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ABSTRACT

Identifying trees based on their type, such as fruit-bearing, medicinal, or forest trees, plays a crucial
role in environmental monitoring, agriculture, and forestry management. This project aims to develop a
robust deep learning-based system to individually identify these tree types from images of their leaves
and bark. Three state-of-the-art convolutional neural network (CNN) models were employed for this
purpose: ResNet50, ResNet101, and InceptionV3. The dataset used for training and testing consisted of
diverse images collected from various sources, covering different tree species under varying conditions.
The images were preprocessed using techniques like resizing, normalization, and data augmentation to
ensure the models could learn effectively and generalize well to new samples. Each model was fine-
tuned using transfer learning, leveraging their pre-trained weights on ImageNet. Performance metrics
such as accuracy and loss were evaluated during the training and testing phases to compare the models.
Among the three models, ResNet101 demonstrated superior performance, achieving a test accuracy of
85%. ResNet50 and InceptionV3, while still effective, exhibited slightly lower accuracy. This result
highlights the effectiveness of deeper architectures like ResNet101 in capturing intricate features and
patterns in leaf and bark images for tree classification. The findings of this study provide a foundation
for deploying automated tree identification systems in real-world applications, such as forest
management and ecological research. Future work can focus on expanding the dataset and
incorporating additional models to further improve accuracy and scalability.

©Daffodil International University iv



Table of Contents

Approval i
Declaration ii
Acknowledgements iii
Abstract iv
List of Figures vii
List of Tables viii
1 Introduction 1
00 A 413 ¢ T L 115 0 33 PSSR 1

1.2 MOTIVALION. ..ttt ettt ettt ettt et et e bt e e et e e be e bt e bt eseenbeebeebeeseenseenseaseans 1-2

1.3 OB OO IVES . uteiieiieiierieestesitette st e steesttesteesttessaessaesseesssasssesssesssesssessseassesssesssesssenssenssenss 2-3
1.4 MEthOAOLOZY......iooiieiiiiieiieteece ettt ettt e e e st e esbeesseesseesseessaesseesseensennnas 3

1.5  ProjeCt OULCOME.....iccuieiieiieieeiieieeteeteeteeteeseeseesessseesseesseessesssesssesssesssesssenssensseans 3-4
1.6 Organization of the RepOrt.......cccoeiiiiiiiiiiieee e 4-5

2 Background 6
P20 R 0 U3 (04 10 o150 ) FOR PSSR 6
2.2 Literature REVIEW....cooiiiiieiiiiieie ettt ettt ettt et ettt ettt eaeeenee s 7
2.2.1  Similar ApPliCatiONS....c.eeiuiiiiieiieiieieeeeee et 9

2.2.2 Related Research........ccccoooieiiiiiiiiiiieieeeeee e 9-10

D B € 1=y BN 4 E21 ) TP 10
2.4 SUIMNIMATY ....oiieiieeiieeiieesteesteeeteesteeateeeseeesseesssseessseessseeassaeanseeassesssseessseesssesssseesnseennes 10

3 Research Methodology 11
700 N Y 11 s Vo T [0 U Y.y OO U 11
311 OVEIVICW. cuiitiuieieieettetete et et ettt et et et e ebe et e testeeseenee st eaeeneeneeeneeneesesaeeneeneens 11

3.1.2  Proposed MethOdOIOZY .....c.cccvriiriiiiiiieeieeiesiesee st see e sevesereseeesenesenesene e 12

3.2 Detailed Methodology and Design..........ccoviviiiiiiiiiiiiiiiieiiiiee e, 13-14

3.3 Architecture of CNN Model..... ..ot 14

3.4 Project Plan..........ooiiiiii i e 15
3.5 Task AllOCAtION. ... ..ttt ettt e 15
T ST D510 0T 1 2 15

©Daffodil International University v



4 Implementation and Results 16

4.1 ENVITONMENE SETUP..cuiirieriieriieriesiestestesteseesteesaesseesseesseesseesssesseesssessssssessssesssesssessees 16
4.2 Performance METICS. . .. .uuut ettt 16
4.3 Comparative ANalySiS......cccceiiiiiiiiiiieieieeeee e 17
4.4 Results and DiSCUSSION......ouuuitt it 17-18
4.4.1 Confusion MatliX. . .....oeuineni e e e e 18
4.4.2 Loss & Validation AcCUraCy CUIVE........cevutiniineiniinteitetaiteieaeeeeneaieannnns 19
A5 SUITITIATY .ceutiiiiieeite ettt ettt et e et e e bt e e s ateesbteesateesabeesabeesabeeeabeeebeeeasteesabeesabeesabeesabees 19
5 Engineering Standards and Design Challenges 20
5.1 Compliance with the Standards..........c.ccocoririeiinininiiieeeeee 20
5.1.1  Software Standards..........ceceeeeerieriieiieeee et e 20
5.1.2 Hardware Standards........c..coccooerienieiineeieeseeeee et 20
5.1.3 Communication Standards............ceccererieiererenieeere st 20
5.2 Impact on Society, Environment and Sustainability..........cccooeeeeeeeeeieieiesesesennnnn. 20
5.2.1 ImpPact on Life.....ccciciiiiiiiiciciicieee et 20
5.2.2 Impact on Society & Environment..........ccecceevververeeneeneesieeseesseesseesseesseenns 20
5.2.3  EthiCal ASPECES..cciiiiirieriiesierieseeseestesteseesreesteesseesssesseesssessaesssesssessessssesees 20
5.2.4 Sustainability Plan...........cccccccciiiiiiiiiiiiiieeee e, 21
5.3 Project Management and Financial Analysis........cccoooeiiiiiiiiiiiiiiiiiiiic, 21
5.4 Complex Engineering Probleme.........ccoooiiiiiiiiiiiiiiieieeeeeeeee e 22
5.4.1 Complex Problem SoOIVING.........ccoiiiiiiiiiiiiiiiiiiiiii i iieeeans 22-23
5.4.2 ENGINEEriNG ACHVILICS...ccciiieiiiieeiieeiieieireeeesresresressnessesseesseessaesseesssesssessees 24
5.5 SUIMIMALY ..c..iiiiiieciie ettt e et e et e e s ate e s teeesbeeenseessseeenseeensseesnseennseennsens 24
6 Conclusion 25
6.1 SUIMIMATY ....eiiiitiiiiieeiie ettt ettt et e sb e e sbe e e bt e e sabe e sabeesabeesabeesbeeesbbeesaseenaee 25
6.2 LAMItAtION...cciiiiiiiiiiiie e 25
6.3 Future WorK. ... ..ooooiii e 25-26
References 27-28

©Daffodil International University vi



List of Figures

3.1.2.1This is a Methodology diagram.............c.ccooiiiiiiiiiiiiiiiiiiiii e, 12
3.3.1: Architecture of CNN Model.........o.oiiiiiiiii 14
4.4.1.1: Confusion MatTiX. ......oueuenieee e 18
4.4.2.1 Loss & Validation AccuraCy CUIVe........ouuuuietieiititiiiiee et eieeaeneanes 19

©Daffodil International University vii



2.1
4.1

5.1

5.2
5.3

5.4
5.5

List of Tables

Summary of Literature Reviewed

....................................................... 8
Performance. ... ..o e 16
Project Management. . .......o.eeutinie et e 21
Financial ANalysis........oouevuiiniiii i 21
Mapping with complex problem SOIVINgG............ooevriiriiiiiiiiiire e, 22

Mapping with knowledge Profile
Mapping with complex engineering activities

©Daffodil International University

viii



Chapter 1

Introduction

1.1 Introduction

Accurate identification of individual trees is crucial for various fields, including forestry, ecology, and
conservation. Tree classification serves as a cornerstone for biodiversity assessment, habitat
management, and ecological research, offering essential data to monitor ecosystems and support
sustainable forest management practices. However, the task of identifying tree species is often
complicated by factors such as morphological variations within and between species, environmental
noise, and the presence of visually similar species. These challenges are further exacerbated when
dealing with large-scale ecosystems, where variability in images due to lighting, angle, and seasonal
changes can significantly affect accuracy [1].

Traditional methods for tree identification, whether manual or digital, have faced significant challenges
due to these complexities. Manual identification relies heavily on expert knowledge and can be time-
consuming, labor-intensive, and prone to human error. Digital approaches, though faster, often require
extensive feature engineering and are limited by the quality of input data [2]. The increasing use of
citizen science datasets, such as those collected via platforms like iNaturalist, introduces further
difficulties. While these datasets provide a valuable source of large-scale data, they often suffer from
mislabeling by non-expert volunteers. These noisy labels can degrade the quality of training data,
making it harder to develop accurate and reliable classification models [3].

This research aims to address these challenges by employing advanced image processing techniques
and deep learning methodologies. Convolutional neural networks (CNNs), known for their exceptional
ability to recognize patterns and extract hierarchical features from images, form the backbone of this
study. Studies such as Mohanty et al. (2016) and Carpentier et al. (2018) have demonstrated the
effectiveness of CNNs in plant and tree species classification, achieving high accuracy even with
complex datasets [4][5]. This project also incorporates methods to mitigate the effect of noisy labels by
applying clustering techniques, label correction algorithms, and data augmentation to improve the
quality and reliability of training datasets [6].

By developing a robust methodology for tree species identification, this research seeks to enhance
classification accuracy and reliability. The findings will contribute to more effective ecological
monitoring, enabling researchers to better understand tree species diversity and its role in ecosystem
stability. Furthermore, the outcomes of this study could support conservation efforts by providing
scalable, automated tools for biodiversity assessment, thereby aiding in the sustainable management of
forests and natural resources [7].

1.2 Motivation

The motivation behind this project arises from the pressing need to monitor and protect tree species in
diverse ecosystems. With the rapid expansion of urban areas, deforestation, and climate change, natural
habitats are increasingly under threat, leading to a loss of biodiversity. Identifying and cataloging tree
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species is a critical step in understanding and preserving these ecosystems, but traditional methods
often require significant time, effort, and expert knowledge.

This project aims to bridge that gap by leveraging advancements in technology to create a system
capable of accurately identifying tree species from images. Such a tool could have wide-reaching
applications for environmentalists, researchers, policymakers, and educators, providing a reliable and
scalable method for tree classification. By automating this process, the system reduces the dependency
on manual identification, which can be prone to error and subjectivity, while significantly increasing
efficiency.

Beyond aiding in biodiversity studies, this system can serve as a powerful resource for forest
management and urban planning. For instance, accurate identification can help monitor the health of
forests, detect invasive species, and assess the impact of environmental changes. Policymakers can use
the data to make informed decisions about conservation strategies, while researchers can gain deeper
insights into species distribution and interactions.

Additionally, this project contributes to raising public awareness about the importance of tree species
diversity. By making the system accessible through user-friendly platforms, such as mobile apps or
web interfaces, it encourages citizen science participation. This democratization of technology enables
individuals to actively contribute to conservation efforts, fostering a collective responsibility for
protecting the environment.

Ultimately, the motivation for this project lies in its potential to combine technological innovation with
environmental stewardship. By enhancing our ability to identify and understand tree species, we can
take meaningful steps toward preserving ecosystems, combating biodiversity loss, and promoting
sustainable development for future generations.

1.3 Objectives

The primary objectives of this project are designed to address key challenges in tree species
identification and contribute meaningfully to the fields of environmental science and computer vision.
These objectives include:

» To develop a robust image processing algorithm: The core aim is to create an algorithm
capable of accurately identifying individual tree species from photographs of leaves, bark, or other
distinguishing features. This algorithm will leverage advanced techniques, such as convolutional
neural networks (CNNs), to ensure reliability and adaptability across diverse environmental
conditions and species variability.

» To create a user-friendly interface: The project will focus on developing an intuitive interface
that allows users, including researchers, environmentalists, and policymakers, to upload images
and receive precise tree identification results. The interface will be designed to be accessible
across platforms, ensuring usability for both technical and non-technical users.

» To evaluate system performance: A critical aspect of the project is to rigorously evaluate the
performance of the developed system against existing tree identification methods. Metrics such as
accuracy, precision, recall, and computational efficiency will be used to assess its effectiveness.
Comparisons with traditional manual methods and other automated approaches will help identify
areas for improvement and validate the system’s reliability.

©Dadffodil International University 2



» To contribute to environmental science and computer vision: This project aims to expand the
body of knowledge in these fields by addressing challenges such as species similarity,
environmental noise, and noisy labels in datasets. The methodologies, findings, and results from
this study will provide valuable insights for future research and development in biodiversity
monitoring and machine learning applications.

These extended objectives align with the broader vision of utilizing technology for ecological
preservation and advancing research in the intersection of computer vision and environmental science.

1.4 Methodology

The methodology for this project involves a series of structured steps to ensure the successful
development and evaluation of an automated tree species identification system, covering the entire
project lifecycle from conceptualization to deployment with a focus on accuracy, reliability, and
usability. The project begins with a comprehensive literature review to explore existing research and
techniques in tree identification, image processing, and machine learning, examining both traditional
methods and modern approaches like convolutional neural networks (CNNs) and transfer learning to
identify gaps and establish a foundation for innovation. A diverse dataset of tree images, focusing on
leaves and bark, will be compiled from publicly available repositories, citizen science platforms, and
fieldwork, followed by preprocessing techniques such as resizing, normalization, and data
augmentation to improve dataset quality and robustness under varying environmental conditions.
Algorithm development will involve testing various image processing methods, including feature
extraction, to evaluate their effectiveness in distinguishing tree species, while advanced machine
learning models such as ResNetl01 and InceptionV3 will be fine-tuned using transfer learning for
enhanced performance, particularly with limited labeled data. Model training will involve iterative
processes to minimize loss and improve metrics like accuracy, precision, and recall, employing
regularization techniques like dropout and hyperparameter tuning to prevent overfitting and optimize
performance. The trained model will be integrated into a user-friendly system with a graphical user
interface (GUI) that allows users to upload tree images and receive identification results, ensuring
accessibility for researchers, environmentalists, and the general public. The system will be rigorously
evaluated using unseen data, performance metrics such as validation accuracy and confusion matrices,
and user feedback from researchers and conservationists to refine functionality and usability.
Following evaluation, the system will be prepared for deployment with potential applications in
ecological research, forest management, and education, designed with scalability for future integration
of features such as tree health and seasonal changes. Finally, a detailed report documenting the
methodology, findings, and system design will be prepared as a reference for future research and
development in tree species identification. By following this structured methodology, the project aims
to develop a reliable, accurate, and user-friendly system that contributes significantly to ecological
conservation and biodiversity research.

1.5 Project Outcome

The expected outcomes of this project include the development of a fully functional tree identification
system capable of accurately classifying tree species from images with high precision. This system is
envisioned to leverage advanced image processing and deep learning techniques, providing a scalable
and efficient solution for ecological monitoring and biodiversity assessment. Its ability to process large
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datasets and deliver reliable results will make it an invaluable tool for researchers, conservationists,
and policymakers.

Additionally, the project will produce a comprehensive report detailing the methodologies employed,
challenges encountered, and results obtained during the research. This document will serve as a critical
resource for future studies, offering insights into the application of machine learning in ecological
contexts and guiding subsequent advancements in tree identification systems.

The practical implications of this work are equally significant. By automating the process of tree
species classification, the system can support large-scale environmental conservation efforts, such as
forest management, invasive species control, and climate change studies. Moreover, the project’s
outcomes are expected to contribute to public awareness and engagement by enabling the broader
community, including citizen scientists, to participate in ecological monitoring.

In the long term, this research aims to foster innovation in environmental science and computer vision,
bridging the gap between technological advancements and ecological applications. It will lay the
foundation for future developments, such as integrating features for detecting tree health, seasonal
variations, and even real-time deployment for mobile and edge devices. By addressing pressing
environmental challenges, this project has the potential to create a meaningful impact on sustainability
and biodiversity preservation.

1.6 Organization of the Report

This report is organized into several chapters, each addressing a specific aspect of the tree species
identification project. The chapters are structured to guide the reader through the project’s
methodology, implementation, results, and conclusions.

Chapter 1: Introduction

The first chapter introduces the background and motivation behind the project, highlighting the
importance of tree species identification for ecological studies and conservation efforts. It also presents
the objectives, methodology, and expected outcomes of the project. The chapter concludes with an
overview of the report's organization.

Chapter 2: Background

This chapter provides a detailed review of existing literature and research related to tree species
identification, image processing, and deep learning. It identifies gaps in current methods and discusses
similar applications in related fields. The chapter sets the context for the project and establishes the
need for a more automated and accurate identification system.

Chapter 3: Research Methodology
Chapter 3 outlines the research methodology used in the project, describing the system design, data
collection, and the tools and techniques employed. It covers the functional and non-functional

requirements of the system, the model selection process, and the overall workflow of the project.
Diagrams and flowcharts are included to illustrate the system architecture and process.
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Chapter 4: Implementation and Results

This chapter details the implementation of the system, including environment setup, data preprocessing,
and model training. It discusses the performance of different models (ResNet50, ResNetlO1,
InceptionV3) based on testing results, including metrics like accuracy, loss, and validation. The chapter
provides a thorough discussion of the findings and compares the effectiveness of the models.

Chapter 5: Engineering Standards and Design Challenges

Chapter 5 focuses on the engineering standards adhered to throughout the project, including software,
hardware, and communication protocols. It also discusses the challenges faced during the project, such
as data quality, model optimization, and ethical considerations. This chapter highlights the social and
environmental impact of the system and its potential applications.

Chapter 6: Conclusion

The final chapter summarizes the key findings of the project, discusses its limitations, and suggests
areas for future work. It reflects on the contributions of the project to the field of tree species
identification and outlines potential improvements and additional features that could be incorporated
into the system.

This chapter-wise structure provides a comprehensive overview of the entire project, guiding the
reader from the initial concept to the final results and conclusions.
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Chapter 2

Background

2.1 Introduction

Accurate identification of individual trees is crucial for ecological, forestry, and conservation efforts. It
plays a vital role in biodiversity assessment, habitat management, and environmental monitoring,
providing essential data for sustainable forest management and conservation strategies. Understanding
tree species diversity helps track climate change effects, monitor forest health, and manage natural
resources effectively. However, traditional methods of tree identification, which rely on morphological
traits such as leaves, bark, and fruit, face challenges due to species similarities and environmental
variations. For example, subtle differences in leaf shape or size can lead to misclassification, even by
experts. Vijayashree and Gopal [1] highlighted the potential of image processing to overcome these
limitations, demonstrating improved accuracy in leaf-based plant authentication.

Advances in technology, particularly in machine learning and image processing, have revolutionized
tree species classification. Convolutional neural networks (CNNs) have become a powerful tool in
ecological research due to their effectiveness in pattern recognition. Chaki and Parekh [2] showed that
CNNs could use shape-based features like leaf morphology, edge, and contour to accurately identify
plant species. These methods address the complexity of visual recognition tasks, offering robust
solutions for ecological datasets. Despite their success, CNNs require large, labeled datasets for
training, which can be challenging to obtain.

Citizen science platforms like iNaturalist and Leafsnap provide a valuable source of tree images, but
their reliance on non-expert contributions introduces label noise. Mislabeling can degrade model
performance, leading to inaccurate predictions. Valliammal and Geethalakshmi [3] addressed this issue
by using hybrid methods that combine traditional image processing with machine learning to improve
recognition accuracy. Techniques like clustering and label correction were proposed to refine dataset
quality, ensuring more reliable model outputs.

Feature extraction also plays a critical role in improving classification performance. Attributes such as
leaf shape, texture, and color are crucial for differentiating between species. Kaur and Kaur [4]
emphasized the importance of combining these features to create comprehensive datasets, enhancing
the accuracy of machine learning models. Shape descriptors, in particular, have proven effective, as
demonstrated by Yahiaoui et al. [5], who showed that combining shape, texture, and color features
with CNNs improves accuracy and robustness across varied ecological environments.

Transfer learning further enhances tree species identification by adapting pre-trained models to specific
tasks. This approach is especially valuable for smaller datasets or related classification problems. Kaur
and Kaur [4] discussed how transfer learning leverages knowledge from general plant recognition tasks
to improve tree species classification, achieving high performance with reduced computational effort.
Together, these advancements highlight the potential of combining CNNs, feature extraction, and
transfer learning to develop robust, scalable tree identification systems.

©Dadffodil International University 6



2.2 Literature Review

Tree species identification is a critical task in environmental science, forestry, and conservation.
Traditional methods rely on manual identification, which can be time-consuming, labor-intensive, and
prone to human error. Recent advancements in computer vision and deep learning have opened new
avenues for automating this process, offering improved accuracy and efficiency.

Traditional Methods and Their Limitations

Manual tree identification often relies on morphological features, such as leaf shape, bark texture, and
branching patterns. While effective in certain contexts, these methods are highly dependent on expert
knowledge and are often challenged by inter-species similarities and environmental variations [1].
Vijayashree and Gopal (2015) explored image processing techniques for leaf-based plant identification,
demonstrating improvements over manual methods but still requiring extensive feature extraction and
manual preprocessing [2].

Deep Learning in Tree Species Identification

Deep learning, particularly convolutional neural networks (CNNs), has revolutionized image-based
classification tasks. Mohanty et al. (2016) showcased the potential of CNNs in plant disease detection
using leaf images, achieving remarkable accuracy and paving the way for their application in broader
ecological studies [3]. Similarly, Carpentier et al. (2018) applied CNNs to bark image classification,
illustrating their ability to capture complex textures and patterns unique to different tree species [4].

Transfer learning has further enhanced the performance of CNNs in ecological research. By fine-
tuning pre-trained models like ResNet and Inception, researchers have significantly reduced training
times while maintaining high accuracy. For instance, Selda et al. (2017) utilized support vector
classifiers (SVCs) combined with image processing for plant identification, highlighting the potential
of machine learning in automating classification tasks [5].

Challenges with Data and Labels

One of the primary challenges in applying deep learning to tree species identification is the quality of
datasets. Noisy labels, often introduced through citizen science platforms, can degrade model
performance. Valliammal and Geethalakshmi (2011) addressed this issue by combining traditional
image processing methods with machine learning to improve classification despite noisy datasets [6].
Yahiaoui et al. (2012) emphasized the importance of feature extraction techniques, such as leaf shape
descriptors, to enhance classification accuracy in the presence of complex data [7].

Integration of Image Processing and Machine Learning

The integration of advanced image processing with machine learning has shown promising results in
improving classification accuracy. Chaki and Parekh (2011) highlighted the role of shape-based
features and CNNs in plant species classification, demonstrating the robustness of these techniques in
handling diverse datasets [8]. Such approaches ensure the system's adaptability to varied
environmental conditions and species characteristics.

Future Directions
While existing research underscores the potential of CNNs and transfer learning in tree species
identification, there remains a need for systems that are scalable and user-friendly. Future studies could
focus on real-time deployment, integrating features for detecting tree health or seasonal changes, and
utilizing mobile or edge devices for field applications.
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Table 2.1: Summary of Literature Reviewed.

Author Year | Title Methodology Key Findings
()
Serdar 2018 Semi-automatic Decision trees and | Likely found that decision
Selim et Tree Detection SVMs trees and support vector
al.[12] from Images of machines (SVMs) are
Unn'lanned.Aerlal effective classifiers for tree
Vehicle Using ies identification from
Object-Based specles 16ell .
Image Analysis bark images, partu?ularly
Method when combined with
convolutional neural
networks.
Mathieu 2018 | Tree Species CNNs with transfer | Likely demonstrated that
Carpentier Identification from | learning CNNs with transfer learning
etal.[11] Bark Images Using effectively enhance tree
Convolutional detection in images taken
Neural Networks from  unmanned  aerial
vehicles, leveraging object-
based  image  analysis
methods.
Jianping Fan| 2015 | Hierarchical Relied on manual | A likely key finding is that
et al.[13] Learning of Tree | feature extraction | hierarchical learning of tree
Classifiers for classifiers for large-scale
Larg@—Scale Plant plant species identification
Sp ceies can be effective but heavily
Identification .
relies on manual feature
extraction, which may limit
scalability or automation.
Jesse Dave | 2017 |Plant Identification | SVC(Support Likely demonstrated that
S. Selda et By Image Vector Classifier) | support vector classifiers
al.[14] Processing of (SVCs) are effective for
LeafVeins. plant identification through
image processing of leaf
veins, emphasizing the
importance of vein patterns
in classification.
Z.Zhang, Y.| 2019 |Plant species Convolutional Neural [Demonstrating the
Wei, and H. identification using Networks (CNN) offectiveness of CNNs for
Li[6] deep learning with handling complex and diverse
large-scale leaf ccological data.
datasets
L 2012 |Leaf shape Convolutional Neural [The paper demonstrates the
Yahiaoui, descriptor for tree  [Networks (CNNs) effectiveness of a leaf shape
0. species descriptor for accurate tree
Mzoughi, identification species identification.
[5]
A. Kumar, | 2019 |Edge-based Support Vector Edge-based detection|
P. detection and Machines (SVMs) effectively  identifies  tree
Sharma[9] identification of tree species using aerial images.

species using aerial

images
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2.2.1 Similar Applications

Several applications have emerged that utilize image processing and computer vision for plant
identification, showcasing the transformative potential of these technologies in ecological studies. For
instance, projects like PlantNet and LeafSnap have successfully implemented algorithms to identify
plant species based on leaf images, combining advanced image recognition techniques with user-
friendly interfaces. PlantNet, a collaborative citizen science project, leverages large datasets of plant
images to enable accurate identification and has been instrumental in promoting biodiversity
monitoring [1]. Similarly, LeafSnap uses computer vision algorithms to classify tree species based on
photographs of leaves, demonstrating how mobile and digital platforms can make plant identification
accessible to the general public and researchers alike [2].

These applications highlight the role of convolutional neural networks (CNNs) and transfer learning in
improving species identification. By training models on extensive datasets, these systems can
recognize intricate features, such as leaf shape, texture, and venation patterns, that are often missed by
traditional methods [3]. For example, Mohanty et al. (2016) showed how CNNs could achieve high
accuracy in classifying plant diseases from leaf images, illustrating the broader applicability of similar
techniques for plant and tree identification [4].

Moreover, these applications demonstrate the potential for public engagement in ecological research.
By enabling users to upload images and contribute to growing datasets, platforms like PlantNet and
LeafSnap foster citizen science participation. This crowdsourced approach not only enriches datasets
but also raises awareness about plant and tree species diversity [5]. However, as Valliammal and
Geethalakshmi (2011) pointed out, the reliance on non-expert contributions introduces challenges like
noisy labels, which can impact the accuracy of machine learning models [6].

Despite these challenges, the success of such applications underscores the potential of image
processing and computer vision in advancing ecological research. As techniques improve, future
systems could expand their capabilities to include additional features like real-time species
identification, health assessment, and integration with GIS platforms for spatial analysis, further
enhancing their value for conservation and biodiversity monitoring [7].

2.2.2 Related Research

Research in computer vision has significantly advanced, offering solutions to challenges in various
fields, including agriculture, ecology, and biodiversity conservation. In recent years, convolutional
neural networks (CNNs) have emerged as powerful tools for plant species classification, showing high
accuracy and efficiency. For instance, Mohanty et al. (2016) demonstrated the potential of deep
learning models in classifying plant leaf images with remarkable accuracy, highlighting the
transformative impact of such technologies in agriculture [1]. Similarly, Chaki and Parekh (2011)
explored the use of CNNs combined with shape-based features for plant leaf recognition, emphasizing
the model's ability to analyze intricate morphological characteristics [2].

In the context of tree identification, researchers have begun to extend these methods to bark and leaf
images. Carpentier et al. (2018) used CNNs to classify tree species based on bark textures, achieving
high performance and demonstrating the adaptability of deep learning in ecological studies [3].
Furthermore, Vijayashree and Gopal (2015) showed how image processing techniques, such as edge
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detection and feature extraction, could be applied to classify plant species with improved accuracy,
setting the stage for more automated systems [4].

Another critical advancement comes from integrating transfer learning into these models. Transfer
learning, where pre-trained models are fine-tuned for specific tasks, has proven effective in reducing
computational costs and improving performance on smaller datasets. Valliammal and Geethalakshmi
(2011) demonstrated this approach in plant species recognition, combining traditional methods with
deep learning to handle complex datasets effectively [5].

2.3 Gap Analysis

Despite the advancements in image processing techniques, there remains a gap in the specific
application of these methods to individual tree species identification. Most existing applications focus
on general plant identification or specific features like leaves, neglecting the comprehensive
identification of trees based on multiple characteristics. Vijayashree and Gopal (2015) emphasized that
leaf morphology alone may not be sufficient for accurate species identification due to environmental
variability and similarities among species[1].

This project addresses these limitations by developing a system that integrates diverse image inputs,
such as bark texture, leaf shape, and overall tree structure, to improve identification accuracy. Bark
texture, as demonstrated by Carpentier et al. (2018), provides a consistent feature for species
classification, even under varying environmental conditions[11]. Similarly, Yahiaoui et al. (2012)
highlighted the importance of precise shape descriptors, showing that leaf shape can be an effective
feature when paired with advanced recognition techniques like CNNs[5].

To further enhance accuracy, the system leverages transfer learning—a method where pre-trained
models are fine-tuned for specific tasks. Lee et al. (2021) demonstrated that transfer learning
significantly reduces computational requirements while maintaining high classification accuracy[7].
Additionally, combining multiple morphological features, as proposed by Kaur and Kaur (2012),
creates a more robust dataset, improving the system’s ability to handle complex variations across
species[4].

By integrating these diverse characteristics with advanced deep learning models such as ResNet50,
ResNet101, and InceptionV3, this project presents a holistic approach to tree identification. The
findings contribute to addressing the existing gaps in species identification methodologies and provide
a scalable solution for ecological monitoring and conservation efforts.

2.4 Summary

This chapter has outlined the significance of tree identification, emphasizing its crucial role in
environmental conservation, biodiversity monitoring, and ecological research. It has traced the
evolution of methods in this field, from traditional manual techniques to modern approaches leveraging
advancements in image processing and machine learning. The literature review highlights the strides
made in these technologies, showcasing their potential in automating and enhancing species
identification. However, the gap analysis reveals the limitations of existing systems, such as their focus
on general plant identification or reliance on singular features like leaves, rather than adopting a
holistic approach.
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Chapter 3
Research Methodology

The section describes in detail the systematic approach pursued in developing the CNN model, which
covers dataset collection, preprocessing, feature extraction, and training. The methodology puts in
place the use of advanced deep learning techniques for accurate and scalable tree identification.

3.1 Methodology

This chapter outlines the research methodology employed in the development of the tree identification
and classification system. The approach integrates various techniques from image processing and
machine learning to create a robust solution for identifying individual tree species from images. The
methodology is divided into several key components, including requirement analysis, system design,
and implementation.

3.1.1 Overview

The project begins with a thorough requirement analysis to identify the needs of potential users,
including environmentalists, researchers, and the general public. This initial phase ensures a deep
understanding of user expectations and the specific challenges they face in tree identification. Insights
from this analysis shape the design specifications, guaranteeing that the system aligns with user
requirements and delivers a seamless, intuitive experience.

The methodology of the project is comprehensive, encompassing several critical stages. It begins with
data collection, where high-quality images of leaves, bark textures, and overall tree structures are
gathered from diverse sources to build a robust dataset. These images undergo preprocessing
techniques, such as resizing, normalization, and augmentation, to enhance model training and
generalization. Following this, algorithm development focuses on leveraging advanced deep learning
architectures to extract intricate features from the image data.

System testing forms the next phase, where the developed models are rigorously evaluated using
metrics like accuracy and precision to identify strengths and areas for improvement. Throughout this
process, user feedback is integrated to refine the system, ensuring it meets the practical needs of its
target audience. By following this structured methodology, the project aims to deliver a highly accurate
and user-friendly tree identification system.
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3.1.2 Proposed Methodology
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Figure 3.1.2.1: This is a Methodology diagram
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3.2 Detailed Methodology

The methodology for this project is divided into six major phases to ensure a systematic approach to
achieving the objectives of tree species identification using deep learning:

Phase 1: Requirement Analysis

e Conduct a detailed analysis to identify the needs of stakeholders, such as environmentalists,
researchers, and the general public.

¢ Define the project scope, including the characteristics to be used for tree species identification,
such as bark texture, leaf shape, and overall tree structure.

e Document user expectations and create a system design specification ensuring usability and
effectiveness.

Phase 2: Data Collection and Preprocessing
Data Collection:

e Capture high-quality images of tree leaves, bark, and full tree structures from diverse
environments and lighting conditions.

e Use datasets from publicly available sources, ensuring diversity in tree species and
geographical coverage.

e Organize the collected data into labeled categories based on species.

Preprocessing:

Resize all images to a consistent resolution to ensure uniformity in training.
Apply normalization to adjust pixel intensity values, enhancing model learning.
Augment the dataset using transformations like rotation, flipping, and scaling to
improve model robustness.

Phase 3: Feature Extraction
e Use a combination of traditional and advanced feature extraction methods:

¢ Traditional Methods: Extract features such as texture (Gray Level Co-occurrence
Matrix), color histograms, and edge detection for analyzing leaf and bark patterns.

o Deep Learning Features: Use pre-trained CNN models like ResNet101 and
InceptionV3 for feature extraction. Fine-tune these models to extract intricate features
like vein patterns, bark ridges, and tree shapes.

Phase 4: Model Development

e Train and test multiple deep learning models, such as Faster R-CNN, ResNet101, and
InceptionV3, for tree species classification.

e Use transfer learning to leverage pre-trained weights for improved accuracy with limited data.

e Employ techniques like dropout, batch normalization, and data augmentation during training to
mitigate overfitting and enhance generalization.
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Phase 5: System Integration and Testing

o Integrate the trained models into a user-friendly interface that allows users to upload images
and receive species identification results.

e Test the system using evaluation metrics such as accuracy, precision, recall, and F1-score to
validate its performance.

e Perform real-world testing with diverse datasets to ensure reliability under varying conditions.

Phase 6: Feedback and Optimization

¢ Gather feedback from users, including environmentalists and researchers, to identify areas for
improvement.

e Optimize the system based on feedback, focusing on enhancing speed, accuracy, and user
experience.

e Incorporate additional features like suggestions for ecological or conservation efforts based on
identified tree species.

3.3 Architecture of CNN Model

This CNN architecture is designed for image classification. It begins with an input layer to process 2D
image data, followed by convolutional layers that extract spatial features using kernels. Each
convolution is paired with a ReLU activation function to introduce non-linearity. Max pooling layers
reduce feature map dimensions, retaining essential features while minimizing computational load. The
output of these layers is passed through fully connected dense layers, which combine learned features.
Finally, the softmax output layer produces class probabilities for the given image, enabling
classification.

0000000

0100010

0000000 ;
0001000 : ;
0 1 0 0 0 l 0 Convolution Pooling Flattening Yj
0011100 N ; Y
0000000 Y,

Input image Convolutional Layer Pooling Layer Dense Layer Output Layer

48 InterviewBit

Figure 3.3.1: Architecture of CNN Model

This architecture ensures efficient feature extraction and accurate predictions.
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3.4 Project Plan

The tree species identification project is planned with the following steps:

o Define Objectives: Develop an automated system for tree species classification using deep
learning, focusing on accuracy and efficiency.
e Determine Scope: Limit the project to leaf and bark-based classification; exclude fruit-based
or real-time applications for now.
o Identify Deliverables:
1. Trained deep learning models (e.g., ResNet101).
2. A functional system with a user-friendly interface.
3. Documentation of methodology and results.
e Create a Timeline: Schedule tasks from data collection to reporting, ensuring all phases are
allocated enough time.
e Resource Allocation: Use tools like Python, TensorFlow, and a GPU-enabled system (e.g.,
NVIDIA RTX 2060).
e Risk Assessment: Mitigate risks like poor data quality (use preprocessing), overfitting
(regularization), and time constraints (prioritize tasks).

This concise plan ensures smooth execution and clear deliverables.

3.5 Task Allocation

Data Collection and Preprocessing

* Collecting and preparing tree images (leaves and bark) for training.
Model Selection and Training

* Fine-tuning pre-trained models (ResNet101, ResNet50, Inception V3) on the dataset.
System Development

* Building the user interface and backend for image processing and classification.
Testing and Evaluation

* Testing system performance using metrics like accuracy and precision.
Documentation

* Preparing the final report and documenting project stages.

3.6 Summary

This chapter has detailed the research methodology employed in the development of the tree
identification system. By integrating data collection, image processing, and machine learning
techniques, the project aims to create a reliable tool for identifying individual tree species. The
subsequent chapters will present the implementation process and the results obtained from the system.
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Chapter 4

Implementation and Results

4.1 Environment Setup

The project was implemented in a controlled environment to ensure consistency and reliable results.
The setup included the following:

e Hardware:
A high-performance computer equipped with:

* CPU: Intel i7 or equivalent
= GPU: NVIDIA GeForce RTX 2060 or higher for faster CNN training

= RAM: 16 GB or more for smooth processing
e Software:

= Operating System: Windows 10
* Programming Language: Python 3.8
= Deep Learning Frameworks: TensorFlow and Keras for model development and training

* Image Processing Tools: OpenCV and PIL for preprocessing images

e Dataset:
The dataset included approximately 1250 images of tree leaves and bark, collected from diverse
sources. The images were organized by species and used for both training and testing to ensure
the model's accuracy and robustness.

This setup provided the computational power and tools needed to train and evaluate the deep learning
models effectively.

4.2 Performance Metrics

The performance of the three convolutional neural network models is summarized in Table

4.1 below:
Test Accuracy|| Training | Validation .
Model (%) Loss Loss Key Observations
ResNets0 |72 0.39 196 Effective but struggled with similar leaf
structures.
ResNet101 185 0.40 135 Best performance; captured intricate
features well.
. Good performance but slightly less
InceptionV3|73 130 1.38 accurate than ResNet101.
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4.3 Comparative Analysis

The comparative analysis for this tree identification project evaluates the performance of different deep
learning models, including ResNet50, ResNet101, and InceptionV3, in classifying tree species. Among
the tested architectures, ResNet101 achieved the highest accuracy of 85%, demonstrating its superior
ability to capture intricate features such as bark textures and leaf patterns. ResNet50, while efficient,
achieved an accuracy of 72%, showing limitations in handling species with similar visual traits.
InceptionV3 performed slightly better than ResNet50, with an accuracy of 73%, but struggled with
overfitting due to higher validation loss. These results highlight ResNet101 as the most reliable model
for this application, balancing feature extraction capabilities and generalization, while indicating
opportunities for further optimization, such as dataset expansion or incorporating additional
characteristics like tree shape.

4.4 Results and Discussion

The model performance was evaluated using three different convolutional neural network (CNN)
architectures: ResNet50, ResNet101, and InceptionV3. The results, including test accuracy, training
loss, and validation loss, are summarized below:

1. ResNet50:

¢ Test Accuracy: 72%
¢ Training Loss: 0.39
¢ Validation Loss: 1.26

Discussion: ResNet50 achieved a moderate test accuracy of 72%, indicating that the
model was able to generalize relatively well to unseen data. However, the validation loss
(1.26) is higher than the training loss (0.39), suggesting some degree of overfitting.
Despite this, ResNet50 remains a viable option for tree species identification due to its
relatively low training loss.

2. ResNetl101:

o Test Accuracy: 85%
¢ Training Loss: 0.40
& Validation Loss: 1.35

Discussion: ResNetl01 outperformed the other models with a test accuracy of 85%,
showing that it achieved the highest generalization across the test set. The training loss
(0.40) and validation loss (1.35) are both slightly higher than those of ResNet50, indicating
a marginal increase in complexity, but the model still performs significantly better in terms
of accuracy. The higher validation loss may suggest that further optimization is needed to
minimize overfitting.
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3. InceptionV3:

o Test Accuracy: 73%
¢ Training Loss: 1.30
¢ Validation Loss: 1.38

Discussion: InceptionV3 showed a test accuracy of 73%, which is slightly better than
ResNet50, but lower than ResNet101. The training loss (1.30) and validation loss (1.38)
were higher than those of both ResNet models, indicating that the InceptionV3 model
struggled more with overfitting. It still performs reasonably well but is not as efficient as
ResNet50 and ResNet101 for this particular task.

4.4.1 Confusion Matrix

The confusion matrix highlights the model's performance in classifying tree species. Accurate
predictions are prominent along the diagonal, with species like Kalanchoe pinnata M (19) and
Jackfruit F (14) showing high precision. However, some misclassifications, such as Holy Basil M
being confused with Neem M (5), indicate challenges in distinguishing visually similar species.

Confusion Matrix
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4.4.1.1: Confusion Matrix
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This analysis helps identify strengths and areas for improvement in the model's classification
capabilities.

4.4.2 Loss & Validation Accuracy Curve

The loss and accuracy curves provide insights into the model's training and validation performance
over epochs. The loss curve shows a steady decrease in training loss, indicating effective learning,
while the validation loss fluctuates initially before stabilizing, suggesting some early overfitting that
improves later. The accuracy curve demonstrates consistent growth in validation accuracy, reaching
approximately 70% by the 9th epoch, highlighting the model's ability to generalize better with
additional training.

Loss Curve Validation Accuracy Curve

—&— Train Loss 0.7 4 —® Validation Accuracy
- Validation Loss

0.6 1

Loss
Accuracy

2 ¢ X 0.3

0.2 4

T T T T T T T T T T
0 2 4 6 8 0 2 4 6 8
Epochs Epochs

4.4.2.1 Loss & Validation Accuracy Curve

These curves reflect a well-optimized training process with scope for further tuning to reduce
validation loss.

4.5 Summary

The environment setup, testing and evaluation processes, and performance metrics were discussed,
highlighting the effectiveness of the CNN models employed. The findings underscore the potential of
deep learning techniques in automating tree species identification, paving the way for future
applications in environmental monitoring and conservation efforts.
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Chapter 5

Engineering Standards and
DesignChallenges

5.1 Compliance with the Standards

5.1.1 Software Standards

The system adheres to established software engineering practices, including modular programming,
code versioning, and structured testing protocols. Pre-trained models like ResNet and Inception V3
were used, ensuring compliance with widely recognized frameworks and libraries such as TensorFlow
and PyTorch.

5.1.2 Hardware Standards

The hardware requirements were minimal, with the system optimized for standard computing resources.
The design ensures compatibility with modern processors and GPUs to support efficient model training
and inference.

5.1.3 Communication Standards

Efficient file handling and data communication protocols, such as JSON and RESTful APIs, were
implemented to ensure smooth interaction between the system components and user interface.

5.2 Impact on Society, Environment and Sustainability

5.2.1 Impact on Life

The project aims to simplify tree species identification, making it accessible to researchers, educators,
and conservationists, thereby enhancing awareness and understanding of biodiversity.

5.2.2 Impact on Society & Environment

By automating tree classification, the system supports forest monitoring, conservation, and ecological
research. It promotes sustainable practices by reducing reliance on manual methods that are resource-
intensive.

5.2.3 Ethical Aspects

The project ensures ethical use by promoting biodiversity conservation and providing tools for

educational purposes. The data used respects privacy and avoids environmental harm.
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5.2.4 Sustainability Plan

The system is designed for scalability and adaptability, allowing future integration of new features,
such as identifying tree health or seasonal changes. Optimizations for mobile and edge devices enable

sustainable, real-time applications.

5.3 Project Management and Financial Analysis

Table 5.1: Project Management

Project management is applying very carefully to complete the project perfectly and on time.
The project management is represented in given table.

Task Name

Planning

Theory Study

August

September | October

November

Dece
mber

Dataset
Collection

Implementatio
n

Methodologic
al Implement

Report
Writing

For this project I need small amount of cost but for implement it in realtime application in near future I

will need more money.Now, the cost until now is given in the table in below-

Table 5.2: Financial Analysis

SN | Components Cost (BDT)

1 Hardware (GPU, Computer, etc.) 2500

2 Software and Tools (TensorFlow, Keras, etc.) | 1500

3 Data Collection and Processing (Dataset 500
purchase, image capturing, preprocessing)

4 Model Training and Cloud Services (Server 1000
usage, model training costs)

5 Documentation and Report Writing 1500

6 Miscellaneous (Licenses, API usage, tools) 500

Total Cost 7500
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5.4 Complex Engineering Problem

5.4.1 Complex Problem Solving

In this section, provide a mapping with problem solving categories. For each mapping add
subsections to put rationale (Use Table 5.1). For P1, you need to put another mapping with
Knowledge profile and rational thereof.

Table 5.3: Mapping with complex problem solving.

EP1 EP2 EP3 EP4 EP5 EP6 EP7
Dept of Range Depth of | Familiarity| Extent of | Extent Interdepende
Knowledge | Of Analysis | of Issues | Applicable | Of Stake- nce
Conflicting Codes holder
Requirements Involvement
v v v v
Rationale for Mapping:

Dept of Knowledge (EP1): The knowledge required for solving the problem comes from
fields such as image processing, deep learning, and ecological research. The use of
convolutional neural networks (CNNs) and image processing libraries (like TensorFlow, Keras,
OpenCV) is key in addressing the problem of tree species identification.

Range of Conflicting Requirements (EP2): The project has high conflicting requirements.
On one hand, we need accurate and high-quality data (images), while on the other hand, we
must ensure the computational efficiency of models. The need for diverse and clean datasets
for tree species identification may conflict with the necessity for faster training models.

Extent of Applicable Codes (EP5): The project requires adherence to machine learning best
practices, coding standards, and legal frameworks, such as privacy concerns regarding the use
of publicly available datasets and the ethical use of technology in environmental conservation.
Interdependence (EP7): There is significant interdependence between various components of
the system, such as data preprocessing, feature extraction, and model training. If one
component is not optimized, it could affect the overall performance of the identification
system.

Mapping with Knowledge Profile for EP1

Map the EP1 to the Knowledge Profile.

Table 5.4: Mapping with knowledge Profile.
K3 K4 K5 K6 K8
Engineering Specialist Engineering Engineering Research
Fundamentals | Knowledge Design Practice Literature
v v v v v
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K3 - Engineering Fundamentals:

e The foundational knowledge of algorithms, image processing basics, and general computing
principles supports the implementation of image recognition tasks. The project requires
moderate knowledge in areas like data structures, algorithms for image processing, and
understanding fundamental concepts of deep learning models.

K4 - Specialist Knowledge:

e Specialized knowledge in CNNs, image preprocessing, feature extraction, and model training
is essential for developing a robust tree species identification system. Advanced understanding
of these areas ensures the correct application of machine learning techniques for plant
classification.

KS - Engineering Design:

o The engineering design aspect involves designing and optimizing machine learning models
(CNNs) for tree identification. This includes tasks such as tuning model parameters, feature
selection, and ensuring computational efficiency to handle large datasets.

K6 - Engineering Practice:

e The project demands practical implementation of image processing and machine learning
techniques, applying knowledge in real-world settings. The system must handle large datasets,
deal with noisy labels, and integrate with other systems for deployment.

K8 - Research Literature:

¢ Analyzing and understanding current research literature is critical for staying updated on the
latest advancements in tree species classification, deep learning techniques, and the application
of CNNs to ecological problems. Research papers offer insights into methodologies, existing
challenges, and potential solutions.

5.4.2 Engineering Activities

In this section, provide a mapping with engineering activities. For each mapping add
subsections to put rationale (Use Table 5.3).

Table 5.5: Mapping with complex engineering activities.

EA1l EA2 EA3 EA4 EAS
Range of Level of Innovation Consequences Familiarity
re- Interaction for society and
sources environment
v v
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Range of Resources (EA1): The project requires high computational resources, particularly for
training CNNs on large datasets. The need for diverse datasets also makes resource management
crucial to the project’s success.

Consequences for Society and Environment (EA4): The system’s potential to automate tree species
identification can greatly enhance conservation efforts, reduce human labor, and allow for more
extensive monitoring of ecosystems, thus having positive environmental impacts.

5.1 Summary

This chapter outlined the compliance with engineering standards, societal and environmental impacts,
and the strategies employed to address complex challenges. The project demonstrates how engineering
principles can be applied to develop sustainable solutions for environmental conservation.
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Chapter 6

Conclusion

6.1 Summary

The primary goal of this project was to develop a robust deep learning-based system for the
identification and classification of tree species using images of their leaves and bark. The study
employed three state-of-the-art convolutional neural network (CNN) models: ResNet50, ResNet101,
and InceptionV3. The models were trained and tested on a diverse dataset, which included images of
various tree species captured under different conditions.

The results indicated that the ResNetlOl model achieved the highest test accuracy of 85%,
demonstrating its effectiveness in capturing intricate features and patterns in the images. The findings
underscore the potential of deep learning techniques in automating tree identification, which can
significantly benefit environmental monitoring, agriculture, and forestry management.

6.2 Limitation
Despite the promising results, several limitations were identified in this study:

1. Dataset Size: While the dataset was diverse, it may not have been large enough to capture the
full variability of tree species. Some species with fewer images were more prone to
misclassification.

2. Model Complexity: The complexity of the models, particularly ResNetl01, may lead to
longer training times and require more computational resources. This could limit accessibility
for users with less powerful hardware.

3. Environmental Factors: The models were trained on images taken under specific conditions.
Variations in lighting, background, and image quality in real-world scenarios could affect
classification accuracy.

6.3 Future Work

To enhance the effectiveness and applicability of the tree identification system, several avenues for
future research can be pursued:

Dataset Expansion: Future work should focus on expanding the dataset to include more images
of underrepresented species and capturing images under various environmental conditions. This
will improve the model's ability to generalize and reduce misclassification rates.

1. Model Optimization: Exploring model optimization techniques, such as pruning or

quantization, could help reduce the computational load and improve inference times without
significantly sacrificing accuracy.
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2. Integration of Additional Features: Incorporating additional features, such as geographical
data or seasonal variations, could enhance the model's predictive capabilities and provide more
context for tree identification.

3. Deployment in Real-World Applications: Future research should also focus on deploying the
developed system in real-world applications, such as mobile apps for tree identification by
users in the field. This could facilitate citizen science initiatives and promote public
engagement in environmental conservation.

4. Incorporation of Other Modalities: Investigating the use of other modalities, such as bark
texture or tree shape, in conjunction with leaf images could further improve classification
accuracy and robustness.
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