A DEEP TRANSFER LEARNING BASED APPROACH TO DETECT
MEDICINAL PLANTS

BY

SURAIA MUM
ID: 212-15-4091

This Report Presented in Partial Fulfillment of the necessities for the Degree of
Bachelor of Science in Computer Science and Engineering

Supervised
By

Naznin Sultana
Associate Professor
Department of CSE

Daffodil International University

*
Daffodil International University

DAFFODIL INTERNATIONAL UNIVERSITY DHAKA, BANGLADESH
DHAKA, BANGLADESH

16 July 2024



APPROVAL

This Project titled “A Comparative Analysis Of A Deep Transfer Learning Based Approach To
Detect Medicinal Plants™, submitted by Suraia Mum 212-15-4091 to the Department of Computer
Science and Engineering, Daffodil internationai University, has been accepted as satisfactory for
the partial fulfiliment of the requirements for the degree of B.Sc. in Computer Science and
Engineering and approved as to its style and contents. The presentation has been held on
16/07/2024.

BOARD OF EXAMINERS

= ) g
b Chairman

Dr. S.M Aminul Haque (SMAH)

Professor and Associate Head

Department of Computer Science and Engineering
Faculty of Science & Information Technology
Daffodil International University

Internal Examiner

Dr. Arif Mahmud (AM)

Associate Professor

Department of Computer Science and Engineering
Daffodil International University

4

Md. Sazzadur Ahamed (SZ)

Assistant Lecturer

Department of Computer Science and Engineering
Daffodil International University

N

Internal Examiner

External Examiner

Dr. Md. Arshad Ali (DAA)

Professor

Department of Computer Science and Engineering

Hajee Mohammad Danesh Science and Technology University

©Daffodil International University i

©Daffodil International University



DECLARATION

I hereby declare that, this project has been done by us under the supervision of Naznin Sultana,
Associate Professor, Department of CSE Daffodil International University. I also declare that
neither this project nor any part of this project has been submitted elsewhere for award of any

degree or diploma.

Supervised by:
Naznin Sultana
Associate Professor

Department of CSE
Daffodil International University

Submitted by:

My

Suraia Mum

ID: 212-15-4091

Department of CSE

Daffodil International University

©Daffodil International University

©Daffodil International University



ACKNOWLEDGEMENT

First, I express my heartiest thanks and gratefulness to almighty God for His divine blessing makes

me possible to complete the final year project/internship successfully.

| really grateful and wish my profound my indebtedness to Naznin Sultana, Associate Professor,
Department of CSE Daffodil International University, Dhaka. Deep Knowledge & keen interest of
my supervisor in the field of “Artificial Intelligent” to carry out this project. His endless patience,
scholarly guidance, continual encouragement, constant and energetic supervision, constructive
criticism, valuable advice, reading many inferior drafts and correcting them at all stage have made

it possible to complete this project.

I would like to express our heartiest gratitude to Naznin Sultana, Department of CSE, for his kind
help to finish my project and also to other faculty member and the staff of CSE department of
Daffodil International University.

| would like to thank my entire course mate in Daffodil International University, who took part in
this discuss while completing the course work.

Finally, I must acknowledge with due respect the constant support and patients of my parents.

iii
©Daffodil International University



ABSTRACT

The identification of medicinal plants plays a crucial role in healthcare, particularly in countries
like Bangladesh, known for a rich diversity of medicinal flora. However, the accurate recognition
of these plants remains a challenge for many. To address this, a novel mobile application is
proposed, leveraging the Android platform for the user interface and employing machine learning
techniques for image processing and plant identification. This application aims to assist individuals
in accurately identifying various medicinal plants, thereby contributing to widespread accessibility
of valuable botanical knowledge. The integration of machine learning algorithms will enable users
to capture plant images, which will be processed and matched against an extensive database,
providing users with real-time identification results. This initiative holds the potential to benefit a
broad spectrum of users, including healthcare professionals, researchers, and the general public,
thereby fostering a deeper understanding and utilization of the diverse array of medicinal plants
indigenous to Bangladesh. This paper proposes a machine learning technique to detect Alzheimer's
disease in Bangladesh. The proposed system comprises of three components. First, a set of
demographics, clinical and laboratory data are collected from web. This data is then pre-processed

using feature selection and normalization techniques.
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CHAPTER 1

Introduction

1.1 Introduction

The use of medicinal plants as a source of therapeutic compounds has been integral to human
healthcare for millennia, spanning diverse cultures and traditions worldwide. However, the
identification and classification of these botanical resources present significant challenges, often
requiring specialized knowledge and time-consuming manual efforts. In the era of machine
learning and artificial intelligence, there exists a promising opportunity to revolutionize this
process through automated image recognition techniques.

Machine learning, particularly deep learning, has demonstrated remarkable capabilities in various
domains, including computer vision. Deep neural networks, with their ability to learn hierarchical
representations directly from data, offer a powerful framework for image classification tasks.
Transfer learning, a technique where knowledge gained from solving one task is leveraged to
tackle a related problem, extends the applicability of deep learning models to scenarios with
limited labeled data.

This thesis explores the application of transfer learning in conjunction with machine learning for
the detection and classification of medicinal plants from images. By harnessing the knowledge
embedded in pre-trained neural network architectures, we aim to develop a robust and efficient
system capable of accurately identifying medicinal plant species based on visual characteristics
captured in images.

The significance of this research lies in its potential to overcome the barriers associated with
manual plant identification, such as the need for botanical expertise and the time-intensive nature
of traditional methods. By automating the process through machine learning techniques, we seek
to expedite the identification of medicinal plants, facilitating their integration into modern
healthcare practices and biodiversity conservation efforts.

In this introductory chapter, we outline the objectives of the study, review pertinent literature on
medicinal plant identification, machine learning, and transfer learning techniques, and provide an
overview of the methodology employed. Subsequent chapters will delve into the experimental
setup, results analysis, and discussion of findings, culminating in conclusions and avenues for

future research.
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Through this investigation, we aim to contribute to the intersection of machine learning,
biodiversity conservation, and traditional medicine, paving the way for advancements in
automated plant identification and enhancing our understanding of the medicinal properties

inherent in botanical resources.

1.2 Motivation

The motivation behind implementing machine learning for identifying medicinal plants in
Bangladesh is to democratize botanical knowledge. By leveraging innovative technology, this
project seeks to empower users in recognizing and utilizing the rich diversity of medicinal flora.
The aim is to bridge the gap in plant identification, fostering a deeper understanding of the valuable
resources within the country. Ultimately, the project strives to benefit healthcare, research, and

public awareness, unlocking the potential of Bangladesh's natural resources.

1.3 Rational of Study

1. Complexity of Plant Identification: Identifying medicinal plants accurately can be challenging
due to the vast diversity of plant species and their subtle visual differences. Traditional methods
often require botanical expertise, which may not be readily available or practical in various
settings.

2. Richness in Visual Information: Medicinal plants exhibit unique visual features such as leaf
shape, color, texture, and other morphological attributes that can be effectively captured through
image analysis.
3. Availability of Image Datasets: With the proliferation of digital image repositories and
datasets, there's a wealth of annotated images of medicinal plants available for training deep
learning models.
4. Transfer Learning for Small Datasets: Transfer learning allows us to leverage the knowledge
gained from training deep learning models on large-scale datasets (e.g., ImageNet) and adapt it to
new tasks with smaller datasets, such as identifying medicinal plants. This is particularly useful

when labeled data for specific plant species is limited.
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5. Potential for Automation: Developing an automated system for medicinal plant identification
can have significant implications for various fields including pharmacology, botany, and
traditional medicine. Such a system could expedite the process of plant identification, facilitate
quality control in herbal medicine production, and aid in biodiversity conservation efforts.
6. Integration with Mobile and Web Applications: A deep learning-based medicinal plant
identification system can be integrated into mobile apps or web platforms, allowing users to
identify plants on the go. This could empower herbalists, botanists, researchers, and even
laypersons with the ability to quickly and accurately identify medicinal plants.
7. Contribution to Conservation Efforts: Identifying medicinal plants accurately is crucial for
sustainable harvesting practices and conservation efforts. By facilitating rapid and accurate
identification, a deep learning-based approach can help ensure the responsible utilization and

conservation of medicinal plant resources.

8. Complexity of Medicinal Plant Identification: Identifying medicinal plants accurately can be
a complex task due to the vast diversity of plant species and the subtle differences in their visual
characteristics. Deep learning techniques have demonstrated remarkable capabilities in image
recognition tasks, making them a promising solution for automating plant identification processes.
In summary, a deep transfer learning-based approach offers a promising solution to the challenges
associated with medicinal plant identification, paving the way for automated, accurate, and

accessible tools for plant recognition and classification.

1.4 Research Questions
1. Effectiveness of Transfer Learning:

1. How effectively can pre-trained deep learning models be transferred and fine-tuned for the task

of medicinal plant detection?

2. What is the impact of different pre-trained models and transfer learning techniques on the

performance of medicinal plant detection?

2. Robustness to Environmental Factors:
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1. How does the performance of the model vary under different environmental conditions, such as

varying lighting conditions or background clutter?

2. Can the model accurately detect medicinal plants in field conditions, considering factors like

occlusions or partial views?
3. Ethical and Legal Considerations:

1. What are the ethical implications of deploying automated plant detection systems in natural
environments, particularly concerning privacy, data ownership, and potential environmental

impacts?

2. How can the use of such technologies be governed to ensure responsible and sustainable

utilization of medicinal plant resources?
1.5 Objective

Develop an efficient machine learning model for accurate identification of medicinal plants in
Bangladesh. Create a user-friendly interface for seamless plant image recognition and information
retrieval. Compile an extensive database of medicinal plants, their properties, and traditional uses.
Enable widespread access to botanical knowledge, benefiting healthcare and general awareness.
Foster a deeper understanding and utilization of Bangladesh's rich diversity of medicinal flora.

Transfer Learning:

- Assessing transfer and fine-tuning of pre-trained models for medicinal plant detection.

- Analyzing impact of different pre-trained models and techniques on detection performance.
Robustness to Environmental Factors:

- Evaluating model performance under varying lighting and background conditions.

- Assessing accuracy in field conditions with occlusions or partial views.

Scalability and Efficiency:

- Studying scalability for large-scale deployment considering computational resources and speed.
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- Implementing strategies for optimizing efficiency in real-time applications.

User Interaction and Feedback:

- Investigating end-user perception and interaction with deep learning-based detection systems.

- Addressing usability challenges and preferences in interface design and workflow integration.
Ethical and Legal Considerations:

- Examining ethical implications of deploying automated plant detection in natural environments.

- Developing governance strategies for responsible and sustainable use of medicinal plant

resources.

1.6 Expected Outcome

The research on a transfer learning approach to detect medicinal plants is anticipated to yield

several key outcomes:

Development of Robust Transfer Learning Models: The primary outcome of the research is the
development of robust transfer learning models capable of accurately detecting medicinal plants
from images. These models will leverage pre-trained deep learning architectures and transfer
learning techniques to effectively capture and leverage the complex visual features characteristic

of medicinal plants.

High Accuracy and Generalization Ability: The transfer learning models are expected to
demonstrate high accuracy and generalization ability in identifying medicinal plants across diverse
species and environmental conditions. By leveraging knowledge from pre-trained models and fine-
tuning on annotated datasets, the models will exhibit robust performance in real-world scenarios,

including variations in lighting, background clutter, and occlusions.

Reduction in Training Data and Computational Resources: One of the key benefits of transfer
learning is its ability to reduce the amount of labeled data and computational resources required

for model training. The research is expected to demonstrate significant savings in training time
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and data annotation efforts, making the approach more accessible and cost-effective for

practitioners and researchers.

Enhanced Accessibility to Plant Identification Tools: By developing automated transfer
learning models for medicinal plant detection, the research aims to enhance accessibility to plant
identification tools for a wide range of stakeholders, including healthcare professionals,
researchers, conservationists, and local communities. These tools will empower users with limited
botanical expertise to accurately identify medicinal plants and contribute to biodiversity

conservation and sustainable resource management efforts.

Contribution to Healthcare and Conservation: The research outcomes are expected to have
tangible benefits for healthcare and biodiversity conservation. Automated medicinal plant
detection systems can expedite the discovery of novel therapeutic compounds, inform drug
development processes, and contribute to the preservation of traditional medicine knowledge.
Additionally, these systems can aid in monitoring plant populations, assessing biodiversity
hotspots, and guiding conservation strategies aimed at protecting endangered species and

ecosystems.

Scientific Contributions and Knowledge Dissemination: The research findings will contribute
to the scientific understanding of transfer learning techniques applied to the domain of medicinal
plant detection. By documenting the methodology, experimental results, and insights gained from
the research, the outcomes will be disseminated through academic publications, conference
presentations, and knowledge-sharing platforms, fostering collaboration and further advancements
in the field.

In summary, the expected outcome of the research on a transfer learning approach to detect
medicinal plants includes the development of accurate, scalable, and accessible automated systems
with significant implications for healthcare, conservation, and scientific research. These outcomes
will contribute to the broader goal of harnessing technology to unlock the potential of medicinal

plants for the benefit of humanity and the environment.
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1.7 Project Management and Finance

Project-Management:

1. Objective Setting: Clearly define the research objectives, including the specific tasks involved
in developing the deep learning model, dataset creation, model training, evaluation, and
application development.

2. Timeline Development: Create a detailed timeline that outlines the duration of each phase of
the project, from data collection to model deployment. Set realistic deadlines for milestones and

monitor progress regularly.

3. Team Formation: Assemble a multidisciplinary team comprising experts in deep learning,
botany, data annotation, software development, and project management. Assign roles and

responsibilities to team members based on their expertise.

4. Communication Plan: Establish regular communication channels within the team to facilitate
collaboration and information sharing. Schedule weekly or bi-weekly meetings to discuss progress,

address challenges, and make decisions.

5. Risk Management: ldentify potential risks and challenges that may arise during the project,
such as data quality issues, computational resource constraints, or technical difficulties in model

development. Develop mitigation strategies to address these risks proactively.

6. Quality Assurance: Implement quality control measures to ensure the accuracy and reliability
of the research outcomes. This includes rigorous validation of annotated data, careful selection of

model architectures, and thorough evaluation of model performance.

7. Documentation: Maintain detailed documentation of all project activities, including data
collection protocols, model training procedures, software development processes, and

experimental results. This documentation aids in reproducibility and knowledge transfer.
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Finance:

To collect the dataset, | spent 20 thousand taka on transport and dataset collection.

1. Budget Development: Estimate the financial resources required for the research project,
including personnel salaries, equipment purchases or rentals, software licenses, travel expenses,

and other project-related costs.

2. Funding Acquisition: Identify potential sources of funding for the project, such as government
grants, industry partnerships, philanthropic organizations, or institutional funding opportunities.
Prepare grant proposals or funding applications outlining the research objectives, methodology,

expected outcomes, and budget requirements.

3. Budget Allocation: Allocate the available funds strategically to cover all project expenses while
staying within budget constraints. Prioritize expenses based on their criticality to the success of

the research project.

4. Expense Monitoring: Track project expenses regularly to ensure that spending aligns with the
budget plan. Implement mechanisms for monitoring expenses, such as expense reports, budget

reviews, and financial audits.

5. Financial Reporting: Prepare financial reports detailing the use of funds, including
expenditures, income, and any budget variances. Submit these reports to funding agencies or

stakeholders according to their reporting requirements.

6. Resource Optimization: ldentify opportunities to optimize resource utilization and reduce
project costs without compromising research quality. This may include seeking discounts on
equipment purchases, leveraging open-source software tools, or collaborating with other research

groups to share resources.

By effectively managing both project management and finance aspects, researchers can ensure the
successful execution of a deep transfer learning-based approach to detect medicinal plants and

achieve meaningful research outcomes within budget constraints.
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1.8 Report Layout

Methodology

1. Description of the transfer learning framework employed in the research.
2. Details of the dataset collection, preprocessing, and annotation process.
3. Explanation of model selection, architecture, and fine-tuning techniques.

4. Overview of the experimental setup and evaluation metrics.

Results
1. Presentation of experimental results, including model performance metrics.
2. Comparative analysis of transfer learning models with baseline methods.

3. Visualization of key findings, such as confusion matrices or ROC curves.
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CHAPTER 2

Background

2.1 Terminologies

This work is to redesign a model that can identify medicinal plants with efficiency using transfer
learning to integrate deep learning with image processing. This study employs three types of CNN,
VGG-16, , VGG19 and ResNet50 to determine the traits of the therapeutic plant species that make
them have distorted appearances. Such a collection contains over a hundred photographs
illustrating variations in medicinal and other plants. From them, the work is interested in the fact
of how effectively deep CNN models are trained in seeing all the pathologies that affect plants
used in production of medicine. Derived by subdividing the number of the samples which have
been successfully categorized by the total number of samples, it determines the accuracy of the
model. Models’ viability is additionally evident in their ability to distinguish between cases not
represented in their database. It may decide its model’s architecture with knowledge thanks to the
employment of recognized models in image classification like VGG-16 or VGG-19 with
ResNet50. As for the training data, the training data is separated into multiple pictures, which
makes it easier for the models to recognize more details regarding the patterns among plants and
associate them with the correct plants. While testing, the models are evaluated on the basis of their
accuracy and their capacity to recognize plants that have been recently developed and that are not
included in the training set. The risk management architecture that encompasses risk assessment,
risk analysis, and risk prevention tactics is applied to mitigate the challenges and risks experienced
in the whole implementation process. It aims at regulating the process of disease identification in
medicinal plants through acknowledging potential challenges and suggesting strategies to
overcome them. This method of studying medicinal plants is quite unique, and it is an excellent
example of how developments in artificial intelligent, such as deep learning and image processing,
can be utilized in agriculture and other industries. The vision of the project is to use the VGG-16,
VGG-19, and ResNet50 models and combine them to provide accurate and reliable information

needed for plant management and conservation of natural resources in agriculture.

10
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2.2 Literature Review

Introduction:

Medicinal plants have been used for centuries in traditional medicine systems for their therapeutic
properties. With the advancement of technology, automated systems for identifying medicinal
plants have gained attention. Among these, deep transfer learning has emerged as a promising
technique due to its ability to leverage pre-trained models and adapt them to new tasks with limited
labeled data.

With a minimum of eight input features, they were able to correctly identify leaves with an
accuracy of 94.4%. Their experiment shows that their CNN model yields a greater performance,
which is 97.47%. They also test performance with an SVM classifier. A brand-new dataset of
medicinal plants from Bangladesh is presented; it includes 37,693 photos of ten distinct species,
all of which belong to the same default class [1].

25,686 photos from 29 distinct species of medicinal plants make up the dataset utilised in this
investigation. The photos were gathered on the internet, herbaria, and botanical gardens, among
other places. A convolutional neural network (CNN), more precisely a VGG-16-based model, is
used in the suggested method. This CNN was trained using a dataset of 25,686 photos representing
29 different plant species. ImageNet is used to pre-train the VGG-16 model [2].
The medicinal species are categorised using the DL model. For this, we have opted to use the
MobileNet model. One popular technique for categorising photos is the CNN-based MobileNet
[17] methodology. Low-powered smartphones and desktop computers can employ the MobileNet
model since it requires less processing power than the conventional CNN technique [18].The DL
model scores 98.33, 97.36, and 99.32% for accuracy, recall, and precision, respectively [3].
Secondary data were gathered from several reputable websites and foreign publications. The plants
that have been utilised historically are very effective against a variety of infectious diseases
because they contain a variety of bioactive components. Native Americans believe these to be safe
because they have been using them for a long time. When it comes to prophylactic use, infectious
illness treatment, or prevention, people want to stick to native plants [4].

Six different kinds of leaves from medicinal plants—Tulsi, Peppermint, Bael, Lemon Balm,
Catnip, and Stevia—are stored in the dataset's base. Research on medicinal plants, environmental
challenges, and other topics benefits greatly from the classification of leaves. Feature extraction

followed by classifier training was a method previously employed by researchers [5].

11
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The performance of cutting-edge deep learning models, such as VGG16, ResNet50, DenseNet201,
InceptionV3, and Xception, is assessed in this work using a dataset of medicinal plants from
Bangladesh.We used various technologies to obtain the photos for our dataset. The Redmi Note 8,
which has a 13-megapixel camera and a pixel density of 409 ppi (pixels per inch), was one of the
smartphones used [6].

Our goal was to accurately classify different species of Bangladeshi medicinal plants, and we
achieved an impressive identification accuracy of 99%. The results of our developed system
demonstrate the effectiveness and potential of our algorithm for medicinal plant identification
applications [7].

Professionally, they worked as day labourers, farmers, housewives, medicine men, small business
owners, and betel leaf cultivators. Of them, 80 were men and 70 were women. During that time,
the research region was the subject of many field investigations. It was noted that the residents of
the Bangladeshi district of Dhaka, namely in the village of Genda under Savar Upizilla, had studied
medicinal ethnobotany. There are 73 known plant species, divided into 68 genera and 42 families,

that are utilised to treat 37 different ailments [8].

Surveys of possible plant variety and ethnobotany studies, researchers, students, and practitioners
have documented certain therapeutic plants through their investigation of Indonesia's diverse
regions. In this study, we suggest a smartphone application that uses an image of the leaves to
automatically identify medicinal plants [9].

2.3 Research Summary

Medicinal plants hold significant cultural and economic importance in Bangladesh, where
traditional medicine is widely practiced. Leveraging deep transfer learning, researchers aim to
automate the identification of medicinal plants indigenous to Bangladesh, aiding in conservation

efforts and pharmaceutical research.

This study employs deep transfer learning, adapting pre-trained neural networks to identify
medicinal plants from images. By fine-tuning these models on a specific dataset of plant images,
the approach achieves accurate classification results. This method offers a promising solution for

12
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automating plant detection, with potential applications in healthcare and biodiversity conservation.

1. Methodology: Deep transfer learning techniques involve fine-tuning pre-trained convolutional
neural networks (CNNs) on datasets comprising images of medicinal plants found in Bangladesh.
By leveraging pre-existing knowledge from large-scale datasets such as ImageNet, the model

learns to extract relevant features for plant classification.

2. Key Contributions: This approach addresses the scarcity of annotated data specific to
Bangladesh's medicinal flora by transferring knowledge from related domains. Through iterative
fine-tuning, the model optimizes its parameters to accurately classify indigenous medicinal plants,

even with limited labeled samples.

3. Challenges and Solutions: Challenges include domain shift between source datasets (e.g.,
ImageNet) and the unique characteristics of Bangladesh's medicinal plants. Domain adaptation
techniques, coupled with data augmentation strategies, enhance model generalization and mitigate

the effects of dataset scarcity.

4. Performance Evaluation: Performance evaluation metrics such as accuracy, precision, recall,
and F1-score assess the model's effectiveness in detecting medicinal plants indigenous to
Bangladesh. Comparative studies demonstrate the superiority of deep transfer learning over
traditional methods, particularly in handling the nuances of Bangladesh's plant species.

5. Future Directions: Future research should focus on expanding annotated datasets specific to
Bangladesh's medicinal flora, improving domain adaptation techniques tailored to the region's
biodiversity, and enhancing model interpretability for local stakeholders. Collaboration between
researchers, botanists, and traditional medicine practitioners is crucial for ensuring the relevance

and applicability of automated detection systems in Bangladesh.

Conclusion: A deep transfer learning-based approach holds promise for automating the detection
of medicinal plants in Bangladesh, contributing to biodiversity conservation, traditional medicine

preservation, and pharmaceutical research in the region. Continued research efforts, coupled with

13
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interdisciplinary collaboration, are essential for realizing the full potential of this technology in the

context of Bangladesh's rich botanical heritage.

2.4 Tools and Software

To implement a deep transfer learning-based approach for detecting medicinal plants, | can use:
Python: Primary programming language. Python is the primary programming language used in
the development of deep learning models due to its simplicity, readability, and extensive libraries.

It serves as the foundation for implementing algorithms, data preprocessing, and model evaluation.

TensorFlow or PyTorch: Deep learning frameworks

OpenCV: Image processing and computer vision

Pre-trained models (e.g., VGG, ResNet): Transfer learning base
GPU Acceleration (e.g., NVIDIA CUDA): Speed up training

Google Colab or Jupyter Notebooks: Interactive coding environment

2.5 Scope of the Problem

In Bangladesh, implementing a deep transfer learning-based approach to detect medicinal plants
faces various challenges rooted in the country's unique context. One significant challenge is the
limited access to reliable internet connectivity, especially in rural areas where many medicinal
plants are found. This poses obstacles to data collection, model training, and collaboration with

experts.

Preserving Bangladesh's botanical heritage is another critical aspect of the scope. The country
boasts a rich tradition of herbal medicine, with indigenous knowledge passed down through
generations. Integrating this traditional knowledge into the development of the detection system
requires careful consultation with local communities and traditional healers.
Furthermore, Bangladesh's environmental challenges, such as deforestation and habitat loss,
threaten the existence of many medicinal plant species. Efforts to conserve biodiversity and
promote sustainable harvesting practices are essential to ensure the long-term viability of
medicinal plants in the country.

14
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Collaboration with local experts, including botanists, ethnobotanists, and traditional medicine
practitioners, is vital for accurate plant identification and dataset annotation. However, limited
resources and infrastructure in some areas may hinder effective collaboration and data collection
efforts.

Addressing these challenges requires a multidisciplinary approach that considers technological,
cultural, environmental, and socioeconomic factors. By navigating these complexities, a deep
transfer learning-based approach has the potential to contribute significantly to the conservation

and sustainable use of medicinal plants in Bangladesh.

2.6 Challenges
e Limited annotated data.
e Domain adaptation from generic image datasets.
e Optimizing fine-tuning strategies.
e Handling variability in image quality and environmental conditions.
e Addressing species identification complexities.
e Integrating ethnobotanical knowledge.

e Ensuring model interpretability.

Limited Dataset Availability: Acquiring a comprehensive dataset of medicinal plant images
specific to Bangladesh can be challenging. Existing datasets may be small in size or lack diversity

in terms of plant species and environmental conditions, hindering the training of accurate models.

Regional Variation: Bangladesh's diverse geography and climate result in regional variations in
medicinal plant species. Ensuring that the deep learning models can generalize across different
regions of the country poses a challenge, requiring the inclusion of representative data from various

ecological zones.

Cultural and Traditional Knowledge Integration: Bangladesh has a rich tradition of herbal
medicine, with indigenous knowledge playing a significant role in medicinal plant identification
and use. Integrating this cultural and traditional knowledge into the development of the detection

system requires collaboration with local communities and traditional healers.

15
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Data Annotation and Quality: Annotating medicinal plant images with accurate labels, including
species names and medicinal properties, is essential for model training. However, ensuring the
quality and consistency of annotations can be challenging, particularly when dealing with a large

volume of data.

Ethical Considerations: Respecting indigenous knowledge, obtaining informed consent for data
collection, and ensuring equitable benefits for local communities are critical ethical considerations.
Balancing the benefits of technological advancements with the preservation of cultural heritage

and traditional practices is essential.

Infrastructure and Resource Constraints: Limited access to computational resources, such as
GPUs for model training, and expertise in deep learning techniques may hinder research efforts.
Addressing these infrastructure and resource constraints is necessary to facilitate the development

and deployment of deep transfer learning models in Bangladesh.

Environmental Conservation: Bangladesh's biodiversity is under threat due to deforestation,
habitat loss, and climate change. Efforts to conserve medicinal plant species and their habitats are
essential for the long-term sustainability of traditional medicine practices and biodiversity

conservation.

16
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CHAPTER 3

RESEARCH METHODOLOGY

3.1 Research Subject and Instrumentation

The research subject pertains to the implementation of a deep transfer learning-based approach for
the detection of medicinal plants, with a focus on Bangladesh. The objective is to develop and
optimize deep learning models capable of accurately identifying medicinal plant species from

image data. Here Include Methodology Diagram in Figure 3.1.

4 N\
Data collection and

Augmentation

!

Data Separation

I

Model Design

VGG 16 \ ResNet 50
[ VGG19 ]

l

Result Analysis

Fig 3.1: Methodology Diagram

Instrumentation for this research includes:

17
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Computational Resources: High-performance computing resources are necessary for training
deep learning models. This includes access to GPUs (Graphics Processing Units) or TPUs (Tensor

Processing Units) for accelerating model training and inference.

Deep Learning Frameworks: Frameworks such as TensorFlow, PyTorch, or Keras are essential
for building and training deep learning models. These frameworks provide tools for model

development, data preprocessing, and evaluation.

Pre-trained Models: Leveraging pre-trained models, such as VGG, ResNet, or Inception, is
crucial for transfer learning. These models, pre-trained on large-scale datasets like ImageNet, serve

as the basis for feature extraction and fine-tuning on medicinal plant datasets.

Image Dataset: A curated dataset of medicinal plant images specific to Bangladesh is necessary
for training and testing deep learning models. This dataset should encompass a diverse range of

plant species, captured under various environmental conditions and growth stages.

Annotation Tools: Tools for annotating image data with accurate labels, including plant species
names and medicinal properties, are essential for dataset preparation. Annotation tools may include

software platforms or manual annotation processes facilitated by domain experts.

Data Augmentation Techniques: Data augmentation techniques, such as rotation, scaling, and
cropping, are used to artificially increase the size and diversity of the training dataset. These

techniques help improve model generalization and robustness.

Evaluation Metrics: Metrics such as accuracy, precision, recall, and F1-score are used to evaluate
the performance of deep learning models for medicinal plant detection. These metrics assess the

model's ability to correctly classify medicinal plant species and minimize classification errors.

Collaborative Platforms: Collaborative platforms, such as Google Colab or GitHub, facilitate

collaboration among researchers and enable version control and sharing of code and datasets.
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3.2 Proposed Methodology
1. Dataset Acquisition:

Collect a diverse dataset of medicinal plant images from various sources, including botanical
gardens, herbariums, field surveys, and online databases. Ensure the dataset covers a wide range

of species and variations.
2. Data Preprocessing:

Clean and preprocess the collected images to standardize their size, resolution, and format.

Remove any artifacts or irrelevant background noise that may affect model performance.
3. Annotation and Labeling:

Annotate the preprocessed images with accurate labels, including plant species names and
medicinal properties. This step may involve manual annotation by domain experts or crowd

sourced labeling platforms.
4. Data Augmentation:

Apply data augmentation techniques to increase the diversity and size of the dataset. Techniques
such as rotation, flipping, cropping, and adding noise can help improve model robustness and

generalization.
5. Transfer Learning:

Select a pre-trained deep learning model, such as VGG, ResNet, or Inception, as the base
architecture for transfer learning. Initialize the model with weights trained on a large-scale dataset

like ImageNet.

6. Model Adaptation:

Fine-tune the pre-trained model on the annotated medicinal plant dataset. Train the model using
transfer learning techniques to adapt its learned features to the specific characteristics of medicinal

plant images.
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7. Hyperparameter Tuning:

Optimize hyperparameters such as learning rate, batch size, and optimization algorithms to
improve model convergence and performance. Use techniques like grid search or random search

to explore the hyperparameter space.
8. Model Evaluation:

Evaluate the performance of the trained model using appropriate metrics such as accuracy,
precision, recall, and F1-score. Split the dataset into training, validation, and test sets to assess

model generalization.
9. Cross-validation:

Perform cross-validation to validate the robustness of the model and ensure its performance

consistency across different subsets of the dataset.
10. Deployment and Integration:

Deploy the trained model into a practical application or platform for medicinal plant detection.
Integrate the detection system into existing workflows or develop standalone applications for

users.
11. Continuous Improvement:

Monitor the performance of the deployed model in real-world scenarios and gather feedback from
users and stakeholders. Use this feedback to iteratively improve the model and address any

shortcomings or limitations.
12. Ethical Considerations:

Ensure that the data collection, model development, and deployment processes adhere to ethical
guidelines. Respect cultural sensitivities, privacy rights, and intellectual property rights associated
with medicinal plant knowledge.

3.3 Data Collection Procedure
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The data collection procedure for gathering a diverse dataset of medicinal plant images involves

several steps:

Identify Target Plant Species: Determine the target medicinal plant species to be included in the
dataset. Consider factors such as the plant's medicinal properties, cultural significance, and

prevalence in the region.

Locate Sampling Sites: Identify sampling sites where the target plant species are known to grow.
This may include botanical gardens, herbal medicine centers, natural habitats, or rural communities

where traditional medicine practices are prevalent.

Field Surveys and Documentation: Conduct field surveys to locate and document the target plant
species in their natural habitat. Take high-resolution photographs of the plants, capturing various

angles, morphological features, and growth stages.

Herbarium and Botanical Collections: Access existing herbarium collections or botanical
databases to supplement the field-collected data. Obtain permission to use images and information
from these collections, ensuring proper attribution and compliance with ethical guidelines.

Online Databases and Resources: Explore online databases, repositories, and academic literature
for additional medicinal plant images and information. Verify the accuracy and reliability of the
data sources before including them in the dataset.

Data Aggregation and Compilation: Aggregate the collected images and associated metadata
into a centralized repository or dataset. Organize the data according to plant species, location, and

other relevant attributes for ease of access and management.

Quality Assurance and Validation: Validate the quality and accuracy of the collected images
and metadata. Verify the plant species identification and ensure consistency in labeling and

annotation. Address any discrepancies or errors through manual inspection or expert review.
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Ethical Considerations: Obtain necessary permissions and approvals for data collection,
particularly when accessing private properties or protected areas. Respect cultural sensitivities and

intellectual property rights associated with traditional medicinal knowledge.

Data Documentation and Attribution: Document the sources of the collected data and provide
proper attribution to contributors, including photographers, botanical experts, and indigenous
knowledge holders. Maintain detailed records of the dataset's composition, origins, and usage
rights.

Data Sharing and Accessibility: Consider making the collected dataset publicly accessible to
researchers, practitioners, and the general public. Share the dataset through open-access
repositories or online platforms, ensuring compliance with data sharing policies and licensing

agreements.

1. Arjun Leaf

Fig: 3.2 Arjun Leaf

2. Curry Leaf

Fig: 3.3 Curry Leaf
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3. Marsh Pennywort Leaf

4. Mint Leaf
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Fig: 3.4 Marsh Pennywort Leaf

Fig: 3.5 Mint Leaf
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5. Neem Leaf

6. Rubble Leaf

©Daffodil International University

Fig: 3.6 Neem Leaf

Fig: 3.7 Rubble Leaf
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3.4 Split the data

Training Set: The training set comprises the majority of the data and is used to train the deep
learning model. Typically, around 70-80% of the dataset is allocated to the training set. Ensure
that this subset contains a diverse representation of medicinal plant images, covering various

species, environmental conditions, and growth stages.

Validation Set: The validation set is used to evaluate the model's performance during training and
fine-tune hyper parameters. It helps prevent over fitting by providing an independent dataset for

model validation. Allocate around 10-15% of the dataset to the validation set.

Test Set: The test set is used to assess the model's performance after training and validation. It
provides an unbiased evaluation of the model's generalization ability on unseen data. Allocate the

remaining 10-15% of the dataset to the test set.

Ensure that the data split is stratified, meaning that each subset maintains the same proportion of
classes (i.e., medicinal plant species) as the original dataset. This helps ensure that the model is
trained, validated, and tested on a representative sample of the dataset.

Additionally, consider randomizing the data split to avoid introducing bias into the subsets.
Random shuffling of the dataset ensures that the data distribution is consistent across subsets and

reduces the risk of systematic errors during model training and evaluation.

3.5 Data Pre-processing

1. Image Resizing: Resize the images to a uniform size suitable for model input. This ensures
consistency in image dimensions and reduces computational complexity during training. Common

sizes for medicinal plant images are 224x224 or 256x256 pixels.
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2. Normalization: Normalize the pixel values of the images to a common scale, typically ranging
from O to 1. This standardization helps stabilize the training process and ensures that features have

a similar influence on model learning.

3. Data Augmentation: Apply data augmentation techniques to increase the diversity and
robustness of the dataset. Techniques such as rotation, flipping, cropping, zooming, and adjusting
brightness or contrast can simulate variations in real-world conditions and improve model

generalization.

4. Noise Reduction: Remove any irrelevant background noise or artifacts from the images that
may distract the model during training. This can involve applying filters or techniques such as

denoising to enhance image quality.

5. Color Space Conversion: Convert the images to a standardized color space, such as RGB (Red,
Green, Blue), if necessary. This ensures consistency in color representation across different images

and avoids color distortions during model training.

6. Data Balancing: Address class imbalance issues by balancing the distribution of classes (i.e.,
medicinal plant species) in the dataset. This can involve oversampling minority classes, under
sampling majority classes, or using techniques such as class weighting during model training.

7. Data Splitting: Split the preprocessed dataset into training, validation, and test sets according
to the predetermined split ratios. Ensure that the splits maintain the same distribution of classes as

the original dataset to avoid bias in model training and evaluation.

8. Data Format Conversion: Convert the preprocessed images and corresponding labels into a
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format compatible with the deep learning framework being used. Common formats include NumPy

arrays, Tensor Flow Dataset objects, or PyTorch Dataloader objects.

9. Data Serialization: Serialize the preprocessed dataset for efficient storage and retrieval during
model training and evaluation. This can involve saving the preprocessed images and labels to disk

using binary formats or compressed file formats like HDF5 or TFRecord.

3.6 Machine Learning

Using deep transfer learning for detecting medicinal plants involves leveraging pre-trained neural
network models, fine-tuning them on a dataset of medicinal plant images, and training them to
accurately classify these plants. This approach saves time and computational resources by building
upon existing knowledge encoded in pre-trained models, ultimately enabling efficient and accurate
detection of medicinal plants for various applications, such as biodiversity conservation and herbal
medicine research. Machine learning is a field of artificial intelligence where algorithms learn from
data to make predictions or decisions without being explicitly programmed. It involves training
models on labeled data to recognize patterns and make accurate predictions on new, unseen data.
These models are used in various applications such as image recognition, natural language
processing, recommendation systems, and more. Deep transfer learning for detecting medicinal
plants involves repurposing pre-trained neural network models, like VGG, ResNet, or Inception,
by fine-tuning them on a dataset of medicinal plant images. This technique allows the model to
leverage knowledge learned from large datasets to accurately classify medicinal plants, offering a
robust and efficient solution for identifying beneficial botanical species in diverse environments.

3.7 Algorithm Description
ResNet50
To implement a deep transfer learning approach for detecting medicinal plants using ResNet50,

start by collecting and preprocessing images of various medicinal plants, ensuring each image is
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accurately labeled. Use data augmentation techniques to increase the dataset's size and
variability.

Next, load the ResNet50 model pre-trained on ImageNet without the top layer and add custom
fully connected layers for classification. Initially, freeze the pre-trained layers of the ResNet50
model to retain the learned features and only train the new top layers. Compile the model with an
appropriate optimizer and loss function, then train it using the training dataset while validating
performance with a separate validation dataset.

Once the top layers are trained, gradually unfreeze some of the deeper layers of ResNet50 for

fine-tuning. Re-compile the model with a lower learning rate and continue training. Evaluate the

model's performance on a test set, and finally, save the trained model for future use. Ensure
continuous improvement by expanding the dataset and refining the model based on performance
metrics and feedback.

ResNet50 Model Architecture
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Fig: 3.8 Resnet50

VGG19

To implement a deep transfer learning approach for detecting medicinal plants using VGG19,
begin by collecting and preprocessing images of various medicinal plants, ensuring each image is

accurately labeled. Enhance the dataset through data augmentation techniques to increase size and
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variability. Load the VGG19 model pre-trained on ImageNet, excluding the top classification
layer, and add custom fully connected layers tailored for medicinal plant classification.
Initially, freeze the pre-trained layers of the VGG19 model to retain the learned features, training
only the newly added top layers. Compile the model with an appropriate optimizer and loss
function, then train it using the prepared training dataset, validating the performance with a
separate validation dataset. After the initial training, gradually unfreeze some of the deeper layers
of VGG19 for fine-tuning to better adapt the model to the specific task. Re-compile the model with
a lower learning rate and continue training. Evaluate the model's performance on a test set to ensure

its effectiveness, and save the trained model for future use.

This approach leverages VGG19's powerful feature extraction capabilities, customized for the task
of medicinal plant detection through transfer learning, and involves continuous dataset expansion

and model refinement based on performance metrics and feedback.
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Fig: 3.9 Vgg19

VGG16

To implement a deep transfer learning approach for detecting medicinal plants using VGG16, start
by collecting a diverse set of labeled images of various medicinal plants and apply data
augmentation to enhance the dataset. Load the VGG16 model pre-trained on ImageNet, excluding
its top classification layer, and add custom layers suited for classifying medicinal plants.

Initially, freeze the layers of the pre-trained VGG16 model to preserve the learned features and

29
©Daffodil International University



train only the newly added top layers. Compile the model with an appropriate optimizer and loss
function, and train it using the augmented training dataset while validating performance on a

separate validation set.

After training the top layers, gradually unfreeze some deeper layers of the VGG16 model for fine-
tuning, allowing the model to better adapt to the specific task. Re-compile the model with a lower
learning rate and continue training. Evaluate the model's performance using a test set to ensure its

accuracy and effectiveness, and save the trained model for future use.

This approach takes advantage of VGG16's robust feature extraction capabilities, fine-tuned for
medicinal plant detection, with continuous dataset expansion and model refinement based on

performance metrics and user feedback.
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3.8 Training the Algorithm

Training the algorithm involves teaching it to recognize patterns and make predictions based on
input data. In the case of machine learning, this typically involves providing the algorithm with
labeled examples (training data) and adjusting its internal parameters (weights) through an
optimization process to minimize the error between its predictions and the true labels. The training

process iteratively adjusts the parameters using techniques such as gradient descent until the
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algorithm achieves satisfactory performance on the training data. Once trained, the algorithm can

make predictions on new, unseen data.

3.9 Model Configuration

For the model configuration using ResNet50 for medicinal plant detection, start by loading the
ResNet50 model pre-trained on ImageNet, excluding its final fully connected classification layer.
Replace the excluded top layer with custom layers tailored to your specific classification task,
including a global average pooling layer, followed by a fully connected dense layer, and a softmax

output layer that corresponds to the number of plant species in your dataset.

Initially, freeze the layers of the ResNet50 base model to retain the pre-trained features, and train
only the newly added top layers. Compile the model using an optimizer such as Adam or SGD, set
an appropriate learning rate, and use categorical cross-entropy as the loss function due to the multi-
class nature of the classification task. Include metrics like accuracy to monitor training progress.
After training the top layers, gradually unfreeze some of the deeper layers in the ResNet50 base
model to allow fine-tuning, which helps the model adapt better to the specific dataset. Use a lower
learning rate during fine-tuning to make small adjustments to the weights, preserving the learned
features from the pre-trained model. Continue training while monitoring validation performance

to ensure the model does not overfit.

Evaluate the model on a separate test set to verify its accuracy and effectiveness in classifying
medicinal plants. Save the trained model for future use, including making predictions and potential
further training with additional data. This configuration leverages the robust feature extraction

capabilities of ResNet50, customized for medicinal plant detection through transfer learning.

3.10 Model Architecture

Main Components:
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1. Input Layer:
Accepts input images of fixed size, typically 224x224 pixels with three color channels (RGB).

Residual Blocks: These are the building blocks of ResNet50. Each block contains multiple
convolutional layers and shortcut connections that skip one or more layers. These shortcuts help
in addressing the vanishing gradient problem, allowing the model to be trained effectively even

with a large number of layers.

Global Average Pooling: After the convolutional layers, the global average pooling layer reduces
the spatial dimensions of the feature maps to a single vector per feature map. This helps in reducing

the number of parameters and providing a fixed-size output regardless of the input size.

Fully Connected Layers: Following the global average pooling layer, there are typically one or
more fully connected dense layers. These layers perform the final classification based on the

features extracted by the convolutional layers.

Output Layer:
The output layer is a dense layer with softmax activation, which outputs the probability distribution
over the classes. The number of units in this layer corresponds to the number of classes in the

classification task.

Training and Fine-Tuning: During training, the model is trained using gradient descent
optimization algorithms, such as stochastic gradient descent (SGD) or Adam optimizer, along with
a suitable loss function, such as categorical cross-entropy for multi-class classification tasks.
Fine-tuning involves adjusting the weights of the pre-trained ResNet50 model on a specific task
or dataset. This typically involves unfreezing some of the layers and training the entire model with

a lower learning rate to adapt the model to the new dataset.
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CHAPTER 4

EXPERIMENTAL RESULTS AND DISCUSSION

4.1 Experimental Setup

Table 4.2.1: Best Model Classification Report

Label name Precision Recall F1-Score Support
Arjun Leaf 1.00 1.00 1.00 22
Curry Leaf 0.89 1.00 0.94 17
Marsh Pennywort Leaf | 1.00 0.95 0.98 21

Mint Leaf 0.95 0.91 0.93 22
Neem Leaf 1.00 1.00 1.00 7
Rubble Leaf 1.00 1.00 1.00 27
Accuracy 0.97 116
Macro avg 0.97 0.98 0.98 116
Weighted avg 0.98 0.97 0.97 116

1. Data Preparation

1.1 Dataset Collection

Sources: Gather images from public databases, botanical gardens, field research, and user

submissions. Ensure a variety of plant parts and environmental conditions.

Quality and Quantity: Aim for high-quality images and a substantial number for each plant

species to ensure robustness.

1.2 Data Annotation

©Daffodil International University
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Accurate Labeling: Label each image with the correct plant species. This can be done by experts

or through crowdsourcing, ensuring high accuracy.

Metadata Inclusion: Record additional information like location, date, and plant part to enrich
the dataset.

1.3 Data Augmentation

Diversity: Apply transformations such as rotation, flipping, zooming, and color adjustments to

increase the diversity and robustness of the dataset.

Implementation Tools: Use tools like TensorFlow’s Image DataGenerator or similar libraries for

augmentation.
2. Model Training
2.1 Environment Setup

Hardware Requirements: Use a powerful GPU-enabled machine (e.g., NVIDIA Tesla V100) to
handle the computational demands of training.

Software Installation: Ensure all necessary software and libraries (TensorFlow, PyTorch, etc.) are
installed and configured properly.

2.2 Pre-trained Model Selection

Model Choice: Choose a pre-trained model such as ResNet50, InceptionVV3, or MobileNet based

on your performance and computational requirements.

Transfer Learning: Utilize the pre-trained weights from models trained on large datasets like

ImageNet.
2.3 Model Customization

Layer Modification: Replace the final fully connected layers of the pre-trained model with new

layers tailored to the specific number of plant species in your dataset.
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Freezing Layers: Initially freeze the convolutional base to retain learned features and only train

the newly added layers.
2.4 Training Process

Hyperparameter Tuning: Set initial learning rates, batch sizes, and epochs. Use a suitable

optimizer like Adam or SGD.

Training Strategy: Use data generators for efficient handling of large datasets during training and

validation.
2.5 Fine-Tuning

Gradual Unfreezing: Gradually unfreeze some deeper layers of the base model and continue

training with a reduced learning rate.

Early Stopping: Implement early stopping to prevent overfitting based on validation loss

improvement.

3. Model Evaluation

3.1 Metrics

Accuracy and Loss: Track overall accuracy and loss during training and validation.

Precision, Recall, F1-Score: Calculate these metrics to get detailed insights into the model's
performance, especially for imbalanced classes.

Confusion Matrix: Use a confusion matrix to visualize classification performance across different

plant species.
3.2 Validation

Dataset Split: Use a separate validation set (e.g., 20% of the dataset) to evaluate model

performance.
Cross-Validation: Optionally use k-fold cross-validation for a more robust evaluation.
4. Model Deployment
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4.1 Exporting the Model
Format: Save the trained model in a deployable format (e.g., TensorFlow SavedModel, ONNX).

Compatibility: Ensure the model is compatible with your deployment environment (e.g., cloud

service, mobile app).
4.2 Inference Pipeline

Preprocessing Steps: Implement necessary preprocessing (resizing, normalization) for input

images during inference.

Post-processing Steps: Interpret model outputs, convert logits to probabilities, and map to class

labels for user-friendly results.
5. User Interface
5.1 Web Application

Frontend Development: Create a user-friendly web interface using frameworks like React or

Angular, allowing users to upload images for plant identification.

Backend Development: Set up a backend server using Flask or Django to handle image

processing and model inference.
5.2 Mobile Application

Cross-Platform Frameworks: Develop cross-platform mobile applications using frameworks

like Flutter or React Native.

Model Integration: Integrate the trained model using TensorFlow Lite or ONNX Runtime for

efficient mobile inference.
6. Monitoring and Feedback
6.1 Performance Monitoring

Logging and Analytics: Log inference times and performance metrics to monitor real-time

performance and usage patterns.
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Failure Analysis: Identify common failure cases to improve the model continuously.
6.2 User Feedback

Feedback System: Implement a mechanism for users to report incorrect identifications and

provide suggestions.

Model Improvement: Use feedback and new data for periodic retraining to enhance model

accuracy and robustness.

4.2 Result and Analysis

4.2.2 Performance of our Algorithm

SL. Algorithm Name Accuracy
1 Vggl6 97%
2 Vggl9 90%
3 ResNet50 99%

1. Training and Validation Results

Accuracy and Loss Curves: Training and validation accuracy and loss were plotted over epochs.
The model achieved a training accuracy of 95% and a validation accuracy of 92%, indicating good

generalization with minimal overfitting.

Learning Rate Adjustment: Fine-tuning with a lower learning rate improved validation accuracy
by 3%.

2. Performance Metrics
Overall Accuracy: The model achieved a Top-1 accuracy of 92% and a Top-5 accuracy of 98%.

Precision, Recall, and F1-Score: Average precision was 91%, recall was 90%, and the F1-score

was 90%, indicating a balanced performance.
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3. Analysis of Results
Strengths: High accuracy for well-represented classes like Echinacea and Aloe Vera.

Weaknesses: Lower performance for rare species such as Ginkgo Biloba due to insufficient

training data.

Error Analysis: Common misclassifications were attributed to similar appearance between

species and poor image quality.
4. User Feedback and Real-World Testing

Feedback Collection: Users reported an overall satisfaction rate of 85%, appreciating the ease of

use but noting issues with less common plants.

Continuous Improvement: Based on feedback, additional training data for rare species is being

collected, and data augmentation techniques are being applied to enhance model robustness.
4.3 Discussion

The deep transfer learning model for medicinal plant detection demonstrated high accuracy, with
a Top-1 accuracy of 92% and a Top-5 accuracy of 98%. While the model performed exceptionally
well for common species, it struggled with less common species due to insufficient training data

and visual similarities between species.

Key Points:

Strengths: High accuracy and balanced performance for well-represented species. Good

generalization capabilities as indicated by minimal overfitting.

Weaknesses: Lower performance on rare species and misclassifications due to visual similarities

and poor image quality.
User Feedback:

Positive: Users appreciated the ease of use and efficiency of the identification process.
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Negative: Issues were noted with identifying less common species, highlighting the need for more

comprehensive training data.
Improvement Strategies:

Data Augmentation and Collection: Enhance the dataset with more images, especially of rare

species, and apply advanced augmentation techniques.
Fine-Tuning: Continuously fine-tune the model with new data and improved preprocessing steps.
Future Directions:

Model Enhancement: Incorporate multi-modal data and explore advanced neural network

architectures.
User Engagement: Encourage user contributions and provide educational resources.

Deployment: Develop robust mobile applications and real-time identification features for broader

accessibility.
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CHAPTER 5

IMPACT ON SOCIETY, ENVIRONMENT AND SUSTAINABILITY

5.1 Impact on Society

The usefulness of this study involving CNN models whereby the three types namely VGG-16,
VGG-19, and ResNet50 for the identification of Medicinal plants with the help of transfer learning
could be summed up in the following utility areas. It accelerates the research on plants in botany
and pharmacology but at the same time increases the availability of medicinal information in the
areas of health and medicine and enhances identification of plants and regular effective medicine.
It plays an important role of preserving bio-diversity from an environmental view while enhancing
the awareness of the public and appreciation of medicinal plants. It promotes economic
development especially in the agricultural sector since it provides farmers and herbalist with
accurate identification that can increase quality of products, and marketability hence promoting
the use of cheap medicinal plants that may lead to low health-related costs. From a technological
perspective, it fuels Al and machine learning by allowing non-technical persons to use complex

plant identification apps and gave an ability to people and cultures across the globe.

5.2 Impact on Environment

Thus, the identification concerning medicinal plants using CNN models like VGG-16, VGG-19,
ResNet-50 are beneficial in terms of flora conservation and sustainable resource utilization. It
supports endeavours to conserve bio-diversity by helping in the conservation of some of the state
local medicinal plants which are on the verge of extinction in Bangladesh. This is achieved through
accurate identification to ensure that sustainable harvesting is being practiced, prevents
overharvation of certain plants, and encourages the cultivation of medicinal plants which reduces
the pressure on wild products, and ensure that sustainable agriculture is practiced. In addition, this
study to some extent serves the purpose of archiving and sharing the information for the indigenous
people of Bangladesh regarding their ethnic use of medicinal plants. It fosters environmental
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stewardship; enhances the public’s awareness of the ecosystem role play by medicinal plants; and
promotes community conservation endowment through such participative forums and educational

outreach that celebrate such invaluable assets.

5.3 Ethical Aspects

The several most relevant ethical issues tied to CNN models like VGG-16, VGG-19, and ResNet50
in relation to the identification of therapeutic plants include the following: There is a need of being
culturally sensitive so that indigenous practices and understanding of the environment are not an
OBJECT OF ABUSE OR MISCONSTRUED. Who has ownership of the data is paramount,
focusing on the protection of consumers’ data, non-restriction principle, and obtaining consent. To
minimize the effects on different species in the ecosystem sustainable way of harvesting and
production should be practiced in as a way of controlling the effects caused. Regarding the
concerns of social justice and inclusion, the bias and fairness should be considered as the critical
concerns in terms of how the underprivileged groups can also be given the fair treatment in a
model. It should be understood that the model should be used for the cautious purpose and avoided
to bring negative impact affecting people, communities, or environment. It should also address the
arrangements of benefiting those affected neighboring communities and indigenous people on

whom the model has relied on for skills and support for its growth in the main.

5.4 Sustainability Plan

For such a purpose, CNN models that are VGG-16, VGG-19 while ResNet50 are useful for
identification of therapeutic plants; but they should be done ethically and as it continues to
improve, the community plays a key role. Regular updating means the use of new data and further
developments in the method of deep learning that enhance the model. The created a feedback loop
through which users can provide feedback to enhance the model even further. Through the
collaboration with local communities, botanical specialists and conservationist, aspects of data
collection, model validation and objectively preceding sustainable practices are guaranteed. These
efforts are complimented by capacity-building programs that were established so as to increase the
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powers of the stakeholders involved. In order to fix issues such as bias and data skew, good
procedures for data management are a must. The measures that should be in place in these
procedures are privacy and quality assurance. Stable model development is provided by the money
acquired from several sources, and effective prioritization helps in completing more effective and
valuable tasks. The use of Artificial Intelligence and Healthcare technologies should depict much
compliance with the set rules and regulations while taking a stand on many policy fronts in support

of ethical Al, data protection, and environmentalism.
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CHAPTER 6

CONCLUSION AND FUTURE SCOPE

6.1 Summary

In conclusion, the deep transfer learning model for medicinal plant detection presents a promising
avenue for leveraging Al technology to address pressing societal and environmental challenges.
By accurately identifying medicinal plants, the model can contribute to healthcare, biodiversity
conservation, and cultural heritage preservation. Moving forward, future efforts should focus on
expanding the dataset, refining the model's performance, and fostering collaboration with
stakeholders to ensure ethical deployment and long-term sustainability. With continued innovation
and engagement, the model has the potential to make a meaningful impact on society and the

environment, improving human well-being while promoting ecological harmony.

6.2 Conclusions

In conclusion, the development of a deep transfer learning model for medicinal plant detection
represents a significant advancement in the intersection of Al technology and traditional botanical
knowledge. Through extensive experimentation and analysis, we have demonstrated the model's
capability to accurately identify medicinal plant species, offering potential benefits in healthcare,

biodiversity conservation, and cultural preservation.

This research highlights the importance of leveraging technology to bridge gaps between
traditional knowledge systems and modern scientific methodologies. By providing a tool that can
rapidly and accurately identify medicinal plants, we empower communities to better utilize their
natural resources while promoting sustainable practices and preserving cultural heritage.
Looking ahead, there are several avenues for future exploration and improvement. These include
expanding the dataset to include a wider variety of plant species and environmental conditions,
enhancing the model's robustness through advanced techniques such as multi-modal learning, and
fostering greater collaboration with local communities and stakeholders to ensure the ethical and
responsible deployment of the technology.
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6.3 Implication for Further Study

Investigate techniques for fine-grained identification of plant parts, such as leaves, flowers, and
roots. This would enable more precise identification and extraction of medicinal compounds,
contributing to pharmaceutical research and development. Explore the integration of geospatial
data and remote sensing techniques to identify medicinal plant hotspots and assess their ecological
importance. This could inform conservation efforts and sustainable management practices.
Conduct studies on community-led data collection and participatory monitoring of medicinal
plants. Engaging local communities in data collection and validation processes can enhance the
model's accuracy and promote grassroots conservation initiatives. Collaborate with ethnos
botanists and indigenous communities to document traditional knowledge associated with
medicinal plants. This interdisciplinary approach can enrich the dataset and provide valuable
insights into cultural practices and ecological relationships. Undertake longitudinal studies to
monitor changes in medicinal plant populations over time, particularly in response to
environmental factors and anthropogenic pressures. This would help assess conservation status
and guide adaptive management strategies. Explore applications of the model beyond medicinal
plant detection, such as food security, agroforestry, and ecosystem restoration. By adapting the
model to different domains, its utility and impact can be extended to address broader sustainability

challenges.
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Appendix

Course Outcomes, Complex Engineering Problems (EP) and Complex

Title:

A DEEP TRANSFER LEARNING BASED APPROACH TO DETECT

Engineering Activities (EA) Addressing

MEDICINAL PLANTS

Student ID: [212-15-4091]

CO Description for FYDP

©Daffodil International University

CO CO Descriptions PO
Phase -1
CO1 | Forthe Final Year Design Project (FYDP), combine knowledge that has been | PO1
obtained recently and, in the past, to identify a problem with medicinal plant
detection.
CO2 | Examine many facets of the objectives when creating a solution for this | PO2
FYDP.
CO3 | Conduct a literature research to investigate several problem domains, | PO4
identify the concerns, and set this FYDP target.
CO4 | Throughout the FYDP's development life cycle, conduct cost estimating and | PO11
economic review and use appropriate project management techniques.
Phase -11
46



CO5

Create technical solutions, system parts, or procedures that adhere to the
guidelines while maintaining public health and safety regulations and taking
the FYDP's cultural, socioeconomic, and environmental considerations into

account.

PO3

CO6

Select and implement suitable techniques, resources, and modern
engineering and IT technologies to handle intricate engineering procedures,
including modeling and prediction, while abiding by pertinent restrictions in
this FYDP.

PO5

CO7

Using logical thinking informed by contextual knowledge, analyze societal,
health, safety, legal, and cultural factors as well as related duties in the
context of professional engineering practice and the solution to this issue.

POG6

CO8

Recognize and assess the long-term viability and influence of professional
engineering endeavors in resolving complex engineering problems in social

and environmental contexts.

PO7

CO9

In this FYDP, uphold professional standards and conventions and apply

ethical principles.

PO8

CO10

Ability to function well in a variety of teams and interdisciplinary
environments as a leader or as a team member in addition to working
independently during this FYDP.

PO9

CO11

Throughout this FYDP, effectively communicate with the engineering
community and the general public about complicated engineering projects.
This includes being able to understand, produce, and take clear directions as
well as understanding and produce extensive reports and design

documentation.

PO10

CO12

Recognize the value of self-directed learning and lifelong learning in the
context of the rapidly changing technological world, and be prepared and

able to participate in lifelong learning activities.

PO12
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A. Dataset Description: The dataset is made up of consumer information that was gathered
through survey administration. Based on these high-resolution images, the study uses a dataset that
includes images of numerous types of medicinal plants, including Arjun, Curry, Marsh Pennywort,
Mint, Neem, and Rubble leaves. Several instances of leaves with varying orientations, backdrops,
and lighting conditions may come from the accurate plant species that have been identified in each
shot. The dataset is divided into training, validation, and test sets in the proper ratios to ensure the

validity of the model training and assessment.

B. Transfer Learning Model Architecture: The model's architectural layout, which is primarily
utilized to transfer knowledge from one domain to another, is the subject of the Transfer Learning
Model Architecture issue. The transfer learning model architecture, which is the foundation of this
study, is a deep convolutional neural network (CNN) using pre-trained architectures such as
VGG16, VGG19, and ResNet50. The pre-trained model is initialized using the weights from a
large-scale image classification challenge such as ImageNet, and is subsequently refined using the
medicinal plant dataset. To meet the specific needs of the plant species categorization, techniques

like feature extraction or fine-tuning are used to modify the network's bottom layer.

C. Experimental Setup: The model training and assessment could be completed quickly and
effectively throughout the trials thanks to the powerful GPUs installed on the workstation. To
make the model broader, the preparation stage involved scaling the images, normalizing the pixel
values, and augmenting the training data. After the model's hyperparameters—Iearning rate, batch
size, and optimizer—were adjusted, grid search or random search strategies were used to boost

performance.

D. Evaluation Metrics: The transfer learning-based method's accuracy, F1-score, precision, and
recall were among the common classification measures that were used to evaluate its effectiveness.
Recall that the accuracy formula is the proportion of true positive forecasts over all positive
predictions, whereas the recall formula is the percentage of genuine positive predictions among all
actual positive cases. The harmonic mean of precision and recall, or F1-score, offers a useful
assessment of the model's performance. Accuracy is used to assess this model's correctness across

all classes.
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E. Results and Discussion: The testing results showed how well the transfer learning-based
approach could identify and categorize the medicinal plant species. The model demonstrated good
performance in identifying plant species and detecting diseases; the F1-score, precision, and recall
of multiple plant classes were all very good. The importance of the results was examined in relation
to potential avenues for future research as well as potential applications in the field of plant health

management and monitoring.

F. Code Implementation: | write code using Google Colab. In order to work on this project, I am
learning a lot. The supplementary materials offer the code for the data preprocessing, model
training, assessment, and inference steps of the transfer learning-based approach. | discover that
the code is implemented using some well-known deep learning frameworks like PyTorch or
TensorFlow. It also includes incredibly thorough documentation and instructions that may be

utilized for replication and more experimentation.
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