegetation cover lies in accurately
identfying the plant species for use as labels. This task is facilitated by the data collected by city
councils, which have been comprehensively recorded in Excel files. These files contain GPS
coordinates for various tree species. By matching these coodlinakethose embedded in the
names of the images, the software can accurately determine and display the nearest registered
species to the tree shown in the image. Notably, this system is designed to identify species within
a 10meter radius of the locatiaecorded in the photograph, and this radius is adjustable to suit

different research nee@Bigure3.34).

68



Systemdesign andnethodology

PS C:\Python-environments\label studio> c:; cd 'c:

Enter the filename of the spreadsheet: Council.xlsx
Loaded 6798 trees, waiting for Label-studio input...

Image #29

Name Distance (m) 0
@ London Plane 9.674123 London Plane
Press Ctrl+C to stop.

Figure 3.34: Display ofidentifiedtreespeciesin customized Label Studio
This process was implemented through modifications made in the backend of the software.

Leveraging Label Studio's backend, which is built on the Django framework, allowed for the
integration of this tree species identification feature, enhancing the eg@nd relevance of the

annotations for this research.

After the annotation of images, the data preparation phase is completed, and the selected
models must be trained with it. The process of training these models will be explained in detail in

the following section

3.5.4 Models training process

The model training process in this project is a comprehensive and intricate journey, pivotal to
developing accurate and efficient machine learning models for vegetation detection and
classification. It begins with the dmdational setup of training parameters, involving the careful
calibration of variables such as learning rate, batch size, and epochs. These parameters are crucial

in defining the models' learning path and overall effectiveness.

In developing a model forrban vegetation detection, with a focus that extends beyond species
identification, the creation of a robust and diverse dataset is paramount. This step involves
meticulous collection, augmentation, and annotation of urban vegetation data, ensuring that th
models are trained on rich and representative samples. The quality and diversity of this dataset are
fundamental in laying the groundwork for the models' ability to accurately identify various plant

types within urban environments.

A special emphasis @aced on training models for the specific detection of Magnolia trees.
This task requires a more targeted approach, incorporating specialized datasets with variable
bounding box sizes. The training approaches for these models are varied, ranging fdorg buil

new models from scratch to employing advanced techniques like transfer learning.
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Furthermore, the training process expands to encompass models for other specific species.
This phase involves creating targeted datasets that cater to the unique ckicactdé each
species. The precision and relevance of these datasets are critical in ensuring that the models are
effectively trained to detect and differentiate between various plant species, thereby enhancing the

models' utility in diverse vegetatiomalysis scenarios.

3.5.4.1 Configuration oftrainingparameters

The configuration of training parameters is essential for optimizing model performance,
especially for urban vegetation detection using YOLOvV5 and YOLOv&mdels Table 3.3
summarizes the key training parameters for both YOLOv5 and YOLOVS.

Table 3.3: Comparativeoverview oftrainingparameters for YOLOvV5 and YOLOv8odels.

Parameter YOLOV5 YOLOv8
Learning Rate Default Default
Batch Size 8 8
Number of Epochs 100 100
Optimizer Default Default
Loss Function Default Default
Image Size 640 640

- Learning rate: The learning rate in training CNNSs is crucial, as it dictates the adjustments
made to the model's weights during backpropagation; this parameter significantly impacts
the speed and overall effectiveness of the learning pr¢@@8F Generally ranging from
0.001 to 0.01, an optimal learning rate is essential to avoid ext[@0@s a rae that is
too low can result in very slow learning or an inability to learn at all, while a rate that is
too high might cause the model's performance to oscillate or even worsen over the training
epochs, leading to suboptimal final performaj3@8]. In this project, the learning rate was
kept at the default setting for both models. This approach was chosen to utilize pre
optimized rates that are apt for various data scenarios.

- Batch size:The next key hyperparameter in training is Batch size, determining how many
samples are processed before updating the model's parai®3&@gré balance is essential:
too high, and theetwork may converge slowly, while too low can lead to unstable training
[311]. The choice often varies from 2 to 64, influenced by dataset complexity and
computational capacity. Ithis project, a batch size of 8 was chosen to balance efficient
learning with computational constraints, ensuring stable training progress without

overburdening the system.
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- Number of epochs: the number of epochs, which dictates how many times the entire
dataset is passed through the model, is critical for effective learning. Choosing the right
number balances underfitting and overfitting: too few epochs can lead to incomplete
learning, while too many might cause the model to overfit to training data. Uimber
often lies between 50 and 300. For this project, 100 epochs were selected, offering a
balanced approach that allows thorough learning without overfitting.

- Optimizer: Optimizers play a crucial role in training deep neural networks by guiding the
minimization of error functions and enhancing convergel@d®]. The choice of an
optimizer affects tndgenenaldtionahility.8readly, epdimizeris n g r &
fall into two categories: the classic stochastic gradient descent (SGD) with a static learning
rate[313] and adaptive algorithms like ADAM, which adjust the learning rate dynamically
[314]. While SGD is known for its reliable dnstraightforward approach, adaptive
optimizers like ADAM are favored for their flexibility across various problems. However,
the perfect optimizer choice often depends on the specific task at hand, with-siaeone
fits-all solution. In this research, tlefault optimizer, SGD, was used.

- Loss Function: In deep learning, the loss function is responsible for quantifying the
difference between the predicted output of the model and the actual ground truth; it
effectively measures the accuracy, similaritygoodness of fit, playing a pivotal role in
guiding the training process toward optimal performajdib]. A well-designed loss
function is tailored to address specific challenges and requirements unique to deep learning
tasks. In the context of this project, among various lossitursctike Mean Squared Error
(MSE), CrossEntropy, and others, the Complete Intersection over Union (CIOU) loss
function was chosen as the default.

- Image size. The chosen image size is important, impacting both accuracy and
computational load. Larger sizesan enhance detail and accuracy but increase
computational demands, while smaller sizes are less resoteosive but might lose
essential details. For this project, an image size of 640x640 pixels was selected, striking a
balance between providing adede detail for effective vegetation detection and

classification, and maintaining computational efficiency.
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Having detailed the crucial training parameters and their specific configurations for the
YOLOV5 and YOLOvV8 models, the next aspect to considéreisystem setup that facilitated this

training process. The following section will delve into the computational environment used.

3.5.4.2 Systemconfiguration formodeltraining

For the training of neural network models, Google Collaboratory (Colab) is widely utilized in
numerous research projects due to the extensive resources if@i@B20]. This research also
employed Google Colab as the primary computational platform, leveraging its convenient and
powerful cloudbased environment. Google Colab allows the use ofégformance computing
resources without theeed for local setup, making it an ideal choice for demanding deep learning
tasks. Each training session in this project involved uploading the dataset to Google Colab and
utilizing its computational capabilities for efficient model training. The systeed was equipped

with an NVIDIA Tesla T4 GPU, featuring a driver version of 525.105.17 and CUDA Version 12.0.
With 15360 MiB of memory, the Tesla T4 GPU provided a robust platform for training, ensuring
rapid processing and substantial computational polMeis was especially beneficial for the
extensive computations required in tasks like vegetation detection and classification using
YOLOvV5 and YOLOvV8 models. The accessibility and strength of Google Colab's GPU resources

significantly enhanced the efficiey and effectiveness of the model training process

After a thorough examination of the model parameters and the configuration of the system
used, the next step is to apply these foundational elements to develop models tailored to specific

objectives. Thédollowing sections will delve into the details of these models.

3.5.4.3 Trainingabasicmodel forurbanvegetatiordetection

The initial model trained in thisesearchfocused on distinguishing urban vegetation from
other elements typically found in cityscapes, such as walls, cars, traffic signs, billboards, and other
urban featuregFigure 3.35). The primary expectation from this basic model was to accurately
identify vegetation coverage amidst these various urban elements. The success of this initial model
was critical, as it laidhe groundwork for subsequent phases involving specific tree identification
and classification of particular specid$ie next subsection details assembling and preparing the

dataset instrumental in training this initial model.
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Figure 3.35: A typical urban scene with various objects
like cars, traffic signs, houses, advertisement signs, and trees.

3.5.4.3.1 Creation of a dataset for urban vegetation
For training this model, data collected on Januaty, ®arch 17", and March 273 of 2023

from Hamilton city were utilizedAccording to Table 3.4, from 7155 images gathered, 450

containing at least oneee weremanually selected.These images were then augmented using
techniques described in previous sections and subsequently annotated, resulting in a total of 1213
images for the datas@figure3.36A). The dataset was divided in an-30 ratio for training and
validation purposes. Additionally, to enhance the m@delbility to differentiate between
vegetation and noewegetation elements, about 1086the dataset, approximately 120 images,
comprised background images without any tr@egure 3.36B). Following the preparation and
annotation of tts dataset, the models were trained to identify and classify urban vegetation

effectively in GoogleColab.

Table 3.4: Datasesummary forurbanvegetatiormodeltraining.

Number of Number of Number of images Training -Validation
Date : . - .
images selected images after augmentation split (%)
202301-20 2295 140 377 80-20
20230317 3630 240 646 80-20
202303-23 1230 70 190 80-20
Total 7155 450 1213 e
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Figure 3.36. Example ofannotated antbackgroundmages in the prepared dataset;
A. Annotated images and Background images without any trees.

3.5.4.4 Trainingmodels forspecific species

Following thedevelopment of the basic model for identifying trees without considering their
species, the next step involved evaluating the selected models' ability to recognize and classify
different species. This phase required a dataset specifically curated fessgeatification.

3.5.4.4.1 Creation of a dataset for specific species

To prepare the dataset for training models on specific species, the initial step involved
identifying the target tree species. This sel
Sele¢t ed Tree Specieso utilized i mages <coll ecte
September 22nd, 2023. The choice of speci es
provided by the Cambridge City Council. The key criterion for selecting a speas its
frequency in easily accessible areas, which is crucial to ensure a diverse range of images for
effective model training. As a result of this process, eight distinct species were chosen for inclusion
in the study which contain®runus Specieg¢Flowering Cherry),Cornus Florida (Flowering
Dogwood), Acer Palmatum (Japanese Maple)Platanus X Acerifolia (London Plane),
Liqguidambar StyraciflualLiquidambar),Magnolia Grandiflora(Bull Bay), Quercus Palustris
(Pin Oak), andetula PenduldSilver Birch).

The collected images were then manually reviewed to separate images corresponding to each
species. According tbable3.5, a total of 9547 imagesese gathered on the aforementioned dates.
From these, 100 images per species were selected. After augmenting these selected images, the
total count rose from 800 to 2400. Furthermore, 240 background images were added, bringing the

final dataset to 2640 ingas.

Table 3.5: Datasesummary fortrainingmodels orspecific species.

Total images Total of Number of Training -
Species (Selected images) selected images after Validation
20230901 20230922 images augmentation split (%)
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Prunus Specie@-lowering Cherry) 180 (65) 73 (35) 100 300 80-20
Cornus Florida(Flowering Dogwood) 97 (60) 55 (40) 100 300 80-20
Acer Palmatun{Japanese Maple) 311 (70) 135 (30) 100 300 80-20
Liquidambar StyraciflugLiquidambar) 55 (55) 50 (45) 100 300 80-20
Platanus X Acerifolia (London Plane) 235 (50) 163 (50) 100 300 80-20
Magnolia Grandiflora(Bull Bay) 70 (60) 63 (40) 100 300 80-20
Quercus PalustrigPin Oak) 93 (65) 50 (35) 100 300 80-20
Betula PenduldSilver Birch) 101 (80) 77 (20) 100 300 80-20
Others* 5199 2540  seeem e e
Total 6341 3206 800 2400 @ -
*Non-target species + without vegetation

3.5.4.4.2 Trainingapproaches fogpecific treesspeciegletection

After preparing two datasets with varying bounding box sizes, the next phase of training
begins. In this section, one of the training approaches adopted is the conventional training method,
previously utilized in other model training processess Epproach entails executing the entire
model training process in the Google Colab environment, starting from dataset uploading through
to the final stages of model development, with each step methodically followed. For training
models to identify seleate Magnolia trees, besides this standard approach, two additional
techniques of transfer learning were also employed: retrain a trained model and freezing layers
which will be discussed in the following subsections. These methods represent advanced
technigees in machine learning, designed to enhance the model's learning efficiency and accuracy

in identifying specific tree characteristics

3.5.4.4.2.1 Applying transferlearning for training models

Transfer learning, a technique that mirrors the human vision system's ability to leverage prior
knowledge in related domains for new tafdé&l]. Typically, transfer learning is employed to fine
tune a previously trained model using a dataset that may not have a duffisigrer of images
for each class; this approach leverages the modetsxmstng knowledge, adapting it to new,
limited datasets for improved accuracy and efficie[832]. Various otheresearch endeavors
have successfully implemented transfer learning, demonstrating its effectiveness across different
domains and applicatiorj823-326]. Consistent with the principles of transfer learning, a pre
trained model that had been previously trained for tree identification was selected for this project.
It is worth noting that the transfer learning approach is adaptable for both YOLOv5 and YOLOv8
models. This adaptability ensures that regardless of the version, the model can efficiently utilize

the prior knowledge encapsulated in the-jpagned model.
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3.5.4.4.2.2Implementinglayerfreezing intransferlearning

Freezing layers in deep learning is a fundamental technique in transfer |d8&1ihgrhis
method involves 'freezing' certain layers of the model, meaning their weights and biases remain
unchanged during the training procg¢3828]. This strategy is beneficial when adapting a- pre
trained model to a new but related task, as it preserves previously learned features that are still
pertinent. Furthermore, freezitayers, often regarded as a subsequent method in transfer learning,
are widely used in various research projects to enhance model performance without extensive
retraining[329-332].

In this research, the initial focus was placed on freezing the backbone layers of the model.
Typically composed of the initial layers responsible for basic feature extraction, the backbone's
freezing albwed for the leveraging of core patterns already learned by the model. This was
followed by an experiment involving the freezing of all layers of the model. The aim was to
understand the impact of limiting the model's entire adaptability to the speafiactéristics of
the dataset, with a particular focus on identifying specific tree species. However, it should be noted
that according to the YOLOvV8 documentation, freezing layers in this model is not yet an available

option.

3.5.4.5 Trainingmodels forspecific Magnoliatrees

One of the key objectives of this research is to identify specific trees, with a particular focus
on developing a model that can recognize individual trees within a species. After thorough
evaluations, the research team selected 30 Magmeka tocated in the Hamiltdbast area of
Hamilton City. It is important to note that identifying individual trees within a specific species
poses a significant challenge for the model, mainly when the differences in images are limited to
the size of therees and their background. Such subtle distinctions demand a high level of precision
from the model to accurately distinguish between the trees. This requirement adds complexity to
the dataset preparation process, necessitating modifications that diffiehfsse used in previous

models. The subsequent subsections will explore these necessary adjustments in detail.

3.5.4.5.1 Creationof specializeddatasets witlvariableboundingbox sizes
The imaging of selected trees, crucial for creating a dataset to tramotted, was carried out
on May 24th, June 9th, and July 26th, 2023. Following the collection, images specifically featuring

the selected Magnolia trees were isolated. Given the importance of annotation in model training,
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these trees were uniquely labelednfr‘'Magnolial' to ‘Magnolia32', and their GPS coordinates
were recordedHigure 3.37). Upon reviewing the images, 30 images per tree were manually
chosen, and after augmentation, the total number of images increased from 960 tdak8d0 (

3.6). In addition, 390 background images were addedglminthe final dataset to 4230 images.

Table 3.6: Datasesummary fortrainingmodels orspecific species.

Total images Total of ber of Training -
Specific 1 (Selected images) selected Nﬁum er otimages -y alidation
20230524 20230609 202307-26 images e augmentation g qp)
Magnolial 25 (16) 19 (10) 20 @) 30 120 80-20
Magnolia2 13 (13) 14 (10) 7 30 120 80-20
Magnolia3 17 (15) 15 (5) 21 (10) 30 120 80-20
Magnolia4 17 (12) 16 (7) 16 (11) 30 120 80-20
Magnolia5 21 (18) 25 (12) 9 (0) 30 120 80-20
Magnolia6 21 (10) 17 (7) 23 (13) 30 120 80-20
Magnolia7 53 (20) 32 (5) 33 (5) 30 120 80-20
Magnolia8 15 (15) 10 (10) 15 (5) 30 120 80-20
Magnolia9 23 (12) 19 (10) 12 (8) 30 120 80-20
Magnolial0 7(7) 21 (15) 12 (8) 30 120 80-20
Magnolia11 18 (10) 15 (10) 19 (10) 30 120 80-20
Magnolia12 15 (10) 10 (10) 17 (10) 30 120 80-20
Magnolia13 19 (11) 9 (6) 23 (13) 30 120 80-20
Magnolial4 17 (14) 15 (8) 12 (8) 30 120 80-20
Magnolia15 31 (10) 32 (11) 31 (9) 30 120 80-20
Magnolia16 27 (15) 20 (5) 23 (10) 30 120 80-20
Magnolial7 15 (0) 18 (18) 15 (12) 30 120 80-20
Magnolia18 16 (14) 10 (4) 12 (12) 30 120 80-20
Magnolia19 16 (10) 16 (13) 19 (7) 30 120 80-20
Magnolia20 16 (6) 16 (16) 15 (8) 30 120 80-20
Magnolia21 20 (18) 9 (2) 17 (10) 30 120 80-20
Magnolia22 24 (9) 13 (7) 19 (14) 30 120 80-20
Magnolia23 14 (10) 12 (11) 12 (9) 30 120 80-20
Magnolia24 10 (10) 14 (14) 6 (6) 30 120 80-20
Magnolia25 17 (12) 14 (5) 18 (13) 30 120 80-20
Magnolia26 15 (6) 15 (12) 16 (12) 30 120 80-20
Magnolia27 23 (14) 5 (5) 23 (11) 30 120 80-20
Magnolia28 20 (17) 13 (3) 21 (10) 30 120 80-20
Magnolia29 21 (10) 19 (13) 14 (7) 30 120 80-20
Magnolia30 20 (10) 19 (6) 14 (14) 30 120 80-20
Magnolia31 15 (13) 9 (7) 12 (10) 30 120
Magnolia32 13 (9) 17 (11) 20 (10) 30 120
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Others* 5530 5009 4094  eeeeemmmeeee e
Total 6144 5517 4640 960 3840 @ -

*Non-target trees + without vegetation images

Figure 3.37: Map of Hamilton Eastrea in“HérriiAI‘t‘(-)Art:ity;“ -
highlighting thelocations ofselectedmagnoliatrees.
The nextcrucial step involved annotating these images, for which two methods were explored:
the standard bounding box annotation and a novel method devised for this project. These
approaches aimed to evaluate and enhance the model's accuracy in tree identifigekiomill

be discussed in the following subsections.

3.5.4.5.1.1 Standarcdoundingbox Annotation

In the first method of annotation, which was performed in a standard manner, the bounding
box identifying the object (trees, in this research) was drawn preciselgtsbeltree’'s boundaries
were aligned with the edges of the rectaj@&3] (Figure3.38). This approach ensured that the
maximum portion of the tree's image was contained within the bounding box while minimizing
the inclusion of other objects (noise) that were not part of ¢ fFhis standard annotation
method, which had been effectively used in previous models for identifying general vegetation

and different species, faced no significant challenges.
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However, when it comes to recognizing a specific tree, it is crucial todasrfsictors such as
the tree's growth, seasonal changes like leaf shedding, and regular pruning, which may alter its
appearance over time. As a result, a model trained with standard bounding box annotation might
struggle to maintain accuracy as the physibaracteristics of the tree change. Therefore, another
annotation method was explored to address this challenge.

Magnolia19 |

Figure 3.38: Example of selected agnola‘trees with the standard bouning box.
3.5.4.5.1.2 Extendedboundingbox annotation

In this approach, a largéinanusual bounding box was chosen to encompass not only the tree
but also a portion of its backgroufigure3.39). This strategy was based on the observation that
the background elements, such as buildings, various types of walls (differing iraveatdrcolor),
parking areas, shops, etc., often differ significantly for each tree. The rationale behind this
extended bounding box method was to enable the model to recognize and analyze not only the tree
but also its unique background context. By dangthe model would be trained to identify and
classify the tree with greater accuracy, reducing the likelihood of misclassification due to changes

in the tree's appearance or its surrounding environment over time.

Magnolia-19

b!

Figure 3.39: Example of selecteagnoli lfrees with the extended bouning box.
Datasets, after annotating, were divided into training and validation sets, and subsequently

uploaded to Google Colab for modedining.

With the methodologies fannotating phase¢he next critical aspect of this research involves

evaluating the effectiveness of these approaches. The upcoming section, 'Performance Metrics and

79



Systemdesign andnethodology

Evaluation Criteria," will detail the metrics andrsfards used to assess the performance of the
models. This section will delve into how the models' accuracy, precision, recall, and other key
performance indicators were measured, providing a comprehensive understanding of their efficacy
in correctly identiying and classifying targets. This evaluation is essential to validate the

methodologies employed and to gauge the models' practical applicability-ma@lscenarios.

3.6 Performancenetrics andevaluationcriteria

To ensure a system's effectiveness, fresformance indicators (KPIs) are crucial. Their role
is to connect strategies with results. This section discusses the identified key performance index
for trained modeldn the study, KPIs such as confusion matrix, Precision, RaedhAP (mean

averge precision) were used to evaluate the performance of the trained models.

3.6.1 Confusionmatrix

The confusion matrix summarizes the number of correct and incorrect predictions and is
broken down by the different classes. For a binary classifier, four cehe afonfusion matrix
guantify the frequency of every combination of a predicted class and the actual38iss
According toFigure3.40, the target variable comprises two values: Positive and Negative. The
actual values of the target variable are represented in the columns, while the predicted values are
shown in the rows. Tk figure illustrates four different outcomes: True Positive (TP), False

Positive (FP), False Negative (FN), and True Negative (TN).

Actual Values

Positive Negative

True Positive

Positive

Predicted Values

Figure 3.40: Confusionmatrix
True Positive (TP):

A There is a perfect match between the predicted and the actual values.

A The actual value is positive, and thedel correctly predicts a positive result.
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True Negative (TN):
A The prediction aligns precisely with the actual value.

A The actual value is negative, and the model accurately predicts a negative result.

False Positive (FP):

A The prediction is incorrect.
A Despte the actual value being negative, the model incorrectly predicts a positive result.

False Negative (FN):

A The prediction is incorrect.
A Although the actual value is positive, the model mistakenly predicts a negative result.

3.6.2 Precision
Precision measures @hmodel's ability to correctly identify relevant objects, essentially

answering the question: 'How frequently is the model correct when it makes a guess?' It represents
the proportion of accurate positive detections, calculated by dividing the numbee plositive

cases by the total of both true positive and false positive cases, as detailed in EGUER#Z]

3 TP
Precision= a— (6)
3 TP+ AFP

3.6.3 Recall

Recall assesses the model's capability to identify all actual cases, determined by the proportion
of ground truth cases correctly identified. This is calculated by dividing the number of true positive
cases by the combined total of true positive and fagmtive cases, as outlinedaguation(7).
Essentially, it addresses the question: 'Does the model make a prediction whenever it's supposed
to'?[335]

_atm ™
aTP+ §FN
3.6.4 Mean Average Precision

Recall =

The mearaverage precision (mAP), as defined in Equat®nrepresents the balance between
precision and recall. It is widely recognized as a crucial parameter for evaluating the performance

of object detection mode|836].
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q
mAP:%é AveragePr ecisign ) (8)

g=1
where N represents the total number of objects, and q refers to a specific object. This concept

ties in with thentersection over Union (loU), calculated as the proportion between the intersecting
and combined areas of the predicted and actual bounding boxes, illustr&igdran3.41. The
loU metric is crucial for determining whether a bounding box is a true positive, false positive, or

false negative.

Detected box

Overl
ToU = ek

Union

Figure 3.41: loU visualization337].
Diverse loU thresholds, sh as 0.5:0.05:0.95, 0.5, and 0.95, are utilized for calculating mAP.

The first threshold allows for gradual adjustments during evaluation, aiding in the assessment of
localization accuracy338]. The latter thresHds focus solely on calculating the aforementioned
percentages. In thisesearch mMAP@0.5 and mAP@0.5:0.95 are the metrics employed for

evaluation

3.7 Summery

1 Thischapterfocuses on creating a computer vision system for urban vegetation detection,
aimed atidentifying various tree species and individual trees with RGB images using
YOLOvV5 and YOLOv8 models, encompassing data collection, preprocessing, model

training, and vegetation type detection.
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T

Designing efficient data collection routes maximized treeispemverage, utilizing city
council datasheets for route planning. This included filtering inaccessible areas, selecting
tree species based on frequency, and employing both manual and automated methods to
create routes

Tree species selection wdmsed on the count of accessible tree species from city
datasheets, leading to the final choice of eight tree species due to their prevalence and
alignment with the research objectives

A trained YOLOV5 model identifies and retains images with urban viegetéiltering out
nonvegetation elements to improve dataset relevance and analysis efficiency.
Implemented Fast Fourier Transform and Laplacian Variance techniques to identify and
remove blurred images from the dataset, a critical step due to camifailitysfrom

vehicle movement, ensuring only clear, higlality images are retained for accurate
analysis

Three methods were evaluated and employdte Mean Squared Error technique, the
Normalized Cros€orrelation technique, and the use of GPS coatds- to effectively
identify and eliminate repetitive images from the dataset

A pretrained YOLOvV5 model for automated detection and blurring of sensitive elements
like faces and license plates in images, ensuring privacy protection in urban vegetation
imaging has been used.

Diverse image augmentation techniques such as blurring, brightness and exposure
adjustments, cropping, noise injection, horizontal flipping, cutout, rotational changes, and
the mosaic method were applied to enhance the trainingediataize and diversity.

Various annotation tools discussed like ADAMS, Labellmg, Roboflow, and Label Studio
for image annotation, highlighting their features and limitati@tjstomized version of

Label Studio is developed, utilizing city council data for precise plant species
identification, setting the stage for the final data preparation and model training phase.
Three models were trained, including a model for detecting urban vegetation, another for
detecting and classifying selected species, and a third for identifyinglassifying
specific trees

Key performance indicators like the confusion matrix, precision, recall, and mean average

precision (MAP) were used to evaluate the effectiveness of the trained models.
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4.1 Introduction

In this chapter a quantitative analysis of the research findings is presented, and these results
are integrated into the broader context of urban environmental monitoring. The outcomes of this
study are juxtaposed witimdings from previous research in the field, providing a comparative
perspective. Through this comparative analysis, the relevance of the results is underscored, and
they are situated within the existing body of knowledge. This approach enriches trstantieg

of urban vegetation surveillance through deep learning models.

Initially, the focus is on the dataset preprocessing steps crucial in enhancing image quality for
model training. These steps included the removal ofvegetation elements, blur, dnepetitive
images, along with ensuring privacy protection, all contributing significantly to the data's accuracy
and reliability. Then, the preparation and annotation of the dataset, fundamental to the application
of deep learning models, are then exasdinThe selection of an annotation tool and methods was

dictated by the specific requirements of urban vegetation detection.

Following this, the detection of urban vegetation, specific species, and individual trees is
explored. Here, the performances ofigas models like YOLOvV5 and YOLOvV8 are compared
and discussed, focusing on the implications of varying bounding box sizes and diverse training

approaches on model efficacy.

In summary, thishaptempresents a quantitative analysis of the research findimggtegrates
these results into the broader context of urban environmental monitoring. It aims to bridge
technical findings with their reaborld implications, thereby contributing to future research in this
field.
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4.2 Dataset Preprocessing

In this research, dataset preprocessing was identified as a critical step, marked by the
implementation of several filters to refine data quality for subsequent analysis. Included in these
filters were a nofvegetation filter, designed to eliminate imageghout vegetation cover; a blur
image filter, aimed at removing images lacking clarity; a repetitive images filter, intended to reduce
dataset redundancy; and a privacy protection filter, ensuring the removal of any personal
information from the images. $Aelaborated in thgystemdesign andnethodologychaptey these
filters were described in detail, with specific techniques employed to enhance their effectiveness.
This section will explore the results of applying these filters, wittvatuation of their advantages
and limitations. The assessment of these steps is crucial, as the preprocessing phase forms the
foundation for the accuracy and reliability of the deep learning models applied later in the study.
The systematic analysis ofetbe preprocessing steps is aimed at demonstrating their importance in
enhancing the dataset's suitability for urban vegetation surveillance, thereby contributing to the

robustness and precision of the research findings.

4.2.1 Nonvegetation filter

In addressinghe challenge of nemegetation images in urban imagery datasets, a YOLOv5x
model was employed due to its compatibility with existing scripts, unlike the YOLOv8 model
which lacked certain required functionalities (because this version has been receatgdgl
This model effectively identified and retained images of urban vegetation while removing non

vegetation images.

The chosen YOLOv5x model analyzed each image captured during the data collection
sessions to identify and retain images containing uviegetation, irrespective of species, while
discarding those devoid of vegetation. The criteria for vegetation detection were based on specific
parameters and model training details, ensuring precise identification. More information about the

output of ths model will be detailed isubsectiont.4.

The application of the nemegetation filter, utilizing the trained YOLOv5x model, led to the
exclusion of a significant portion of images from each dataset, identified as lacking relevant
vegetation content. These images accounted for approximately 5 to 10% of the total images in the
datasets collected from various locations including Auckland, Hami#tod, Cambridge. The

datasets, collected on different dates, all underwent this filtering process. The effectiveness of this
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filter is demonstrated ifable4-1, which provides a comparative overview of the number of non

vegetation images excluded across different collection dates and locations.

Table 4-1: Analysis ofnon-vegetatiorimagefiltering acrosglifferent datasets.

Date Location Total images Non-vegetation images
202301-20 Hamilton 2295 195
20230317 Hamilton 3630 302
202303-23 Hamilton 1230 73
20230327 Hamilton 1635 112
202303-30 Hamilton 4720 344
202304-07 Auckland 12434 1075
202305-24 Hamilton 6144 448
202306-09 Hamilton 5517 329
202307-26 Hamilton 4640 417
20230901 Hamilton 2883 285
20230901 Cambridge 6341 570
202309-22 Hamilton 4177 390
202309-22 Cambridge 3206 301

An analysis of themages filtered out by the neregetation filter indicates that variations in
the number of nowegetation images during data collection are influenced by several key factors.
These include the chosen routes, the frequency and duration of stops, amthefspe vehicle
carrying the imaging system. Areas with more urban infrastructure or less vegetation typically had
a higher count of nomegetation images, while routes with more greenery showed fewer such
images. The speed of the vehicle also playedleg with slower speeds leading to more images
and a higher likelihood of capturing nergetation elements, especially in urban areas. These
observations highlight the need for careful planning of data collection routes and vehicle speed to
optimize ima@ quality and relevance for urban vegetation surveillance. This meticulous approach
to dataset refinement was crucial, enhancing the efficiency of the study and ensuring the deep
learning models were trained on highly relevant data, thus improving thdsnacdsuracy and

realworld applicability

4.2.2 Blur images filter

In addressing the challenge of blurry images within the urban imagery dataset for this study,
two distinct methods were evaluated: the Fast Fourier Transform (FFT) technique and the
Laplacian \ariance technique. Each method employs a unique approach to identify and filter out
blurred images, a crucial step for ensuring the clarity and usability of the dataset in training deep
learning models. Following an initial comparison of these techniqueddntifying and removing
blurred imagesJable4-2 presents a detailed analysis of the advantages and disadvantages of each

technique.
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Table 4-2: Comparativeanalysis of FFT and Laplacian Varianeszhniques.

Technique Pros Cons
Fast Fourier - Assesses higfrequency content to identify - More complex implementation than
Transform (FFT) blur. spatial domain methods

- Detects both overall and edge blur.
Works well in different lighting and
contrasts.
Straightforward implementation - Less effective in lowedge or low
contrast images.
- Risk of misclassifying smooth
textured images adlred

Laplacian Variance

After the initial comparison of the two techniques, their effectiveness was further evaluated
by applying them to a dataset. Several images from this dataset, along with the computational
outputs of each technique, are exemplarily showcasEdjure4.1.

FFT =-1.46 FFT =-10.21 FFT =-13.49
Laplacian Variance = 66.89 Laplacian Variance = 72.39 Laplacian Variance = 111.06
B C

u

FFT = 19.22 © FFT =318 | FFT = 41.64
Laplacian Variance = 87.18 Laplacian Variance = 669.3 Laplacian Variance = 1100.78
D E F

Figure 4.1: Comparativeanalysis ofblurred andclearimagesausingdifferenttechniques.
The top row (A, B, C) are examples of blurred images, while the bottom row (D, E, F) are cl
images; each image is annotated with its respective FFT and Laplacian Variance values, illustr:
distinction in numerical readings between blurred ardrdmages.
As explained in theystemdesign andnethodologychapter both the Fast Fourier Transform

(FFT) and Laplacian Variance techniques require defining a threshold to separate blurred images
from clear ones. Analyzing the results using the FFT technique, as exemplified with six images in
Figure 3, a threshold can bBpproximately set betweeh.45 and 19.20 (the range betwé&égure

4.1C andFigure4.1D). This threshold effectively creates a boundary between blurred and clear
images, allowing for the removal of blurred images from the dataset. However, selecting a

threshold for the Laplacian Variance technigue poses a challenge. If a threshold tibkethe
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highest number for blurred images (as showFRigure4.1C), is chosen, cledfigure4.1D gets
mistakenly classified as blurred and removed from the dataset. Conversely, setting the threshold
based on the lowest number of clear images, slightly less th&inggirg4.1D), would incorrectly

retain the blurred Imageigure4.1C, lealing to errors in subsequent stages like model training.

The reason for this error, especially considering the naturd=igire 4.1D, which
predominatly features the sky, relates to the basis of the Laplacian technique in identifying and
calculating edges. A significant portion leigure4.1D, being the sky, lacks edges, resulting in a
lower calculated value using the Laplacian technique. Since some of the collected images, due to
the camera angle relative to the ground, include sections of the sky, this technique was not utilized
for removing blured images from the dataset.

After applying the notvegetation filter and removing such images from the datasets, the
remaining images in each dataset were then analyzed with the blur images filter to identify and
eliminate blurred images. The effectivesas this filter is demonstrated ifiable 4-3, which

provides a comparative overview of the number of blurred images removed from each dataset.

Table 4-3: Analysis ofblur imagefiltering acrosglifferent datasets.

Date Location Total images Blur images
202301-20 Hamilton 2100 630
202303-17 Hamilton 3328 798
202303-23 Hamilton 1157 231
202303-27 Hamilton 1523 304
202303-30 Hamilton 4376 350
202304-07 Auckland 11359 628
202305-24 Hamilton 5696 227
202306-09 Hamilton 5188 190
202307-26 Hamilton 4223 253
202309-01 Hamilton 2598 165
20230901 Cambridge 5771 343
202309-22 Hamilton 3787 227
202309-22 Cambridge 2905 170

Table 4-3 indicates a decreasing trend in the number of blurred images over time. This
reduction can be attributed to the optimization of camera settings and the identification of the most
effective canfigurations for capturing highequality images. Additionally, adjustments were made
to the camera angle relative to the direction of movement to determine the best possible angle.
Furthermore, modifications in the chosen routes were implemented to @eénmoaid irregularities
such as speed bumps or potholes, which could cause camera shake. Consequently, in the later data

collection sessions, the number of blurred images was reduced to approximately 5 to 6 percent.
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4.2.3 Repetitive images filter

For finding andremoving repetitive images from datasets, three distinct methods were
explored: the Mean Squared Error techni&E), the Normalized CrosSorrelation technique
(NCC), and the utilization of GPS coordinates. Each method offers a unique approach tp identi
and eliminate duplicate or neduplicate images, a vital step to ensure the diversity and accuracy
of the dataset for deep learning model training. The Mean Squared Error technique focuses on the
pixel-by-pixel comparison of images, the Normalized GrGsrrelation technique assesses the
similarity between images based on their overall patterns and features, and the GPS coordinates
approach uses the geographical location data to identify potential repetitions. An initial comparison
of these techniquesssessing their effectiveness in removing repetitive images, is presented in
Table4-4, which includes the advantages and disadvantages of each method

Table 4-4: Comparativeanalysis ofimagerepetitionremovaltechniques

Technique Pros Cons
MSE - Provides a clear guantitative - Sensitive to changes in brightness and contr:
measure for image similarity.
- Simple.
- inexpensive to compute.
- parametefree.

- Effective for images with
consistent lighting and contrast.
NCC - Effective in measuring image - Computationally more intensive than MSE
similarity.
- insensitive to brightness and
contrast variations

Using GPS - High computational speed - Limited by the accuracy of GPS data
Coordinates - uses geographic data for similarity - canmistakenly identify different images as
assessment. similar on routes with a singlane.
- Cannot detect image similarity based on visu
content.

Considering the disadvantages highlighted for the -B&®d method iffable4-4, and the
errors observed in some data collection periods regarding the accurate recording of GPS
coordinates, the GPS coordinates analysis method was not used for identifying and removing
repetitive images. Instead, the focus was placed solely on the remaining two methods. Their
effectiveness was evaluated by applying them to a dataset. Several images from this dataset, along
with the computational outputs of each technique, are exemplaohycsised inFigure 4.2,

demonstrating their performance in processing and analysis.
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MSE NCC
A And 8.89 0.97
B And 103.7 0.8
C And 12.42 0.9
D And 93.25 0.09

Figure 4.2: Comparativeanalysis of MSE and NC@chniques inmagepair analysis.
Upon analyzing the results obtained from applying these two techniques to images, it was

evident that the Mean Squared Error (MSE) technique is sensitive to changes in brightness and
contrast. As demonstrated in the pair of imagdsigure4.2, Figure4.2A and Figure4.2B were
captured in identical conditions and from a fixed angle. The only difference between them is the
lighting variations, which are a common occurrence during urban vegetatagery due to
changing light conditions throughout a data collection period. However, the MSE results show
significant deviations resulting from these lighting and contrast changes, as mentidiadxdiein

4-4, which is due to the sensitivity of this method to lighting and contrast variations. On the other
hand, the numerical output from the Normalized G@sgrelation (NCC) technique showed very

little change.

When examinind-igure4.2C, they become clear that under consistent lighting and contrast
conditions, the MSE technique indicates a low atioal value, suggesting a high similarity. In
contrast, imag&igure4.2D, with a change in camera angle, is correctly identified by the MSE as

different images, thus recording a higher value.
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Given that both techniques require accurately defined thresholds for optimal performance,
Figure4.2 ill ustrates that selecting a precise threshold for the MSE technique can be challenging
due to lighting and contrast variations. In contrast, the NCC method, being less sensitive to these
variations, allows for threshold selection with less error margin.eftves, the NCC technique

emerges as a more suitable option for use in the similar image filtering process.

The remaining images from each dataset, after being filtered through the blur image filter,
were then analyzed using the Normalized Gi@sgelation(NCC) technique to identify and
remove any repetitive images. The effectiveness of this filter is demonstratedl@#-5, which

provides a comparative overview of the number of duplicate images removed from each dataset.

Table 4-5: Analysis ofsimilarimages filtering acrosglifferent datasets.

Date Location Total images Similar images
202301-20 Hamilton 1470 238
20230317 Hamilton 2530 404
202303-23 Hamilton 926 103
20230327 Hamilton 1219 152
202303-30 Hamilton 4026 644
202304-07 Auckland 10731 1931
20230524 Hamilton 5469 727
202306-09 Hamilton 4998 749
202307-26 Hamilton 3970 537
20230901 Hamilton 2433 291
20230901 Cambridge 5428 868
202309-22 Hamilton 3560 427
202309-22 Cambridge 2735 331

An analysis ofTable4-5 revealed that typically between 13 to 17 percent of the total images
obtained in each data collection period are repetitive images. Asomemhin thesystemdesign
andmethodologychaptey the primary reason for this is the necessary stops made by the vehicle
carrying the imaging system, in compliance with traffic regulations such as stopping at traffic
lights or adhering to 'give wagigns. Unlike nofvegetation and blurred images, which can be
reduced through specific methods, the number of repetitive images cannot be significantly

decreased due to the inherent nature of their occurrence in the datasets.

4.2.4 Privacy protection filter
After removing norvegetation, blurred, and repetitive images, a privacy protection filter was
applied. Unlike the previous filters, this filter does not remove images containing personal

information. Instead, it blurs specific objects of high privacy impaegasuch as faces and vehicle
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license plates. To demonstrate the results of this filter, which allows for adjustable blurring
intensity, an image with varying degrees of blurring is presentEdjure4.3.

-‘\-»'l-—t—' '-.- - -1‘- --—l '-.—

Blurfy rpercentage =0 Blurry -per_centage =5
A B
'1’ I"“' | - '1"'1"" | § e

Blurry perE:entage =25 Blurry bercentage =50
C D
- _1‘_]-—.—l --.— '1&]-—'—' . -‘
g s 5
p— p—
- Y ° 2 ? 'F 2

Blurry bercentage =75 Blurry percentage = 100
E F
Figure 4.3: Examples of privacy protection outputs demonstrating various degrees of blurrine
ranging from 0% to 100%.

Considering that this filter allows for the adjustment of the blurriness intensity atisario
percentages, a 5% blur level was chosen for this study. The primary goal of blurring personal
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information was merely to render it unreadable and unidentifiable. Therefore, the minimum
necessary percentage was selected to ensure that blurring itenapowneriwith the main target

of this research, which is vegetation coverage, does not interfere with the process of vegetation
identification.

Table 4-6 presents a comprehensive analysis of the urban imagery dataset, comparing the
number of images before and after the application of various filters. Initially, the 'Raw Dataset'
column reflects the total number of images collected for each datasetapfiiging filters for
nonvegetation, blurred, and repetitive images, the 'Prepared Dataset' column shows the remaining
images, now refined and ready for further analysis. The 'Percentage Removed' column, calculated
as the difference between the raw angppred datasets relative to the raw dataset, quantifies the
extent of image reduction. This percentage highlights the efficiency of the applied filters in refining
the dataset. For instance, on 2@320 in Hamilton, 46.32% of the images were removedjhea
1232 images out of the original 2295. This pattern of significant image reduction is consistent
across all datasets, demonstrating the effectiveness of the preprocessing steps in optimizing the

dataset for subsequent stages of the study.

Table 4-6: Comparison of datasets before and after applying Filters

Removed images

Date Location Raw dataset Prepared dataset (%)
202301-20 Hamilton 2295 1232 a4 46
202303-17 Hamilton 3630 2126 a4l
202303-23 Hamilton 1230 823 a33
202303-27 Hamilton 1635 1067 a35
202303-30 Hamilton 4720 3382 a2s
202304-07 Auckland 12434 8800 a29
202305-24 Hamilton 6144 4742 422
202306-09 Hamilton 5517 4249 422
202307-26 Hamilton 4640 3433 426
202309-01 Hamilton 2883 2142 425
202309-01 Cambridge 6341 4560 428
202309-22 Hamilton 4177 3133 425
202309-22 Cambridge 3206 2404 a25

4.3 Annotationtools
Since five annotation tools were introduced in shgtemdesign andnethodologychapter
one of these tools needed to be selected based on the project's requirements. Therefore, these tools
were examined from various perspectives to determine their ditytdbr specific needs. The
results of this comprehensive analysis are presentdabie 4-7. The tools analyzed include

ADAMS, Labelimg, Roboflow.com, Label Studio, and a Customized version of Label Studio.
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Each tool is evaluated across criteria such as platform type, user intertdic@iser support, input

and output formats, annotation features, compatibility with machine learning models, etc.

Table 4-7: Comprehensiveomparison ofmageannotationtools.

Image annotation tmls

Factors ADAMS Labellmg Roboflow.com Label Studio (L:ustomlzeq
abel Studio
Platform Desktop Desktop Web-based Desktop Desktop
User Interface Moderate Easy Easy Easy Moderate
and Ease of
Use
Multi-User No No Yes Yes Yes
Support
Input Image Image Image Text, Images, Text, Images,
Video Videos, Audio, Videos, Audio,
Time Series (CSV, Time Series
JSON) (CSV, JSON)
Output format Text file XML (PASCAL Coco JSON, VGG, COCO, CsV, COCO, CsVv,
VOCQ), Vott JSON, Marmot  JSON, JSON_MIN, JSON,
YOLO format XML, YOLO PASCAL-VOC- JSON_MIN,
PyTorch, YOLO XML, spaCy, TSV, PASCAL-VOC-
Darknet TXT, Kaggle YOLO XML, spaCy,
Csv TSV, YOLO
Annotation Polygon, Bounding box Polygons, Polygons, Polygons,
Features Bounding box Bounding box, Bounding box, Bounding box,
Key-points. Key-points. Key-points.
Machine No Yes Yes Yes Yes
Learning
Model
Compatibility
Internet No No Yes Optional Optional
Dependency
Customization Yes No No Yes Yes
and
Flexibility
Cost and Free Free Free (with Free/Paid Free/Paid
Subscription limitation)/Paid
Requirements
Integration No No Yes Yes Yes
with External
Systems
Technical Complex Easy Easy Complex Complex
Setup and
Infrastructure

The comparative analysis of image annotation tools in Table 5 reveals distinct strengths and
limitations for each tool, guiding the selection process based on project requirements. ADAMS
and Labellmg, as desktop platforms, offer a degree of stabilityartcbtbut vary in user interface
ease and muHiser support, with ADAMS being more complex and not supporting multiple users.

I n

contrast, Riaded latfamvexaels im boabonagvb capabilities, although it
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depends on internet connectyitLabel Studio and its customized version provide a balance
between robust features and user interface simplicity, with enhanced flexibility inrusedti
collaboration.

Input format compatibility is a crucial factor where Labellmg focuses primarily ages)
while Roboflow.com and Label Studio offer broader compatibility, including various image and
video formats. This makes them more versatile for diverse dataset requirements. In terms of output
formats, Roboflow.com and Label Studio stand out withrtivede range of options, facilitating
integration with different machirkearning models and external systems. This feature is
particularly advantageous for complex projects requiring extensive data processing and

management.

Annotation features also play pivotal role. While Labellmg is limited to bounding boxes,
ADAMS, Roboflow.com, and Label Studio offer a more comprehensive set of features, including
polygons and keyoints, enhancing their applicability for detailed annotation tasks. The
customizatiorand flexibility of Label Studio, especially in its customized version, offer tailored
solutions for specific project needs, although this comes with the-afadd more complex

technical setup and infrastructure requirements.

The cost and subscriptioaquirements present another decision point. ADAMS and Labellmg
are free tools, offering cosfffective solutions, whereas Roboflow.com and Label Studio have
both free and paid options, potentially adding to the project budget. Finally, the integration with
external systems is a notable advantage for Roboflow.com and Label Studio, facilitating seamless

data management and enhancing collaborative efforts across distributed teams.

After considering all aspects, the customized version of Label Studio was dedtabte for
subsequent stages of the research due to its ability to read data files created by the city council.
However, for this specific phase of the research, which involved identifying a limited number of

tree species and individual trees, Robofloym was utilized.

4.4 Urban vegetation detection

The outcomes of extensive work with YOLOvV5 and YOLOv8-suwels, trained specifically
for identifying urban vegetation, have been meticulously examined. This examination focused on
optimizing the models' capaities to accurately recognize vegetation in diverse urban conditions.

The comprehensive analysis presented here includes precision, mexzall, Average Precision
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(mAP) at various Intersection over Union (loU) threshaldg accuracifor training and vatiation
phases, along with the time taken for training each mdddlle 4-8 is aimed at providing a
detailed comparative view of the modefgrformances, highlighting the key aspects that

determine their effectiveness in urban vegetation detection.

Table 4-8: Comparativeanalysis of YOLOv5 and YOLOv8&ub-models.

Model Precision Recall mAP50 mAP50-95 Training Time

Train Valid Train Valid Train Valid Train Valid (Hour)
Yolovin 093 087 090 085 093 090 068 0.59 0.94
Yolovbs 096 090 088 089 097 094 077 0.67 0.935
Yolovbm 096 092 092 089 097 094 080 0.70 1.026
Yolovsl 096 092 092 09 097 094 083 0.72 1.15
Yolovbx 096 093 090 090 097 095 084 0.74 2.05
Yolov8n 094 086 090 082 096 089 0.76 0.62 0.995
Yolov8s 096 089 091 087 096 092 081 0.69 1.031
Yolov8m  0.92 087 091 084 09 091 0.78 0.65 1.297
Yolov8l 096 087 087 084 09 090 080 0.65 1.52
Yolov8x 096 088 090 085 098 091 0.83 0.67 2.14

The comprehensive analysis of the YOLOv5 and YOLOv8mobels, as shown imable
4-8, reveals nuanced details about their performance in detecting and classifying urban vegetation.
Across the board, the YOLOV5 series exhibits high precision in the training phase, with
YOLOv5m, YOLOVSI, and YOLOvV5x models all achieving a remarkable precision score of 0.96.
This high precision carries through to the validation phase for the YOLOv5x model, suggesting
robustness in its predictive accuracy. Recall rates for YOLOvSm and YOLOvxqaraly

impressive, standing at 0.92 in training and showing consistent performance in validation.

The mean Average Precision (mAP) scores further distinguish the models, with YOLOv5x
and YOLOv5m leading in the training phase with a score of 0.97. YOLOwSparticular,
demonstrates its strength across various Intersections over Union (loU) thresholds with the highest

mMAP5095 score of 0.74 in validation, pointing to its effectiveness in nuanced detection tasks.

When considering training efficiency, YOLOw35s the most timefficient model, requiring only
0.94 hours for training. On the other end of the spectrum lies YOLOvV5x, which, despite its superior
performance, necessitates a significantly longer training time of 2.05 hours. This reflects a clear

tradeoff between the complexity and performance of a model and the time invested in its training.
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The YOLOVS series, while demonstrating slightly lower precision and recall in the validation
phasé with YOLOv8n's precision dropping from 0.94 in training@@6 in validatiod still
presents competitive metrics. YOLOvVS8s, in particular, showcases a good balance between
performance and training time, with a relatively shorter training period of 1.031 hours compared
to the more extensive YOLOvV8X, which takes 2hibirs. In synthesizing these observations, it
becomes apparent that the YOLOV5 series, especially the YOLOv5x model, stands out for its
detection capabilities in urban vegetation. However, the longer training times indicate a potential

cost in terms of diciency.

Box Loss is a component of the loss function used in object detection models like YOLO
models It quantifies the difference between the predicted bounding boxes and the actual ground
truth boxes during model training. This metric is essentialef@luating and optimizing the
accuracy of the model in detecting and correctly positioning bounding boxes around objects in an

image.

According toFigure 4.4A, during training, a consistent downward trend in Box Loss is
observed across epochs for all models, indicative of the models' progressive learning and
improvement in bounding box predictions. Notably, models like YOLOv5n and YOLOv5s
demonstratea more rapid decrease in Box Loss, suggesting a higher efficiency in learning
compared to other variants. This difference is possibly attributed to variations in model
architectures or initial parameter settings. The initial Box Loss values vary sigtiificaith
YOLOvV8 models starting at a much higher loss, potentially due to the increased complexity of
their tasks or different architectural nuances. As training progresses, a convergence in Box Loss is
evident, though the rate and epoch at which thadbilstation occurs vary among models,

highlighting differences in learning dynamics
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Figure 4.4: Evolution of Box loss across epochs for various YOLOV5 and YOLOvS8msutels;
A. Train and B. Validation phase.
In the validation phas&,igure4.4B showed a general decrease in Box Loss across epochs for

most models, underlining their ability to generalize to new data. YOLOv5 models outperformed
YOLOv8 models in terms of a more pronounced reduction in Box Loss, indicating better
generalization capdhies. The higher initial Box Loss in YOLOv8 models and their varied

convergence behavior suggested different responses to validation data compared to training data,
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emphasizing the importance of model selection based on the specific characteribecssk ait
hand.

The Box Loss analysis for the training and validation phases explains various YOLO sub
models learning and generalization capabilities. YOLOvV5 models, with their rapid decrease in Box
Loss and better generalization in the validation phasght be more suitable for tasks where
efficiency and quick adaptation to new data are crucial. In contrast, YOLOv8 models, despite their
higher initial Box Loss and varied convergence, could offer advantages in scenarios requiring

handling more complexasks or data.

In support of the detailed analysis presented in this sedtiguye 4.5 provides a visual
representation of the practical outcomeiiewed during the validation phase for each YOLOvV5
and YOLOv8 submodel. This figure includes two sets of images: one set for YOLOve®uels
and another for YOLOVS8 suimodels, each using the same urban landscape image to ensure
consistency in the compaon. These images vividly demonstrate the urban vegetation detection
capabilities of each sumodel, with a particular focus on tree detection. It is particularly
noteworthy that suinodels YOLOv5n and YOLOvV8n, along with YOLOv5m and YOLOv8m,
show an enhaed ability to detect a greater number of trees compared to their counterparts. This
sideby-side comparison not only visually supplements the quantitative data preseitisolan
4-8andFigure4.4 but also offers intuitive insight into the reabrld performance of these models.

The superior tree detection abilities of certain snbdels underscore the criticality of model
selection based on detection capabilities and efficiency. This comparative visualization plays a key
role in highlighting the subtle differences in performance amibie submodels, providing a

comprehensive view of their effectiveness in urban vegetation detection tasks

YOLOV5N o YOLOV8N
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YOLOV5s ~ YOLOSs

YOLOV5m ’ YOLOV8m

YOLOVSI ~ yoLOv8I

YOLOv5x YOLOV8xX
Figure 4.5: Urbanvegetatiordetection
comparing YOLOvV5 and YOLOv8ub-models invalidationphase
In light of the results from the analysis of YOLOv5 and YOLOv8-sdalels, the next logical

step in this section is a comparative review with existing literature. Such a review is crucial to
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contextualize our findings within the broader scope of tree tieteesearch using various deep
learning models in RGB images. The focus has been placed on studies that are primarily aimed at
tree detection, irrespective of species, while most reviewed studies have centered on the
identification and classification afifferent tree species. For more accurate comparisons, several
studies have been selectively included based on their year of publication. Through the analysis of
these studies, which have employed varied deep learning models, and by focusing on key metrics
like precision and recall, the effectiveness of the Y@ia3ed approach, relative to other
strategies, can be assessed. A summary of these comparative studies is set to be preableed in
4-9, which will provide insights into the alignment or divergence of this research's results with

established findings in the field of urban vegetation detection using deep learning techniques.

Table 4-9: Comparativeanalysis ofdeeplearningmodels fortreedetection.

Model Object Precision Recall Reference
AlexNet 0.91 0.7
GoogleNet Tree 098 o051 339
DeepForest  Treecrown 0.74 0.6 [340]
ResNet34 0.89 0.5
ResNet50 Tree crown 0.86 0.91 [341]
ResNet101 0.89 0.82
RetinaNet Tree crown 0.64 0.62 [342]
YOLOv5 Tree trunk 0.88 0.84 [343]
YOLOv5m Tree 0.96 0.92 Current
YOLOvV8m 0.92 0.91 research

The comparative table illuminates the varied performance of several deep learning models in
tree detection. AlexNewith a precision of 0.91, shows high accuracy but a lower recall of 0.7,
indicating a tendency to miss true positives. GoogleNet, in stark contrast, achieves a precision of
0.98 but falls short in recall at only 0.51, missing nearly half of the acers.tDeepForest,
targeting tree crown detection, presents a moderate precision of 0.74 and recall of 0.6, reflecting a
balanced but not exceptional detection capability. Among the ResNet series, -Béshiat
ResNetl101 both have a precision of 0.89, besRet50 stands out with the highest recall of 0.91,
suggesting its superior ability to identify most tree crowns. However, RetinaNet, used for tree
crown detection as well, records lower scores with a precision of 0.64 and a recall of 0.62,
indicating les effectiveness in accurate and consistent detection. YOLOV5, specializing in tree
trunk detection, demonstrates a balanced high performance with a precision of 0.88 and a recall of
0.84. Most notably, the YOLOv5m and YOLOv8m models from the current cseacel in tree
detection, exhibiting precision (0.96 and 0.92 respectively) and recall (0.92 and 0.91 respectively).

These numbers not only show their superior detection accuracy but also their consistency,
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highlighting the advanced capabilities of YOIn@dels in urban vegetation detection, especially

in comparison to other leading deep learning models.

After analyzing the results of the YOLOV5 and YOLOv8 snbdels in the identification of
trees without considering species, it is essential to analyzeghks related to species detection
and classification, which will be addressed in the next section. It is noteworthy that since the results
of the YOLOV5 and YOLOv8 models were somewhat similar, onensodel from each
(YOLOv5m and YOLOv8m) has been seted for training and evaluation in species classification.

This approach allows for a focused and detailed analysis.

4.5 Specific species detection

Having examined the models' ability to identify urban vegetation without specific species
consideration, theesearch then shifted focus to the training and evaluation of selectetbsials
from YOLOvV5 and YOLOvVS8, aimed at detecting and classifying eight distinct tree species. This
section is dedicated to discussing the performance of the YOLOv5m and YOLOv8ris imode
this specialized task. It highlights their capacity for accurately identifying and distinguishing
among various tree species. The effectiveness of each model in the context ofspestiiestree
detection, a key element in the wider scope of urbagetation monitoring and analysis, is

thoroughly assessed using the data presentédhile4-10.

Table 4-10: Comparative analysis of YOLOv5m and YOLOv8m modelspeciesdetection

Model Precision Recall mAP50 mAP50-95 Training Time
Train Valid Train Valid Train Valid Train Valid (Hour)
Yolovbm 0.957 091 0962 093 0984 095 0.788 0.69 2.729
Yolov8Bm 0964 092 0965 091 0986 095 0.83 0.72 3.014

The comparative analysis of the YOLOv5m and YOLOv8m models for urban tree species
detection offers a nuanced view of their capabilitieab{e 4-10). YOLOv5m showcases high
precision in both training and validation, with scores of 0.957 and 0.91, respectively, and excellent
recall, indicating its effectiveness in identifying true positives. Its mean Average Precision scores
are impressive, with a mAP50 of 0.984 during training and 0.95 in validation, signifying a reliable
balance between precision and recall across the sthhald threshold. The model also performs
well at more stringent loU thresholds, as evidenced by its mAB5ores of 0.788 in training
and 0.69 in validation. YOLOv5m's training efficiency is highlighted by its training time of 2.729

hours.
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Yolov8m, onthe other hand, slightly outperforms YOLOv5m in precision and recall, with
training scores of 0.964 and 0.965, and validation scores of 0.92 and 0.91, respectively. It achieves
a marginally higher mAP50 of 0.986 during training and matches YOLOv5m withidatron
score of 0.95. Notably, Yolov8m excels in the mAFEDmetric, scoring 0.835 in training and
0.72 in validation, suggesting it maintains accuracy across a range of loU thresholds. However,
this increased performance comes with a longer traimmg of 3.014 hours.

In essence, while both models demonstrate strong performance metrics, Yolov8m marginally
surpasses YOLOv5m in most categories, making it a slightly more robust choice for-species
specific tree detection. However, this superior detecipability of Yolov8m is balanced against
its longer training duration. Deciding between the two models would require weighing the benefits

of higher detection accuracy against the practicalities of training time.

As illustrated inFigure4.6, an evaluation of the box_loss for the YOLOv8m and YOLOv5m
models over 100 epochs reveals distinct trends in both training and validation phases. Initially,
YOLOv8m registers a significantly higher box loss than YOLOv5m. Yet, as training progresses,
both models exhibit a consistent decline in box loss. This pattern indicates an ongoing
improvement in their ability to accurately predict bounding boxes, demongtitainmodels'

capacity for learning and advancement as the epochs advance.

YOLOv5m demonstrates a more pronounced reduction in loss, with its validation loss closely
converging with the training loss, suggesting efficient learning and a stable mvitheut
overfitting. In comparison, YOLOv8m, despite starting with a higher loss, reduces its validation

loss significantly, hinting at an ability to generalize.

By the final epoch, YOLOv5m and YOLOv8m display similar training and validation losses,
with both models reaching a point where further training might yield minimal improvements. This
close performance towards the end of the training period highlights the potential of both models
for accurate object detection, each with distinct learning dynamatgeneralization to unseen

data.
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Figure 4.6: Evolution of Box loss across epochs for YOLOv5m and YOLOv8m
during the train andalidationphase.
The confusion matrices for the YOLOv5m and YOLOv8m modse been examined,

providing a basis for comparison in the classification of urban tree sp&aiesg4.7). In the

matrix associated with tRéOLOv5mM model Figure4.7A), a high degree of accuracy is observed
across most speciesb6 classificati onissbeingi th t
identified with nearly perfect precision. It is noted, however, that there is a slight propensity for

the model to classify tree species as background, although at a very low frequency, with the highest

misclassification observed for Silver Biraha rate of 0.1.

Conversely, the YOLOvBm model's confusion matrsig(re 4.7B) also indicates high
precision levels, with all species showing psem rates above 0.92 and Magnolia and Pink Oak
reaching a perfect score. The rates at which species are misclassified as background are slightly
elevated in comparison to YOLOv5m, with Liquid Amber exhibiting the highest rate of 0.08.
When these modelsrea compared, both are found to be highly effective in identifying and
classifying tree species, with  YOLOvbm showing a marginal advantage in reducing
misclassifications as background. The preference for one model over the other may be influenced
by the speific demands of the application, where YOLOv5m could be favored for its lower false
positive rate. Nonetheless, should a negligible increase in false positives be acceptable for
marginally improved precision in certain classes, the YOLOv8m model stahds @uviable
option.
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Confusion Matrix
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Figure 4.7: Comparativeconfusionmatrices forurbantreespeciesclassification;
A. YOLOv5m and B. YOLOv8m.
The last analysis of the two selected models was baste pnecisiorrecall curves and mean

Average Precision (mAP) values at an Intersection over Union (loU) threshold &fguEe(.8).

The YOLOvV5mM moél, while exhibiting a slightly lower overall performance with a mAP of 0.984,
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still maintained commendable precision across various clasggs€4.8A). Notably, it matched
the YOLOvV8m in detecting Magnolia and Flowering Cherry with scores of 0.990 but demonstrated
marginally reduced precision in classes like Flowering Dogwood (0.979) and Silver Birch (0.976).

In contrast, the YOLOv8B8m model showcasesimarkable precision across all classes,
achieving an overall mAP of 0.98&iQure 4.8B). It attained neaperfect scores in detecting
species suchs Flowering Cherry (0.990) and Pink Oak (0.994), underscoring its highly accurate
identification and localization capabilities. The lowest score for the YOLOvBm model was
observed in Liquid Amber, with a score of 0.971, which still signifies a significhigh level of

accuracy.

This comparative analysis underscores that both models exhibit a high degree of efficacy in
object detection tasks, albeit with minor differences in specific classes. While the YOLOv8m
model has a slight edge in generalized pemtnce, the YOLOv5m model's performance is
noteworthy, especially given its potential benefits in terms of computational efficiency and
resource utilization. These aspects are crucial in practical applications, where the YOLOv5m
model could be more suitahl despite the marginal superiority in accuracy of the YOLOv8m

model
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Figure 4.8: PrecisionRecallcurves;
A. YOLOv5m and B. YOLOv8m.

Figure 4.9 displays several examples of the outputs from the YOLOW=gufe4.9A) and
YOLOv8m (Figure4.9B) models, showcasing their capabilities in identifying various tree species.
As evidentin the images, both models demonstrate a high degree of accuracy in tree species
identification with only marginal differences. Upon closer examination of the images, it can be
observed that in some cases, the YOLOv5m model identifies a greater nutnées gharticularly
those that are patrtially visible at the edges of the images. This detection is especially noteworthy

for trees that are not fully captured in the frame, indicating the model's sensitivity to partial inputs.

capture_3446_lat_-37-8896/66

Figure 4.9: Comparative visualization of urban tree species detection during the validation ph
by A. YOLOv5m and B. YOLOv8m.
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