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Abstract 
 

In the rapidly urbanizing environment of New Zealand, monitoring and preserving urban green 

spaces are crucial for ecological 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 protection. This research 

addresses a significant gap in current methodologies for monitoring urban greenery by introducing 

a more efficient, accurate, and less labor-intensive approach using deep learning technology. 

Extensive data collection, preprocessing, and training were key 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 capturing 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 

quality and ensure privacy protection. Focusing on advanced computer vision systems, this thesis 

employed the YOLOv5 and YOLOv8 models for automated urban vegetation detection using RGB 

images from car-mounted cameras. The models were chosen for their effectiveness in image 

recognition, with various image augmentation techniques and annotation tools 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 tree species. 

 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 detection. In 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 requiring 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 mAP50-95 score (0.79) in validation. These results underscore the models' applicability in 

diverse urban scenarios and reinforce the feasibility of this approach for large-scale urban 

vegetation monitoring.The research findings indicate that deep learning technology, particularly 

the YOLOv5m and YOLOv8m models, significantly enhances the efficiency and accuracy of 

urban vegetation monitoring. The innovative use of car-mounted cameras for data collection marks 

a significant advancement over traditional methods, enabling the capture of large-scale urban 

vegetation data with minimal intrusion and high efficiency. 

In summary, this study demonstrates that applying advanced computer vision systems can 

markedly improve urban vegetation monitoring. The integration of YOLOv5 and YOLOv8 models 

in New Zealand's urban landscapes offers a novel approach to address the challenges 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 understanding 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 management 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 cities [3], the significance of urban 

vegetation in maintaining ecosystem health cannot be overstated. Urban vegetation has positive 

influences on such as ecosystem functions [4, 5], improved human health and quality of life [6, 7], 

and safe havens for indigenous biodiversity [8, 9]. Trees in Urban Areas can 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 droughts) [10], invasive alien plant species [11], 

insect pests and diseases [12]. To control them, continuous inspection and monitoring programs 

are needed. 

Continuous monitoring of urban vegetation proves challenging, time-consuming, and labor-

intensive [13]. To address these limitations, researchers have explored innovative methods to 

rapidly assess plant health [14, 15]. These investigations indicated two main steps: (i) image 

acquisition and (ii) analysis and classification [11, 16, 17]. Various technologies, including 

satellite imagery [18-20], Unmanned Aerial Vehicles (UAVs) [21, 22], and vehicle-mounted 

cameras [11, 23], have been utilized for image collection. However, each of these technologies 

presents limitations. Satellites are oriented towards large-scale surveys and might not precisely 

identify individual trees or sparse clusters. UAVs encounter issues of limited coverage, proficiency 

prerequisites, and regulatory constraints [22]. Furthermore, drone flight duration constraints due 

to frequent recharging or refueling introduce time-related challenges [11]. 

Recent research has dedicated efforts to advancing techniques for urban vegetation 

identification, classification, and modeling, reflecting the increasing recognition of urban 
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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 R-CNN and FPN architecture to achieve remarkable precision [24]. 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 precise categorization [11]. In parallel, investigations were conducted to detect and 

classify a substantial number of tree images using three distinct methodologies: the Region-based 

Convolutional Neural Network (Faster R-CNN), YOLOv3, and RetinaNet [17]. 

It's worth noting that while these deep learning models hold promise for urban vegetation 

analysis, they are not without limitations. Faster R-CNN's limitation in accurately detecting 

smaller objects is linked to the coarse resolution of its CNN feature block [25]. YOLOv3, though 

known for its efficiency, can compromise accuracy in detecting small objects and handling 

imbalanced class distributions [26]. RetinaNet faces challenges in feature loss due to resolution 

reduction, channel compression, and up-sampling, particularly affecting smaller defects and 

feature fusion [27]. ResNet-50, although impactful, has drawbacks related to overfitting and 

accuracy fluctuations [28]. 

As urban vegetation monitoring gains importance in the context of ecological equilibrium and 

sustainability, it is imperative to navigate these limitations 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 urban vegetation, with a specific focus on identifying a particular species 

of tree and individual trees using RGB images captured by a car-mounted 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 of work 

1.2.1.1 Image preprocessing and enhancement 

The research begins by preprocessing the collected RGB images to enhance their quality and 

utility for subsequent model training. This includes the implementation of filters to remove blur, 

repetition, and privacy-sensitive information, ensuring a clean and focused dataset. 

1.2.1.2 Data annotation and augmentation 

A critical step involves the annotation of the prepared images to facilitate supervised learning. 

Accurate labeling of target vegetation, especially the specific species under study, is crucial. 

Augmentation techniques are applied to expand the dataset, enriching the model's understanding 

of various scenarios and improving its generalization capability. 

1.2.1.3 Model architecture selection and customization 

The choice of the YOLOv5 model architecture serves as the foundation for achieving effective 

object detection. Customization of the 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 Species-specific model development 

The research involves training 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 tree identification 

Building upon the species-specific model, the thesis extends to the development of a model 

capable of identifying individual trees with a high degree of accuracy. This requires fine-tuning 

the existing model and integrating advanced object recognition techniques. 

1.2.2 Research questions and expected outcomes 

The research endeavors to answer the following key questions: 

• How effective are the applied preprocessing filters in enhancing the quality of the training 

dataset and subsequently improving model performance? 

• 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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• How well does the specialized model perform in identifying individual trees, and what 

level of accuracy can be achieved? 

1.2.3 Significance and implications 

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 decision-making. 

1.3 Thesis outline 

The contents of each chapter of the thesis are outlined below, covering key areas of the 

research topic and model development. 

Chapter 2 details the comprehensive literature review undertaken for this research. This 

chapter explores various monitoring platforms, including Satellite-Based Monitoring, Unmanned 

Airborne Vehicle (UAV) Monitoring, and vehicle-based approaches. It also examines different 

imaging techniques in vegetation analysis like Hyperspectral, Multispectral, and RGB Imaging, 

followed by a discussion on image processing techniques. 

Chapter 3, 'System design and methodology', 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 removal of non-vegetation images 

and privacy protection. This chapter also delves into the training of deep learning models, 

particularly YOLOv5 and YOLOv8, discussing aspects like dataset preparation, image 

augmentation, annotation, and the training process. 

Chapter 4, 'Results and 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 detection with variable 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 highlights future research pathways 

and opportunities, suggesting potential areas for further investigation and development in urban 

vegetation surveillance using advanced computer vision techniques.
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2 Literature review  
 

The thesis has thus far introduced the needs 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 

achieving efficient and effective monitoring of urban vegetation, with the end goal of providing a 

state-of-the-art tool for managing urban ecosystems. 

This chapter presents a comprehensive literature review, covering a range of key aspects 

central to this research. These include the broader framework of urban vegetation management, 

diverse monitoring methods, and specific technical domains such as imaging techniques and image 

processing, extending to machine and deep learning. While these topics may appear disparate, each 

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. The evolution from 

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 gaps that this thesis 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 integrate diverse 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 of the modern era, bringing about significant 

social, economic, and environmental repercussions [29, 30]. As of 2011, over half of the world's 

population resided in urban areas, a number projected to increase to 86% in the developed world 

and 64% in the developing world by 2050 [30, 31]. Increasing urban population is likely to lead to 

an array of environmental problems in cities such as increasing air pollution and climatic 

perturbations [32].  

Against the mentioned potential problems, trees and urban green spaces (UGSs) emerge as a 

unique and sustainable solution [30, 33]. Trees, an integral part of the urban ecosystem, can 

alleviate environmental issues in both direct and indirect ways [34, 35]. Directly, trees absorb 

gaseous pollutants like sulfur dioxide (SO2), nitrogen dioxide (NO2), and ozone (O3) through leaf 

stoma and intercept particulate matter in the air [36]. Indirectly, they can lower atmospheric 

temperatures by providing shade and transpiring, thereby reducing the rate of chemical reactions 

that lead to secondary pollutants [37, 38]. Moreover, trees offer other ecological benefits such as 

carbon sequestration through photosynthesis, noise reduction, and the mitigation of the urban heat 

island effect—increasingly crucial due to ongoing climate change [39-43]. The benefits of urban 

vegetation are not just ecological but also extend to the physical and psychological well-being of 

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 climate changes. In urban 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 mortality [47]. Moreover, increased occurrences of drought and heatwaves are causing 

significant damage to tree canopies [48]. 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 and displacing native vegetation [11]. These species are a significant factor in the 

erosion of biodiversity and rank among the top five global threats to biological diversity [50].  
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Beyond damaging native species and their ecosystems, these invasive plants can also have harmful 

repercussions on human health and economic well-being [11]. It is crucial to have effective 

monitoring systems in place to pinpoint where these species are most prevalent, their potential for 

spreading, or where they can be most effectively contained [51]. 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 long-distance transport of seeds [52, 53].  

In addition to the threat of invasive plant species, another natural factor significantly impacting 

the health and survival of urban vegetation is the presence of diseases and pests [54]. The rise in 

global commerce and the accompanying transfer of plant materials across countries and continents 

have escalated the risks associated with pests and diseases on urban 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 

vegetation [56]. 

A particularly alarming projection comes from a recent 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 pests [57]. This data highlights the need for more thorough monitoring and 

management strategies focused on mitigating these harmful effects. The decline of a substantial 

number of trees can substantially impact various facets of urban life, from urban ecosystems [58, 

59] and urban biodiversity [60-62] to human and wildlife health [63] and well-being [64, 65]. 

Moreover, this decline adversely affects the quality of urban soil [66], urban water cycles [67], 

and atmospheric conditions [68], resulting in issues like soil degradation, increased flooding, and 

elevated urban temperatures [69, 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-reaching, affecting everything from soil quality to human well-being, 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 means to mitigate 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 their effectiveness in terms of both the technologies 

employed and the strategies implemented. 

2.2 Monitoring platforms in 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 been labour-intensive and costly, recent advancements in technology have 

enabled more efficient data collection and monitoring [13, 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 

satellites [18, 20], Unmanned Aerial Vehicles (UAVs) [21, 22], and vehicular-mounted cameras 

[11, 23] have been employed to cater to diverse monitoring needs and contexts. These platforms 

utilize imaging techniques such as RGB, multispectral and hyperspectral imaging to capture data 

that is critical to understanding vegetation health and dynamics [72-75]. 

While each platform provides valuable data, choosing an appropriate method involves a trade-

off between spatial resolution, area of coverage, cost, and 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 Satellite-based monitoring  

Satellite-based 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 NASA [76, 77]. Initially, 

these technologies were focused on broader land use and land cover applications, often lacking the 

resolution and sensitivity required for more localized, urban assessments [78]. With advancements 

in satellite technology and imaging software, more recent systems can now capture data at much 

finer spatial resolutions, making them more applicable for urban vegetation surveillance. [79]. 

Moreover, offering many advantages such as large-scale 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 spaces [80, 81].  
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Several studies highlight the utility of satellite-based monitoring in urban vegetation 

surveillance [33, 82-84]. For instance, a study conducted by [85] employed Very High Resolution 

(VHR) Pleiades imagery for vegetation mapping in Kuala Lumpur. The researchers utilized the 

Normalized Difference Vegetation 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 study also emphasized 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 10-m resolution near-infrared and red bands from 

Sentinel-2 to accurately calculate the Normalized Difference Vegetation Index (NDVI) for urban 

areas in the Pearl River Delta. The NDVI estimates were cross-validated with high-resolution 

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 (WUDAPT) [86]. 

In the other study was done by [86] on the application of U-Net-like Convolutional Neural 

Networks (CNNs) for individual tree recognition using very high-resolution RGB satellite images, 

specifically focusing on northern temperate mixed forests in Russia's Primorsky Region. Utilizing 

GeoEye-1 pan-sharpened RGB imagery with a spatial resolution of 0.46 m/pixel, the researchers 

trained the U-Net-like CNN to perform image segmentation. The study found that this deep 

learning approach outperformed standard pixel-based machine learning methods, such as random 

forests and k-nearest neighbor classifiers, particularly in minimizing false-positive identifications 

of green-colored objects. Furthermore, the U-Net-like CNN recognized trees not just as a 

collection of pixels, but as spatial objects 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 recognition [86].  

While satellites offer valuable advantages for monitoring urban vegetation, it’s important to 

point out that using satellite data to monitor urban areas is difficult due to the complex variety of 
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land features, especially when observed at finer scales [87-89]. Temporal restrictions are another 

drawback, as satellites aren't always available to capture images at the specific times they may be 

needed; additionally, long waiting periods can occur between the acquisition and reception of these 

images [90]. Environmental factors like cloud cover further complicate the situation by obstructing 

clear views, making satellite imagery less reliable for continuous monitoring [90]. These 

challenges are especially noticeable when satellite data are compared or integrated 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 ground-based and satellite observations. 

2.2.2 Unmanned airborne vehicle (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 sectors [91, 92]. Initially, 

these drones were constrained by limited flight durations and imaging capabilities; however, the 

rapid advancement of technology has greatly expanded their potential [93]. Today, UAVs strike a 

perfect balance between cost-efficiency and high-resolution imaging. This unique combination 

makes them especially well-suited for detailed, timely, and versatile research and planning, 

particularly in the domain of urban vegetation monitoring [91, 94].  

Several studies show UAVs' role in urban vegetation monitoring [95-98]. [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, U-Net, FC-DenseNet, and two DeepLabv3+ variants. They also evaluated the benefits of 

using fully connected conditional random fields (CRFs) for post-processing. The research 

pinpointed the presence of the endangered tree species, Dipteryx alata Vogel. Results showcased 

overall 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 a dataset encompassing 
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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 traditional techniques, notably K-nearest neighbor 

(KNN) and BP neural network. Remarkably, their findings highlighted ResNet-50's superior 

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

In the other article, [101] utilized training and test data from three temperate forest sites in 

Japan, covering 56 tree species. Using UAV RGB 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 times and locations. The results highlighted challenges in identifying closely related 

species and those with similar environmental preferences, suggesting the need for further 

optimization in real-world applications. 

UAVs have undeniable potential, but there are limitation such as limited battery life, 

administrative and legal requirements, privacy concerns, limited mission time and distance [91, 

92]. Moreover, by increasing the complexity of urban landscapes, the necessity for ground-level 

monitoring becomes more important. This leads us to consider the role of vehicles equipped with 

advanced monitoring systems. The upcoming subsection will explain monitoring urban vegetation 

using vehicles. 

2.3 Monitoring using vehicles 

Monitoring urban vegetation using vehicles, specifically through street-level imagery, offers 

an intimate perspective on urban vegetation analysis. Such an approach serves as a valuable data 

source to precisely and accurately detect and evaluate urban greenery along the streets [102]. 

Vehicles equipped with cameras empower researchers to gather images from specific areas, 

delivering detailed, street-level insights that are often unattainable through satellites and UAVs 

[103].  

In a 2022 study, [102] conducted in Tai’an city, China, researchers utilized multi-year Baidu 

Street View images to monitor urban street-side vegetation greenery changes. To distinguish green 

vegetation pixels based on the images' spectral 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) 
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showcased superior classification 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 

green building surfaces and shades, the overestimation was least pronounced with the VGI-based 

approach [102]. Several similar studies were conducted using street-view images [103-105].  

In another study, [11] developed a system to monitor Invasive Alien Plant Species (IAPS) 

along roadsides using a high-speed camera mounted on a moving vehicle. The study collected 

images of seven specific IAPS and employed three deep convolutional neural networks, 

ResNet50V2, MobileNetV2, and YOLOv3, 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 and non-IAPS, exhibited 

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 Rosa rugosa, YOLOv3 was superior in 

identifying the harder-to-detect species, Lupinus polyphyllus and Pastinaca sativa [11].  

Vehicle-based street-level 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 overlook [102, 103]. This method demonstrates particular efficacy in 

mapping street-level vegetation with high accuracy in densely populated urban areas [102]. 

However, its application is confined to road-accessible zones and is reliant on vehicle availability, 

providing a more limited scope in comparison to aerial methods [106]. Studies indicate that street-

level imagery is especially valuable for identifying invasive species and evaluating urban green 

coverage along transportation corridors [103]. 

Table 2.1 provides a comparative analysis of the three predominant urban vegetation 

monitoring methods: Satellite-Based Monitoring, Unmanned Airborne Vehicle (UAV) 

Monitoring, and Vehicle-Based Monitoring, and concisely outlines their respective advantages and 

disadvantages, offering a clear perspective on their applicability and limitations. 
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Table 2.1: Comparative analysis of monitoring methods. 

Monitoring Method Advantages Disadvantages 

Satellite-Based 

Monitoring 

- Wide coverage and remote area access 

- High-resolution data 
- Useful for broad landscape analysis 

- Challenges in detailed urban mapping 

- Time delays in data capture 
- Weather-related image interference 

UAV Monitoring - Detailed, high-resolution imaging 

- Flexible and timely data collection 

- Cost-effective for small areas 

- Limited flight time and range 

- Regulatory and privacy concerns 

- Weather dependency 

Vehicle-Based 

Monitoring 

- Precise street-level detail 

- Direct observation of urban greenery 

- Effective in urban settings 

- Limited to road-accessible areas 

- Dependent on vehicle availability 

- Narrower scope compared to aerial methods 

As we delve into the advantages of data collection platforms like satellites, UAVs, and vehicle-

based monitoring, it's 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 Techniques in Vegetation 

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 Imaging techniques in vegetation analysis  

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 Hyperspectral imaging 

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 

environmental [108, 109], military [110], mining [111], and medical fields [112]. Unlike 

traditional imaging systems, hyperspectral images are rich in spectral information, and this spectral 

information can reflect the physical structure and chemical composition of the object of interest, 

which is helpful for image classification [113, 114]. A dozen of research showed that the 

hyperspectral data obtained from satellites ([115, 116]), UAVs [117-119] and ground-based 

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

A study conducted by [122] utilized hyperspectral imaging to classify 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 bi-monthly images were acquired by a terrestrial hyperspectral camera (SPECIM-IQ) 

from November 2018 to October 2019. 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 season [122].  

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 

aggregated to various spatial resolutions (from 0.025 m to 2.5 m) to analyze the impact on 

classification accuracy. The method employed was the Object-Based Image Analysis (OBIA), with 

a thorough examination of different segmentation scale parameters and feature numbers. Results 

indicated that the classification accuracies ranged from 84.3% to 91.3% [123]. 

While hyperspectral imaging provides substantial benefits for monitoring vegetation, it is not 

without its challenges. 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, illumination, and data transmission [124]. 

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 analysis [125]. Thirdly, the procurement of usable training samples 

proves to be a considerable obstacle, leading to the ill-posed problem in certain methodologies, 

diminishing the generalization capability of classifiers, and subsequently limiting the widespread 

application of hyperspectral data [113]. 

Given the pros and cons of hyperspectral imaging, the next section will transition to 

multispectral imaging, which offers another approach for vegetation monitoring and other 

applications 

2.4.2 Multispectral imaging 

Multispectral imaging works with images in select narrow bands across a specific range of the 

spectrum and can create characteristic wavelengths for each pixel in a focused object [126, 127]. 

Pictures obtained through a multispectral 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 objects [127-132]. This technology also offers practical benefits, 

including lower acquisition time and complexity compared to hyperspectral imaging, along with 

the capability for real-time application in certain domains [133, 134].  

In a recent study by [135], a methodology that integrates an object-oriented 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 

a multi-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 schemes S1–S8, 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 k-nearest neighbor (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) of 0.91 [135]. 

In the next study, the use of multispectral Sentinel-2 imagery for urban land cover and land 

use (ULCLU) classification was explored, particularly focusing on a challenging and complex 

densely populated urban area in the South-West district of Delhi, India [136]. Utilizing a 10 m 

spatial resolution imagery and involving five pivotal ULCLU classes - roads, water, buildings, 

vegetation, and barren land - 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 

showcased superior classification performance, achieving an impressive 98.05% accuracy, 

whereas all methods surpassed 90% accuracy. The findings affirm the substantive potential of 

Sentinel-2 multispectral imagery and advanced classification algorithms in deriving accurate and 

critical information for ULCLU, particularly in densely urbanized contexts [136]. 

In another study, [137] utilized WorldView-2 multispectral images, spanning a spectral range 

of 427–908 nm and offering a 2 m spatial resolution, to classify six commercial forest species in 

KwaZulu-Natal, South Africa. The classification technique applied was partial least squares 

discriminant analysis (PLS-DA), 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 projection (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 critical 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 with certain limitations that require attention and 

ongoing research to enhance its utility and accessibility. These challenges include the need for 

careful calibration to avoid potential misinterpretations [138], relatively low spectral resolution 

compared to hyperspectral imaging [139], and a higher cost compared to RGB cameras [140]. 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 multispectral imaging technologies detailed above.  

2.4.1 RGB imaging  

Red, Green, and Blue (RGB) imaging serves as a fundamental pillar within the realm of 

monitoring and remote sensing [141]. RGB cameras, characterized by their lightweight 

construction, offer a cost-effective and straightforward operation, maintaining functionality under 

various atmospheric conditions, whether sunny or cloudy [142, 143]. With high spatial resolution 

and broad accessibility 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 as an attractive alternative to utilizing multispectral or hyperspectral 

images, gaining increasing adoption in the realm of remote sensing [147, 152]. Many studies have 

been conducted on RGB-based vegetation monitoring, such as estimating leaf chlorophyll content 

[153], leaf area index (LAI) estimation [154], evaluating plant height and biomass [155], 

diagnosing nutrient deficiencies [156], monitoring plant growth [157], detecting stress [158], 

monitoring plant diseases [159], crop genotyping [160], etc. Specifically, in 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 via high-spatial-resolution 

RGB images, a deep learning-based mobile application tool was proposed and developed [161]. 

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 and other local species. The images, manually annotated, were systematically divided into 

training, validation, and testing subsets, aligning with the methodology of five-fold cross-

validation. The assessment of both accuracy and speed (across GPU and CPU) of the implemented 

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 accuracy, attaining 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 units [161]. 

In another 2021 study exploring the utilization of CNN-based methods for individual tree 

detection in urban locales using high-resolution RGB images, three state-of-the-art methods were 

evaluated: Faster-RCNN, RetinaNet, and Adaptive Training Sample Selection (ATSS) [162]. A 

comprehensive dataset, comprising 220 manually labeled images, reflecting 3382 trees, was 

employed 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 an AP50 of 69.2% 

and an AP75 of 28.4%, albeit with a general observation that Faster-RCNN and RetinaNet may 

perform qualitatively better in certain contexts. Despite all metrics remaining below 70%, a 

qualitative analysis suggested satisfactory performance of the model, particularly notable in areas 

of less density and for smaller tree crowns. Nonetheless, a noticeable decrement in performance 

was observed in regions of greater tree crown size and density [162]. 

In other study that conducted in 2021, concentrated on monitoring urban forests by evaluating 

various features on a single-tree scale [163]. The approach involved extracting spectral data, 

vegetation morphological parameters, texture information, and vegetation indexes from ultrahigh-

resolution RGB images, which were captured using UAVs and subsequently applied to develop 

an object-oriented-based random forest (RF) classifier. The research primarily focused on four tree 

species: Michelia chapensis, Salix babylonica, Cedrus deodara, and Prunus cerasifera. The 

findings illustrated that the RGB images from UAVs effectively detected surface fragments and 
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achieved a notable accuracy of 91.3% in RF classification, exceeding the outcomes from using 

high-resolution street view maps by 20.5% [163].  

Another notable 2021 study employed a machine vision system that amalgamated 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 object-based 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 illumination and phenological stages across 

four tree species [165].  

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 low-light conditions like nighttime [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, constraints (Table 2.2), and specific 

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

processing techniques. 

Table 2.2: Comparative overview of imaging technologies. 

Imaging Type Advantages Disadvantages 

Hyperspectral Imaging - Detailed spectral analysis 

- Precise material identification 

- Useful across various fields like 
environmental, military, mining, and 

medical 

- Nonlinearity in data 

- Susceptible to noise and interference 

- Challenges in data management and 
analysis 

Multispectral Imaging - Faster acquisition and less complexity 
than hyperspectral 

- Directly applicable in real-time 

scenarios 

- Important in fields like agriculture and 
forestry 

- Need for calibration 
- Lower spectral resolution 

- Higher cost compared to RGB cameras 

RGB Imaging - Cost-effective and lightweight 

- High spatial resolution 
- Widely accessible and easy to process 

and interpret 

- Limited to the visible spectrum 

- Sensitive to environmental light changes 
- May not capture as much detail as 

hyperspectral or multispectral 
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2.5 Image processing techniques 

In this subsection, we will concentrate on methods relevant to image processing, particularly 

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 different uses, will also be explored. 

2.5.1 Conventional machine learning algorithms 

Machine learning, a branch of artificial intelligence (AI), encompasses the precise 

development and optimization of algorithms that learn from designated datasets to make 

predictions about unknown data, utilizing statistical analysis to discern patterns within large 

datasets and derive inferences about the dataset's output [168, 169]. Numerous algorithms have 

gained popularity in this domain for their utility in image processing, including K-nearest neighbor 

(KNN), random forest (RF), support vector machine (SVM), self-organizing maps (SOM), 

multilayer perceptron (MLP), radial basis function neural network (RBF), learning vector 

quantization (LVQ), and principal component analysis (PCA) [72]. Over the past decade, the 

application of these algorithms has permeated various scientific disciplines, finding utility in areas 

such as robotics [170, 171], agriculture [172, 173], medicine [174, 175], and aquaculture [176, 

177]. It is particularly noteworthy that much research has been undertaken in the surveillance, 

identification, and classification of urban plant species employing some of the mentioned 

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

In a 2023 study, very high-resolution WorldView-2 satellite imagery was meticulously 

explored for its capability to detect, delineate, and classify urban plant species across both public 

and private domains [178]. A selection of four spectral bands (blue, green, yellow, red) and four 

texture features (namely, energy, entropy, inverse difference moment, Haralick correlation) were 

identified as the most efficient attributes for object-based classification from the WV-2 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 for Pinus spp specie whereas the lowest classification accuracies were 

noted for Quercus spp specie[178]. 
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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 LiDAR data distinct methodologies was explored [179]. Initially, 

ground, building, and varying vegetation classes (low, medium, and high) were derived from raw 

LiDAR data through a hierarchical-rule-based classification method. Subsequently, individual tree 

crowns were segmented employing a mean shift clustering algorithm from high vegetation points. 

For the discrimination of deciduous and coniferous tree species within the urban area, a total of 25 

spatial- and intensity-based features were utilized across three machine learning classifiers: 

support vector machine (SVM), random forest (RF), and multi-layer perceptron (MLP). The 

resulting overall accuracies of the machine learning-based classifications were 80%, 83.75%, and 

73.75% for the SVM, RF, and MLP classifiers, respectively, in a 70/30 training/testing split. 

Notably, the SVM and RF algorithms consistently outperformed the MLP algorithm in terms of 

providing superior classification results for identifying the urban tree species[179].  

Another study exploring urban tree species classification utilizing UAV-based multi-sensor 

data and machine learning, a multi-sensor data fusion technique was developed to enhance 

classification accuracy with limited training samples [168]. 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 classifiers, Random Forest (RF) and Support Vector Machine (SVM), were 

evaluated, focusing on their capability to handle and analyze high-dimensional datasets derived 

from multiple sensors. When using hyperspectral-derived 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%, the combination of all dataset 

types (spectral, LiDAR, thermal) using multispectral-derived spectral features nonetheless 

achieved an OA of 81.3% and a kappa of 0.77 with RF [168].  

Lastly, Pu et al. focused on the utility of multi-seasonal high-resolution Pléiades satellite 

imagery for urban tree species mapping in Tampa, FL, USA, the authors explored the potential to 

enhance classification through the exploitation of seasonal variations [180]. 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 included various oaks, pine, palm, camphor, and magnolia. A 

multi-level classification system, utilizing a suite of classifiers – Random Forest, Support Vector 

Machine, and Linear Discriminant Analysis – was applied to classify image objects of the tree 

species and 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 combined dry-wet season images performing even 

better (p < 0.01). Furthermore, the findings revealed a significant seasonal effect on tree species 

classification and established that the Random Forest classifier notably outperformed the other 

classifiers for tree species classification, highlighting the criticality of selecting apt seasonal 

remote sensing data for mapping tree species [180]. 

Conventional machine learning algorithms showcases some advantages in image processing, 

including they can train and work on low-end machines [181], often requires less data to train a 

model effectively [182], and they have lower computational complexity [183]. However, one 

cannot overlook these algorithms' drawbacks. One prominent limitation of conventional machine 

learning algorithms is that they cannot learn straight from unprocessed data; they need a careful 

preprocessing process to extract features from raw data and classify them, and then they use these 

classified features to find specific patterns [184]. 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 overfitting [185]. Moreover, conventional machine 

learning algorithms, while excelling with small to medium-sized datasets, manifest limitations in 

accuracy when applied to larger datasets [186]. Another limitation is that the issue of noisy and 

imprecise data, along with inaccurate labels, significantly challenges the accuracy and reliability 

of machine learning algorithms [187]. 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 learning (ML) (Figure 2.1), has 

experienced remarkable growth in recent years, particularly highlighted by its increasing 

implementation in research and industry [188-191]. 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 monitoring and classification [192]. Its role has since expanded into 

vegetation remote sensing, showcasing its versatility across various research domains [193-196]. 

DL surpasses traditional machine learning algorithms by autonomously learning pertinent features 

from annotated datasets, offering an end-to-end learning approach that eliminates the need for 

manual expertise in feature extraction [164, 197, 198]. 

 
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 (ANNs) for varied data interpretations [199, 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 

(Figure 2.2) [200, 201]. This efficiency has propelled DL to prominence in big data fields and is 

continuously evolving to enhance performance in various ML tasks [202-205]. Its applications 

range from image super-resolution [206] to object detection [207, 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 domains [193-196]. While 

conventional machine learning algorithms necessitate manual expertise for feature extraction and 

involve intricate procedures like feature selection, deep learning approaches enable end-to-end 

learning from annotated datasets, autonomously ascertain the most pertinent features, and have 

demonstrably surpassed traditional algorithms in the realm of computer vision tasks [164, 197, 

198].  

DL's impact extends across numerous scientific fields and industries, significantly 

transforming them. Major technology companies worldwide are continually striving to advance 

DL, which has already surpassed human-level performance in various applications such as 

predictive analytics in logistics, loan approvals, and entertainment [210]. Despite its remarkable 

achievements, DL's potential for further advancements remains vast, particularly in enhancing 

human lives. Its precision and accuracy hold promise for natural disaster prediction [211], new 

drug discoveries [212], and cancer diagnosis [213-215]. 

In vegetation monitoring, detecting and classifying research, several deep learning 

architectures have been used containing: DeepLabV3+ [192], Res-UNet [216], ResNet [11, 217, 

218], VGG16 [164, 219], LeNet [220], U-net [117, 221], DenseNet [222], AlexNet [164, 219], 

YOLOv3 [11], MobileNet [11], EfficientNet [101], etc. In the domain of urban vegetation 

monitoring, deep learning has paved the way for different research. Some of these studies are 

briefly reviewed below. 

In a 2018 study, publicly available aerial and street view images from Google Maps™ were 

harnessed to develop a fully automated pipeline for tree detection and species recognition [223]. 
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Utilizing VGG16 convolutional neural networks (CNN), 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 different species. Specific trees, for instance, certain species, might exhibit higher or 

lower classification accuracies [223].  

In the next study, a deep learning model, specifically the U-net, was applied for urban tree 

canopy mapping employing high-resolution aerial photographs [224]. The U-net's efficacy in tree 

canopy mapping was assessed across four spatial scales—16 cm, 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, the U-net's application with 32-cm 

input images showcased exemplary results, recording an overall accuracy of 0.9914 and an 

Intersection over Union of 0.9638 [224].  

In another study, a DeepLabv3 model was introduced for the purpose of tree species mapping 

in tropical urban settings [225]. 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 map indicates the 

Euclidean distance to the crown boundary for each pixel. A subsequent post-processing approach 

was devised that fuses these outputs, leading to the classification of nine and five tree species with 

average F1-scores of 79.3 ± 8.6% and 87.6 ± 4.4% respectively. Noteworthy is the post-processing 

method's ability to craft a detailed tree species composition map, exclusively labeling pixels of the 

target species with elevated class membership probabilities [225]. 

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 images [226]. The YOLOv3 model 

was rigorously 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 0.564, accompanied by 

precision and recall rates of 0.727 and 0.634, respectively [226].  

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

interpretation. Primarily, it possesses the capability to autonomously extract profound features 
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directly from images, thereby ensuring an end-to-end analytical process [227-229]. Unlike 

traditional methods that rely on pre-designed features, deep learning gleans patterns directly from 

raw data based on established extraction rules [230]. By initially comprehending simple constructs 

and subsequently harnessing multi-layered neural networks, it is able to represent intricate 

structures within high-dimensional data more abstractly, culminating in superior classification and 

recognition accuracy [231]. Central to deep learning's philosophy is the empowerment of the 

model itself to discern critical features, thereby minimizing 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 detection [198, 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 hardware like GPUs and TPUs [235]. Equally significant is the Dependence on Image 

Resolution. In vision tasks, the quality of outcomes hinges on the image's resolution, making high-

quality inputs essential and, as a result, amplifying the requirements for data processing and 

storage [198]. 

2.6 Summery 

• Modern urbanization leads to environmental challenges, including air pollution. 

• Urban green spaces mitigate environmental issues, absorbing pollutants and providing 

ecological, psychological, and physical benefits. 

• Monitoring urban green spaces is tedious and costly using traditional methods, but image 

acquisition technologies, like satellites, UAVs, and vehicle-mounted cameras, help 

streamline the process. 

• Satellites offer extensive 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 

• UAVs provide cost-effective, high-resolution monitoring of urban vegetation but grapple 

with battery, legal, privacy challenges, and urban complexities. 

• Vehicle-based street-level imagery provides a detailed and accurate view of urban 

vegetation, offering insights not always achievable with satellites and UAVs. 
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• Hyperspectral imaging 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 cost-effective and accessible approach in remote sensing, preferred for 

its lightweight equipment, higher spatial resolution, and ease of processing. With cameras 

available in everyday devices, their widespread use is facilitated. However, they are limited 

to the visible spectrum and can be affected by environmental factors, impacting image 

quality in conditions like low-light. 

• Conventional machine learning, a component of AI, has several 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, end-to-end 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 computational 

power and quality image inputs. 



 

27 

 

 

 

 

 

 

3 System design and methodology 
 

3.1 Introduction 

This research thesis, forming an integral part of a broader study, addresses critical ecological 

challenges, particularly the identification of non-native and invasive species, and the early 

detection of diseases in urban vegetation. Figure 3.1 illustrates this through a systematic and 

comprehensive flowchart, which visually differentiates the completed stages of this research from 

those planned for future exploration. Colored cells in the flowchart represent the steps achieved 

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

 

Figure 3.1: Overview of the broader study's framework; 

colored cells show completed sections and non-colored sections represent planned for future works 

Central to this thesis is the use of advanced computer vision techniques, employing RGB 

images from a car-mounted camera and deep learning models, specifically YOLOv5 and 

YOLOv8, to identify various tree species and individual trees within urban landscapes. The 
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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 non-vegetative and blurry images. 

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 species. An important 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 the flowchart, 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, 

detecting 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 and methodology chapter is meticulously 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 detection. This chapter highlights 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 Data collection 

The quality of the dataset—specifically, the visual images—plays a pivotal role in the accuracy 

of recognition algorithms within computer vision systems [236]. Thus, the data collection process 

becomes a cornerstone 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 quality, representative of 

varied urban vegetation, and well-documented. Ensuring this level of quality necessitates a 

detailed examination of the technical aspects involved in data acquisition. The following 

subsections will therefore explore the infrastructure of the imaging system (Section 1.2.1) and the 

image capture process (Section 1.2.2). These 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 and reliability in urban vegetation recognition. 

3.2.1 The infrastructure of the imaging system  

The infrastructure of the imaging system serves as the technical backbone of the data collection 

process. This encompasses all the physical and software components that, in concert, 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. High-fidelity cameras, robust computing 

hardware, precise GPS modules, and tailored frame designs constitute the hardware suite, while 

sophisticated software ensures these components work seamlessly together. The hardware is 

tasked with capturing high-resolution images under various urban conditions, and the software 

synchronizes image 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 an in-depth 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 imaging system hardware, encompassing the 

camera (A) with its lens (B), computer (C), battery (D), GPS module (E), GPS antenna (F), and 

Wi-Fi router (G). Each of these components plays a pivotal role in the system's functionality and 

will be discussed in their respective 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 hardware; 

A. the camera with B. lens, C. computer, D. batteries, E. GPS module with F. antenna, and G. Wi-Fi 

router 

3.2.1.1.1 Camera and lens 

The Basler a2A5320-23ucBAS RGB camera (Figure 3.2.A), with a 16.1-megapixel Sony 

IMX542 CMOS sensor, captures high-resolution 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 collection. The adjustable settings of this camera allow it to 

efficiently adapt to the dynamic lighting and motion conditions typical of urban environments. 

This capability is helpful in meeting the research objectives, which include compiling a detailed 

visual inventory of urban vegetation.  

 
Figure 3.3: The Basler a2A5320-23ucBAS RGB camera. 

In the pursuit of capturing the most informative images possible, three Basler lenses with 

different focal lengths—50mm, 25mm, and 12mm—were rigorously evaluated (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 and vertically, making it particularly suitable for the urban environment. To 

visually demonstrate the differences in the capabilities of these lenses, individual sample output 

images for each lens are presented (Figure 3.4.B for the 50mm lens; Figure 3.4.C for the 25mm 
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lens; Figure 3.4.D for the 12mm lens). Additionally, a comparative image (Figure 3.4.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. 

 
A 

   
B C D 

 
E 

Figure 3.4:  Comprehensive display and comparison of tested Basler lenses.  

A. shows the 50mm, 25mm, and 12mm lenses. B. is a sample image captured with the 50mm lens, C. 
with the 25mm lens, and D. with the 12mm lens, all taken from a fixed distance to illustrate the output 

variation. E. provides a comparative analysis of the lenses, highlighting differences in focal length and 

vertical angle of view. 
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An essential aspect of the camera setup was determining the optimal mounting angle (α) on 

the vehicle to ensure effective data acquisition (Figure 3.5.A). Through several trial runs, it was 

observed that a camera angle of less than 45 degrees often resulted in many images being blurred 

(Figure 3.5.B). This blurring was likely due to the motion of the vehicle 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 

analysis (Figure 3.5.D). Consequently, a 45-degree angle was identified as the optimal orientation 

for the camera (Figure 3.5.C). This decision aligned with findings from other research, which 

similarly recommended this angular setup for effective imaging [11]. 

 
A 

   
B C D 

Figure 3.5: Camera angle on the car roof and its effects on images. 

 A. Depicts the camera's placement and its 45-degree angle on the car roof. B. Shows a sample image 

captured with the camera angle set to less than 45 degrees, C. Presents a sample image captured at the 

optimal 45-degree angle, D. Illustrates a sample image captured with the camera angle set to more than 
45 degrees. 

3.2.1.1.2 Computer 

The computational core of the data collection system is the BOXER-6641-A1, a fanless 

industrial computer from AAEON (Taiwan) (Figure 3.2.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 (Figure 3.2.D). The computer is powered by an Intel(R) Core (TM) i7-8700T CPU @ 

2.40GHz and is equipped with 32 GB of installed memory (RAM), alongside an Intel(R) UHD 

Graphics 630 GPU. This setup provides 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 withstand a broad temperature spectrum from -20°C to 55°C, which is essential for maintaining 

operational stability in diverse urban environments (Figure 3.6). 

3.2.1.1.3 GPS module and antenna 

In addition to the importance of the imaging system, 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 and longitude. 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 imaging, a GPS module 

(Figure 3.2.E) is necessary to record the geographical coordinates of each photograph. In this 

study, the u-blox ZED-F9R-00B module (Figure 3.7) and a GPS antenna (Figure 3.2.F) was 

employed for this purpose. 

 
Figure 3.7: The u-blox ZED-F9R-00B module. 

3.2.1.1.4 Wi-Fi router  

The last component of the imaging system's hardware is the TP-Link TL-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. The TL-WR703N is configured to create a local Wi-Fi 

  
Figure 3.6: The fanless AAEON BOXER-6641-A1 computer. 
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network, to which the laptop can connect (Figure 3.8). Once this wireless connection is established, 

the laptop gains access to the imaging system computer's interface, 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 computer for system adjustments or data retrieval. 

 
Figure 3.8: The TP-Link TL-WR703N Wi-Fi router. 

3.2.1.1.5 Frame design 

As mentioned in the previous sections, the basis of this research involves using images 

collected 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 Waikato University) and then 

unmounted after data collection is completed. This frame was meticulously developed in 

SolidWorks software version 2018, and the final design was constructed following approval. The 

precise dimensions of the frame are detailed in the appendix section. As shown in Figure 3.9, 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 related to the box that houses 

the computer and the camera mounting location.  
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Figure 3.9: Designed frame in Solidworks 2018; 

 A. main-frame, B. Computer box and C. Camera. 

3.2.1.2 Software 

In the software domain, the designed system hinges on a Python-based 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 and save images from two 

different sources. Scripts utilize OpenCV for image processing and cv_bridge for converting 

between ROS image messages and OpenCV image formats. It maintains a real-time link with GPS 

data, employing a subscriber model to receive updated coordinates. These coordinates are then 

used to tag captured images with their respective geographical locations, effectively mapping 

images to their real-world coordinates. 

Furthermore, Scripts demonstrates a sophisticated approach to file management and data 

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 for later analysis 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 saved before 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 adaptability and reliability in field 

operations. The scripts are available online on GitHub1. 

 
1 GitHub link: https://github.com/Sami3610/BioVison/tree/main/Imaging_system/Drivers 

https://github.com/Sami3610/BioVison/tree/main/Imaging_system/Drivers
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 step involves 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 distribution, species 

prevalence, and accessibility. The process and considerations behind designing these routes will 

be discussed in the following subsection. 

3.3 Data collection strategy 

In this section, the comprehensive data collection strategy employed in the research 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 system’s battery limitations, routes were designed to maximize species coverage. 

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 datasheets are available). 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, etc. Figure 3.10, 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 a tree photography route from council’s datasheets. 

As illustrated in the flowchart, inaccessible areas such as parks, lakes, and protected zones 

were filtered out, reducing the Cambridge dataset from 15,319 trees to 6,693 (43.7%) accessible 

trees, achieved using Excel, QGIS, or Python (Figure 3.11), Following this filtering, species with 

the highest frequency in accessible areas were selected as target species. Non-target species, about 

54% of the remaining dataset, were excluded, ensuring a focus on the most prevalent species 

aligned with research objectives. 

  
Figure 3.11: Examples of areas that cannot be accessed by the vehicle-mounted camera in Cambridge; 

 colored dots represent trees. 

The final step in the process is Route Creation. This involved two methods: a manual approach 

and an automated approach using QGIS software. The manual approach is accurate but time-

consuming (Figure 3.12.A). Conversely, the automated approach, created in QGIS with the ROS 

tools plugin (Figure 3.12.B), allows for the quick development of complex routes, albeit with a 

higher likelihood of errors. Combining these methods provided optimal results by generating 

preliminary routes in QGIS and manually refining them for accuracy (Figure 3.12.C).  During data 
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collection, vehicle speed was regulated between 20–40 km/h to optimize image quality and reduce 

motion blur. 

 

A 

 

B 

 

C 
Figure 3.12: Path creation methods; 

 A. Illustration of a manually drawn route in Cambridge, B. Automated route generation using QGIS 

and ROS tools, C. Example of manual verification and optimization of an algorithm-generated route. 
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3.3.2 Overview of selected tree species 

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 well-known [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 from 1969 for 

Japanese Maple to just 1 for Purple Birch. After meticulous analysis, the final selection of eight 

tree species was made, specifically: Prunus Species (Flowering Cherry), Cornus Florida 

(Flowering Dogwood), Acer Palmatum (Japanese Maple), Platanus X Acerifolia (London Plane), 

Liquidambar Styraciflua (Liquidambar), Magnolia Grandiflora (Bull Bay), Quercus Palustris 

(Pin Oak), and Betula Pendula (Silver Birch). These species were deemed most suitable for the 

aims of this research. Images of these selected species are presented in Figure 3." 

  
A B 

  
C D 
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Figure 3.13: Collection of selected tree species; 

A. Prunus Species (Flowering Cherry), B. Cornus Florida (Flowering Dogwood), C. Acer Palmatum 
(Japanese Maple), D. Platanus X Acerifolia (London Plane), E. Liquidambar Styraciflua 

(Liquidambar), F. Magnolia Grandiflora (Bull Bay), G. Quercus Palustris (Pin Oak), and H. Betula 

Pendula (Silver Birch). 
After each data collection session, a wide range of images is acquired, which comprises a mix 

of redundant, blurry, and vegetation-free images among the captured data. This assortment is 

referred to as the 'raw dataset.' If these irrelevant images are not removed, they can 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 and useful collection 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 system 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 of the system's 

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-

quality 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. According to Figure 3.14 that outlines all the steps in 

this section, the process begins with the removal of non-vegetation images. This step is crucial to 

ensure focus on pertinent data, with examples illustrated in Figure 3.15.A. Following this, the 

elimination of blurry images (Figure 3.15.B) is undertaken, where different techniques were tested 
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to identify and remove images lacking clarity. The next crucial step is the identification and 

removal of repetitive images (Figure 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 demonstrated in Figure 

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

aligned with the research's goals. 

 
Figure 3.14: Flowchart of the preprocessing steps 

 

   
A 

   
B 
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E 

Figure 3.15: Examples of images from raw datasets that should be removed or edited; 
A. non-vegetation images, B. blur images, C. repetitive images, and D. images with privacy 

information such as car plate number, human faces, etc. 

3.4.1 Remove non-vegetation images 

While capturing images in urban areas with the imaging system, a variety of non-target 

elements such as buildings, vehicles, and urban infrastructure are inevitably included (Figure 

3.15.A). These non-vegetation 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 YOLOv5 model, 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. Non-vegetation images, which do not contribute to the research objectives, are removed 

from the raw dataset. This selective filtering process is important for 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 Remove blur images 

Blur in an image is a prevalent issue in digital image processing, often challenging to rectify 

due to factors like environmental interference and camera movement [238, 239]. In various 

professional fields such as remote sensing, astronomy, microscopy, and medical imaging, blurry 

images can significantly impede research and diagnostics [238]. 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 focus [240, 241]. Digital images, composed of pixels in a grid formation, lose 

clarity when these pixels do not represent the intended tone due to such disturbances [238]. 
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In the context of this research, where the imaging system is mounted on a vehicle, similar 

challenges are encountered. The vehicle's movements, influenced by potholes (Figure 3.16.A), 

speed bumps (Figure 3.16.B), and uneven road surfaces, lead to significant camera instability, 

resulting in blurred images (Figure 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. 

  
A B 

Figure 3.16: Common urban road conditions leading to camera shake; 

 A. pothole and B. speed bump. 

3.4.2.1 Fast fourier transform technique 

The Fast Fourier Transform (FFT) is one of the most common techniques 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 domain [242].  

In the context of image preprocessing, FFT is utilized to analyze the frequency components of 

an image. Blurred images typically display a distinct pattern in the frequency domain, 

characterized by a scarcity of high-frequency 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 assessing the amount of high-frequency content; a low quantity of high-frequency 

components usually signifies that the image is blurry [242]. 

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 effectively. Initially, after converting RGB images to 

grayscale, FFT 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 the center (Figure 

3.17). The script then employs "np.fft.fftshift" function to shift the zero-frequency component to 

the center, simplifying the manipulation of the central high-frequency components.  
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Figure 3.17: Original, grayscale, and frequency domain images; 

 Left: Original images featuring two clear and two blurred examples. Middle: Grayscale versions of the 

original images. Right: Spatial-to-frequency domain conversions of each grayscale image, illustrating 

their frequency domain representation. 

Subsequently, 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 high-frequency components from the image. The size of 

this rectangular area, which is changeable, is defined by the 'size' parameter in the script (Figure 

3.18). After applying this filter, an inverse FFT "np.fft.ifft2" function is executed to revert the 

modified frequency domain back to the spatial domain (Figure 3.19). 

 
Figure 3.18: Frequency domain with rectangular filter which shows the frequency domain after FFT; 

 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 threshold to determine 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. It’s noteworthy that the threshold value used was determined through trial and 

error, optimizing it for the most accurate blur detection in our dataset. 
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Figure 3.19: Grayscale, frequency domain with rectangular filter and inverse FFT Images; 

 Left: Grayscale images featuring two clear and two blurred examples. Middle: Spatial-to-frequency 
domain conversions of each grayscale image with a rectangular filter that shows the area where is set to 

zero. Right: Inverse FFT images from frequency to spatial domain. 

For finding the optimum threshold value and rectangular 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 the threshold 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 determined. The script is available online on GitHub1.  

In summary, the Fast Fourier Transform technique provides a method 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 perspective by 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 Laplacian Variance technique 

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 second-order derivative method, 

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

 
1 GitHub link: https://github.com/Sami3610/BioVison/tree/main/Filters/Blur_images_filter/FFT  

https://github.com/Sami3610/BioVison/tree/main/Filters/Blur_images_filter/FFT
https://github.com/Sami3610/BioVison/tree/main/Filters/Blur_images_filter/FFT
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are indicative of edges [239]. Mathematically, for a two-dimensional image I (x, y), the Laplacian 

L (x, y) is given by ([244]): 

2 2

2 2
( , )

I I
L x y

x y

 
= +
 

 (1) 

The equation (1) represents the sum of the second derivatives of the image intensity I with 

respect to the x and y coordinates. It calculates the difference in intensity for a pixel compared to 

its surrounding neighbors in both the horizontal and vertical directions. 
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Figure 3.20: Laplacian operator applied to a 9x9 pixel matrix [244] 

 Figure 3.20 shows the 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, depicts an area 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 image sharpness 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 more blur. The variance of 

the Laplacian L can be computed as: 

2
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( ) ( )
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i

i

Var L L
N
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=
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Where, Li represents each pixel value in the Laplacian image, µ is the mean of all Laplacian 

values, N is the total number of pixels, and the summation is over all pixels. Equation (2) calculates 
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the average of the squared 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 dataset. According to the script, initially, each image is converted 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 edges. Based on a predetermined threshold, the script 

categorizes each image as either blurry or clear. This threshold can be changed according to the 

characteristics of the dataset. Images that exhibit Laplacian variance values lower than this 

threshold are classified as blurred. The script is available online on GitHub1.  

Having effectively addressed the challenge of blur images using the Fast Fourier Transform 

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 near-duplicate images 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 study’s findings. 

3.4.3 Remove repetitive images 

Continuous imaging in urban areas often results in repetitive images (Figure 3.15.C) with 

similar content, primarily when the vehicle stops due to traffic lights or traffic rules. Removing 

these duplicates significantly reduces analysis time. To address this, three methods were evaluated 

for identifying and eliminating repetitive images: Mean Squared Error, Normalized Cross-

Correlation, and GPS-based filtering, each discussed in the subsequent subsections. 

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 two images [245]. 

 
1 GitHub link: https://github.com/Sami3610/BioVison/tree/main/Filters/Blur_images_filter/Laplacian_Variance  

https://github.com/Sami3610/BioVison/tree/main/Filters/Blur_images_filter/Laplacian_Variance
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. In 

the context of images, MSE is defined as [245, 246]; 

2

1

1
( , ) ( )

N

i i

i

MSE x y x y
N =

= −
  

(3) 

Where { 1,2,..., }ix x i N= =  and { 1,2,..., }iy y i N= =  represent the pixel values of the two 

images and N is the total number of pixels. 

The MSE's attractiveness lies in its simplicity and effectiveness. It is parameter-free, 

inexpensive to compute, and memoryless, allowing the squared error to be evaluated 

independently at each pixel [245].  

In this research, a Python script was employed to detect and remove similar images from 

collected datasets using the Mean Squared 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 systematic 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 each pair of images 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 relocated to a designated output folder, significantly streamlining the image 

dataset by eliminating redundant images. The script is available online on GitHub1.  

Based on the experiences gained in this research, it was observed that the Mean Squared Error 

(MSE) technique is sensitive to changes in brightness and contrast. This means that variations in 

lighting conditions between two images can result in high MSE values, even if the images are 

structurally similar, as demonstrated in Figure 3.21, which provides an example of this limitation. 

Consequently, another technique, the “Normalized Cross-Correlation technique”, which is not 

sensitive to differences in brightness, was also tested for detecting and removing 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  

https://github.com/Sami3610/BioVison/tree/main/Filters/Similar_image_filter/similarity.detection_MSE
https://github.com/Sami3610/BioVison/tree/main/Filters/Similar_image_filter/similarity.detection_MSE
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Figure 3.21: Three similar images with varying brightness levels; 

 unrecognized as similar by the MSE technique. 

3.4.3.2 Normalized cross-correlation technique 

Normalized cross-correlation (NCC), a robust mathematical tool in the fields of signal and 

image processing, is employed for matching features, analyzing similarity, tracking motion, and 

recognizing objects [247-249]. It is an effective method for measuring similarity between images, 

with its main advantage being its insensitivity to variations in brightness and contrast [250]. For 

comparing two images based on NCC, the equation (4) is used in this context is as follows [250]:  
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Where A and B represent the two images being compared. The pixel values at any given 

position (x, y) in these images are denoted by A(x, y) and  B(x, y), respectively. Additionally, μA 

and μB indicate the mean pixel values of images A and B, while σA and σB represent the standard 

deviations of the pixel values in these images, and the total number of pixels in the images is 

represented by N. This equation involves a summation over all pixel positions (x, y) in the 

overlapping region of the images, ensuring a comprehensive comparison. 

A Python script was utilized for employing the Normalized Cross-Correlation (NCC) 

technique. Firstly, a threshold should be considered which is selected using trial and 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 NCC values between pairs of images using 

“cv2.matchTemplate”, 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 

datasets. The script is available online on GitHub1.  

 
1 GitHub link: https://github.com/Sami3610/BioVison/tree/main/Filters/Similar_image_filter/similarity.detection_NCC  

https://github.com/Sami3610/BioVison/tree/main/Filters/Similar_image_filter/similarity.detection_NCC
https://github.com/Sami3610/BioVison/tree/main/Filters/Similar_image_filter/similarity.detection_NCC
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The NCC technique, in practical 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 in significantly 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 location. Considering the camera’s fixed 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 script’s primary 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 equal to a very 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 second image 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 could be highly erroneous, preventing this method from 

correctly identifying similar images (Figure 3.22). Another potential issue arises with routes that 

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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A B 

Figure 3.22: Comparative GPS coordinates from two datasets have been collected at different times 

from the same routes in Cambridge; A. Blue points represent GPS coordinates that are completely 
correct, and B. Blue points represent GPS coordinates that are completely wrong. 

After thoroughly examining various methods for identifying and removing similar images 

from datasets, such as the Mean Squared Error (MSE) technique, Normalized Cross-Correlation, 

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 section, titled 

'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 and integrating 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 information [251-253] such as faces and vehicle license plates, 

raising significant privacy concerns. In 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 privacy-sensitive 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 YOLOv5 model, which has been pre-trained to identify over 80 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, ensuring adherence to privacy standards. 

For protecting privacy information in images, a custom script was developed to process images 

using a pre-trained YOLOv5 model, specifically designed for object detection, with an added 

functionality to selectively blur certain 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 them (Figure 3.23). The script is available online on GitHub1.  

  
A B 

Figure 3.23: Example of privacy information filter's results; A. Original image, and B. Filtered image. 

Throughout the 'Preprocessing' section, various filters and techniques were meticulously 

applied to refine the raw dataset. This included the removal of non-vegetation images, the 

elimination of blurred images using Fast Fourier Transform and Laplacian Variance techniques, 

the deletion of repetitive images through Mean Squared Error, Normalized Cross-Correlation 

methods, and GPS coordinate analysis, as well as ensuring 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 to 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 Learning model training 

After refining the dataset in the preprocessing stage, the next crucial step is Deep Learning 

Model Training, aiming to accurately detect and analyze urban vegetation. In this project, the 

YOLO (You Only Look Once) frameworks have been utilized, predominantly due to their 

 
1 GitHub link: https://github.com/Sami3610/BioVison/tree/main/Filters/Privacy_filter  

https://github.com/Sami3610/BioVison/tree/main/Filters/Privacy_filter
https://github.com/Sami3610/BioVison/tree/main/Filters/Privacy_filter
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efficiency as single-stage detectors. While two-stage object detectors, such as the R-CNN series, 

have been popular in the research community [234, 254, 255], single-stage detectors like the 

YOLO series [256-259] are known for their faster performance, as they simultaneously predict the 

bounding box and the class of objects [260]. 

The YOLO series, in particular, has played an important role as a single-stage detector in 

object detection and action detection tasks [260]. The YOLO series has evolved from YOLOv1 in 

2015 through to the latest version, YOLOv8, in 2023 [261]. Each version has been instrumental in 

various studies for detecting, monitoring, or counting vegetation [261-273]. In this research, 

YOLOv5 and YOLOv8 were selected for their specific strengths: YOLOv5 has demonstrated 

strong performance in preliminary studies, while YOLOv8 offers state-of-the-art features. The 

following subsections explore each model’s unique characteristics and capabilities. 

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 YOLOv1 to YOLOv4 [274] and has achieved top performances on major object detection 

datasets like Pascal VOC [275] and Microsoft COCO [276]. The network architecture of YOLOv5 

is shown in Figure 3.24. The architecture of YOLOv5 is meticulously designed for efficiency in 

both speed and accuracy, making it particularly suitable for applications requiring rapid and 

precise detection [274].  

As depicted in Figure 1.23, YOLOv5's framework is composed of three distinct parts: the 

Backbone, the Neck, and the Head. The Backbone of the model, featuring CSPDarknet, is created 

by incorporating the Cross Stage Partial Network (CSPNet) [277] into Darknet and is responsible 

for the initial feature extraction [274]. This design helps avoid redundant gradient information, 

reducing the model’s size—an advantage for using YOLOv5 on devices with limited resources 

The Neck, utilizing the Path Aggregation Network (PANet) [278], enhances the information 

flow between the layers and improves the object location accuracy. PANet’s structure allows low-

level features to be passed up efficiently, a benefit for applications like urban environmental 

analysis where precise object detection is important. This 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 facilitate multi-scale 

prediction, enabling the model to handle objects of varying sizes[274].  

Furthermore, YOLOv5 stands out in the single-stage detector category for its regression-based 

approach to object detection, allowing for faster processing compared to two-stage 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 significantly reduces 

inference time, while the PANet structure ensures both bottom-up and up-down pathways for 

enhancing detection capabilities [274]. 

 

 
Figure 3.24: YOLOv5 network architecture. 

 This architecture is divided into three main components: (1) Backbone, featuring CSPDarknet for 

initial feature extraction; (2) Neck, utilizing PANet for the fusion of extracted features; and (3) Head, 
comprising the Yolo Layer for the final output of detection results including class, score, location, and 

size of the detected objects. The process begins with data input to the CSPDarknet, followed by feature 

integration in PANet, culminating in the Yolo Layer's detection output [274]. 

The diverse range of YOLOv5 sub-models is concisely summarized in Table 3.1, which 

presents a comparative analysis of their performance metrics. These sub-models vary in size, 

speed, and accuracy, offering a spectrum of options to suit different computational requirements 
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and detection scenarios. The smallest variant, YOLOv5n, provides the fastest detection speed at 

the cost of lower accuracy, making it an ideal choice for resource-constrained environments or 

applications where real-time processing is critical. On the other end of the spectrum, YOLOv5x, 

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 like YOLOv5s, YOLOv5m, and YOLOv5l 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, inference speeds on different hardware configurations (CPU and NVIDIA V100), and 

computational complexity measured in millions of parameters (M) and floating-point operations 

per second (FLOPs). This detailed breakdown aids in selecting the most appropriate YOLOv5 

variant for specific tasks in urban vegetation analysis, ensuring optimal performance tailored to 

the unique demands of each study. 

Table 3.1: Comparison of YOLOv5 sub-models 

Model 
Size 

(pixels) 

mAPval 

50-95 

mAPval 

50 

Speed 

CPU b1 

(ms) 

Speed 

V100 b1 

(ms) 

Speed 

V100 b32 

(ms) 

Parameters 

(M) 

FLOPs 

@640 (B) 

YOLOv5n 640 28.0 45.7 45 6.3 0.6 1.9 4.5 
YOLOv5s 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 

YOLOv5l 640 49.0 67.3 430 10.1 2.7 46.5 109.1 

YOLOv5x 640 50.7 68.9 766 12.1 4.8 86.7 205.7 

The exploration of YOLOv5's architecture, sub-models, and their respective performance 

metrics has provided a comprehensive understanding of its capabilities and versatility in 

addressing various object detection challenges. With the analysis of YOLOv5 now concluded, 

attention is shifted to the next subsection, where YOLOv8 will be the focus. In this section, the 

features of YOLOv8, the latest iteration in the YOLO series, will be explored. 

3.5.2 YOLOv8 

YOLOv8, released in January 2023, represents a significant evolution in the YOLO series, 

offering enhanced detection accuracy and speed [279]. This model represents the latest 

advancement in the YOLO object detection series, building upon the successes of previous 

iterations such as YOLOv5. It has been optimized for a wide range of vision tasks, including object 

detection, segmentation, pose estimation, tracking, and classification [280]. It should be noted that, 
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similar to YOLOv5, YOLOv8 offers five scaled versions: YOLOv8n (nano), YOLOv8s (small), 

YOLOv8m (medium), YOLOv8l (large), and YOLOv8x (extra-large). The architecture of 

YOLOv8, comprising a backbone, neck, and head, introduces several innovative changes for 

improved performance. This advanced structure is illustrated in Figure 3.25. 

 
Figure 3.25: YOLOv8 network architecture.  

This figure showcases the key components of YOLOv8: a. The Backbone with modified 
CSPDarknet53 and C2f module for feature extraction, b. The Neck with a PAN-FPN structure for 

enhanced feature fusion, and c. The Head with a decoupled structure for classification and bounding 

box regression [279]. 

YOLOv8 employs a modified CSPDarknet53 [257] as its backbone, down-sampling input 

features to five different scales (B1–B5), illustrated in Figure 3.25a. It replaces the original CSP 

module with the C2f module (Figure 3.25f), which improves information flow and enables 

efficient feature extraction [279, 280]. The CBS module, which combines convolution, batch 

normalization, and activation, produces the final output (Figure 3.25g). The backbone also 

includes a faster version the Spatial Pyramid Pooling Fast (SPPF) module (Figure 3.25d) to reduce 

processing demands and latency compared to the traditional version [279]. 

YOLOv8's neck features a PAN-FPN structure, inspired by PANet [281] and displayed in 

Figure 3.25b. This setup combines features from two different scales, improving how well the 

model can capture object details. The FPN (top-down) adds deeper feature information, while the 

PAN (bottom-up) enhances spatial accuracy, making it suitable for detecting objects at different 

scales [279]. 
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YOLOv8's detection utilizes a decoupled head structure (Figure 3.25e), with separate branches 

for object classification and bounding box regression, using binary cross-entropy loss (BCE) and 

distribution focal loss (DFL) [282] with CIoU [283], respectively. This structure enhances 

accuracy and speeds up model convergence. As an anchor-free model, YOLOv8 precisely 

designates sample types and employs the Task-Aligned Assigner [284] to dynamically improve 

detection accuracy and robustness.  

The range of YOLOv8 sub-models is succinctly detailed in Table 3.2, showcasing a 

comparative analysis of their performance across various metrics. These variants, including 

YOLOv8n, YOLOv8s, YOLOv8m, YOLOv8l, 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 fastest detection 

with a mean Average Precision (mAP) of 37.3, suited for scenarios where speed is crucial, 

particularly in resource-limited settings. In contrast, YOLOv8x (extra-large), the largest model in 

the series, achieves the highest mAP of 53.9, demanding more computational power and time, 

ideal for complex tasks where accuracy is critical. The intermediate models, YOLOv8s (small), 

YOLOv8m (medium), and YOLOv8l (large), present balanced options. They cater to use cases 

that necessitate a middle ground between the swift processing of YOLOv8n and the high precision 

of YOLOv8x. 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 and billions of FLOPs. 

Table 3.2: Comparison of YOLOv8 sub-models 

Model 
Size 

(pixels) 

mAPval 

50-95 

Speed 

CPU 

ONNX 

(ms) 

Speed  

A100 

TensorRT 

(ms) 

Parameters  

(M) 

FLOPs  

 (B) 

YOLOv8n 640 37.3 80.4 0.99 3.2 8.7 

YOLOv8s 640 44.9 128.4 1.20 11.2 28.6 

YOLOv8m 640 50.2 234.7 1.83 25.9 78.9 

YOLOv8l 640 52.9 375.2 2.39 43.7 165.2 

YOLOv8x 640 53.9 479.1 3.53 68.2 257.8 

An exploration of the YOLOv5 and YOLOv8 models, along with their intricate structures and 

diverse sub-models, 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 the important 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 YOLOv5 and 

YOLOv8 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 Figure 3.26, 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 

robustness, 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 datasets were 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 tools, namely ADAMs, Labelimg, Label Studio, and Roboflow.com, were evaluated in 

this research. 

The training and evaluation of the model commence post-annotation. Should the results prove 

satisfactory, the model is approved for further use. However, if the results are not up to the 

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

 
Figure 3.26: Flowchart of the preparing dataset for training models. 
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3.5.3.1 Image augmentation 

The rapid advancements in deep learning for computer vision are largely due to improvements 

in computational power, innovative algorithms, and the availability of extensive image datasets 

[285]. However, collecting large, labeled datasets remains challenging, especially in specialized 

fields like agricultural imaging [286]. 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 blur [289], played a 

pivotal role Figure 3.27B. This approach not only simulated motion blur but also conditioned the 

models to withstand such common image distortions in real-world scenarios. 

Furthermore, meticulous adjustments in brightness (Figure 3.27C and Figure 3.27D)  and 

exposure (Figure 3.27E and Figure 3.27F)were implemented 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 effects to the dataset [289]. 

Noise injection (Figure 3.27H), involving the addition of random Gaussian-distributed values 

to images, was another significant augmentation, enhancing the robustness of CNNs against visual 

noise [289]. Complementing this, horizontal flipping (Figure 3.27I) 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 objects (Figure 3.27J). 

Moreover, rotational augmentations (Figure 3.27K and Figure 3.27L), carefully calibrated in 

degrees, were applied to ensure the integrity of the labels post-transformation, thus preserving the 

quality of the training data [289]. Lastly, the mosaic technique (Figure 3.27M), combining several 

images into one, trained the models to recognize multiple objects in a single frame, thereby 

mimicking complex real-world 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. Such a 

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. 

   
A B C 
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 M  
Figure 3.27: Examples of augmentation techniques applied to the dataset; 

 A. Original image, B. Image with Gaussian blur filter applied, C and D. Brightness adjustments from 
+20% to -20%, respectively, E and F. Exposure adjustments from -10 to +10, respectively, G. Cropped 

image, H. Image with noise injection, I. Image with horizontal flipping, J. Image with cutout technique, 

K and L. Images rotated by -10 and +10 degrees, respectively, and M. Image showcasing the mosaic 
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 crucial, as it provides 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 Image annotation 

In the realm of computer vision, especially in object detection 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 evaluation [290]. 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 resource-intensive, both in terms of 

time and cost, particularly 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 

classes [291]. 

In the process of annotation, objects are typically outlined with bounding lines that capture 

their properties [292]. Depending on the nature of the object and the requirements of the dataset, 

various annotation methods are used. These methods include bounding boxes (Figure 3.28A) for 

defining object perimeters and polygon segmentation (Figure 3.28B) for detailed, shape-specific 

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 misidentification and flawed outcomes 

from the models [290]. 
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Figure 3.28: Annotation methods; 

 A. Bounding box and B. Polygon segmentation 

The selection of annotation tools and their format—be it JSON, XML, or plain text—depends 

on the specific needs of the project, as demonstrated in well-known datasets such as COCO, 

PASCAL VOC, and YOLO. Annotation typically involves a collaborative effort, bringing together 

annotators, inspectors, and examiners who contribute to the meticulous creation and verification 

of the dataset [293]. 

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 format [294]: 

_ _ _object class x center y center width height        (5) 

where <object_class> represents the object's identity, an integer number ranging from 0 to 

<classes-1>. The bounding box specifications <x_center> <y_center> <width> <height> are 

expressed as floating-point 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 others require 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 And Machine learning System), that developed at the 

University of Waikato, introduces a significant change in workflow engines [295]. Moving away 

from the usual methods of manually linking operators on a canvas, ADAMS uses a tree-like 

structure (Figure 3.29). This design uses control actors and sub-actors within actor-handlers to 

manage data flow, removing the need for direct connections. 

 
Figure 3.29: ADAMS structure with control actors and sub-actors 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 machine learning 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 imaging and 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 ready-made structures for annotating images, such as 

'annotate objects' and 'image segmentation annotation', is included in ADAMS. These structures 

are prepared for use in their tree-like structure when any of them is selected. Once the 'run' 
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command is initiated, access to the 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 observable in Figure 3.30A. 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 are depicted in Figure 3.30B. 

  
A B 

Figure 3.30: ADAM software; 
 A. The annotation environment of the ADAMS software, illustrating the interface and tools used for 

image annotation, and B. The contents of a sample text file generated as a report for each annotated 

image, demonstrating the output format and data structure. 

ADAMS operates offline, an advantage in limited connectivity environments. However, it is 

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

workflow limitations. 

3.5.3.2.2 LabelImg 

LabelImg is an open-source annotation tool 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 models(Figure 3.31).  
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Figure 3.31: The GUI of LabelImg 

Advantages of Labelimg include its focus on a single task (object detection), which streamlines 

its use for specific annotation needs [301]. It offers direct usability with an executable for 

Windows, though manual installation is required for other operating systems. Moreover, LabelImg 

integrates a functionality to mark inspected annotations with a flag, enhancing its utility in 

annotation review processes [302]. 

However, LabelImg has its limitations. It does not support pre-annotation natively, nor does it 

consider image pre-processing, which may require additional steps for users working with raw 

images; the tool also lacks the integration of functions for post-annotation processing based on 

prior knowledge [302]. Furthermore, LabelImg is designed for straightforward image annotation 

and does not offer functionalities for more complex tasks like semantic segmentation or automated 

annotation inspection approaches [303]. It is also noteworthy that LabelImg, being a lightweight 

tool, is not designed to directly generate models using the annotated dataset [302]. 

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 shortcomings of 

LabelImg. 

3.5.3.2.3 Roboflow.com 

Roboflow, accessible at roboflow.com [304], is the other tool in the field of image annotation 

and dataset management for machine learning and computer vision applications. This web-based 

platform supports a variety of annotation types, including bounding boxes, polygons, and key-

points, vital for a range of object detection and image segmentation tasks [305]. 
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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, offering a variety 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 are particularly 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 intelligent defaults, enabling quick and accurate image annotation without the need 

for extensive training or specialized knowledge (Figure 3.32). 

 
Figure 3.32: The annotation interface of Roboflow 

However, the platform has its limitations. Users are required to upload images to Roboflow, 

which might be a constraint when dealing with sensitive or large-scale 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 annotated, 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 Label studio 

Label Studio [306] is a web application platform, designed to cater to a wide range of data 

labeling needs across multiple data types including text, images, videos, audio, time series, and 

multi-domain data types. Available both as an open-source solution and with advanced features 

under a commercial license, Label Studio stands out for its accessibility and functionality in 

machine learning applications [307]. The platform offers a comprehensive  

According to the Label Studio documentation, a notable advantage of Label Studio is its 

versatility in annotation types. It supports annotations for text, images, and videos, among others, 

thereby serving a wide array 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 projects that involve multiple 

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 Storage, Microsoft 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 customization. 

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 altering the HTML, CSS, and JavaScript 

files of the frontend to meet specific project requirements (Figure 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, further 

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 following section will explain the details 

of this customized version and its applications. 

 
Figure 3.33:  The user interface of Label Studio. 

3.5.3.2.5 Customized Label Studio 

Given the evaluations conducted in the annotation 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 

identifying 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 coordinates with those 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 10-meter radius of the location recorded in the photograph, and this radius is adjustable to suit 

different research needs (Figure 3.34). 
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Figure 3.34: Display of identified tree species in 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 accuracy and 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 foundational 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 for urban 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 the 

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 is placed 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 from building 

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 characteristics of 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 vegetation analysis scenarios. 

3.5.4.1 Configuration of training parameters 

The configuration of training parameters is essential for optimizing model performance, 

especially for urban vegetation detection using YOLOv5 and YOLOv8 sub-models. Table 3.3 

summarizes the key training parameters for both YOLOv5 and YOLOv8. 

Table 3.3: Comparative overview of training parameters for YOLOv5 and YOLOv8 models. 

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 CNNs 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 process [308]. Generally ranging from 

0.001 to 0.01, an optimal learning rate is essential to avoid extremes [309]; a rate 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 performance [308]. 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 parameters [310]. A balance is essential: 

too high, and the network 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. In this 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. This number 

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 convergence [312]. The choice of an 

optimizer affects the network’s learning rate and generalization ability. Broadly, optimizers 

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 and straightforward 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 no one-size-

fits-all solution. In this research, the default 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, similarity, or goodness of fit, playing a pivotal role in 

guiding the training process toward optimal performance [315]. 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 loss functions like Mean Squared Error 

(MSE), Cross-Entropy, 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 sizes can enhance detail and accuracy but increase 

computational demands, while smaller sizes are less resource-intensive but might lose 

essential details. For this project, an image size of 640x640 pixels was selected, striking a 

balance between providing adequate 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 YOLOv8 models, the next aspect to consider is the system setup that facilitated this 

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

3.5.4.2 System configuration for model training 

For the training of neural network models, Google Collaboratory (Colab) is widely utilized in 

numerous research projects due to the extensive resources it offers [316-320]. This research also 

employed Google Colab as the primary computational platform, leveraging its convenient and 

powerful cloud-based environment. Google Colab allows the use of high-performance computing 

resources without the need 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 system used 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 power. This was especially beneficial for the 

extensive computations required in tasks like vegetation detection and classification using 

YOLOv5 and YOLOv8 models. The accessibility and strength of Google Colab's GPU resources 

significantly enhanced the efficiency 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. The following sections will delve into the details of these models. 

3.5.4.3 Training a basic model for urban vegetation detection 

The initial model trained in this research focused on distinguishing urban vegetation from 

other elements typically found in cityscapes, such as walls, cars, traffic signs, billboards, and other 

urban features (Figure 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 laid the groundwork for subsequent phases involving specific tree identification 

and classification of particular species. The 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 January 20th, March 17th, and March 23rd of 2023 

from Hamilton city were utilized. According to Table 3.4, from 7155 images gathered, 450 

containing at least one tree were manually selected. These images were then augmented using 

techniques described in previous sections and subsequently annotated, resulting in a total of 1213 

images for the dataset (Figure 3.36A). The dataset was divided in an 80-20 ratio for training and 

validation purposes. Additionally, to enhance the model’s ability to differentiate between 

vegetation and non-vegetation elements, about 10% of the dataset, approximately 120 images, 

comprised background images without any trees (Figure 3.36B). Following the preparation and 

annotation of this dataset, the models were trained to identify and classify urban vegetation 

effectively in Google Colab. 

Table 3.4: Dataset summary for urban vegetation model training. 

Date 
Number of 

images 

Number of 

selected images 

Number of images 

after augmentation 

Training-Validation 

split (%) 

2023-01-20 2295 140 377 80-20 

2023-03-17 3630 240 646 80-20 

2023-03-23 1230 70 190 80-20 

Total 7155 450 1213 ---------- 
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Figure 3.36: Example of annotated and background images in the prepared dataset; 
 A. Annotated images and B. Background images without any trees. 

3.5.4.4 Training models for specific species 

Following the development 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 for species identification. 

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 selection process, as elaborated in section “Overview of 

Selected Tree Species” utilized images collected from Cambridge City on September 1st and 

September 22nd, 2023. The choice of species was guided by the tree information’s datasheet 

provided by the Cambridge City Council. The key criterion for selecting a species was 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 contains; Prunus Species (Flowering Cherry), Cornus Florida (Flowering 

Dogwood), Acer Palmatum (Japanese Maple), Platanus X Acerifolia (London Plane), 

Liquidambar Styraciflua (Liquidambar), Magnolia Grandiflora (Bull Bay), Quercus Palustris 

(Pin Oak), and Betula Pendula (Silver Birch). 

The collected images were then manually reviewed to separate images corresponding to each 

species. According to Table 3.5, a total of 9547 images were 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 images. 

Table 3.5: Dataset summary for training models on specific species. 

Species 

Total images 

(Selected images) 

Total of 

selected 

images 

Number of 

images after 

augmentation 

Training-

Validation 

split (%) 2023-09-01 2023-09-22 
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Prunus Species (Flowering Cherry) 180 (65) 73 (35) 100 300 80-20 

Cornus Florida (Flowering Dogwood) 97 (60) 55 (40) 100 300 80-20 

Acer Palmatum (Japanese Maple) 311 (70) 135 (30) 100 300 80-20 

Liquidambar Styraciflua (Liquidambar) 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 Palustris (Pin Oak) 93 (65) 50 (35) 100 300 80-20 

Betula Pendula (Silver Birch) 101 (80) 77 (20) 100 300 80-20 

Others* 5199 2540 -------- -------- --------- 

Total 6341 3206 800 2400 --------- 

*Non-target species + without vegetation 

3.5.4.4.2 Training approaches for specific trees species detection 

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 processes. This approach 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 selected 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 

techniques 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 transfer learning for training models 

Transfer learning, a technique that mirrors the human vision system's ability to leverage prior 

knowledge in related domains for new tasks [321]. Typically, transfer learning is employed to fine-

tune a previously trained model using a dataset that may not have a sufficient number of images 

for each class; this approach leverages the model's pre-existing knowledge, adapting it to new, 

limited datasets for improved accuracy and efficiency [322]. Various other research endeavors 

have successfully implemented transfer learning, demonstrating its effectiveness across different 

domains and applications [323-326]. 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 pre-trained model.  
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3.5.4.4.2.2 Implementing layer freezing in transfer learning 

Freezing layers in deep learning is a fundamental technique in transfer learning [327]. This 

method involves 'freezing' certain layers of the model, meaning their weights and biases remain 

unchanged during the training process [328]. 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, freezing layers, 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 allowed 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 specific characteristics of 

the dataset, with a particular focus on identifying specific tree species. However, it should be noted 

that according to the YOLOv8 documentation, freezing layers in this model is not yet an available 

option. 

3.5.4.5 Training models for specific Magnolia trees 

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 Magnolia trees located in the Hamilton-East 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 the trees 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 differ from those used in previous 

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

3.5.4.5.1 Creation of specialized datasets with variable bounding box sizes 

The imaging of selected trees, crucial for creating a dataset to train the model, 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 labeled from 'Magnolia-1' to 'Magnolia-32', and their GPS coordinates 

were recorded (Figure 3.37). Upon reviewing the images, 30 images per tree were manually 

chosen, and after augmentation, the total number of images increased from 960 to 3840 (Table 

3.6). In addition, 390 background images were added, bringing the final dataset to 4230 images. 

 

 

 

Table 3.6: Dataset summary for training models on specific species. 

Specific Tree’s name 

Total images 

(Selected images) 
Total of 

selected 

images 

Number of images 

after augmentation 

Training-

Validation 

split (%) 2023-05-24 2023-06-09 2023-07-26 

Magnolia-1 25 (16) 19 (10) 20 (4) 30 120 80-20 

Magnolia-2 13 (13) 14 (10) 7 (7) 30 120 80-20 

Magnolia-3 17 (15) 15 (5) 21 (10) 30 120 80-20 
Magnolia-4 17 (12) 16 (7) 16 (11) 30 120 80-20 

Magnolia-5 21 (18) 25 (12) 9 (0) 30 120 80-20 

Magnolia-6 21 (10) 17 (7) 23 (13) 30 120 80-20 

Magnolia-7 53 (20) 32 (5) 33 (5) 30 120 80-20 
Magnolia-8 15 (15) 10 (10) 15 (5) 30 120 80-20 

Magnolia-9 23 (12) 19 (10) 12 (8) 30 120 80-20 

Magnolia-10 7 (7) 21 (15) 12 (8) 30 120 80-20 
Magnolia-11 18 (10) 15 (10) 19 (10) 30 120 80-20 

Magnolia-12 15 (10) 10 (10) 17 (10) 30 120 80-20 

Magnolia-13 19 (11) 9 (6) 23 (13) 30 120 80-20 
Magnolia-14 17 (14) 15 (8) 12 (8) 30 120 80-20 

Magnolia-15 31 (10) 32 (11) 31 (9) 30 120 80-20 

Magnolia-16 27 (15) 20 (5) 23 (10) 30 120 80-20 

Magnolia-17 15 (0) 18 (18) 15 (12) 30 120 80-20 
Magnolia-18 16 (14) 10 (4) 12 (12) 30 120 80-20 

Magnolia-19 16 (10) 16 (13) 19 (7) 30 120 80-20 

Magnolia-20 16 (6) 16 (16) 15 (8) 30 120 80-20 
Magnolia-21 20 (18) 9 (2) 17 (10) 30 120 80-20 

Magnolia-22 24 (9) 13 (7) 19 (14) 30 120 80-20 

Magnolia-23 14 (10) 12 (11) 12 (9) 30 120 80-20 

Magnolia-24 10 (10) 14 (14) 6 (6) 30 120 80-20 
Magnolia-25 17 (12) 14 (5) 18 (13) 30 120 80-20 

Magnolia-26 15 (6) 15 (12) 16 (12) 30 120 80-20 

Magnolia-27 23 (14) 5 (5) 23 (11) 30 120 80-20 
Magnolia-28 20 (17) 13 (3) 21 (10) 30 120 80-20 

Magnolia-29 21 (10) 19 (13) 14 (7) 30 120 80-20 

Magnolia-30 20 (10) 19 (6) 14 (14) 30 120 80-20 
Magnolia-31 15 (13) 9 (7) 12 (10) 30 120  

Magnolia-32 13 (9) 17 (11) 20 (10) 30 120  
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Others*  5530 5009 4094 ------- -------- -------- 
Total 6144 5517 4640 960 3840 -------- 

*Non-target trees + without vegetation images 

 

 
Figure 3.37: Map of Hamilton East area in Hamilton city; 

 highlighting the locations of selected magnolia trees. 

The next crucial 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 identification which will 

be discussed in the following subsections. 

3.5.4.5.1.1 Standard bounding box 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 precisely so that the tree's boundaries 

were aligned with the edges of the rectangle [333] (Figure 3.38). 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 the tree. This 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 to consider factors 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 physical characteristics of the tree change. Therefore, another 

annotation method was explored to address this challenge. 

   
Figure 3.38: Example of selected magnolia trees with the standard bounding box. 

3.5.4.5.1.2 Extended bounding box annotation 

In this approach, a larger-than-usual bounding box was chosen to encompass not only the tree 

but also a portion of its background (Figure 3.39). This strategy was based on the observation that 

the background elements, such as buildings, various types of walls (differing in material and color), 

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 doing so, the 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. 

   
Figure 3.39: Example of selected magnolia trees with the extended bounding box. 

Datasets, after annotating, were divided into training and validation sets, and subsequently 

uploaded to Google Colab for model training. 

With the methodologies for annotating phase, the next critical aspect of this research involves 

evaluating the effectiveness of these approaches. The upcoming section, 'Performance Metrics and 
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Evaluation Criteria,' will detail the metrics and standards 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 identifying and classifying targets. This evaluation is essential to validate the 

methodologies employed and to gauge the models' practical applicability in real-world scenarios. 

3.6 Performance metrics and evaluation criteria 

To ensure a system's effectiveness, key performance indicators (KPIs) are crucial. Their role 

is to connect strategies with results. This section discusses the identified key performance index 

for trained models. In the study, KPIs such as confusion matrix, Precision, Recall and mAP (mean 

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

3.6.1 Confusion matrix 

The confusion matrix summarizes the number of correct and incorrect predictions and is 

broken down by the different classes. For a binary classifier, four cells of the confusion matrix 

quantify the frequency of every combination of a predicted class and the actual class [334]. 

According to Figure 3.40, 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. This figure illustrates four different outcomes: True Positive (TP), False 

Positive (FP), False Negative (FN), and True Negative (TN). 
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Figure 3.40: Confusion matrix 

True Positive (TP): 

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

▪ The actual value is positive, and the model correctly predicts a positive result. 
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True Negative (TN): 

▪ The prediction aligns precisely with the actual value. 

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

False Positive (FP): 

▪ The prediction is incorrect. 

▪ Despite the actual value being negative, the model incorrectly predicts a positive result. 

False Negative (FN): 

▪ The prediction is incorrect. 

▪ Although the actual value is positive, the model mistakenly predicts a negative result. 

3.6.2 Precision 

Precision measures the model'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 number of true positive 

cases by the total of both true positive and false positive cases, as detailed in Equation (6) [332] 

Pr
TP

ecision
TP FP

=
+


 

   (6) 

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 false negative cases, as outlined in Equation (7). 

Essentially, it addresses the question: 'Does the model make a prediction whenever it's supposed 

to'? [335] 

Re
TP

call
TP FN

=
+


 

   (7) 

3.6.4 Mean Average Precision 

The mean average precision (mAP), as defined in Equation (8), represents the balance between 

precision and recall. It is widely recognized as a crucial parameter for evaluating the performance 

of object detection models [336]. 
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N =

=    (8) 

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

ties in with the Intersection over Union (IoU), calculated as the proportion between the intersecting 

and combined areas of the predicted and actual bounding boxes, illustrated in Figure 3.41. The 

IoU metric is crucial for determining whether a bounding box is a true positive, false positive, or 

false negative.  

 
Figure 3.41: IoU visualization [337]. 

Diverse IoU thresholds, such 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 accuracy [338]. The latter thresholds focus solely on calculating the aforementioned 

percentages. In this research, mAP@0.5 and mAP@0.5:0.95 are the metrics employed for 

evaluation. 

3.7 Summery 

 

• This chapter focuses on creating a computer vision system for urban vegetation detection, 

aimed at identifying various tree species and individual trees with RGB images using 

YOLOv5 and YOLOv8 models, encompassing data collection, preprocessing, model 

training, and vegetation type detection. 
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• Designing efficient data collection routes maximized tree species coverage, 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 was based 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 vegetation, filtering out 

non-vegetation 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 camera instability from 

vehicle movement, ensuring only clear, high-quality images are retained for accurate 

analysis. 

• Three methods were evaluated and employed - the Mean Squared Error technique, the 

Normalized Cross-Correlation technique, and the use of GPS coordinates - to effectively 

identify and eliminate repetitive images from the dataset. 

• A pre-trained YOLOv5 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 training dataset's size and diversity. 

• Various annotation tools discussed like ADAMS, LabelImg, Roboflow, and Label Studio 

for image annotation, highlighting their features and limitations; a customized 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 identifying and classifying 

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 Results and discussion 
 

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 with findings 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 the understanding 

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 of non-vegetation elements, blur, and repetitive 

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 examined. The 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 of various models like YOLOv5 and YOLOv8 are compared 

and discussed, focusing on the implications of varying bounding box sizes and diverse training 

approaches on model efficacy. 

In summary, this chapter presents a quantitative analysis of the research findings and integrates 

these results into the broader context of urban environmental monitoring. It aims to bridge 

technical findings with their real-world 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 non-vegetation filter, designed to eliminate images without 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. As elaborated in the system design and methodology chapter, these 

filters were described in detail, with specific techniques employed to enhance their effectiveness. 

This section will explore the results of applying these filters, with an evaluation 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 of these 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 Non-vegetation filter 

In addressing the challenge of non-vegetation 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 recently released). 

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 urban vegetation, 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 this model will be detailed in subsection 4.4. 

The application of the non-vegetation 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, Hamilton, and Cambridge. The 

datasets, collected on different dates, all underwent this filtering process. The effectiveness of this 
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filter is demonstrated in Table 4-1, which provides a comparative overview of the number of non-

vegetation images excluded across different collection dates and locations. 

 Table 4-1: Analysis of non-vegetation image filtering across different datasets. 

Date Location Total images Non-vegetation images 

2023-01-20 Hamilton 2295 195 

2023-03-17 Hamilton 3630 302 

2023-03-23 Hamilton 1230 73 
2023-03-27 Hamilton 1635 112 

2023-03-30 Hamilton 4720 344 

2023-04-07 Auckland 12434 1075 

2023-05-24 Hamilton 6144 448 

2023-06-09 Hamilton 5517 329 

2023-07-26 Hamilton 4640 417 

2023-09-01 Hamilton 2883 285 

2023-09-01 Cambridge 6341 570 

2023-09-22 Hamilton 4177 390 

2023-09-22 Cambridge 3206 301 

An analysis of the images filtered out by the non-vegetation filter indicates that variations in 

the number of non-vegetation images during data collection are influenced by several key factors. 

These include the chosen routes, the frequency and duration of stops, and the speed of the vehicle 

carrying the imaging system. Areas with more urban infrastructure or less vegetation typically had 

a higher count of non-vegetation images, while routes with more greenery showed fewer such 

images. The speed of the vehicle also played a role, with slower speeds leading to more images 

and a higher likelihood of capturing non-vegetation elements, especially in urban areas. These 

observations highlight the need for careful planning of data collection routes and vehicle speed to 

optimize image 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 the models' accuracy and 

real-world 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 Variance 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 techniques for identifying and removing 

blurred images, Table 4-2 presents a detailed analysis of the advantages and disadvantages of each 

technique. 
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Table 4-2: Comparative analysis of FFT and Laplacian Variance techniques. 

Technique Pros Cons 

Fast Fourier 

Transform (FFT) 

- Assesses high-frequency content to identify 

blur. 

- Detects both overall and edge blur. 

- Works well in different lighting and 

contrasts. 

- More complex implementation than 

spatial domain methods 

Laplacian Variance - Straightforward implementation - Less effective in low-edge or low-

contrast images. 

- Risk of misclassifying smooth-

textured images as blurred 

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 showcased in Figure 4.1. 

   
FFT = -1.46 

Laplacian Variance = 66.89 

FFT = -10.21 

Laplacian Variance = 72.39 

FFT = -13.49 

Laplacian Variance = 111.06 

A B C 

   
FFT = 19.22 

Laplacian Variance = 87.18 
FFT = 31.8 

Laplacian Variance = 669.3 
FFT = 41.64 

Laplacian Variance = 1100.78 

D E F 

Figure 4.1: Comparative analysis of blurred and clear images using different techniques. 

 The top row (A, B, C) are examples of blurred images, while the bottom row (D, E, F) are clear 
images; each image is annotated with its respective FFT and Laplacian Variance values, illustrating the 

distinction in numerical readings between blurred and clear images. 

As explained in the system design and methodology chapter, 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 be approximately set between -1.45 and 19.20 (the range between Figure 

4.1C and Figure 4.1D). 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 technique poses a challenge. If a threshold close to 111, the 
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highest number for blurred images (as shown in Figure 4.1C), is chosen, clear Figure 4.1D gets 

mistakenly classified as blurred and removed from the dataset. Conversely, setting the threshold 

based on the lowest number of clear images, slightly less than 87 (Figure 4.1D), would incorrectly 

retain the blurred Image Figure 4.1C, leading to errors in subsequent stages like model training. 

The reason for this error, especially considering the nature of Figure 4.1D, which 

predominantly features the sky, relates to the basis of the Laplacian technique in identifying and 

calculating edges. A significant portion of Figure 4.1D, 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 blurred images from the dataset. 

After applying the non-vegetation 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 effectiveness of this filter is demonstrated in Table 4-3, which 

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

Table 4-3: Analysis of blur image filtering across different datasets. 

Date Location Total images Blur images 

2023-01-20 Hamilton 2100 630 

2023-03-17 Hamilton 3328 798 
2023-03-23 Hamilton 1157 231 

2023-03-27 Hamilton 1523 304 

2023-03-30 Hamilton 4376 350 

2023-04-07 Auckland 11359 628 

2023-05-24 Hamilton 5696 227 

2023-06-09 Hamilton 5188 190 

2023-07-26 Hamilton 4223 253 

2023-09-01 Hamilton 2598 165 

2023-09-01 Cambridge 5771 343 

2023-09-22 Hamilton 3787 227 

2023-09-22 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 configurations for capturing higher-quality 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 minimize road 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 and removing repetitive images from datasets, three distinct methods were 

explored: the Mean Squared Error technique (MSE), the Normalized Cross-Correlation technique 

(NCC), and the utilization of GPS coordinates. Each method offers a unique approach to identify 

and eliminate duplicate or near-duplicate 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 Cross-Correlation 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 techniques, assessing their effectiveness in removing repetitive images, is presented in 

Table 4-4, which includes the advantages and disadvantages of each method. 

Table 4-4: Comparative analysis of image repetition removal techniques. 

Technique Pros Cons 

MSE - Provides a clear quantitative 

measure for image similarity.  

- Simple. 

- inexpensive to compute. 

- parameter-free. 
- Effective for images with 

consistent lighting and contrast. 

- Sensitive to changes in brightness and contrast. 

NCC - Effective in measuring image 

similarity. 

- insensitive to brightness and 

contrast variations 

- Computationally more intensive than MSE 

Using GPS 

Coordinates 

- High computational speed 

- uses geographic data for similarity 

assessment. 

- Limited by the accuracy of GPS data 

- can mistakenly identify different images as 

similar on routes with a single-lane. 

- Cannot detect image similarity based on visual 

content. 

Considering the disadvantages highlighted for the GPS-based method in Table 4-4, 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 exemplarily showcased in Figure 4.2, 

demonstrating their performance in processing and analysis. 
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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: Comparative analysis of MSE and NCC techniques in image pair 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 images in Figure 4.2, Figure 4.2A and Figure 4.2B 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 vegetation imagery 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 mentioned in Table 

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 Cross-Correlation (NCC) technique showed very 

little change. 

When examining Figure 4.2C, they become clear that under consistent lighting and contrast 

conditions, the MSE technique indicates a low numerical value, suggesting a high similarity. In 

contrast, image Figure 4.2D, 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, 

Figure 4.2 illustrates 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. Therefore, 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 Cross-Correlation (NCC) technique to identify and 

remove any repetitive images. The effectiveness of this filter is demonstrated in Table 4-5, which 

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

Table 4-5: Analysis of similar images filtering across different datasets. 

Date Location Total images Similar images 

2023-01-20 Hamilton 1470 238 

2023-03-17 Hamilton 2530 404 

2023-03-23 Hamilton 926 103 

2023-03-27 Hamilton 1219 152 

2023-03-30 Hamilton 4026 644 

2023-04-07 Auckland 10731 1931 

2023-05-24 Hamilton 5469 727 

2023-06-09 Hamilton 4998 749 

2023-07-26 Hamilton 3970 537 

2023-09-01 Hamilton 2433 291 

2023-09-01 Cambridge 5428 868 
2023-09-22 Hamilton 3560 427 

2023-09-22 Cambridge 2735 331 

An analysis of Table 4-5 revealed that typically between 13 to 17 percent of the total images 

obtained in each data collection period are repetitive images. As mentioned in the system design 

and methodology chapter, 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 way' signs. Unlike non-vegetation 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 non-vegetation, 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 importance, such 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 presented in Figure 4.3. 

  
Blurry percentage = 0 

A 

Blurry percentage = 5 

B 

  
Blurry percentage = 25 

C 

Blurry percentage = 50 

D 

  
Blurry percentage = 75 

E 

Blurry percentage = 100 

F 

Figure 4.3: Examples of privacy protection outputs demonstrating various degrees of blurriness, 

 ranging from 0% to 100%. 

Considering that this filter allows for the adjustment of the blurriness intensity at various 

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 items overlapping with 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 dataset. After applying filters for 

non-vegetation, 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 and prepared 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 2023-01-20 in Hamilton, 46.32% of the images were removed, leaving 

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. 

Date Location Raw dataset Prepared dataset 
Removed images 

(%) 

2023-01-20 Hamilton 2295 1232 ≈ 46 

2023-03-17 Hamilton 3630 2126 ≈ 41 

2023-03-23 Hamilton 1230 823 ≈ 33 
2023-03-27 Hamilton 1635 1067 ≈ 35 

2023-03-30 Hamilton 4720 3382 ≈ 28 

2023-04-07 Auckland 12434 8800 ≈ 29 

2023-05-24 Hamilton 6144 4742 ≈ 22 

2023-06-09 Hamilton 5517 4249 ≈ 22 

2023-07-26 Hamilton 4640 3433 ≈ 26 

2023-09-01 Hamilton 2883 2142 ≈ 25 

2023-09-01 Cambridge 6341 4560 ≈ 28 

2023-09-22 Hamilton 4177 3133 ≈ 25 

2023-09-22 Cambridge 3206 2404 ≈ 25 

4.3 Annotation tools 

Since five annotation tools were introduced in the system design and methodology chapter, 

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 suitability for specific needs. The 

results of this comprehensive analysis are presented in Table 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 interface, multi-user support, input 

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

Table 4-7: Comprehensive comparison of image annotation tools. 

Factors 

Image annotation tools 

ADAMS LabelImg Roboflow.com Label Studio 
Customized 

Label Studio 

Platform Desktop Desktop Web-based Desktop Desktop 

User Interface 
and Ease of 

Use 

Moderate Easy Easy Easy Moderate 

Multi-User 

Support 

No No Yes Yes Yes 

Input Image Image Image 

Video 

Text, Images, 

Videos, Audio, 

Time Series (CSV, 

JSON) 

Text, Images, 

Videos, Audio, 

Time Series 

(CSV, JSON) 

Output format Text file XML (PASCAL 

VOC),  

YOLO format 

Coco JSON, VGG, 

Vott JSON, Marmot 

XML, YOLO 
PyTorch, YOLO 

Darknet TXT, Kaggle 

CSV 

COCO, CSV, 

JSON, JSON_MIN, 

PASCAL-VOC-
XML, spaCy, TSV, 

YOLO 

COCO, CSV, 

JSON, 

JSON_MIN, 
PASCAL-VOC-

XML, spaCy, 

TSV, YOLO 

Annotation 

Features 

Polygon, 

Bounding box 

Bounding box Polygons, 

Bounding box, 

Key-points. 

Polygons, 

Bounding box, 

Key-points. 

Polygons, 

Bounding box, 

Key-points. 

Machine 

Learning 

Model 

Compatibility 

No Yes Yes Yes Yes 

Internet 
Dependency 

No No Yes Optional Optional 

Customization 

and 

Flexibility 

Yes No No Yes Yes 

Cost and 

Subscription 

Requirements 

Free Free Free (with 

limitation)/Paid 

Free/Paid Free/Paid 

Integration 

with External 

Systems 

No No Yes Yes Yes 

Technical 

Setup and 
Infrastructure 

Complex Easy Easy Complex Complex 

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 LabelImg, as desktop platforms, offer a degree of stability and control but vary in user interface 

ease and multi-user support, with ADAMS being more complex and not supporting multiple users. 

In contrast, Roboflow.com’s web-based platform excels in collaborative capabilities, although it 
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depends on internet connectivity. Label Studio and its customized version provide a balance 

between robust features and user interface simplicity, with enhanced flexibility in multi-user 

collaboration. 

Input format compatibility is a crucial factor where LabelImg focuses primarily on images, 

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 with their wide range of options, facilitating 

integration with different machine-learning models and external systems. This feature is 

particularly advantageous for complex projects requiring extensive data processing and 

management. 

Annotation features also play a pivotal role. While LabelImg is limited to bounding boxes, 

ADAMS, Roboflow.com, and Label Studio offer a more comprehensive set of features, including 

polygons and key-points, enhancing their applicability for detailed annotation tasks. The 

customization and flexibility of Label Studio, especially in its customized version, offer tailored 

solutions for specific project needs, although this comes with the trade-off of more complex 

technical setup and infrastructure requirements. 

The cost and subscription requirements present another decision point. ADAMS and LabelImg 

are free tools, offering cost-effective 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 deemed suitable 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, Roboflow.com was utilized. 

4.4 Urban vegetation detection 

The outcomes of extensive work with YOLOv5 and YOLOv8 sub-models, trained specifically 

for identifying urban vegetation, have been meticulously examined. This examination focused on 

optimizing the models' capabilities to accurately recognize vegetation in diverse urban conditions. 

The comprehensive analysis presented here includes precision, recall, mean Average Precision 
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(mAP) at various Intersection over Union (IoU) thresholds and accuracy for training and validation 

phases, along with the time taken for training each model. Table 4-8 is aimed at providing a 

detailed comparative view of the models' performances, highlighting the key aspects that 

determine their effectiveness in urban vegetation detection. 

Table 4-8: Comparative analysis of YOLOv5 and YOLOv8 sub-models. 

The comprehensive analysis of the YOLOv5 and YOLOv8 sub-models, as shown in Table 

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, YOLOv5l, and YOLOv5x 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 YOLOv5m and YOLOv5l are equally 

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. YOLOv5x, in particular, 

demonstrates its strength across various Intersections over Union (IoU) thresholds with the highest 

mAP50-95 score of 0.74 in validation, pointing to its effectiveness in nuanced detection tasks. 

When considering training efficiency, YOLOv5n is the most time-efficient model, requiring only 

0.94 hours for training. On the other end of the spectrum lies YOLOv5x, which, despite its superior 

performance, necessitates a significantly longer training time of 2.05 hours. This reflects a clear 

trade-off between the complexity and performance of a model and the time invested in its training. 

Model 
Precision Recall mAP50 mAP50-95 Training Time 

(Hour) Train Valid Train Valid Train Valid Train Valid 

Yolov5n 0.93 0.87 0.90 0.85 0.93 0.90 0.68 0.59 0.94 

Yolov5s 0.96 0.90 0.88 0.89 0.97 0.94 0.77 0.67 0.935 

Yolov5m 0.96 0.92 0.92 0.89 0.97 0.94 0.80 0.70 1.026 

Yolov5l 0.96 0.92 0.92 0.90 0.97 0.94 0.83 0.72 1.15 

Yolov5x 0.96 0.93 0.90 0.90 0.97 0.95 0.84 0.74 2.05 

Yolov8n 0.94 0.86 0.90 0.82 0.96 0.89 0.76 0.62 0.995 

Yolov8s 0.96 0.89 0.91 0.87 0.96 0.92 0.81 0.69 1.031 

Yolov8m 0.92 0.87 0.91 0.84 0.96 0.91 0.78 0.65 1.297 

Yolov8l 0.96 0.87 0.87 0.84 0.96 0.90 0.80 0.65 1.52 

Yolov8x 0.96 0.88 0.90 0.85 0.98 0.91 0.83 0.67 2.14 
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The YOLOv8 series, while demonstrating slightly lower precision and recall in the validation 

phase—with YOLOv8n's precision dropping from 0.94 in training to 0.86 in validation—still 

presents competitive metrics. YOLOv8s, 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 YOLOv8x, which takes 2.14 hours. 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 efficiency. 

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 essential for evaluating and optimizing the 

accuracy of the model in detecting and correctly positioning bounding boxes around objects in an 

image.  

According to Figure 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 

demonstrate a 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 significantly, with 

YOLOv8 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 this stabilization occurs vary among models, 

highlighting differences in learning dynamics. 
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A 

 
B 

Figure 4.4: Evolution of Box loss across epochs for various YOLOv5 and YOLOv8 sub-models; 

A. Train and B. Validation phase. 

In the validation phase, Figure 4.4B 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 capabilities. 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 characteristics of the task at 

hand. 

The Box Loss analysis for the training and validation phases explains various YOLO sub-

models learning and generalization capabilities. YOLOv5 models, with their rapid decrease in Box 

Loss and better generalization in the validation phase, might 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 complex tasks or data. 

In support of the detailed analysis presented in this section, Figure 4.5 provides a visual 

representation of the practical outcomes achieved during the validation phase for each YOLOv5 

and YOLOv8 sub-model. This figure includes two sets of images: one set for YOLOv5 sub-models 

and another for YOLOv8 sub-models, each using the same urban landscape image to ensure 

consistency in the comparison. These images vividly demonstrate the urban vegetation detection 

capabilities of each sub-model, with a particular focus on tree detection. It is particularly 

noteworthy that sub-models YOLOv5n and YOLOv8n, along with YOLOv5m and YOLOv8m, 

show an enhanced ability to detect a greater number of trees compared to their counterparts. This 

side-by-side comparison not only visually supplements the quantitative data presented in Table 

4-8and Figure 4.4 but also offers intuitive insight into the real-world performance of these models. 

The superior tree detection abilities of certain sub-models 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 among the sub-models, providing a 

comprehensive view of their effectiveness in urban vegetation detection tasks. 

  
YOLOv5n YOLOv8n 
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YOLOv5s YOLOv8s 

  
YOLOv5m YOLOv8m 

  
YOLOv5l YOLOv8l 

  

YOLOv5x YOLOv8x 

Figure 4.5: Urban vegetation detection;  

comparing YOLOv5 and YOLOv8 sub-models in validation phase 

In light of the results from the analysis of YOLOv5 and YOLOv8 sub-models, 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 detection research 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 of different 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 YOLO-based approach, relative to other 

strategies, can be assessed. A summary of these comparative studies is set to be presented in Table 

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: Comparative analysis of deep learning models for tree detection. 

Model Object Precision Recall Reference 

AlexNet 

GoogleNet 
Tree 

0.91 

0.98 

0.7 

0.51 
[339] 

DeepForest Tree crown 0.74 0.6 [340] 

ResNet-34 
ResNet-50 

ResNet-101 

Tree crown 
0.89 
0.86 

0.89 

0.5 
0.91 

0.82 

[341] 

RetinaNet Tree crown 0.64 0.62 [342] 

YOLOv5 Tree trunk 0.88 0.84 [343] 

YOLOv5m 

YOLOv8m 
Tree 

0.96 

0.92 

0.92 

0.91 

Current 

research 

The comparative table illuminates the varied performance of several deep learning models in 

tree detection. AlexNet, with 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 actual trees. DeepForest, 

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, ResNet-34 and 

ResNet-101 both have a precision of 0.89, but ResNet-50 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 less 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 research excel 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 YOLO models in urban vegetation detection, especially 

in comparison to other leading deep learning models. 

After analyzing the results of the YOLOv5 and YOLOv8 sub-models in the identification of 

trees without considering species, it is essential to analyze the results 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, one sub-model from each 

(YOLOv5m and YOLOv8m) has been selected 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, the research then shifted focus to the training and evaluation of selected sub-models 

from YOLOv5 and YOLOv8, aimed at detecting and classifying eight distinct tree species. This 

section is dedicated to discussing the performance of the YOLOv5m and YOLOv8m models in 

this specialized task. It highlights their capacity for accurately identifying and distinguishing 

among various tree species. The effectiveness of each model in the context of species-specific tree 

detection, a key element in the wider scope of urban vegetation monitoring and analysis, is 

thoroughly assessed using the data presented in Table 4-10. 

Table 4-10: Comparative analysis of YOLOv5m and YOLOv8m models in species detection. 

The comparative analysis of the YOLOv5m and YOLOv8m models for urban tree species 

detection offers a nuanced view of their capabilities (Table 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 standard IoU threshold. The model also performs 

well at more stringent IoU thresholds, as evidenced by its mAP50-95 scores of 0.788 in training 

and 0.69 in validation. YOLOv5m's training efficiency is highlighted by its training time of 2.729 

hours. 

Model 
Precision Recall mAP50 mAP50-95 Training Time 

(Hour) Train Valid Train Valid Train Valid Train Valid 

Yolov5m 0.957 0.91 0.962 0.93 0.984 0.95 0.788 0.69 2.729 

Yolov8m 0.964 0.92 0.965 0.91 0.986 0.95 0.835 0.72 3.014 
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Yolov8m, on the 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 with a validation 

score of 0.95. Notably, Yolov8m excels in the mAP50-95 metric, scoring 0.835 in training and 

0.72 in validation, suggesting it maintains accuracy across a range of IoU thresholds. However, 

this increased performance comes with a longer training time 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 detection capability 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 in Figure 4.6, 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, demonstrating the models' 

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 model without 

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 dynamics and generalization to unseen 

data. 
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Figure 4.6: Evolution of Box loss across epochs for YOLOv5m and YOLOv8m 

 during the train and validation phase. 

The confusion matrices for the YOLOv5m and YOLOv8m models have been examined, 

providing a basis for comparison in the classification of urban tree species (Figure 4.7). In the 

matrix associated with the YOLOv5m model (Figure 4.7A), a high degree of accuracy is observed 

across most species’ classifications, with the Japanese Maple and Pink Oak categories being 

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 Birch at a rate of 0.1. 

Conversely, the YOLOv8m model's confusion matrix (Figure 4.7B) also indicates high 

precision levels, with all species showing precision 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 models are compared, both are found to be highly effective in identifying and 

classifying tree species, with YOLOv5m showing a marginal advantage in reducing 

misclassifications as background. The preference for one model over the other may be influenced 

by the specific 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 stands out as a viable 

option. 

0

0.2

0.4

0.6

0.8

1

1.2

1.4

1.6

1.8

0 3 6 9 12 15 18 21 24 27 30 33 36 39 42 45 48 51 54 57 60 63 66 69 72 75 78 81 84 87 90 93 96 99

Epoch

Box_Loss

YOLOv8m-Train YOLOv5m-Train

YOLOv8m-Valid YOLOv5m-Valid



Results and discussion 

105 

 

 
A 

 
B 

Figure 4.7: Comparative confusion matrices for urban tree species classification; 
A. YOLOv5m and B. YOLOv8m. 

The last analysis of the two selected models was based on the precision-recall curves and mean 

Average Precision (mAP) values at an Intersection over Union (IoU) threshold of 0.5 (Figure 4.8). 

The YOLOv5m model, while exhibiting a slightly lower overall performance with a mAP of 0.984, 
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still maintained commendable precision across various classes (Figure 4.8A). Notably, it matched 

the YOLOv8m 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 YOLOv8m model showcased remarkable precision across all classes, 

achieving an overall mAP of 0.986 (Figure 4.8B). It attained near-perfect scores in detecting 

species such as Flowering Cherry (0.990) and Pink Oak (0.994), underscoring its highly accurate 

identification and localization capabilities. The lowest score for the YOLOv8m model was 

observed in Liquid Amber, with a score of 0.971, which still signifies a significantly high 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 performance, 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 suitable, despite the marginal superiority in accuracy of the YOLOv8m 

model. 

 
A 
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Figure 4.8: Precision-Recall curves; 
 A. YOLOv5m and B. YOLOv8m. 

Figure 4.9 displays several examples of the outputs from the YOLOv5m (Figure 4.9A) and 

YOLOv8m (Figure 4.9B) models, showcasing their capabilities in identifying various tree species. 

As evident in 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 number of trees, particularly 

those that are partially 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. 

   
A 

   
B 

Figure 4.9: Comparative visualization of urban tree species detection during the validation phase 
 by A. YOLOv5m and B. YOLOv8m. 
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To compare the models trained in this study for the identification and classification of urban 

tree species, some research was selected. The criterion for their selection was the diversity of the 

models used in these studies, allowing for a comprehensive comparison with the models utilized 

in this research. Table 4-11 presents the models used in these studies, along with the number of 

selected tree species and their respective precision and recall metrics. 

Table 4-11: Comparative analysis of deep learning models for tree species classification. 

Model Number of species Precision Recall Reference 

ResNet-50 5 0.51 0.51 [218] 
DenseNet 5 0.82 0.8 [344] 

YOLOv3 6 0.77 0.26 [11] 

AlexNet 

ResNet-50 

Decision Tree 

Random Forest 

5 0.72<P<0.96 0.48<R<0.94 [345] 

YOLOV3 5 0.76 0.73 [226] 

Mask R-CNN 8 0.85 0.84 [346] 

ResNet-101 4 0.75 0.78 [347] 

YOLOv5m 

YOLOv8m 
8 

0.957 

0.964 

0.962 

0.965 

Current 

research 

Based on Table 4-10, ResNet-50, a model in tree species detection field, showed modest 

precision and recall at 0.51, focusing on 5 species. DenseNet, another model, also targeted 5 

species and improved upon the performance with a precision of 0.82 and a recall of 0.8. In another 

study where four models – AlexNet, ResNet-50, Decision Tree, and Random Forest – were applied 

to 5 different tree species, yielding a performance range with precision between 0.72 and 0.96 and 

recall between 0.48 and 0.94. 

Further advancements are seen in models like YOLOv3, which was trained on 6 species and 

showed a moderate performance. Mask R-CNN, trained on 8 species, achieved higher precision 

(0.85) and recall (0.84), indicating its effectiveness. ResNet-101, focusing on 4 species, also 

showed a balanced performance with a precision of 0.75 and a recall of 0.78. However, the most 

significant progress is evident in the current research employing the YOLOv5m and YOLOv8m 

models. Trained on 8 species, these models outshine the others with precision values of 0.957 and 

0.964 and recall values of 0.962 and 0.965, respectively. This high level of precision and recall 

underscores a major advancement in the field, demonstrating the capability of these models to 

accurately and reliably detect and classify a broader range of tree species. This trend signifies the 

ongoing evolution of deep learning techniques, leading to more sophisticated and capable models 

in ecological data analysis. 
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Another approach examined in this research is the use of transfer learning methods and 

freezing different layers of models, assessing their impact on model performance. The results of 

these approaches will be analyzed in the following subsection. 

4.5.1 Trained models with different approaches 

In the training process of the YOLOv5m and YOLOv8m models, transfer learning methods 

were also implemented for both. Additionally, the technique of freezing layers was employed in 

the YOLOv5m model, which involved freezing the backbone layers (the first 10 layers) and all 

layers (24 layers). As detailed in the system design and methodology chapter, the YOLOv8 model, 

released in 2023, does not yet have the capability for layer freezing. The following table provides 

a comprehensive comparison of these models under various approaches. It outlines their 

performance metrics, including precision, recall, mean Average Precision (mAP50 and mAP50-

95), and training time, both in training and validation phases, offering insights into the 

effectiveness of each approach in detecting different tree species. It is important to note that the 

YOLOv5m and YOLOv8m models are included once more in Table 4-12. This repetition is 

intended to facilitate a more straightforward comparison with other YOLO model training 

methods. 

Table 4-12: Comparative analysis of different YOLO model approaches for classifying tree species. 

As evident in Table 4-12, the comparative analysis of the YOLO models reveals the significant 

influence of different training approaches, such as transfer learning, freezing the backbone, and 

freezing all layers, on the models' performance. Interestingly, while transfer learning shows an 

efficiency in training time, it presents no substantial difference in precision and recall compared 

to the basic model configurations. For example, both the YOLOv5m and YOLOv8m models with 

transfer learning achieve similar precision and recall rates as their basic counterparts, yet the 

training time is notably reduced (2.072 hours for YOLOv5m and 2.885 hours for YOLOv8m) 

compared to the basic YOLOv8m model (3.014 hours). 

Model 
Precision Recall mAP50 mAP50-95 Training Time 

(Hour) Train Valid Train Valid Train Valid Train Valid 

Yolov5m 0.96 0.91 0.96 0.93 0.98 0.95 0.79 0.69 2.729 

YOLOv5m (Transfer Learning) 0.96 0.96 0.96 0.95 0.98 0.98 0.81 0.81 2.072 

YOLOv5m (Freeze Backbone) 0.96 0.88 0.96 0.90 0.98 0.92 0.75 0.66 1.499 

YOLOv5m (Freeze All Layers) 0.28 0.24 0.55 0.51 0.21 0.18 0.11 0.1 0.92 

Yolov8m 0.97 0.92 0.96 0.91 0.98 0.95 0.83 0.72 3.014 

YOLOv8m (Transfer Learning) 0.97 0.93 0.96 0.92 0.99 0.96 0.84 0.74 2.885 
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In the case of the YOLOv5m model, freezing the backbone layers results in a slight decrease 

in validation performance but maintains high precision and recall during training. This approach 

also reduces the training time to 1.499 hours, indicating efficiency in the process. However, a 

drastic reduction in model performance is observed when all layers are frozen. Precision and recall 

drop significantly in both training and validation phases, underscoring the detrimental impact of 

this method on the model's learning capability, despite a substantial decrease in training time to 

just 0.92 hours. 

The mean Average Precision (mAP50 and mAP50-95) metrics align with these observations. 

Transfer learning models, while not outperforming the basic models in terms of accuracy, offer a 

time-efficient alternative. 

In summary, this analysis underscores that transfer learning is a time-efficient alternative to 

the basic YOLO model configurations, maintaining similar levels of precision and recall. While 

freezing the backbone strikes a balance between reduced training time and performance, freezing 

all layers, despite its efficiency in reducing training duration, severely hampers the model's 

accuracy. Transfer learning, therefore, stands out as an effective approach in YOLO model 

training, optimizing the balance between training efficiency and maintaining high accuracy in 

detection tasks. 

After comparing the precision, recall, and mean Average Precision (mAP50 and mAP50-95) 

of YOLO models employing various approaches, the subsequent section will proceed to analyze 

the models based on the box_loss recorded throughout the training and validation phases. Figure 

4.10 presents the box_loss for both phases. 
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B 

Figure 4.10: Evolution of Box loss across epochs for different YOLO models approaches during; 

 A. Train and B. Validation phase. 

Analyzing the box loss data for various training approaches of the YOLOv5m and YOLOv8m 

models, it becomes clear that the training approaches significantly influence the models' ability to 

localize objects accurately (Figure 4.10). Transfer learning configurations for both models show a 

stable and low box loss throughout the training epochs, indicating an effective utilization of pre-

learned features which aid in quicker convergence and potentially better generalization (Figure 

4.10A). 

When examining the impact of freezing layers, the YOLOv5m model with frozen backbone 

layers begins with a low box loss, but this does not decrease as substantially over time as with the 

models employing transfer learning (Figure 4.10A). This suggests that while initially beneficial, 

freezing the backbone may limit learning as the training advances, potentially leading to a plateau 

in performance improvements. 
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The most pronounced contrast is seen with the YOLOv5m model when all layers are frozen 

(Figure 4.10A). This approach results in a significantly higher box loss that does not show 

improvement over the training period, emphasizing the detrimental effect of restricting all layers 

on the model's capacity to learn. As can be seen in the validation phase charts, the validation phase 

box loss trends are consistent with the training phase (Figure 4.10B). 

In comparison to the standard models, these specialized training configurations reveal that 

while transfer learning enhances performance, the freezing of layers requires a nuanced approach 

to prevent hindering the model's learning process. Overall, the training time and box loss trends 

from this analysis provide a deeper understanding of the trade-offs between rapid convergence and 

the long-term learning potential of the models, with transfer learning offering a compelling balance 

between the two. 

Comparing the confusion matrix of the YOLOv8m model using transfer learning (Figure 

4.11A) with the previously trained model (Figure 4.7B) for the identification of various urban tree 

species reveals that the YOLOv8m model with transfer learning shows significant precision in 

classifying tree species. Notably, it achieves perfect scores for London Plane and Pink Oak. The 

model also demonstrates improved accuracy in identifying Japanese Maple and Silver Birch 

compared to the standard model. Strikingly balancing performance across species, it effectively 

distinguishes them from the background, despite a slight increase in misclassification for a few 

categories. It can be concluded that the YOLOv8m model with transfer learning maintains or 

improves upon the precision rates of the standard model in many respects. 

  
A B 
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Figure 4.11: Comparative confusion matrices for urban tree species classification; 

 A. YOLOv8m (transfer learning), B. YOLOv5m (transfer learning), C. YOLOv5m 
(freezing_backbone_layers) and D. YOLOv5m (freezing_all_layers). 

The confusion matrices of the YOLOv5m model applied with different learning strategies 

show varied effectiveness in tree species identification. The transfer learning approach (Figure 

4.11B) demonstrates a robust ability to maintain high precision, particularly for Magnolia and Pink 

Oak, matching the YOLOv5m model performance (Figure 4.7A). This technique shows a slight 

decline in precision for Flowering Dogwood and Japanese Maple but compensates with improved 

accuracy in distinguishing most species from the background, with only a minor increase in 

misclassification rates for the background. Moreover, freezing backbone layers (Figure 4.11C) 

offer a middle ground, retaining substantial precision across all species with perfect classification 

for Flowering Cherry and Pink Oak. Although there's a minimal decrease in precision for Japanese 

Maple and Silver Birch, this approach still yields a good overall performance. The all-layer 

freezing approach (Figure 4.11D), however, significantly underperforms, indicating its 

unsuitability for tasks requiring detailed feature discrimination. 

In the comparative analysis of the precision-recall curve, the YOLOv8m model employing 

transfer learning (Figure 4.12A) was found to possess enhanced precision in tree species detection. 

An impressive overall mAP of 0.990 was recorded, with species such as Flowering Cherry and 

Pink Oak achieving near-perfect precision-recall scores. The model's performance was 

consistently high, with the lowest precision score for Silver Birch at 0.985 still reflecting a strong 

capability in accurate detection. The transfer learning approach was shown to marginally 

outperform the YOLOv8m model (Figure 4.8B), particularly in the precise identification of Liquid 
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Amber and Flowering Dogwood. This suggests that the transfer learning model is particularly 

well-suited for applications where slight improvements in detection accuracy are crucial. 

  
A B 

  
C D 

Figure 4.12: Precision-Recall curves; 

 A. YOLOv8m (transfer learning), B. YOLOv5m (transfer learning), C. YOLOv5m 
(freezing_backbone_layers) and D. YOLOv5m (freezing_all_layers). 

Upon the analysis of the precision-recall curves of the YOLOv5m models with different 

approaches, it is observed that the model trained using the transfer learning approach (Figure 

4.12B) exhibits robust precision, evidenced by an overall mean Average Precision (mAP) of 0.982. 

A strong detection capability for species such as London Plane and Magnolia is indicated, as these 

are well-performed by the model. In contrast, the model that employs freezing of backbone layers 

(Figure 4.12C) presents a competitive performance with an overall mAP of 0.981. It excels in 

detecting London Plane, surpassing the transfer learning model slightly in this category. A noted 

decrease in precision is observed for Silver Birch, which indicates that freezing the backbone 

layers may have restricted the model's ability to learn more complex features specific to this 

species. 
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The model that freezes all layers (Figure 4.12D) shows a marked underperformance with 

precision scores plummeting across all species, culminating in an overall mAP of just 0.207. This 

stark contrast with the other models underscores the limitation of not allowing any part of the 

model to learn from the new data, which significantly hampers its detection capabilities.  

According to the precision-recall curve, the transfer learning model is close to the yolov5m 

model (Figure 4.8A), matching or slightly exceeding the yolov5m model's precision in certain 

classes, thereby highlighting the efficacy of the transfer learning process. It suggests that fine-

tuning a pre-trained model on new, specific data can yield a model that is nearly as effective as 

one trained from scratch. 

The analysis suggests that the transfer learning and freezing backbone layers strategies are 

effective to a similar degree, closely rivaling the YOLOv5m model's performance. However, 

freezing all layers is decidedly ineffective for precise tree species detection tasks. The advantage 

of the transfer learning model lies in its ability to leverage existing knowledge and adapt to new 

data, making it a suitable choice for applications where accuracy is critical in object detection. 

To assess the capability of differentially trained models, three images were selected from the 

validation output (Figure 4.13). The findings from the analysis are as follows: 

   

A 

   
B 

   
C 
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Figure 4.13: Comparative visualization of urban tree species detection during the validation phase 
 by A. YOLOv8m (transfer learning), B. YOLOv5m (transfer learning), C. YOLOv5m 

(freezing_backbone_layers) and D. YOLOv5m (freezing_all_layers). 

- The YOLOv8m model, when trained using a transfer learning approach (Figure 4.13A), 

showed identification and classification capabilities for tree species that were similar to the 

YOLOv8m model (Figure 4.9B) evaluated in the preceding stage. However, it was noted 

that, despite certain improvements in the model's accuracy, it remains unable to recognize 

trees that are partially depicted or situated at the edges of the image. 

- The performance of the YOLOv5m model with transfer learning (Figure 4.13B) was 

observed to be similar to that of the YOLOv5m model (Figure 4.9A). 

- When the YOLOv5m model with frozen backbone (Figure 4.13C) layers was analyzed, it 

was found to be deficient in identifying trees at the image periphery. Nevertheless, this 

model retained a level of accuracy in classifying various tree species comparable to the 

YOLOv5m model. 

- Lastly, the investigation of images processed by the YOLOv5m model with all layers 

frozen (Figure 4.13D) indicated a general inadequacy in species recognition. This was 

particularly evident in the model's overall weak performance in detecting various tree 

species, except for the Liquid Amber trees, which were identified with low confidence. 

Following the comprehensive analysis of the training and validation phases, the developed 

models underwent an additional layer of evaluation using a distinct dataset. This step was crucial 

to gauge their real-world performance more accurately. The results of this extensive evaluation 

were meticulously verified through manual inspection, ensuring the reliability of the findings. The 

detailed outcomes, encompassing a range of key performance indicators such as True Positive 

(TP), True Negative (TN), False Positive (FP), False Negative (FN), Precision, Recall, and 

Accuracy, are systematically presented in Table 4-13. This table serves as an insightful resource, 

offering a nuanced perspective on the effectiveness and practical applicability of each model 

variant in diverse scenarios. 
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Table 4-13: Comparative analysis of performance metrics for YOLOv5m and YOLOv8m models across 

various approaches. 

Models 
True 

Positive 

True 

Negative 

False 

Positive 

False 

Negative 
Precision Recall Accuracy 

Yolov5m 1307 1801 66 529 0.95 0.71 0.83 

YOLOv5m (Transfer Learning) 1414 1793 74 428 0.95 0.77 0.86 

YOLOv5m (Freeze Backbone) 1430 1593 274 396 0.84 0.79 0.82 

YOLOv5m (Freeze All Layers) 35 1762 243 1668 0.13 0.02 0.5 

Yolov8m 1085 1804 73 594 0.94 0.65 0.81 

YOLOv8m (Transfer Learning) 1174 1783 638 82 0.64 0.93 0.81 

In the YOLOv5 series, the models show different levels of performance. The original 

Yolov5m has a good balance between precision and recall, with a precision of 0.95 and recall of 

0.71, leading to an accuracy of 0.83. However, the YOLOv5m with Transfer Learning performs 

better in this group. This model keeps the same precision but improves recall to 0.77 and increases 

overall accuracy to 0.86, making it the top choice among the YOLOv5 models. The YOLOv5m 

with Freeze Backbone has a slightly lower precision of 0.84 but a higher recall of 0.79, though 

with a small drop in overall accuracy. In contrast, the YOLOv5m with all layers frozen performs 

much worse, with very low precision and recall, showing it's not as effective. 

On the other hand, the YOLOv8 models work differently. The standard Yolov8m achieves a 

high precision of 0.94 but a lower recall of 0.65, with an overall accuracy similar to the YOLOv5 

models. The YOLOv8m with Transfer Learning focuses more on recall, reaching a high rate of 

0.93, but with lower precision of 0.64. The accuracy is the same as the standard Yolov8m model. 

This makes the YOLOv8m with Transfer Learning better for situations where it's important to 

catch as many true positives as possible, even if it means a lower precision 

Similar to previous analyses, by comparing the models developed in this research with other 

studies in the similar field of tree species identification and classification using comparable 

methods, a more insightful analysis of the created models can be conducted. Therefore, Table 4-14 

references a number of these studies. It should be noted that most research has trained their models 

using transfer learning approaches, and only a few studies have focused on tree species 

identification using different layer freezing techniques, as per the evaluations conducted at the time 

of writing this section of the thesis. 
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Table 4-14: Comparative analysis of deep learning models for tree species detection using different 

approaches. 

Model Approach 
Number of 

species 
Precision Recall Reference 

ResNet-50 Transfer 

learning 

7 0.80 0.80 [348] 

YOLOv5 Transfer 

learning 

8 0.66 0.60 [349] 

DeepForest 

YOLOv5 

Transfer 

learning 

1 0.86 

0.82 

0.87 

0.89 

[350] 

DeepForest Transfer 

learning 

Tree 0.66 0.5 [351] 

RetinaNet Transfer 

learning 

1 0.67 0.78 [352] 

VGG-19(first 4 blocks froze) 

VGG-19(first 5 blocks froze) 

VGG-19(all blocks froze) 

Freezing 

layers 

6 0.63 

0.6 

0.58 

0.63 

0.6 

0.59 

[353] 

YOLOv5m (backbone layers froze) 

YOLOv5m (all layers froze) 

Freezing 

layers 

8 0.96 

0.28 

0.96 

0.55 

Current 

research 

YOLOv5m 

YOLOv8m 

Transfer 

learning 

8 0.96 

0.97 

0.96 

0.96 

Current 

research 

In terms of the transfer learning approach, the ResNet-50 model displays a balanced precision 

and recall of 0.80, indicating reliable performance for detecting seven species. YOLOv5 and 

DeepForest models, also utilizing transfer learning, exhibit varying degrees of effectiveness. The 

YOLOv5 model achieves a precision of 0.66 and recall of 0.60 for eight species, while DeepForest 

shows higher precision and recall for a single species, suggesting its suitability for more 

specialized tasks. RetinaNet, using transfer learning, records moderate precision and recall values 

for one species. In the context of current research, the YOLOv5m and YOLOv8m models 

demonstrate high precision and recall, highlighting the strength of transfer learning in enhancing 

model performance. 

In contrast, when evaluating the models employing the freezing layers approach, different 

patterns emerge. The VGG-19 model with various configurations of freezing layers shows a 

noticeable decrease in precision and recall as more layers are frozen, underlining the importance 

of layer adaptability in learning complex features. The YOLOv5m model, when its backbone 

layers are frozen, maintains an impressive precision and recall of 0.96. However, freezing all its 

layers results in a substantial decline in performance, with precision notably dropping to 0.28. 

This comparative analysis provides insights into the efficacy of different training strategies in 

tree species detection. While transfer learning proves to be a robust approach across various 

models, the strategy of freezing layers, particularly freezing all layers, seems less effective for this 
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specific task. The findings underscore the significance of choosing an appropriate training method 

that aligns with the specific objectives and requirements of the study. 

After examining various models with different training approaches for the identification and 

classification of diverse tree species, the YOLOv5m and YOLOv8m models were utilized, 

employing transfer learning specifically for the recognition and categorization of specific trees. 

The subsequent section will delve into the results obtained from this selection, providing a detailed 

analysis. 

4.6 Specific trees detection with variable bounding box sizes 

Having explored the models' capabilities in identifying various tree species, this study now 

turns its attention to detecting specific individual trees using the YOLOv5m and YOLOv8m 

models trained with the transfer learning approach. This section delves into evaluating these 

models, particularly when using two different bounding box sizes. The first is the standard 

bounding box size, typically used in object detection tasks, and the second is a larger bounding 

box size. The findings from this evaluation, detailed in Table 4-15, provide insights into how the 

size of the bounding box influences the accuracy and reliability of the models in specific tree 

detection. 

Table 4-15: Comparative analysis of YOLOv5m and YOLOv8m models with different bounding box 

sizes. 

The analysis of the YOLOv5m and YOLOv8m models, as presented in Table 4-15, offers 

detailed insights into their effectiveness in detecting specific trees with varying bounding box 

sizes. The YOLOv5m model, both in its bigger and normal size configurations, maintains high 

precision during the training phase, with scores of approximately 0.95 and 0.96, respectively. This 

level of precision remains fairly stable in the validation phase for both sizes, suggesting consistent 

predictive accuracy. The recall rates are notable as well, with the bigger size achieving 0.99 in 

training and 0.96 in validation, and the normal size slightly lower in both phases.  

Model 
Precision Recall mAP50 mAP50-95 Training 

Time 

(Hour) Train Valid Train Valid Train Valid Train Valid 

YOLOV5m_Bigger_size 0.95 0.91 0.99 0.96 0.99 0.95 0.81 0.73 4.83 

YOLOV5m_Normal_size 0.96 0.91 0.98 0.95 0.99 0.95 0.80 0.72 4.14 

YOLOV8m_Bigger_size 0.96 0.95 0.99 0.98 0.99 0.98 0.84 0.79 5.925 

YOLOV8m_Normal_size 0.96 0.94 0.98 0.97 0.99 0.98 0.81 0.77 5.308 
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In terms of mean Average Precision (mAP), the YOLOv5m models perform strongly. The 

mAP50 scores are close to 0.99 in training, with a small decrease in validation. The mAP50-95 

scores are particularly strong for the bigger size model, reaching 0.81 in training and 0.73 in 

validation, indicating effective detection across various IoU thresholds. 

The YOLOv8m models, in both their bigger and normal bounding box sizes, display precision 

and recall rates that are marginally higher than those of the YOLOv5m models in both training 

and validation. The bigger size YOLOv8m model shows a training precision of 0.96 and a 

validation precision of 0.95. Its recall and mAP scores are also high, reinforcing its efficiency in 

detecting specific trees. 

As far as training time is concerned, both YOLOv5m and YOLOv8m models require 

significant time. This pattern is particularly evident in the YOLOv8m model with a bigger 

bounding box size, which demands the most extensive training duration, clocking in at 

approximately 5.925 hours. This observation underscores the inherent trade-off between model 

complexity and the breadth of classification tasks against the time required for training. Notably, 

a trend observed across the models discussed in previous sections is that as the number of classes 

increases in both models, there is a corresponding increase in training time. 

Overall, both the YOLOv5m and YOLOv8m series, particularly the models with bigger 

bounding box sizes, demonstrate effective tree detection capabilities. The YOLOv8m models edge 

out slightly in terms of precision and recall during validation, suggesting their higher suitability 

for accuracy-focused tasks. However, their longer training times reflect the extensive 

computational resources needed for such detailed analysis. 

The subsequent analysis, the focus will be shifted to the box loss graphs of the YOLOv5m and 

YOLOv8m models. These graphs (Figure 4.14) will be evaluated across four specific scenarios: 

training and validation phases with bigger-size bounding boxes (bigger-size_train and bigger-

size_valid) and with normal-size bounding boxes (normal-size_train and normal-size_valid). 
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B 

Figure 4.14: Evolution of Box loss across epochs for different bounding box sizes  

during train and validation phase for; A. YOLOv5m and B. YOLOv8m. 

In the YOLOv5m trained model with different bounding box sizes (Figure 4.14A), initial 

observations indicate a higher box loss when using a bigger bounding box size. This suggests a 

period of adjustment as the model learns to interpret the larger scope of the bounding boxes. 

However, this discrepancy in box loss diminishes over time, as seen by the converging loss values 

between the models trained with normal and larger bounding boxes. The convergence evident in 

Figure 2.10A implies that the YOLOv5m is capable of effectively adapting to various bounding 

box sizes through the course of its training. In the validation phase, the box loss trends align with 

those of the training phase. Both the normal-size and bigger-size bounding box configurations 

display a consistent decline in box loss across epochs, as shown in Figure 2.10B. This consistency 

suggests that the bounding box size does not significantly influence the model's ability to 

generalize in the validation phase. 
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Similarly, the YOLOv8m model (Figure 4.14B) exhibits an initial higher box loss with the 

larger bounding box size, akin to the YOLOv5m model's initial performance. As training 

progresses, this loss decreases steadily, reflecting the model's learning and adjustment to the 

bounding box dimensions. The loss for both the normal and larger bounding box sizes shows a 

convergence pattern, as seen in the corresponding figure for the YOLOv8m model. During the 

validation phase, the YOLOv8m also demonstrates that the box loss trends for the larger and 

normal bounding box sizes are consistent with the training phase, suggesting effective learning 

and generalization capabilities of the model. 

Comparing the box loss data of YOLOv5m and YOLOv8m, both models show an initial 

adjustment phase with higher box losses for larger bounding box sizes. In subsequent training 

epochs, the models learn and adjust, resulting in a convergence of box loss between the different 

bounding box sizes. This pattern holds true across both the training and validation phases, 

indicating that neither model's generalization ability is significantly impacted by the initial 

bounding box size. The consistent decline in box loss across epochs for both models underscore 

the YOLO architecture's robustness and adaptability to bounding box size variations in object 

localization tasks. 

Analyzing the precision and recall curves, as well as the mean Average Precision (mAP) at an 

Intersection over Union (IoU) threshold of 0.5, provides a deeper understanding of the models' 

performance across all 32 classes (Figure 4.15). 

  
A B 
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Figure 4.15: Precision-Recall curves; 
 A. YOLOv5m (bigger size), B. YOLOv5m (normal size), C. YOLOv8m (bigger size), and C. 

YOLOv8m (normal size). 

For the YOLOv5m model trained with larger bounding boxes (Figure 4.15A), the mAP@0.5 

is 0.995, indicating an exceptionally high level of precision and recall. This high mAP suggests 

that the model is almost perfectly distinguishing between the specific trees classes and accurately 

localizing them with the larger boxes. When the YOLOv5m model is trained with normal-sized 

bounding boxes (Figure 4.15B), there is a slight drop in mAP to 0.987. While this is still a high 

score, it is marginally lower than the mAP achieved with larger boxes. This could indicate that 

while the model is very accurate, there might be a slight edge in performance when using larger 

bounding boxes. 

The YOLOv8m model with larger bounding boxes (Figure 4.15C) also achieves a 0.995 

mAP@0.5, mirroring the impressive performance of the YOLOv5m model under similar 

conditions. The consistency in mAP between the two models suggests that the advancements in 

YOLOv8 have maintained high detection accuracy for larger bounding box sizes. For the 

YOLOv8m model trained with normal-sized bounding boxes (Figure 4.15D), the mAP@0.5 is 

0.991. This is slightly lower than the mAP for larger bounding boxes but still represents a high 

level of performance. The YOLOv8m model appears to be slightly less sensitive to changes in 

bounding box size than the YOLOv5m model, as indicated by the smaller difference in mAP 

between the two bounding box sizes. 

So, both the YOLOv5m and YOLOv8m models demonstrate high precision and recall across 

all 32 classes, with the bigger bounding boxes providing a marginal improvement in mAP@0.5. 

The YOLOv8m shows a strong performance that is less affected by bounding box size changes, 

maintaining a high mAP close to that of its larger box counterpart. 
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After a comprehensive analysis during training and validation phases, the models underwent 

further evaluation with a unique dataset, aimed at assessing their performance in real-world 

conditions. The outcomes of this evaluation are meticulously detailed in Table 4-16, offering a 

clear perspective on the effectiveness and practical applicability of each model across different 

scenarios. 

Table 4-16: Comparative analysis of performance metrics for YOLOv5m and YOLOv8m models with 

varying bounding box sizes. 

Models 
True 

Positive 

True 

Negative 

False 

Positive 

False 

Negative 
Precision Recall Accuracy 

YOLOV5m_Bigger_size 417 3432 47 50 0.90 0.89 0.97 

YOLOV5m_Normal_size 403 3467 37 39 0.92 0.91 0.98 

YOLOV8m_Bigger_size 294 3533 7 112 0.97 0.72 0.97 

YOLOV8m_Normal_size 413 3322 194 17 0.68 0.96 0.95 

For the YOLOv5m models, both variants (bigger size and normal size) demonstrate strong 

performance. The YOLOv5m with bigger bounding boxes shows a slightly lower precision 

(0.8987) compared to the normal-sized variant (0.9159), which suggests that while it is highly 

accurate in positive predictions, the normal-sized model is slightly more precise. However, the 

recall rate is almost identical for both, indicating a consistent ability to detect true positives. The 

overall accuracy of both YOLOv5m models is high, with the normal-sized model slightly 

outperforming the bigger-sized one (0.9807 vs. 0.9754). 

In contrast, the YOLOv8m models exhibit a more varied performance. The bigger bounding 

box variant of YOLOv8m shows an exceptionally high precision (0.9767) but a lower recall 

(0.7241), suggesting it is very accurate in its predictions but may miss more positive cases 

compared to the YOLOv5m models. The normal-sized YOLOv8m, on the other hand, has a 

significantly lower precision (0.6804) but a very high recall (0.9605), indicating it detects most 

positive cases but also has a higher rate of false positives. 

In Figure 4.16, the outputs from various models are depicted, each tailored with different 

bounding box sizes. The models include YOLOV5m with a bigger size bounding box (Figure 

4.16A), YOLOV5m with a normal size bounding box (Figure 4.16B), YOLOV8m with a bigger 

size bounding box (Figure 4.16C), and YOLOV8m with a normal size bounding box (Figure 

4.16D). These maps systematically illustrate the spatial distribution of True Positives (TP), False 

Negatives (FN), False Positives (FP), and the correct locations of specific trees. Each map 

distinctly delineates the regions where the models have successfully identified trees in captured 
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images (TP), alongside the areas where trees exist yet were not detected (FN), and the locations 

erroneously classified as trees (FP). This visual approach provides an integral understanding of the 

practical implications of the computed precision, recall, and accuracy metrics for each model 

variant, thus offering an expansive perspective on their operational effectiveness in real-world 

scenarios.  

 
A 

 
B 

 
C 
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Figure 4.16: Spatial visualization of models' outputs with different bounding box sizes 
 for detecting specific trees in the Hamilton East area, Hamilton City; A. YOLOV5m_Bigger_size, B. 

YOLOV5m_Normal_size, C. YOLOV8m_Bigger_size, and D. YOLOV8m_Normal_size. 

Considering the performance metrics and visual outputs of the YOLOv5m and YOLOv8m 

models, the selection of the optimal model is contingent on the specific application requirements. 

For scenarios where precision is paramount and the cost of false positives is significant, the 

YOLOv8m model with a larger bounding box configuration, exhibiting exceptionally high 

precision, is the preferable choice. This model ensures high accuracy in positive predictions, as 

evidenced by its precision metric of 0.9767. 

On the other hand, applications that cannot afford to miss true positives would benefit more 

from the YOLOv5m models. The normal-sized variant of YOLOv5m, in particular, stands out due 

to its balanced blend of precision and recall, combined with the highest overall accuracy (0.9807). 

This model's slightly more precise nature (0.9159 precision) and its nearly identical recall rate 

compared to its bigger-sized counterpart make it an ideal choice for scenarios demanding a well-

rounded performance. 

The visualization in Figure 4.16 reinforces these findings. It showcases the performance of the 

YOLOv5m and YOLOv8m models with different bounding box sizes, illustrating the real-world 

impact of their precision, recall, and accuracy. The maps in this figure provide a clear depiction of 

each model's effectiveness in identifying specific trees, highlighting the strengths and weaknesses 

of each configuration in practical applications. This comprehensive analysis, encompassing both 

quantitative metrics and spatial visualizations, offers a holistic view of the models' capabilities, 

guiding the selection of the most suitable model based on the intended use case. 
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Upon examination of the extant literature in this domain, it has been observed that no prior 

research has specifically concentrated on the identification of individual trees. This observation 

underscores a distinctive aspect of the current study, which has been dedicated to exploring this 

particular area. Through meticulous analysis and comprehensive investigation, this research has 

contributed to a deeper understanding of the complexities involved in tree identification. The 

insights gained from this study help the existing body of knowledge and provide a clearer 

perspective on the specific challenges associated with recognizing individual trees. 

4.7 Summery 

• The Fast Fourier Transform (FFT) technique was ultimately selected for filtering blurred 

images in the dataset, owing to its ability to accurately assess high-frequency content and 

effectively detect various types of blurs. 

• The final selection for removing repetitive images was the NCC technique, due to its 

robustness against brightness and contrast changes. 

• A privacy protection filter was applied to the dataset after removing non-vegetation, 

blurred, and repetitive images. This filter specifically targets and blurs objects of high 

privacy importance, such as faces and vehicle license plates, rather than removing the 

images. 

• For selecting an annotation tool, Roboflow.com was chosen for its comprehensive features 

and collaborative efficiency. 

• The selection of YOLOv5m and YOLOv8m models for tree detection is based on their 

superior accuracy and consistent performance, with precision rates of 0.96 and 0.92, and 

recall rates of 0.92 and 0.91 respectively, highlighting their reliability in urban vegetation 

detection and species classification. 

• Among the various training strategies evaluated, transfer learning proved to be a highly 

efficient and accurate approach for both the YOLOv5m and YOLOv8m models. It 

successfully maintained superior model performance and optimized training duration, 

distinguishing itself from other methods such as freezing backbone layers or freezing all 

layers in the YOLOv5m model. 
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• The YOLOv8m with a bigger bounding box is ideal for precision-focused scenarios in 

specific tree detection and classification, ensuring high accuracy and minimizing false 

positives. 

• The normal-sized YOLOv5m excels in balancing precision and recall, offering the best 

overall accuracy for reliably detecting and classifying various specific tree without missing 

true positives. 
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5 Conclusion 
 

In the culmination of this thesis, attention is turned to the consolidation of the research journey 

and the insights that have been accrued. The endeavor to develop a sophisticated computer vision 

system for urban vegetation detection, employing the YOLOv5 and YOLOv8 models, has been 

marked by both challenges and significant achievements. The subsequent sections, titled 

"Comprehensive Overview of Research Outcomes" and "Future Research Pathways and 

Opportunities," are dedicated to encapsulating the essence of this exploration. In "Comprehensive 

Overview of Research Outcomes," a detailed recounting of the key discoveries and their broader 

implications is presented. "Future Research Pathways and Opportunities," on the other hand, is 

focused on outlining prospective avenues for further research, building upon the foundational work 

established in this study. 

5.1 Comprehensive overview of research outcomes 

In this thesis, the development and deployment of an advanced computer vision system 

utilizing YOLOv5 and YOLOv8 models was undertaken to address the critical need for effective 

urban vegetation detection in three different cities in New Zealand: Hamilton, Cambridge, and 

Auckland. This study, motivated by the environmental challenges posed by modern urbanization, 

focused specifically on identifying various tree species and individual trees through RGB images. 

Key findings of this research include substantial contributions to the field through meticulous 

image preprocessing techniques, such as Fast Fourier Transform and Normalized Cross-

Correlation. These techniques not only removed blur and repetitive images from the dataset, which 

were big challenges but also significantly enhanced its quality. Additionally, privacy information 

in images was detected and blurred using a privacy information filter. The YOLOv5m and 

YOLOv8m models demonstrated their superiority, evidenced by high precision and recall rates, 

underscoring their reliability in urban vegetation detection and species classification. The adoption 
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of transfer learning as a training strategy proved efficient, maintaining superior model performance 

while optimizing training duration. The study found that the YOLOv8m model, with a larger 

bounding box, is especially effective for precision-focused scenarios in specific tree detection and 

classification, ensuring high accuracy with minimal false positives. Meanwhile, the normal-sized 

YOLOv5m model excels in balancing precision and recall, offering overall accuracy for reliable 

detection and classification of various specific trees, effectively minimizing missed true positives. 

This research's significance lies in its innovative approach to overcoming the challenges of 

traditional methods for monitoring urban green spaces. By leveraging street-level imagery and 

advanced computer vision models, it successfully addressed the limitations of satellite and UAV-

based approaches. This methodology provides a detailed and accurate view of urban vegetation, 

playing a crucial role in urban planning and environmental conservation. The comprehensive route 

planning for data collection, strategic selection of tree species, and sophisticated application of 

image processing and augmentation techniques were pivotal in achieving the study's objectives. 

The customization and training of the models, enriched by diverse augmentation techniques and 

advanced annotation tools, were instrumental in refining the system's ability to detect and classify 

urban vegetation effectively. 

In conclusion, this thesis has not only advanced our understanding of urban vegetation 

monitoring using computer vision but also highlighted the potential of AI in enhancing 

environmental conservation efforts. The successful application of YOLOv5 and YOLOv8 models 

marks a significant step forward in the efficient and accurate management of urban vegetation. 

Additionally, 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, contributing valuable insights and tools to the field of urban environmental 

management. 

5.2 Future research pathways and opportunities 

In anticipation of the expansion and progression of this field of study, this part of the 

conclusion chapter is intended to delineate a spectrum of potential avenues for further 

investigation. Stemming from the foundational efforts encapsulated in this thesis, a series of 

suggestions are presented, aimed at augmenting the capabilities and broadening the applications 

of computer vision systems in urban vegetation monitoring. These suggestions, ranging from 
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technological integrations and enhancements in model precision to wider-scale applications and 

considerations of ethical implications, are outlined. It is envisaged that these points will serve as a 

comprehensive roadmap, guiding future research endeavors to enrich our comprehension and 

elevate the efficacy of methods in the realm of urban vegetation detection and analysis. These 

suggestions are as follows:  

Integration with additional imaging technologies: Future studies could explore the 

integration of RGB imaging with hyperspectral or multispectral imaging techniques. This could 

provide more comprehensive data, enabling the detection of a wider range of vegetation 

characteristics and health indicators. 

Expansion to different urban environments: Given that a significant portion of urban 

vegetation cover is located in parks, green spaces, and protected urban areas, and considering that 

this research was conducted with a system not designed for capturing images in these areas, future 

research could focus on modifying the design and construction of the imaging system. These 

changes would enable access to and imaging of these critical urban green spaces, thereby 

expanding the scope and applicability of the study to a broader range of urban environmental 

settings. 

Enhancing species identification accuracy: Further research could focus on refining the 

models to improve the accuracy of species identification, especially for species with similar 

appearances. Advanced machine learning techniques could be employed to fine-tune the models. 

Real-time urban vegetation monitoring: Developing a real-time monitoring system that uses 

the trained models could significantly benefit urban planning and environmental monitoring. This 

system could provide instant data on urban green spaces, aiding in timely decision-making and 

interventions. 

Automated health assessment of vegetation: Extending the models to not only identify 

species but also assess the health of individual trees and vegetation could be a valuable area of 

exploration. This could include detecting signs of disease, drought stress, or pest infestations. 

Combining with urban planning software: Integrating the computer vision system with 

urban planning and GIS software could create a powerful tool for urban developers and ecologists, 

helping in effective planning and management of green spaces. 
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Scalability and efficiency improvements: Research could be directed towards improving the 

scalability and efficiency of the models, enabling them to process large datasets more rapidly and 

effectively. 

Developing a user-friendly mobile app: Future research could focus on creating a mobile 

application that is user-friendly and accessible to the general public, including urban planners and 

environmentalists. This app would enable users to detect and classify trees, providing detailed 

information about each tree directly on their mobile devices, thus facilitating community 

involvement in environmental monitoring. 

Creating a comprehensive software platform for urban vegetation: Future work could 

involve the development of a sophisticated software platform. This platform would be dedicated 

to processing and analyzing urban vegetation datasets, including features like image preprocessing, 

analysis with trained models, and visualizing located trees on maps. It would also categorize and 

store images in distinct folders for each tree species, enhancing data management and analysis 

efficiency for researchers and urban planners. 
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