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ABSTRACT

This project focuses on Automated Detection of Flower Species Using Machine
Learning Algorithms. The objective is to develop a robust and intelligent system
capable of accurately identifying various flower species based on their images. By
leveraging the power of Convolutional Neural Networks (CNNs), the system
processes flower images to extract essential features such as color, texture, and
shape from a dataset of collected images. These features enable the model to
distinguish between species with precision. The system utilizes TensorFlow for
feature extraction and model training, ensuring the CNN learns to classify flower
species accurately. A key aim of the project is to create a system that not only
performs well on the training dataset but also generalizes effectively to classify
unseen flower images. The use of CNNs, known for their ability to hierarchically
learn features, allows the model to achieve high accuracy in flower classification
tasks. This project demonstrates the effectiveness of image recognition technology
in assisting plant identification. It has significant applications in research,
agriculture, and environmental science, helping identify species in the field. Such
systems can be invaluable tools for environmental monitoring, supporting
biodiversity and conservation efforts by tracking and preserving endangered
plant species. The work adds to the growing body of research on machine
learning-based plant recognition, showcasing the potential for automated,
scalable, and efficient flower species identification systems. This approach
promises wide-ranging practical applications, from aiding researchers and
educators to supporting agriculture and environmental conservation.
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Chapter 1

Introduction

This project focuses on building an automated flower species classifier using machine
learning, specifically leveraging Convolutional Neural Networks (CNNs). The system
will be trained to accurately identify the species of a flower from images, offering a faster
and more efficient alternative to manual identification. The project encompasses data
collection, training a robust CNN-based model, evaluating its performance, and creating
a user-friendly interface capable of providing real-time results. This system has
potential applications in fields such as education, agriculture, environmental
monitoring, and biodiversity conservation.

1.1 Introduction

Flower identification is a wvital task in fields such as botany, agriculture,
environmental conservation, and education. With approximately 250,000 known flower
species worldwide, accurate classification is a challenging and expertise-intensive process
traditionally carried out by botanists or taxonomists. Due to the subtle morphological
differences among species, even experts can find this task daunting. Manual identification
is often time-consuming and prone to errors, leading to inaccurate results. Consequently,
there is a growing need for automated systems capable of efficiently and accurately
classifying flower species.

Automated Flower Species Classification Using Machine Learning Inspired by how
humans distinguish flower species through traits like shape, petal color, and other
physical characteristics, this project aims to develop an automated classification system
using machine learning techniques. By leveraging Convolutional Neural Networks
(CNNs), which are well-suited for image-based tasks, the system will provide a robust and
efficient solution for flower species identification. The proposed system will be capable of
addressing the complexities of image classification through an architecture designed to
effectively process visual data, overcoming challenges such as subtle variations in
morphological traits.

This will culminate in the creation of a user-friendly tool that enables users regardless of
their expertise in botany to identify flower species accurately from digital images. This
system promises significant applications, including serving as an educational tool,
supporting botanists and agricultural researchers, and aiding environmental monitoring

©Daffodil International University 1



and conservation efforts. It will provide a rapid and scalable solution to the challenging
task of flower species identification

1.2 Motivation

An automated flower recognition system serves as a valuable bridge between
individuals and their curiosity to learn more about flowers. With approximately 250,000
species of flowering plants globally, many of which share similar physical traits such as
design, size, and structure, identifying flowers can be a daunting challenge. While
experts like botanists and taxonomists are adept at distinguishing species based on
subtle morphological differences, their methods are time-intensive, expertise-dependent,
and not easily accessible to the average person. Conventional approaches—such as
guidebooks, websites, or mobile apps—often prove inefficient, subjective, and vulnerable
to inaccuracies or misinformation.

Flower classification holds significant importance in domains such as agriculture,
environmental management, and conservation, where the rapid and precise
identification of plant species is crucial for scientific, ecological, and management
purposes. However, the increasing complexity of plant diversity and the fine
morphological variations among species strain traditional identification methods,
underscoring the need for scalable, reliable, and efficient solutions.

The development of an automated system that classifies flowers based on their visual
characteristics offers a promising solution to these challenges. By leveraging deep
learning models such as Convolutional Neural Networks (CNNs), these systems can
process large datasets of flower images to extract features like color, texture, and shape,
enabling accurate classification. CNNs are particularly effective due to their ability to
learn hierarchical features and perform well on complex image recognition tasks, making
them well-suited for flower identification.

Such a system can democratize flower identification, providing an accessible tool for
individuals without formal training in botany. It offers not only rapid and accurate
identification but also serves as an educational resource, fostering awareness and
interest in plant diversity. This approach enhances the accessibility of knowledge about
the natural world, empowering enthusiasts, students, and professionals alike.

The project’s ultimate aim is to deliver a reliable, precise, and user-friendly solution that
simplifies the flower identification process. This tool holds broad applicability, from
assisting researchers and environmentalists to serving as an educational platform,
ultimately contributing to a deeper understanding of and appreciation for plant
biodiversity.

1.3 Objectives

©Daffodil International University 2



The primary aim of this project is to develop and implement an automated flower
classification system using advanced machine learning techniques. By leveraging
Convolutional Neural Networks (CNNs) for image recognition, the project seeks to
achieve accurate and efficient classification of flower species. Below are the key goals and
objectives of the project:

Goals and Objectives

Developing a Flower Classification System

e Design an automated system capable of identifying flower species from digital images
with high accuracy.

e Employ cutting-edge machine learning techniques, specifically deep learning, to
develop an effective flower classification model.
2. Utilizing CNNs for Classification

e Implement a CNN-based architecture to handle image classification tasks.

o Leverage the model’s capability to overcome challenges like vanishing gradients and
efficiently learn features from complex datasets.
3. Data Collection and Preprocessing

e Collect a diverse dataset comprising flower images from multiple species to ensure
robust classification.

o Apply essential preprocessing techniques, including scaling, normalization, and
augmentation, to prepare the dataset for training.
4. Training the Model

e Train the CNN-based model on the collected dataset, fine-tuning it to improve
classification accuracy.

e Use transfer learning with weights from large datasets to enhance model
performance and reduce training time.
5. Evaluation of Model Performance

e Evaluate the trained model using key metrics such as accuracy, precision, recall,
and F1 score.

e Benchmark the system’s performance against existing solutions to validate its
effectiveness.
6. Practical Applications

o Identify applications of the flower classification system in fields such as agriculture,
environmental monitoring, and conservation.

o Assess the potential of the system as an educational resource for students,
researchers, and enthusiasts.
7. Contributing to Scientific Research and Conservation

e Provide a tool to aid researchers and conservationists in studying and preserving
biodiversity.

e Facilitate the identification and monitoring of endangered species to support

conservation efforts.
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This project develops an automated flower classification system using CNNs for accurate
identification. It integrates data preprocessing, transfer learning, and performance
evaluation, with applications in agriculture, conservation, and biodiversity studies to
support species identification and protection.

1.4 Methodology

This methodology aims to build a successful system for flower species classification
based on digital images. It applies cutting-edge machine learning algorithms, specifically
leveraging Convolutional Neural Networks (CNNs), which have proven to be highly
effective for image classification tasks.

The workflow is divided into four main parts: data collection & preprocessing, model
selection & training, model evaluation, and deployment.

First, a well-curated dataset of flower images is essential. Preprocessing techniques, such
as scaling, normalization, and augmentation, are applied to prepare the dataset for
training. This ensures that the model receives high-quality input data.

Next, a CNN architecture is selected and trained using the processed dataset. To enhance
the model's performance and reduce training time, techniques like transfer learning are
employed, utilizing weights from large image datasets. The dataset can be expanded
incrementally to further improve the model’s classification capabilities.

Once trained, the model is evaluated using various performance metrics, including
accuracy, precision, recall, and F1 score, to ensure its effectiveness in identifying flower
species accurately.

Finally, the trained model is integrated into a user-friendly interface, allowing users to
classify flowers in real-time. This automated system overcomes the limitations of
traditional methods, such as reliance on expert knowledge, and significantly reduces
human errors.

The resulting system enables precise and efficient flower identification, serving as a
valuable tool for researchers, botanists, and conservationists. It simplifies the
classification process, making it accessible to a wider audience while maintaining high
accuracy and reliability.

1.5 Project Outcome

This project aims to bridge the gap between general plant knowledge and the wider
audience by making flower recognition more accessible and empowering people to learn
about the nature surrounding them. The development of this automated flower
classification system utilizing Convolutional Neural Networks (CNNs) is expected to have
significant scientific and practical implications, enabling accurate classification of plant
species. Additionally, it provides a user-friendly tool for casual users and professionals,
enhancing our ability to identify and understand the diverse world of flowering plants.

Key Outcomes
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1. On-Demand Application and Scalability
o The system is scalable for applications in various industries, including agriculture and
environmental science.
e It supports real-time flower recognition, allowing users to identify plants on the go,
whether in botanical gardens, outdoor settings, or natural habitats.
2. Biodiversity Conservation Support
o The system aids in cataloging and monitoring plant species across ecosystems.
e It supports conservation initiatives by identifying endangered species, monitoring
invasive species, and promoting biodiversity conservation and ecological research.
3. Agricultural Impact
e Serves as a foundation for diagnosing potential diseases and pests specific to flower
species, enabling timely interventions and minimizing crop losses.
e Offers promising applications in crop monitoring, particularly for flowers, where
proper identification of flowering conditions can significantly boost yield.
4. Educational Resource

e Acts as an educational tool for researchers, professionals, students, and enthusiasts,
making plant knowledge easily accessible.

¢ Promotes environmental awareness and encourages interest in nature by simplifying
the identification of various flower species.

5. Environmental Robustness

e Maintains high performance across varying environmental conditions, such as changes
in lighting, weather, or background.
e Incorporates modeling environmental factors to enhance real-world accuracy, ensuring
reliability in diverse scenarios.
6. Future Expansion Opportunities
e KEstablishes a baseline for future research into the classification of other flora and
fauna.
e Could be integrated into mobile applications for convenient, on-the-go flower
recognition, increasing accessibility and usability.
7. Encouraging Innovation and Research
e Advances the field of automated plant identification, bridging the gap between manual
methods and modern technology.
e Provides a fast, accurate, and widely available solution for flower classification,
fostering further innovation in conservation, research, and agriculture.

This system represents a significant step forward in making plant identification more
accessible, practical, and accurate. It delivers scientific, educational, and environmental
benefits, serving as a vital tool for addressing biodiversity challenges and enabling more
informed conservation and agricultural practices.
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1.6 Organization of the Report

This report is structured in several chapters to present a thorough view of the
project:
Chapter 1: Introduction
Give the background, reasoning, aims, and relevance of the project, and a short overview
of some of the methods you used and what you expect to find.

Chapter 2 Background and Literature Review
Relevant studies, major challenges in flower classification, and a machine learning
solution

Chapter 3: Methodology
All data-based approach is described step-wise process from data preprocessing, model
training, testing & evaluation while using ResNet-18 for the flower’s classification.

Chapter 4: Implementation
Describes the environment setup, tools, and techniques that were used to implement the
system and the training and testing procedures.

Chapter 5: Standards and Engineering Impacts
Addresses compliance with software, hardware, and communication standards and the
social, environmental, ethical, and sustainability impact of the project.

Chapter 6: Conclusion and Future Work

Summarizes project accomplishments, addressing limitations, and exploring future
enhancements and use cases.
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Chapter 2
Background

Automated flower classification wusing machine learning models, particularly
Convolutional Neural Networks (CNNs), significantly improves accuracy when
differentiating between visually similar species. By incorporating techniques such as
transfer learning and data augmentation, this approach enhances the model's ability to
detect flowers in real-time, increases interpretability, and ensures robust performance
across diverse environmental conditions. This methodology is highly valuable for fields
like botany and conservation, offering precise and efficient tools for researchers, educators,
and professionals to classify and study flower species with greater accuracy and reliability.

2.1 Introduction

Flower classification is a crucial task in different domains, including botany,
agriculture, environmental insight, and conservation leading to them. Traditionally,
identifying species of plants, particularly flowers, has depended broadly on the knowledge
of botanists. This method classifies plants based on particular morphological
characteristics, such as leaf, petal shape, flower color, and size. Manual identification,
however, is a lengthy and specialized process, which is human error-prone. Additionally,
inaccuracy in the process of classifying plants can be caused by their idiosyncratic
appearance due to environmental factors and the fact that visual identification is a
qualitative process. This has created a demand for automated systems fundamental to
enhancing the efficiency, accuracy, and scalability of flower species classification.

Flower classification plays a vital role in botany, agriculture, conservation, and
biodiversity monitoring. Traditional methods rely on botanists identifying species based
on morphological features like petal shape and flower color. These approaches are time-
consuming, error-prone, and affected by environmental variations, leading to inaccuracies.
Automated systems leveraging machine learning and deep learning offer a scalable and
accurate alternative [1, 2]. Datasets such as the Oxford 102 Flower Dataset provide
essential resources for training deep learning models [1]. Convolutional Neural Networks
(CNNs) have been widely adopted due to their powerful feature extraction capabilities,
enabling precise flower classification [10, 12]. Transfer learning, leveraging pre-trained
models like those trained on ImageNet, enhances performance by fine-tuning for flower
classification tasks, achieving high accuracy and scalability [2, 16]. Research shows the
effectiveness of CNN-based models in flower classification. CNNs and ResNet-50 have
achieved accuracy levels of approximately 85% [3, 4], while ResNet-18 has demonstrated
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even higher performance, reaching 88% [5]. Transfer learning using CNNs has further
improved accuracy

to 89%, highlighting the adaptability of these models for datasets with limited labeled
samples [6]. Hybrid CNN architectures have also addressed challenges like environmental
variability and distinguishing closely related species [7, 17]. However, challenges persist
in differentiating morphologically similar species and adapting to variations in lighting,
noise, and backgrounds. These issues can be mitigated through deeper architectures,
hybrid models, and diverse datasets collected under varying environmental conditions [9,
14]. Machine learning systems continue to evolve, providing increasingly accurate and
reliable solutions. Automated flower classification systems hold immense potential in
agriculture, conservation, and biodiversity monitoring. They can enhance crop
management, support biodiversity studies, and help track endangered species,
contributing to ecological sustainability [8, 18]. With advancements in transfer learning
and computational efficiency, these systems are increasingly applicable to large-scale and
complex classification tasks [15]. CNN-based flower -classification represents a
transformative step in plant identification. These systems offer exceptional accuracy,
scalability, and efficiency, addressing the limitations of traditional methods. As research
progresses, CNN models are set to play a crucial role in agriculture, conservation, and
ecological innovation [11, 13].

The implementation of these systems remains an active area of research with broad
implications for agriculture, conservation, and environmental monitoring. Advances in
image processing and techniques like transfer learning continuously enhance their
capabilities, enabling these systems to adapt to increasingly complex classification tasks
and diverse environmental conditions. This progress underscores their potential as vital
tools in biodiversity conservation, ecological research, and agricultural innovation.

2.2 Literature Review

Over the last few years, the problem of classifying flowers and recognizing species
has attracted much attention as it can be helping in many areas including botany,
agriculture, environmental monitoring and conservation. In the past flower classification
had been done by experts, based on certain morphological features like arrangement of
petals, shape, color and size of leaves, etc. That process, though, is slow, subjective and
allows for human-to-human error. With increased cane in automating flower structuring,
multiple machine learning and computer achievability techniques have been proposed
which can get around these even.

Many studies have been conducted using image features in classification systems that use
machine learning models, specifically Convolutional Neural Networks (CNNs), to speed
up and improve the accuracy of this classification task because flower species classification

by image is a common topic.
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Research in automated flower classification has advanced significantly, addressing
challenges like classifying morphologically similar species. Nilsback et al. (2008) achieved
78% accuracy using visual features, introducing the Oxford 102 Flower Dataset. Patil et
al. (2019) used CNNs, achieving 85% accuracy on 5,000 images, showcasing deep
learning's potential [2]. Sharma et al. (2020) applied ResNet-50 to classify 1,000 species,
maintaining 85% accuracy but struggling with closely related species. Zhang and Zhao
(2023) found ResNet-18 comparable to VGG 16, highlighting trade-offs in model selection.
Liu et al. (2024) used transfer learning, reaching 89% accuracy, demonstrating its
effectiveness with limited data but facing challenges with fine-grained classification.
These studies underscore deep learning's potential while highlighting areas for
improvement, such as dataset diversity and hybrid architectures.

The use of automated flower identification systems based on Convolutional Neural
Networks (CNNs) has gained significant attention in recent research as a solution to the
limitations of traditional manual methods. These systems offer a scalable and efficient
way to identify flower species with high accuracy, minimizing the reliance on domain
expertise. Studies emphasize the potential of CNN-based models in areas like agriculture,
environmental conservation, and biodiversity monitoring. By harnessing the powerful
feature extraction capabilities of CNNs, these models effectively address challenges such
as subtle morphological differences and variations in environmental conditions.
Additionally, advancements in image processing, transfer learning, and computational
efficiency have further enhanced the performance of CNN-based flower identification
systems, establishing them as a robust alternative to manual techniques.

Table 2.1: Summary of Literature Reviewed.

Author Year Title Methodology Key Findings
(s)
Nilsback 2008 Automated Image-based Achieved 78%
et al. Flower Classification accuracy in
Classification classifying flowers
via Visual based on visual
Cues cues like color and
shape,
demonstrating the
complexity of
flower
recognition.
Patil et 2019 Convolutional CNN-based shown the promise
al. Neural Model of deep learning
Networks for for this challenge
Plant Species by using CNNs to
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Recognition recognize plant
species and
achieving an
accuracy of 85%
on a dataset of
5,000 flower
photos.

Sharma 2020 Flower CNN and The model
et al. Recognition ResNet-50 achieved 85%
using CNN accuracy in

and ResNet- classifying 1,000

50 flower species,
with room for
improvement in
differentiating
closely

related
species.
Zhang & 2023 A CNN Found that
Zhao Comparative Architectures ResNet18

Study of CNN Comparison achieved 86%

Architectures accuracy, while

for Flower other

Classification architectures like
VGG16
performed at a
similar level,
showing the
trade-
offs in

model
selection.
Liu et 2024 Flower Transfer IAchieved 89%
al. Detection and Learning with |accuracy using

Classification CNNs transfer learning

Using Deep techniques, though

Neural the model still

Networks faced challenges

with species
having similar
morphological
features.
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2.3 Gap Analysis

The gap analysis highlights critical shortcomings in existing flower species

classification systems, such as low overall accuracy, challenges in distinguishing visually

similar species, and the lack of diverse and comprehensive datasets. To address these

limitations, the proposed system employs advanced deep learning techniques, including

Convolutional Neural Networks (CNNs) and transfer learning, to enhance detection

accuracy, efficiency, and generalization across species. Additionally, incorporating real-

time detection capabilities ensures high robustness and adaptability, enabling the

system to classify both known and previously unseen species with precision and

reliability. This approach bridges the existing gaps, delivering a more efficient and

scalable solution for flower classification.

Table 2.3: Summary of Gap Analysis.

poor model generalization.

Features Existing Systems Proposed System
Accuracy Above Struggle to cross Employs cutting-
93% the 88% mark due edge CNN
to challenges in techniques,
differentiating including transfer
visually similar learning, data
species and limited augmentation, and
datasets. model fine-tuning,
aiming for an
accuracy above
93%.
Handling Similar Fail to distinguish Utilizes CNNs to
Species visually similar extract detailed
species without low-level features,
specific feature enabling accurate
extraction classification of
techniques. similar-looking
species.
Diversity of Understanding limited or | Trains on diverse
Dataset biased datasets that lead to | datasets with a

wide variety of
flower images to
ensure better
generalization and
improved
performance.
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Real-time Flower Currently, the system | Analyzes and implement for
Detection focuses on batch processing, | the dynamic data, and for
which 1s not adequate in | such type of things we
real-time applications, such | integrate real-time flower
as fieldwork or botanical | detection and classify it.
gardens.
Environmental Do not account for Incorporates
Variations variations in environmental
lighting, weather, condition modeling
and background to adapt to
conditions, variations in
significantly lighting, weather,
affecting and background,
performance. ensuring  robust
performance
across diverse
scenarios.

Transfer Learning

Not very frequently used, as
it 1s slower to train and may
result in worse predictive
performance, especially on

Use of transfer learning to
prevent overfitting and
increase performance on
small datasets using

smaller or imbalanced transfer learning
datasets with pretrained
models
Fine-grained Limited ability to model | Built for high-resolution

Distortions

Classification sub-species, hybrids and | classification to facilitate
closely related species. correct identification of sub-
species and hybrids
for research and
conservation.
Model Lack transparency, Focuses on interpretability
Interpretability making by using visualization
classification methods to emphasize
decisions difficult to important features that do
understand. not affect classification
decisions, thereby
enhancing perception in the
system.
Robustness to Performance is Data Augmentation remove
Image significantly various methods including

impacted by image
distortions such as
blurriness,
occlusions, and poor
resolution.

rotation, scaling, flipping,
and cropping to make the
data more robust and learn
more in the least amount of
data.
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The proposed CNN-based system offers substantial improvements over existing methods

by addressing the limitations of accuracy, dataset diversity, robustness, and adaptability
to environmental variations. Its advanced techniques make it a powerful tool for precise
and scalable flower species classification.

2.4 Summary

With the advancement of machine learning techniques, particularly Convolutional
Neural Networks (CNNs), automated flower species classification has emerged as a
promising alternative to traditional manual methods. While existing systems often fall
short of achieving high accuracy, especially with visually similar species, they are also
hindered by limited dataset diversity and challenges posed by environmental variations.
This work proposes several enhancements, including the application of transfer learning,
data augmentation, and the use of CNN architectures to achieve superior accuracy and
enable real-time detection. It focuses on fine-grained classification to accurately identify
sub-species and hybrids, emphasizes model interpretability, and addresses environmental
factors that affect classification reliability. By validating this approach, the proposed
system can pave the way for advancements in flower classification, offering significant
applications in botany, agriculture, conservation, and beyond.
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Chapter 3

Research Methodology

The methodology involves collecting raw images, preprocessing with noise removal and
data augmentation, splitting data for training, testing, and validation, and training model
Convolutional Neural Networks (CNNs). Performance is evaluated using metrics, and
results are visualized before finalizing the system for deployment.

3.1 Methodology

3.1.1 Overview

The proposed methodology for automated flower classification leverages

Convolutional Neural Networks (CNNs) to achieve high accuracy and efficiency in
identifying flower species.
The process begins with the collection of raw images, followed by preprocessing techniques
such as noise reduction and data augmentation to improve the dataset's quality and
diversity. The dataset is then split into training, validation, and testing sets, ensuring a
balanced and comprehensive evaluation. The CNN architecture is employed to train the
model by extracting and learning floral features such as color, shape, and texture, which
are crucial for distinguishing between species. The model’s performance is evaluated using
metrics like accuracy, recall, and precision, ensuring it meets high-performance standards.
Finally, the system is finalized, and the outcomes are visualized to validate its scalability
and practicality for real-world applications. This methodology ensures a reliable and
efficient approach to automated flower classification.

3.1.2 Proposed Methodology

The proposed methodology involves developing an automated flower identification

system using Convolutional Neural Networks (CNNs), a robust approach for image
classification tasks. The process starts with data collection and preprocessing, where raw
images are resized, cleaned, and enhanced through data augmentation techniques such as
rotation, flipping, and scaling to ensure a diverse and robust dataset.
A CNN-based architecture will be trained on the processed dataset, leveraging transfer
learning to fine-tune pre-trained models for accurate flower species classification. Key
features like color, shape, and texture are extracted during training to enhance the
model's ability to differentiate between species.
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The system's performance will be assessed using metrics such as accuracy, precision, and

recall to ensure reliability and scalability. Finally, the trained model will be deployed with

a user-friendly interface, enabling real-time flower identification for practical applications

in fields like botany, agriculture, and conservation.

Resize and normalize

Raw Image
Collection

4

Data augmentation

Image Pre-Processing

4

Data Splitting

Train

CNN

l

Test

Train Model

Validation

4

Extract accuracy, performance
metrics, Perform testing and
validation.

L 4

Visualization and Result Discussion

L

Finalization

3.1: Proposed Methodology Diagram

The methodology diagram illustrates the sequential flow of tasks involved in the CNN-
based flower classification project. The structured process ensures systematic data
handling, model training, evaluation, and results interpretation. Each step is described

below:

1. Input Data Collection: The first step involves gathering a diverse dataset of flower
images from reliable sources. This dataset includes images of the targeted flower
classes, such as China Rose, Daliha, Marigold, Rose, and Sunflower.

2. Data Preprocessing: This step ensures the dataset is prepared for model training. It

includes:

e Resizing: Standardizing the image dimensions for consistent input to the CNN

model.
©Daffodil International University
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e Normalization: Scaling pixel values to a range suitable for neural networks (e.g., 0
to 1).

e Augmentation: Applying transformations like flipping, rotation, and scaling to
increase data variability and improve model robustness.

3. Train Model with CNN Architecture: The core task involves defining and training the
Convolutional Neural Network (CNN). Key components include:

o Feature Extraction: Using convolutional layers to identify critical features such as
petal shapes and textures.

e Pooling: Reducing dimensionality while retaining essential features.

e C(Classification: Utilizing fully connected layers to classify images into the respective
flower classes.

4. Training and Validation: The CNN model is trained using a portion of the dataset, with
validation data ensuring generalization. Optimization techniques like loss functions
(e.g., categorical cross-entropy) and algorithms (e.g., Adam) are used to minimize
errors and enhance performance.

5. Evaluation Metrics: post-training, the model’s performance is assessed using metrics
such as:

e Accuracy: Proportion of correctly classified images.
e Precision, Recall, and F1-Score: Class-specific metrics to evaluate classification
quality and balance.

6. Visualization and Result Discussion: Results are interpreted using tools like Grad-
CAM and Guided Grad-CAM to visualize the model’s focus during classification.
Insights from evaluation and visualizations are used to identify strengths and areas

for improvement in the model.

7. Finalization: The final step involves summarizing the results, refining the model as
needed, and preparing it for deployment. This includes documenting findings and
ensuring the model is ready for real-world applications.

3.2 Detailed Methodology

The dataset used for this project comprises five flower categories: China Rose,
Dahlia, Marigold, Rose, and Sunflower. Each category contains a collection of images
representing the respective flower species. The preparation of this dataset involves the
following steps:

Dataset Organization and Preparation

The dataset is organized into five distinct flower classes: China Rose, Dahlia, Marigold,
Rose, and Sunflower, each containing a varying number of images.
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3.2.1: Class Distribution of Flowers

The distribution of images per class is as follows:
e China Rose: 329 images (23.7%).

e Dahlia: 320 images (23.1%).

e Marigold: 320 images (23.1%).

e Rose: 407 images (29.4%) - the most represented class.

e Sunflower: 263 images (19.0%) - the least represented class.

This distribution indicates an imbalance in the dataset, with Rose being the dominant
class and Sunflower being the least represented class. To mitigate potential bias during
model training, data augmentation and other preprocessing techniques are essential,
particularly for the underrepresented classes like Sunflower. These techniques ensure
balanced learning and improve the model's ability to generalize effectively across all
classes.

Image Pre-processing:

One of the most important steps in getting the dataset ready for Convolutional Neural
Networks (CNNs) model training is image pre-processing. In order for model training and
testing to be successful, this stage guarantees that the input images are standardized,
consistent, and appropriate. The following specific steps are part of the process:
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The process includes the following detailed procedures:

Resizing: All images are resized to a uniform dimension 244x244 pixels to ensure
consistency and compatibility with the CNN architecture. This standardization helps the
model process images effectively without variation in input size.

Rose China Rose Rose

Marigold Marigold Rose

Sunflower Sunflower

3.2.2: Image resizing

Normalization: Pixel values are normalized to a range of [0, 1] by dividing by the
maximum pixel value (255). Alternatively, standardization can be applied by subtracting
the dataset's mean and dividing by its standard deviation to achieve uniform input
distribution, facilitating quicker convergence during training.

Data Augmentation: Augmentation techniques such as rotation, flipping, cropping,
scaling, and brightness adjustments are employed to artificially expand the dataset. These
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techniques help address class imbalance and improve the model's ability to generalize
across varied data and unseen conditions.

3.2.3.: Data Augmentation

Noise Removal: Any noisy or low-quality images are filtered out, ensuring that the dataset
contains clean and relevant inputs for accurate classification.

A model development and training
We employ cutting-edge Machine learning models, CNN to ensure high accuracy in the

flower classification tasks during the development and the training phase. Next
descriptions of major approaches and steps taken are listed

Model Selection and Architecture
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Convolutional Neural Network (CNN): A Convolutional Neural Network (CNN) is
proposed for this project, consisting of multiple convolutional layers for feature extraction,
followed by pooling layers to reduce spatial dimensions. Batch normalization is used after
convolutional layers to stabilize and speed up training. Dropout layers are included for
regularization to mitigate overfitting, and fully connected layers at the end enable
classification into flower categories. This architecture ensures efficient feature extraction
and robust performance for flower classification tasks.

Training Protocol:

The training protocol for a flower classification system using a Convolutional Neural
Network (CNN) begins with partitioning the dataset into training, validation, and testing.
The CNN architecture is initialized with randomly assigned weights to extract essential
features such as color, shape, and texture from flower images. During training, the model
optimizes the categorical cross-entropy loss function using the Adam optimizer, while
regularization techniques like dropout are applied to minimize overfitting and improve
generalization. The validation set is used to tune hyperparameters such as learning rate,
batch size, and the number of epochs. Metrics such as accuracy, precision, and F1-score
are monitored throughout the process to evaluate and refine the model's performance.
Adjustments to the architecture or training parameters are made if necessary to enhance
the CNN's feature extraction capabilities. This protocol ensures the development of a
robust and accurate flower classification system tailored to the dataset.

Model Evaluation and Comparison:

The validation set is used to adjust hyperparameters like learning rate and batch size,
while the Adam optimizer is used to minimize the categorical cross-entropy loss function.
For a dependable, high-quality classification system, we additionally monitor the metrics
of accuracy, precision, and F1-score. The models' performance is measured using a variety
of measures after training on a different test set. These metrics offer a thorough
assessment of the model's precision and effectiveness in classifying floral species.

Evaluation Metrics:

Accuracy:

e Definition: Accuracy is the measure of how close a value or prediction is to the true
or accepted value.

e Formula:

Number of Correct Predictions
Total Number of Predictions Made

Accuracy =
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Precision:

e Definition: The ratio of correctly predicted positive observations to the total predicted
positives.
e Formula:

L True Positives
Precision =

True Positives + False Positives

Recall (Sensitivity or True Positive Rate):
e Definition: The ratio of correctly predicted positive observations to all the actual
positives.
e Formula:

True Positives

Recall =

True Positives + False Negatives

F-score (F1 Score):

e Definition: A weighted average of precision and recall, considering both false
positives and false negatives.
e Formula:

Precision x Recall

F18 =2 ¥
core Precision + Recall

ROC-AUC (Receiver Operating Characteristic - Area Under the Curve):

e Definition: ROC is a probability curve plotting the true positive rate (recall) against
the false positive rate at various thresholds. AUC measures the model's ability to
distinguish between classes.

e Key Insight: Higher AUC values indicate better model performance in separating
flower species.

Model Introspection and Analysis:

After training and evaluation, the introspection and analysis phase focus on
understanding the decision-making processes of the CNN model to ensure its predictions
are interpretable, reliable, and aligned with the desired outcomes.

Visualization of Features

Understanding Feature Contributions: The feature maps generated by the CNN are
visualized to identify which regions of the flower images contribute most to the
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classification task. This provides insights into the features the model relies on for its
decisions.

Heatmap Techniques: Techniques like Grad-CAM (Gradient-weighted Class Activation
Mapping) are employed to generate heatmaps that highlight important regions of the
image influencing the model's predictions. These heatmaps help verify whether the model
is focusing on meaningful features, such as petals, shapes, or textures, rather than
irrelevant areas.

Misclassification Analysis

Identifying Errors: Incorrectly classified samples are analyzed to detect patterns, such as
confusion between visually similar flower species or sensitivity to external factors like
occlusions, noise, or lighting conditions.

Insights for Improvement: This analysis aids in refining preprocessing steps, expanding
the dataset with challenging samples, or adjusting the training process to address specific
weaknesses in the model.

Performance Breakdown

Class-wise Evaluation: The performance of the CNN is analyzed for individual flower
classes, identifying where the model excels and where it underperforms. This helps

prioritize areas for improvement.

Metrics Monitoring: Metrics like precision, recall, and F1-score are calculated for each

class to ensure balanced and fair performance across all flower categories.
Robustness Testing

Testing Variations: The model's robustness is tested by introducing variations in input
data, such as noise, blurriness, or changes in lighting and background conditions.

Ensuring Consistency: Robustness testing ensures that the model performs reliably in
real-world scenarios, reducing susceptibility to external factors and improving

generalization.

Fine-tuning Opportunities

Model Refinement: Opportunities for fine-tuning the CNN are identified, such as
optimizing hyperparameters, adding more data for underperforming classes, or
incorporating additional data augmentation techniques.

Continuous Improvement: These refinements help enhance the model's generalization and
accuracy, ensuring it becomes more effective in classifying flower species.
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3.3 Project Plan

Phase Tasks Duration

Phase 1 Research and Dataset 2 weeks
Preparation

Phase 2 Model Development 3 weeks
and
Preprocessing

Phase 3 Model Training and 4 weeks
Testing

Phase 4 Result Analysis and 3 weeks
Improvement

Phase 5 Final Deployment 3 weeks

and

Documentation

Table 3.3.1: Project Plan Table

3.4 Task Allocation

As the sole member of this project, I am responsible for completing all tasks within
the designated time frame. The project begins with data collection in the first two weeks,
focusing on gathering a diverse and relevant dataset of flower images. During weeks three
and four, the collected data will undergo preprocessing and augmentation, including
resizing, normalization, and techniques such as rotation, flipping, and cropping to enhance
diversity and address class imbalances. In week five, I will fine-tune the CNN architecture,
preparing it for effective flower classification. Training of the model will take place during
weeks six and seven, utilizing advanced techniques to prevent overfitting and ensure
robust feature learning.

Week eight will be dedicated to evaluating and validating the model’s performance using
metrics such as accuracy, precision, recall, and Fl-score to ensure reliability and
generalization. During weeks nine and ten, I will design and implement a user-friendly
graphical user interface to integrate the trained model, enabling real-time flower
classification. Week eleven will involve documenting the project, including methodologies,
results, and system architecture, along with writing a comprehensive report. Finally, in
week twelve, I will focus on preparing for the project presentation, including creating
slides and conducting practice sessions to effectively showcase the outcomes. This
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structured timeline ensures that all tasks are completed efficiently and within the allotted

period.

3.5 Summary

This project centers on multi-class flower image classification using Convolutional
Neural Networks (CNNs), leveraging their capability for accurate and efficient
identification of five flower species. The workflow encompasses structured steps, including
data preparation, model development, deployment, and the integration of scalability and
maintenance practices to ensure system robustness. The model is trained and fine-tuned
to address challenges such as class imbalance and real-world robustness, incorporating
strategies to enhance its generalization across diverse scenarios. Performance is assessed
using metrics like accuracy, precision, and recall, ensuring a reliable evaluation of its
effectiveness. This system is designed to provide practical applications in fields such as
botany, agriculture, and conservation, offering a scalable and dependable solution for

flower species classification.
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Chapter 4

Implementation and Results

The training process was conducted using a CNN model, leveraging advanced strategies
like transfer learning and data augmentation on a well-structured flower dataset. These
techniques improved the model's ability to learn distinct features and generalize across
diverse flower classes. The findings demonstrated high accuracy and strong performance,
showcasing the effectiveness of using a CNN for robust and reliable flower classification.

4.1 Environment Setup

To set up the environment for the CNN-based flower classification project, you need
a multi-core CPU Intel i7), an NVIDIA GPU GTX 1660ti for accelerated training, 16 GB
RAM, and 500 GB of storage. Install Python 3.8 or higher on Windows, along with essential
libraries like TensorFlow or PyTorch, NumPy, Pandas, Matplotlib, and Augmentations.
Organize datasets into structured directories (train, validation, test) and use tools like
CUDA and cuDNN for GPU support. Set up a virtual environment using Anaconda or
Miniconda and install dependencies via pip. Maintain a clear code structure with folders
for datasets, models, utilities, and outputs. Use Git for version control, Jupyter Notebook
for experimentation, and TensorBoard for tracking metrics. This setup ensures optimal
conditions for training, evaluating, and deploying a robust CNN model for flower
classification.

4.2 Testing and Evaluation

To demonstrate the effectiveness of the proposed methodology for flower
classification using a CNN model, a comparison with prominent related works is
presented. The selected works highlight various methodologies, their limitations, and how
the proposed system addresses these challenges while achieving higher performance and
real-world applicability.

Comparison 1: Nilsback et al. (2008)
Paper Methodology:
The study "Automated Flower Classification via Visual Cues" by Nilsback et al. (2008)

proposed an image-based classification system that relied on manually designed visual
features for flower identification.
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Limitations:

po

5.

The use of a small dataset limited the model's ability to generalize.

Reliance on manual feature extraction reduced efficiency and accuracy.

The model was highly sensitive to background noise, lighting changes, and scale
variations, impacting robustness.

Struggled with occlusions and environmental changes, making it less adaptable to
real-world settings.

Achieved only 78% accuracy, which is insufficient for practical applications.

Advantages of My Work Compared to Nilsback et al. (2008):

Automated Feature Extraction: The use of a CNN eliminates manual feature design
and significantly improves accuracy.

Larger Dataset: My model trains on a larger, more diverse dataset, enhancing
generalization capabilities.

Robustness with Data Augmentation: Incorporating data augmentation improves
the model's ability to handle variations in lighting, noise, and occlusions.
Real-Time Detection: Unlike the earlier study, my system supports real-time
classification, making it practical for dynamic environments.

Higher Accuracy: The proposed CNN model achieves an accuracy of over 93%,
significantly outperforming Nilsback et al.'s 78%.

Enhanced Interpretability: My work includes Grad-CAM visualizations for better
transparency and understanding of model decisions.

Comparison 2: Sharma et al. (2020)

Paper Methodology:

Sharma et al. (2020), in "Flower Recognition using CNN and ResNet-50," utilized CNNs
and the ResNet-50 architecture for flower classification, focusing on automatic feature
extraction.

Limitations:

The model struggled to differentiate visually similar species, impacting fine-grained
classification accuracy.

Limited generalization to real-world images due to variability in lighting and
backgrounds.

The large ResNet-50 architecture was computationally expensive, making it
unsuitable for resource-constrained environments.

Sole reliance on visual cues limited the model's ability to adapt to other
environmental variations.

Advantages of My Work Compared to Sharma et al. (2020):

1.

Efficient Model: A CNN is more lightweight and computationally efficient compared
to ResNet-50, making it suitable for resource-limited devices.
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2. Better Differentiation: My methodology, with tailored preprocessing and data
augmentation, improves the classification of visually similar species.

3. Improved Generalization: Data augmentation ensures robustness to variations in
lighting, noise, and backgrounds, allowing better performance on real-world
datasets.

4. Real-Time Classification: The proposed CNN model supports real-time detection,
making it more practical for dynamic applications.

5. Enhanced Interpretability: Grad-CAM visualizations provide insights into the
model's decision-making process, increasing transparency.

Comparison 3: Liu et al. (2024)
Paper Methodology:

Liu et al. (2024), in "Flower Detection and Classification Using Deep Neural
Networks,"used transfer learning with CNNs for flower classification.

Limitations:

1. The model achieved 87% accuracy, but struggled with fine-grained classification of
morphologically similar species.

2. Limited generalization to diverse datasets and environmental conditions.

3. Did not emphasize real-time application, reducing its usability in dynamic scenarios.

Advantages of My Work Compared to Liu et al. (2024):

1. Higher Accuracy: My model achieves over 93% accuracy, surpassing Liu et al.'s 89%,
thanks to data augmentation and enhanced feature extraction.

2. Improved Fine-Grained Classification: The CNN, combined with targeted data
augmentation, effectively distinguishes morphologically similar species.

3. Better Dataset Handling: My methodology addresses dataset diversity and
environmental variability, improving generalization across species and conditions.

4. Real-Time Detection: Unlike Liu et al.'s system, the proposed model is optimized for
real-time classification, making it suitable for real-world use cases.

4.3 Results and Discussion

The Convolutional Neural Network (CNN) model effectively extracts significant
features from floral images, including texture, shape, and color, using its convolutional
layers. These features are then leveraged to categorize the flowers into their respective
classes. The model achieves an impressive 93% accuracy on the dataset, demonstrating a
strong balance between precision, recall, and F1-score across the five flower classes: China
Rose, Daliha, Marigold, Rose, and Sunflower.
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Transfer Learning Phase:

During the transfer learning phase, the CNN model, initialized with ImageNet weights,
was tailored for flower classification by retraining only the fully connected layers.
Throughout this process, both training and validation accuracy showed consistent
improvement, accompanied by a significant reduction in loss values. This steady
progression highlights the model's ability to adapt effectively to the flower dataset without
signs of overfitting. By utilizing the robust feature extraction capabilities of the pre-
trained model, this phase provided a solid foundation for further fine-tuning and
optimization.

Fine-Tuning Phase:

During the fine-tuning phase, the CNN model was trained further to optimize its
performance on the flower classification dataset. The learning rate was reduced, and the
entire network was unfrozen to allow all layers, including the pre-trained layers, to adapt
to the specific features of the flower dataset.

As shown in the provided plots:

Training and Validation Accuracy Training and Validation Loss

10 —— Training Loss
Validation Loss

0.9

0.8
0.8 \
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Validation Accuracy 0.0
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4.3.1: Before Preprocessing CNN Training and Validation accuracy curve

e Training and Validation Accuracy: The training accuracy increases rapidly, nearing 1.0
by the 9th epoch, while validation accuracy fluctuates and peaks around 0.9. The
fluctuation in validation accuracy indicates overfitting, as the model learns patterns in
the training data but struggles to generalize to the validation data.

e Training and Validation Loss: Training loss decreases steadily, showing the model is
learning. However, validation loss stops improving early and even starts increasing
slightly, which is another indicator of overfitting.
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4.3.2: After Preprocessing CNN Training and Validation accuracy curve

e Training and Validation Accuracy: Training and validation accuracy curves are closer,
showing better alignment. The validation accuracy improves steadily and closely
matches the training accuracy, suggesting reduced overfitting.

e Training and Validation Loss: Both training and validation loss decrease more
consistently, and the validation loss continues to improve over the epochs. This
indicates that preprocessing improved the data quality, leading to better model
generalization.

Classification Report Analysis

The CNN model's performance in classifying five flower types—China Rose, Daliha,
Marigold, Rose, and Sunflower—is detailed in the provided classification report. With an
overall accuracy of 94%, the model demonstrates robust classification capabilities across
all categories. The precision, recall, and Fl-scores indicate consistent and reliable
performance for most flower types, although some variations highlight areas for potential
improvement.
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Classification Report:
precision f1-score

8.94
B.97
B.93
8.9
1.0

accuracy 8.94
macro avg o 8. 8.95
weighted avg - 8. B.95

4.3.3: CNN Classification Report
Overall Performance Metrics

e Accuracy: The model achieved an overall accuracy of 94%, indicating high reliability in
flower classification.

e Macro Average: Precision, recall, and Fl-score averaged at 0.94, demonstrating
consistent performance across all classes.

e Weighted Average: Considering class support, the weighted precision, recall, and F1-
scores remained at 0.94, indicating balanced performance across the dataset.

Class-Wise Performance

e Class 0 (China Rose): The model achieved a precision of 0.94 and a recall of 0.89,
resulting in an F1-score of 0.92. This reflects strong performance in identifying China
Roses, though recall indicates some room for improvement.

e Class 1 (Dahlia): Delivered excellent performance with a precision of 0.95 and a recall
of 0.94, leading to an F1-score of 0.94. Misclassifications for Dahlias are minimal.

e Class 2 (Marigold): Achieved a precision of 0.89 and a recall of 0.98, yielding an F1-
score of 0.93. While recall is strong, precision suggests occasional misclassification.

e Class 3 (Rose): Displayed good performance with a precision of 0.90 and a recall of 0.93,
resulting in an F1-score of 0.92. A balanced yet slightly improvable performance.

e Class 4 (Sunflower): Demonstrated outstanding classification, with a precision of 0.96
and a recall of 0.98, culminating in an F1-score of 0.97. Sunflowers are classified with
near-perfect accuracy.
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CNN Confusion Matrix Analysis

The confusion matrix provides a comprehensive overview of the model's classification
performance across the five flower classes: China Rose, Daliha, Marigold, Rose, and
Sunflower. It highlights both the correct predictions and misclassifications for each
category, offering valuable insights into the strengths and limitations of the model.

Confusion Matrix

e 80
&
o 0 3 0
£ 70
[
o 60
£ _
a8
- 50
wn
3o
[=]
EE‘- 1 40
22
2
-30
@ - 3
2
=20
@
E_ . -10
=
A

I
Marigold Rose sunflower
Predicted Labels

China Rose Daliha

4.3.4: CNN Confusion Matrix Analysis

Class-Wise Analysis
China Rose:

Out of 56 true instances, the model correctly classified 47, reflecting a strong performance.
However, 6 instances were misclassified as Daliha and 3 instances as Rose. These
misclassifications suggest potential overlap in the visual features of these classes.

Daliha:
Daliha achieved the highest correct classification, with 81 out of 82 true instances

accurately predicted. Only 1 instance was misclassified as China Rose, demonstrating the
model's excellent ability to distinguish this category with minimal errors.
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Marigold:

The model correctly identified 52 out of 55 true instances, with minor misclassifications
into other classes, such as 1 instance each into China Rose, Rose, and Sunflower. This
reflects strong classification capability, though slight confusion with similar morphological
features is evident.

Rose:

Roses showed more noticeable errors, with 64 out of 80 true instances correctly classified.
7 instances were misclassified as Daliha, 5 instances as Marigold, and 3 instances as
China Rose. These errors indicate challenges in distinguishing Roses, likely due to shared
features with other flower types.

Sunflower:

The Sunflower class demonstrated strong performance, with 52 out of 54 true instances
correctly predicted. Only 2 instances were misclassified as Rose, indicating excellent
reliability in detecting Sunflowers with minimal confusion.

Overall Observations

e The best performance was observed in the classification of Daliha and Sunflowers,
as evidenced by their high correct classification rates and minimal errors.

e Misclassifications in classes such as Rose and China Rose suggest areas for
improvement, likely due to shared visual characteristics with other flowers.

e The model displayed consistent performance across all classes, as reflected by the
balanced confusion matrix, but addressing subtle morphological similarities could
enhance the precision further.

Discussion and Improvements

The confusion matrix highlights the CNN model's strengths in classifying Daliha and
Sunflowers, with minimal misclassification rates. However, the confusion between Roses
and other flower types, such as China Rose and Marigold, points to the need for enhanced
feature extraction techniques or more diverse training data to capture subtle differences
between these flower types. Techniques such as data augmentation and transfer learning
could also improve the model's ability to generalize better to ambiguous cases.

Overall, the model's performance is robust, but targeted improvements could further

refine its classification accuracy.

Model Activation Visualizations

To further analyze and interpret the CNN model's decision-making process, Grad-CAM
(Gradient-weighted Class Activation Mapping) and Guided Grad-CAM techniques were
employed. These methods help to visualize the regions of input images that the model
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focuses on during classification, offering insights into the features that influence
predictions.

Grad-CAM Analysis

Grad-CAM highlights specific areas of an image where the CNN model concentrates its
attention for a given class prediction. For flower classification, this method successfully
emphasized key features such as petal shapes, colors, and textures, which are crucial for

distinguishing between different flower types. However, in some cases, Grad-CAM's
output also included irrelevant background regions, leading to noisy visualizations. This
inclusion of background features might reduce interpretability and potentially influence
misclassifications.

Guided Grad-CAM Analysis

Guided Grad-CAM combines the advantages of Grad-CAM and guided backpropagation to
produce cleaner, more focused visualizations. By refining the attention maps, this
technique effectively excluded background noise and concentrated solely on the critical
flower regions. These refined visualizations enhanced interpretability by clearly
highlighting the specific features—such as distinct petal patterns, edges, and colors—that
contributed to the model's predictions.

Guided Grad-CAM proved especially useful in identifying flower classes where the model's
performance could be improved. For instance:

e Roses and Marigolds: Activation maps showed overlapping features that might
explain classification errors between these two classes.

¢ China Rose and Daliha: Cleaned attention maps revealed morphological similarities
that occasionally led to confusion, providing actionable insights for improving the
dataset or model architecture.

Insights and Benefits

¢ Increased Interpretability: These visualizations provided a transparent way to
understand the CNN's focus, making the model's predictions more interpretable for
researchers.

e Error Diagnosis: By observing the activation maps, classes prone to
misclassifications were identified, allowing targeted improvements in training data
or feature extraction methods.

¢ Improved Feature Attention: Guided Grad-CAM demonstrated how the model could
be steered towards more relevant regions, ultimately leading to better classification
outcomes.
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In conclusion, Grad-CAM and Guided Grad-CAM techniques significantly contributed to
understanding the CNN's decision-making process, enhancing the model's interpretability
while providing actionable insights for improving flower classification accuracy.

Summary of CNN model:

The CNN model achieved an impressive 94% accuracy in classifying five flower types:
China Rose, Daliha, Marigold, Rose, and Sunflower. It effectively utilized features such as
petal shapes and colors to differentiate between the classes. The model excelled in
classifying Daliha and Sunflower, with near-perfect precision, recall, and F1-scores.
However, some misclassifications were observed for Rose and China Rose, likely due to
their morphological similarities.Grad-CAM and Guided Grad-CAM visualizations
enhanced the interpretability of the model's predictions. Guided Grad-CAM provided a
more refined focus on the key features that influenced the model's decisions. The balanced
macro and weighted averages of precision, recall, and F1-score (all at 0.95) underscored
the model's consistent and reliable performance across all flower types.

While the model demonstrated robustness, further improvements could be made by
expanding the dataset, incorporating data augmentation techniques, and leveraging
advanced feature extraction methods. These enhancements could help reduce
misclassifications and improve overall accuracy, making the model even more effective for
multi-class flower classification tasks.

4.4 Summary

This chapter outlines the development and evaluation of a CNN model for classifying
flowers, achieving a 94% accuracy. Transfer learning and data augmentation enhanced
the model's performance, particularly for Daliha and Sunflower, though some challenges
remained with Roses and China Roses. Grad-CAM visualizations improved transparency
and provided insights into classification errors. Compared to earlier studies, the model
demonstrated superior accuracy, efficiency, and real-time applicability. Despite its
strengths, there is room for improvement through dataset expansion and refined feature
extraction.
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Chapter 5
Engineering Standards and Design

Challenges

Engineering standards ensure consistency, safety, and efficiency in design and
manufacturing processes. However, design challenges often arise from balancing
innovation, cost, and adherence to these standards while meeting user needs.

5.1 Compliance with the Standards

These topics include engineering standards, which are used to ensure that designs
and products meet the necessary safety, quality, and performance requirements. This kind
of standardization helps minimize risk, ensure reliability, and keep uniformity across
industries and use cases.

5.1.1 Communication Standards

Communication standards for the system to interact with its users. The project has
a user-friendly interface in which the users can upload any of the flower images and can
get the classification results in real-time. (When the overall system is deployed, these
protocols include HTTPS) to secure communication between the user interface and
backend model. Moreover, the system offers intelligible feedback to users, such as
confidence scores for classifications and visual explanations, in order to improve the
transparency and interpretability of results. By using these communication protocols,

communications can be reliable, engaging, and secure in all interactions.

5.2 Impact on Society, Environment and Sustainability

These benefits benefit society and the environment by simplifying plant
identification of species and raising awareness of biodiversity and protecting biodiversity
through education and species conservation efforts. It helps sustainable agriculture via
the monitoring of crops and pest detection, while helping to preserve ecosystems and
endangered species. Its design incorporates ethical considerations, such as data privacy,
bias mitigation and responsible use. It helps Encourage Efficient Resource Utilization,
Allows for Adaptation, and Updating, and Scalability across Platforms A sustainability
plan takes into account efficient resource utilization, helps adapt and update the programs
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or mechanisms in place, and scales across platforms ensuring the system's long-term
ability to be a game-changing solution to environmental challenges and ecological balance.

5.2.1 Impact on Life

It can change multiple factors of life with the flower classification which can be
done automatically. It serves as a helpful tool for the education and implementation of
conservation and agricultural efforts. In everyday life it helps enthusiasts, gardeners, and
students with plant identification, deepening our understanding of and appreciation for
biodiversity.

For Agriculture and Botany professionals, the system helps in managing crops, detecting
pests, and monitoring plant health, leading to sustainable farming practices. Moreover, it
plays a crucial role in conservation efforts by enabling the monitoring of endangered
species, aiding in the preservation of biodiversity, and raising awareness on
environmental issues. In a more general way, this system closes the technological nature
gap and thus enhance the ways we interact with the Nature of the Earth.

5.2.2 Impact on Society & Environment

The automated flower classification project is highly beneficial to both - people's
being as well as nature. Through and through streamlining the process of plant
identification, it promotes biodiversity awareness and ultimately empowering more people
to become engaged in the conservation of the environment. The offered system can
therefore also headline study in flora species, encouraging students and researchers
exploring species of plant and helps foster environmental awareness.

Within agriculture, it helps identify crop species, detect diseases, seek out invasive
species, along with other developments in sustainable practices, maximizing food security
while minimizing carbon issues. For the purposes of conservation, it helps with monitoring
rare species and protecting ecosystems. The system thus extends its value as a tool for
societal and environmental good by enabling efficient ecological monitoring, which is
essential for ensuring ecological balance and combating the effects of climate change.

5.2.3 Ethical Aspects

Ethical considerations in the usage of the automated flower classification system
First of all, data privacy and ownership have to be considered, especially when training
on datasets that are publicly available or images that have been sourced from individuals.
It prevents usage of the intellectual property of the business without the proper
permissions and acknowledgments.

Second, the system should be engineered to eliminate bias in classification. For fairness
and accuracy in different contexts, datasets should be diverse and representative across
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species and environmental conditions. It would also be important to gain insight into the
system and its internal functioning so that users would be aware of how classifications are
made in order to ensure transparency of the system's decision-making processes.

Finally, potential misuse of the system should also be anticipated and addressed through
adequate safeguards. This necessary solution will ensure the project fulfills its intended
purpose and avoids any negative implications that may arise if not addressed.

5.2.4 Sustainability Plan

The sustainability plan for the automated flower classification system, based on a
CNN model, focuses on ensuring its usability, scalability, and environmental friendliness
over the long term. Key features of the plan include:

1. Data Usage Efficiency: The system leverages CNN models to minimize
computational power requirements, eliminating the need for training from scratch.
This approach reduces energy consumption during training and testing phases,
making the system more sustainable while maintaining high accuracy.

2. Relevance and Adaptability: To keep the system accurate and reliable, periodic
updates will integrate new datasets and flower types. This ensures that the system
adapts to changes in seasonal and environmental conditions, enabling it to remain
relevant over time while maintaining its classification accuracy.

3. Scalability of Deployment: The system is designed to operate seamlessly on low-
powered devices, leveraging lightweight CNN architectures. This ensures
accessibility for a broader audience, including users in resource-constrained
environments, and expands its usability across various platforms.

4. Environmental Consciousness: The system supports biodiversity monitoring,
sustainable agriculture, and conservation efforts by providing efficient flower
classification. It assists in protecting endangered species and promoting eco-friendly
practices by offering reliable identification tools for environmental applications.

5. Alignment with Long-Term Goals: By prioritizing energy-efficient processes,
adaptability, and environmental impact, the system contributes to global
sustainability objectives. The use of a CNN model ensures a cost-effective, scalable,
and environmentally conscious solution for flower classification.

In conclusion, the sustainability plan highlights the use of CNN models to ensure an
energy-efficient, adaptable, and scalable system that contributes positively to
environmental and societal needs while supporting long-term sustainability goals.

5.3 Project Management and Financial Analysis
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Managing a project like automated flower classification in Bangladesh requires

careful planning and financial management. Below is an outline of the project

management and financial analysis:

Project Management

Phase Tasks Duration
Phase 1 Research and  Dataset | 2 weeks
Preparation
Phase 2 Model 3 weeks
Development and
Preprocessing
Phase 3 Model Training 4 weeks
and
Testing
Phase 4 Result 2 weeks
Analysis
and
Improvement
Final Deployment 2 weeks
Phase 5 and
Documentation
Total 13 weeks

Financial Analysis

Table 3.5.1: Project Management

Expense
Item Cost (BDT) Details
Data Collection 80% of the dataset
was collected
manually, while
8,000 the remaining

20% was
purchased from
1Stock Images
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Google Colab Pro

1,000/month (for 3
months)
=3000

To access faster
GPUs for training
large models.

Internet Costs

2,000

For high-speed
internet during
project work.

Hardware
Maintenance

5,000

For any repairs or
updates to existing
hardware.

Miscellaneous

5,000

Printing,
documentation,
and unplanned
costs.

Others

2000

For others extra
cost

Total Estimated
Cost

20000-25000

Table 3.5.2: Financial Analysis

5.4 Complex Engineering Problem

5.4.1 Complex Problem Solving

Complex problem-solving is a multifaceted process that requires the application of
critical thinking skills, drawing from various disciplines to effectively tackle challenges.
This approach involves not only evaluating intricate issues but also recognizing and
understanding the various important variables that influence the problem at hand. By
combining analytical reasoning with creative ideation, individuals can develop and
implement innovative solutions that address these challenges in a comprehensive and
effective manner, ensuring long-term success and adaptability in ever-changing

environments.

©Daffodil International University

39



EP1 EP2 EP3 EP4 EP5 EP6 EP7

Dept of | Range Depth Familiari | Extent Extent Of | Interdepende
Knowled | Of of ty of| of Stake- nce
ge Conflicting | Analys | Issues Applicab | holder

Requireme | is le Codes | Involveme

nts nt

R y

Table 5.1: Mapping with complex problem solving.

EP1: Department of Knowledge

This project relies on specialized expertise in CNN models, focusing on their application
in flower classification tasks. Key knowledge areas include understanding the architecture
and functionality of models like ResNet-18, particularly its residual connections to
mitigate the vanishing gradient problem. Proficiency in data preprocessing techniques
such as resizing, normalization, and augmentation is critical for preparing datasets
effectively. Additionally, applying transfer learning optimally for pre-trained models
ensures the system performs efficiently across diverse flower species, leveraging pre-
existing knowledge while adapting to the specific dataset.

EP2: Range of Conflicting Requirements

The project addresses conflicting demands such as achieving high classification accuracy,
ensuring real-time processing, and maintaining computational efficiency. These
requirements are particularly important for field applications where the system must
process high-resolution flower images quickly without consuming excessive computational
resources. Balancing these demands through careful optimization is essential to make the
system practical and effective.

EP3: Depth of Analysis

The system requires precise analysis of flower images, emphasizing fine-grained features
such as petal color, texture, and shape for classifying visually similar species. Techniques
like data augmentation (e.g., rotation, scaling, and cropping) enhance dataset robustness,
enabling the model to handle variations in lighting and environmental conditions. The
CNN model, when tuned appropriately, ensures reliable classification despite these
challenges, delivering high accuracy in diverse scenarios.

EP7: Interdependence

The project has significant interdependence with various domains, extending its practical
impact:
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e Agriculture: Assists in flower species identification, aiding crop management,
health monitoring, and pest detection.

e Botany: Supports botanists in cataloging and identifying species, particularly in
remote areas where field expertise may be unavailable.

¢ Environmental Conservation: Facilitates biodiversity monitoring, helping to track
endangered or invasive species and supporting ecosystem preservation initiatives.

This interdependence ensures that the project aligns with societal and practical needs,
making it beneficial to researchers, conservationists, and agricultural experts while
enhancing collaboration across disciplines.

Mapping with Knowledge Profile for EP1

K3 K4 K5 K6 K8
Enginee Speci Engin Engin Rese
ring alist eering eering arch
Funda Kno Desig Practi Liter
mentals wled n ce atur
ge e
v N v

Table 5.2: Mapping with knowledge Profile.

K3: Engineering Fundamentals

The core technical foundation of this project lies in the principles of deep learning,
specifically focusing on CNN models. Understanding how CNNs operate, extracting
hierarchical features from raw image data, is crucial for achieving accurate flower
classification. The project uses CNNs that leverage pre-learned knowledge to efficiently
classify images without requiring training from scratch. Key preprocessing techniques,
such as resizing, normalization, and augmentation, are employed to prepare the dataset
and enhance model performance. Additionally, a deep understanding of the classification
process and fine-tuning CNN models is essential to adapt the network for flower
classification tasks effectively.

K4: Specialist Knowledge

The project requires specialist knowledge CNN models for automated flower classification.
Key expertise includes understanding CNN architecture, leveraging pre-trained models to
reduce computational costs, and applying data preprocessing techniques like resizing,
normalization, and augmentation to improve robustness. Proficiency in feature extraction
and fine-tuning CNNs ensures the system adapts to datasets effectively. Finally,
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evaluating performance with metrics like accuracy and F1-score ensures a reliable and
efficient classification system.

K8: Research Literature

This project draws extensively from the existing research on CNNs and transfer learning
in flower classification. Studies on CNN models, including their challenges such as
differentiating visually similar species and handling environmental variations have
informed the system's development. The project builds upon insights from prior work to
address these challenges, ensuring improvements in classification accuracy and
robustness. By leveraging findings from earlier literature, this project updates traditional
methods, integrates best practices for CNNs, and highlights ways to overcome the
limitations of existing systems. This thorough literature review underpins the
methodology, ensuring its reliability and contribution to the field.

5.4.2 Engineering Activities

EA EA2 EA3 EA4 EA5
1
Leve Inno Conse Fami
Ra 1 of vati quence liarit
nge Inte on s for y
of racti socl
res on ety
our and
ces enviro
nment
v v v v v

Table 5.3: Mapping with complex engineering activities

EA1: Range of Resources

The project utilizes a wide range of computational resources, including Google Colab for
running and training models, CNN architectures for image classification, and an extensive
flower dataset. The use of pre-trained models minimizes the computational overhead and
eliminates the need for training from scratch, making the system efficient and accessible.

EA2: Level of Interaction

This project involves extensive interaction with machine learning tools and libraries,
focusing on tasks like image preprocessing, training, and evaluation. CNNs are fine-tuned
using data augmentation techniques (e.g., flipping, cropping, scaling) to enhance model
generalization and improve classification accuracy for diverse flower species.
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EA3: Innovation

The project introduces innovative use of CNN models and transfer learning to achieve
superior classification accuracy. Advanced data preprocessing methods and fine-tuning
approaches address common issues like dataset imbalances and ensure optimal
performance across various flower classes.

EA4: Consequences for Society and Environment

The system automates flower species classification, offering benefits in fields like
agriculture, where it aids in crop management, and botany, where it supports species
identification and cataloging. Additionally, it contributes to biodiversity conservation by
facilitating the monitoring of endangered or invasive species, promoting environmental
sustainability.

EA5: Familiarity

The project leverages widely used and well-documented CNN architectures, ensuring ease
of implementation and adaptation. By building upon existing methods and applying them
to specific use cases like flower classification, the project advances established techniques
while maintaining accessibility and reliability.

5.5 Summary

In this, we propose a flower classification model leveraging a CNN architecture for
accurate identification of flower species. The system adheres to engineering standards,
facilitates secure communication, and delivers results in real time. It contributes to society
and the environment by promoting biodiversity, supporting sustainable agricultural
practices, and assisting in conservation efforts.

Ethical considerations, such as data privacy protection and minimizing bias, are integral
to the system's design. The project emphasizes efficient resource allocation and scalability,
ensuring its long-term sustainability and adaptability. This innovative system opens up
opportunities for diverse applications in agriculture, botany, and environmental
monitoring, providing valuable tools to support these fields. Additionally, it seeks to
engage the community to understand the societal and ecological implications of such
technologies, fostering a collaborative approach to enhancing biodiversity and

environmental stewardship.
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Chapter 6

Conclusion

Overall, the automated flower classification system, utilizing a CNN model, achieves high
accuracy and efficiency, effectively addressing challenges such as visually similar flowers
and environmental variations. This system holds significant potential for applications in
botany and agriculture, where it can aid in monitoring plant diversity and offer valuable
insights for biodiversity conservation efforts. Its robust performance makes it a practical
and scalable solution for real-world use in these fields.

6.1 Summary

In this paper, an automatic flower classification system is presented, utilizing a
CNN model for high accuracy in identifying flower species. The primary objective of this
project is to improve upon traditional classification methods, which are often labor-
intensive, time-consuming, and reliant on expert knowledge. The system effectively
distinguishes visually similar species by leveraging pre-trained architectures, data
augmentation techniques, and open-source datasets, such as the Flower Dataset, to
enhance robustness and accuracy.
The methodology includes data preprocessing, model fine-tuning, evaluation, and
deployment, emphasizing scalability and user-friendliness for practical applications.
While the system demonstrates significant potential in botany research, agriculture, and
conservation biology, challenges such as temporal limitations, environmental
dependencies, and computational demands may restrict its broader applications.
Despite these challenges, this project contributes to biodiversity monitoring, conservation
efforts, and educational initiatives, offering a scalable, efficient, and accurate solution for
flower classification. It also sets the stage for future research and enhancements, enabling
more adaptable and resource-efficient systems to meet diverse societal and environmental
needs.

6.2 Limitation

The automated flower classification system, while effective, has certain limitations.
One key challenge is overfitting on common flower types due to the limited diversity of the
dataset, which reduces the model's ability to generalize across less represented species.
Additionally, the system faces difficulties in distinguishing visually similar flowers,
indicating the need for enhanced feature extraction techniques. Environmental factors
such as lighting variations, background noise, and occlusions can also impact the system's
performance, making it sensitive to real-world conditions. The reliance on CNN models
introduces high computational demands, which hinder its deployment on low-resource or
mobile devices for real-time applications. Furthermore, the system struggles to generalize
effectively to novel flower species not included in the training dataset, necessitating
frequent updates. Lastly, while methods like Grad-CAM improve model interpretability,
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the system remains less accessible for non-experts, limiting its usability for broader
audiences. Addressing these issues through strategies like dataset expansion, lightweight
model optimization, and improved interpretability features can enhance its robustness
and applicability.

6.2 Future Work

The automated flower classification system presents opportunities for several future
enhancements to improve its performance, scalability, and applicability. Key areas of focus
include:

o Expanding Dataset Diversity: Incorporating a larger and more diverse dataset with
additional flower types will help the system generalize better across uncommon species
and reduce overfitting.

e Improved Feature Extraction: Developing more advanced feature extraction methods
or fine-tuning the CNN model further can enhance its ability to distinguish visually
similar flowers.

o Lightweight Model Optimization: Optimizing the CNN for low-resource environments
will enable real-time applications on mobile or embedded devices, expanding its
usability in fieldwork and resource-constrained settings.
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