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ABSTRACT 

Flower species classification stands as a quintessential challenge in the realm of computer 

vision, bearing profound implications for botanical research, conservation, and ecological 

management. In this study, we embark on a rigorous exploration of deep learning 

architectures, meticulously assessing their efficacy in discerning intricate floral 

characteristics. Leveraging a bespoke dataset meticulously curated to encapsulate the rich 

diversity of floral species, we subject ResNet50, ResNet152, DenseNet121, and 

DenseNet201 to exhaustive scrutiny. Through this meticulous inquiry, we unearth the 

paramount importance of model selection in elucidating the subtle nuances inherent to 

floral taxonomy. Emerging from this crucible of computational inquiry, DenseNet201 

emerges as the paragon of accuracy and efficiency, wielding an unparalleled accuracy of 

99.61% with a minuscule loss of 0.06. Meanwhile, DenseNet121 stands as a stalwart 

contender, boasting a commendable accuracy of 96.56%. Beyond the realm of 

computational achievements, our findings resonate with broader implications for 

botanical research and conservation efforts. By shedding light on the transformative 

potential of transfer learning and DenseNet architectures in the realm of floral diversity 

analysis, this study not only advances the frontiers of technological innovation but also 

invigorates interdisciplinary collaborations poised to reshape our understanding of floral 

ecosystems. Through this convergence of computational prowess and botanical inquiry, 

we navigate towards a future where advanced technologies serve as indispensable allies 

in the noble pursuit of biodiversity conservation and ecological stewardship. 
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CHAPTER 1 

Introduction 

 

1.1 Overview 

Bangladesh's natural landscape is a treasure trove of botanical diversity, housing a myriad 

of plant species that play crucial roles in the country's ecosystems. This rich biodiversity 

is evident in the numerous species of flowers that adorn the country's varied landscapes, 

from the coastal regions to the highlands. Species such as Catharanthus Roseus, 

Marigold, Hibiscus rosa-sinensis, Cosmos Sulphureus, Petunia, Dianthus Chinensis, 

Helianthus Annuus, and Rose not only contribute to the aesthetic beauty of Bangladesh 

but also have significant ecological and economic value. Accurate identification and 

classification of these plant species are essential for ecological research, conservation 

efforts, and sustainable resource management. 

 

Traditional methods of species identification, which rely on manual observation and 

taxonomic expertise, are increasingly inadequate given the vast number of species and 

the complexity of their characteristics. These methods are labor-intensive, time-

consuming, and prone to human error. As habitats face growing threats from 

urbanization, deforestation, and climate change, the need for efficient and accurate 

species identification systems has become more urgent. 

 

In recent years, advancements in artificial intelligence (AI) and deep learning have 

revolutionized various fields, including image processing and species classification. One 

of the most promising techniques in this domain is transfer learning, which allows for the 

transfer of knowledge acquired from pre-trained neural network models to specific tasks, 

such as species classification. Transfer learning leverages the features learned from large 

datasets to develop robust and accurate models, even in scenarios where data availability 

is limited. 

 

This thesis aims to develop an efficient and accurate species classification system for  

   



©Daffodil International University, Bangladesh                                                                            2 

 

Bangladeshi flora using transfer learning and image processing techniques. By custom-

collecting a comprehensive dataset that includes images of key plant species found in 

Bangladesh, and leveraging the capabilities of transfer learning, this research seeks to 

create a robust system capable of accurately identifying plant species from images. This 

system will not only advance scientific knowledge but also support conservation efforts 

and promote education and awareness about Bangladesh's rich botanical heritage. 

 

The dataset collected for this study consists of images of eight key flower species found 

in Bangladesh: Catharanthus Roseus (429 images), Marigold (377 images), Hibiscus 

rosa-sinensis (319 images), Cosmos Sulphureus (309 images), Petunia (307 images), 

Dianthus Chinensis (305 images), Helianthus Annuus (300 images), and Rose (187 

images). Each species was selected based on its ecological importance and prevalence in 

Bangladesh. The number of images per species varies, reflecting the relative ease or 

difficulty of obtaining sufficient high-quality images for each flower type. 

 

Catharanthus Roseus, commonly known as Madagascar periwinkle, is a prominent 

species in Bangladesh, known for its medicinal properties and ornamental value. The 

dataset includes 429 images of this species, capturing its distinct pink and white flowers. 

Marigold, a flower deeply embedded in cultural and religious practices in Bangladesh, is 

represented with 377 images. Marigolds are widely used in festivals and ceremonies, 

making their identification significant for both ecological and cultural studies. 

Hibiscus rosa-sinensis, or Chinese hibiscus, with 319 images in the dataset, is another 

important species. Its large, vibrant flowers are not only visually striking but also have 

medicinal uses. Cosmos Sulphureus, commonly known as sulfur cosmos, is included with 

309 images. This species is known for its bright orange-yellow flowers and is often used 

in ornamental gardening. 

 

Petunia, with 307 images, is a popular garden flower known for its wide range of colors 

and patterns. Petunias are widely cultivated for decorative purposes, making their 

classification important for horticultural research. Dianthus Chinensis, or Chinese pink, 
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included with 305 images, is valued for its colorful and fragrant flowers. This species is 

commonly grown in gardens and has significant ornamental value. 

Helianthus Annuus, commonly known as the sunflower, is represented with 300 images. 

Sunflowers are not only important for their aesthetic appeal but also for their agricultural 

value as a source of oil and seeds. Rose, one of the most iconic and widely recognized 

flowers, is included with 187 images. Despite being fewer in number, the images of roses 

are crucial due to the flower's cultural and economic significance. 

 

1.2 Background and Present State 

The collected dataset reflects the diversity and significance of these species in 

Bangladesh, providing a solid foundation for developing a species classification system. 

The varying number of images for each species also highlights the challenges associated 

with data collection, particularly for less abundant or more difficult-to-photograph 

species. 

 

The application of transfer learning to this dataset involves utilizing pre-trained neural 

network models, such as VGG-16, ResNet50, and InceptionV3, which have been trained 

on large, diverse image datasets. These models are fine-tuned to recognize the specific 

features of the flowers in the Bangladeshi dataset, allowing for accurate species 

classification even with a relatively small number of images. 

 

The significance of this research lies in its potential to transform the way plant species 

are identified and classified in Bangladesh. By developing a robust and efficient 

classification system, this study aims to: 

1. Advance Scientific Knowledge: The development of an accurate species 

classification system will enhance scientific knowledge by enabling rapid and 

reliable species identification. This capability is crucial for ecological research, 

biodiversity assessment, and conservation planning. 

2. Support Conservation Efforts: Accurate species classification is essential for 

effective conservation management. The proposed system will support 
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conservation efforts by providing a tool for quick and accurate species 

identification, enabling timely interventions and monitoring of endangered and 

threatened plant species in Bangladesh. 

3. Promote Education and Awareness: The accessibility of the species 

classification system through user-friendly interfaces will promote education and 

awareness about Bangladesh's rich botanical heritage. It will empower 

researchers, students, and the general public to explore and appreciate the 

country's diverse flora. 

4. Technological Innovation: Applying advanced AI techniques, such as transfer 

learning, to the field of species classification represents a significant technological 

innovation. This research can pave the way for future studies and applications in 

other regions and domains. 

 

1.3 Problem Statement 

Accurate identification and classification of flower species in Bangladesh, a country with 

rich biodiversity, is critical for ecological research, conservation efforts, and economic 

applications. Traditional methods, which rely on manual observation and expert 

knowledge, are inadequate due to their time-consuming, labor-intensive nature, and 

susceptibility to human error. The advent of transfer learning and advanced neural 

network architectures offers a potential solution, but their effectiveness in this specific 

context remains underexplored. This study aims to address the following problems: 

 

1. Effectiveness of Transfer Learning Techniques: Evaluating how effective 

transfer learning techniques are in accurately classifying flower species in 

Bangladesh. 

2. Optimal Neural Network Architectures: Identifying the optimal neural network 

architectures for the classification of diverse Bangladeshi flower species. 

3. Challenges and Limitations: Assessing the challenges and limitations associated 

with implementing transfer learning for flower species classification in 
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Bangladesh, including issues related to dataset diversity, class imbalance, and 

real-world applicability. 

1.4 Objectives 

The objectives for this study is to address the challenges of plant species identification in 

Bangladesh, a country with rich biodiversity. Given the ecological and economic 

importance of species like Catharanthus Roseus and Helianthus Annuus, efficient 

identification methods are essential. Traditional methods, reliant on manual observation 

and expert knowledge, are insufficient due to their time-consuming, labor-intensive 

nature, and susceptibility to human error. 

 

The increasing threats to Bangladesh's flora from urbanization, deforestation, and climate 

change necessitate accurate species identification for effective conservation strategies. 

This study aims to develop an automated classification system to facilitate rapid 

assessment and monitoring of flower species, supporting conservation efforts. 

Additionally, reliable species identification is crucial for ecological research, ensuring 

data accuracy and enhancing research quality. The proposed AI-based classification 

system promises high accuracy and consistency, benefiting researchers in Bangladesh 

and similar biodiverse regions. 

 

Economically, accurate plant classification aids in the sustainable management of 

resources, such as medicinal plants and agricultural crops. The system also has 

educational potential, raising public awareness and fostering a culture of conservation. 

Technologically, this study advances AI applications in biodiversity studies, using 

transfer learning to enhance model performance. It addresses challenges like limited 

dataset size and class imbalance, aiming to provide a robust and scalable solution. The 

methodologies developed will benefit not only Bangladesh but also global biodiversity 

conservation and ecological research efforts. 
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1.5 Scope and Limitations 

The scopes of this research are multifaceted, encompassing advancements in species 

classification, contributions to ecological conservation, and enhancements in educational 

and technological domains. By developing an advanced plant species classification 

system using transfer learning and image processing techniques, the study aims to 

achieve the following specific outcomes: 

 

1. Enhanced Accuracy and Efficiency in Species Classification 

One of the primary expected outcomes is the development of a highly accurate 

and efficient system for classifying plant species. Utilizing pre-trained 

convolutional neural networks (CNNs) such as VGG-16, ResNet50, and 

InceptionV3, the system aims to accurately identify eight key flower species 

in Bangladesh: Catharanthus Roseus, Marigold, Hibiscus rosa-sinensis, 

Cosmos Sulphureus, Petunia, Dianthus Chinensis, Helianthus Annuus, and 

Rose. This classification system is expected to outperform traditional methods 

in terms of speed and accuracy, providing a robust tool for researchers and 

conservationists. 

2. Contribution to Ecological Conservation Efforts 

The accurate identification and classification of plant species are crucial for 

effective conservation management. By providing a reliable and efficient tool 

for species identification, this research will support conservation efforts in 

Bangladesh. The system can be used to monitor the presence and distribution 

of various plant species, helping to identify endangered or threatened species 

and enabling timely conservation interventions. This will contribute to the 

preservation of biodiversity and the sustainable management of natural 

resources. 

3. Advancement of Scientific Research 

The development and implementation of the species classification system will 

significantly advance scientific research in the fields of botany, ecology, and  
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conservation biology. The system will provide researchers with a powerful 

tool for studying plant species diversity, distribution, and ecological 

relationships. This can lead to new insights and discoveries, enhancing our 

understanding of plant biodiversity in Bangladesh and contributing to global 

botanical research. 

4. Educational and Public Engagement 

Another expected outcome is the promotion of education and public 

awareness about Bangladesh's rich botanical heritage. The species 

classification system can be integrated into educational programs, providing 

students with hands-on experience in plant taxonomy and conservation 

biology. Additionally, the system can be made accessible to the general public 

through user-friendly interfaces, fostering a greater appreciation for the 

country's floral diversity and encouraging community involvement in 

conservation efforts. 

5. Technological Innovation 

This research is expected to contribute to technological innovation by 

applying advanced AI techniques to the field of species classification. The use 

of transfer learning and state-of-the-art CNN architectures will push the 

boundaries of current methodologies, setting new benchmarks for accuracy 

and efficiency. The findings and methodologies developed through this study 

can be adapted and applied to other regions and domains, promoting further 

advancements in AI and its applications in biodiversity studies. 

 

1.6 Report Organization 

In this pivotal chapter, the report's layout serves as a clear roadmap for navigating the 

exploration of flower species classification in Bangladesh: 

 

Chapter 1: This chapter provides a panoramic view of the research, laying the foundation 

with an introduction to the topic, motivations for the study, the rationale behind the 

research, specific research questions, and the expected outcomes. It sets the stage by 
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highlighting the significance of accurate flower species classification and the role of 

advanced techniques like transfer learning in achieving this goal. 

 

Chapter 2: Delves into the preliminaries, including key terminologies and an extensive 

review of relevant works. This chapter sets the stage for understanding the current state 

of research in flower species classification, particularly focusing on the use of transfer 

learning and image processing techniques. It covers significant studies, methodologies, 

and findings that have shaped the field, providing a thorough background against which 

the present research is framed. 

 

Chapter 3: Explores the research approach in detail. This chapter covers the subject 

instrumentation, data collection procedures, statistical analysis methods, proposed 

methodologies, and implementation requirements. It outlines the custom dataset used in 

this study, the specific image processing techniques employed, and the detailed steps 

taken to apply transfer learning for flower species classification. 

 

Chapter 4: Unfolds the experimental setup, presenting the design and execution of 

experiments using transfer learning models. 

 

Chapter 5: This chapter provides a comprehensive analysis of the results obtained from 

applying various pre-trained convolutional neural networks (CNNs) to the flower species 

dataset. It discusses the strengths and limitations of the models, the accuracy achieved, 

and the implications of these findings for the field of flower species classification. 

 

Chapter 6: Examines the broader societal and environmental implications of the research. 

This chapter discusses the ethical aspects of automated species classification and 

proposes a sustainability plan, highlighting how the study's outcomes can contribute to 

conservation efforts, educational initiatives, and public awareness. It contextualizes the 

impact of the research within the larger framework of biodiversity conservation and 

ecological sustainability. 
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Chapter 7: Synthesizes the findings, aligning them with the research objectives outlined 

in Chapter 1. This chapter reflects on the contributions and significance of the flower 

species classification system developed in this study. It also suggests future avenues for 

research, identifying potential improvements and expansions of the current work to 

further enhance the accuracy and applicability of species classification systems. 

 

This structured layout ensures a seamless and comprehensive presentation of the 

research, guiding readers through the intricate exploration of flower species classification 

using advanced image processing and transfer learning techniques.  
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CHAPTER 2 

Literature Review 

2.1 Overview 

In the realm of flower species classification, navigating the intricate landscape of 

terminologies and foundational concepts is essential for comprehending the nuances of 

the field. At its core, flower classification entails the categorization of flowers into 

distinct species based on their visual attributes captured through images. This process 

involves the extraction of discriminative features from flower images and the subsequent 

mapping of these features to predefined categories corresponding to different flower 

species. 

 

Central to understanding flower classification is the concept of convolutional neural 

networks (CNNs), a class of deep learning algorithms specifically designed for image 

analysis tasks. CNNs leverage the principles of convolution and pooling to extract 

hierarchical representations of features from input images, enabling them to learn 

intricate patterns and structures inherent in flower images. Pre-trained CNNs, which have 

been trained on large-scale image datasets such as ImageNet, serve as powerful tools for 

flower classification tasks by leveraging knowledge learned from diverse visual domains. 

 

Transfer learning emerges as a pivotal paradigm in flower classification, offering a 

pragmatic approach to leverage knowledge from pre-trained CNNs for the task at hand. 

By fine-tuning pre-trained models or extracting features from intermediate layers, 

transfer learning facilitates the adaptation of CNNs to specific flower classification tasks, 

even in scenarios with limited training data. This transfer of knowledge enables models to 

achieve high accuracy and generalizability, even when confronted with challenges such 

as dataset limitations or class imbalances. 

 

Furthermore, the concept of data augmentation plays a crucial role in mitigating the 

challenges posed by limited dataset sizes. Data augmentation techniques involve the 
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generation of synthetic training instances by applying transformations such as rotations, 

flips, and color perturbations to existing images. This augmentation diversifies the 

training data, enabling models to learn robust representations and enhance their ability to 

generalize to unseen flower images. 

 

As researchers delve deeper into the intricacies of flower species classification, it 

becomes imperative to comprehend the diverse architectural nuances and model selection 

criteria. Architectures such as VGG16, ResNet50, and InceptionV3 represent key 

milestones in the evolution of CNNs, each offering unique advantages and trade-offs in 

terms of computational efficiency and accuracy. Understanding these architectural 

nuances is essential for selecting the most suitable model architecture for specific flower 

classification tasks based on factors such as dataset size, computational resources, and 

performance requirements. 

 

2.2 Related Works 

The landscape of flower species classification is rich with diverse research endeavors, 

each contributing unique insights and methodologies aimed at addressing the intricate 

challenge of accurately categorizing flowers based on visual attributes. In this 

comprehensive exploration, we scrutinize a selection of scholarly inquiries, each offering 

valuable perspectives and approaches to the field. 

Pioneering studies, exemplified by Wu et al. [1], showcase the formidable efficacy of 

transfer learning, achieving stellar accuracies surpassing the 95% mark on the venerable 

Oxford flower datasets. Employing a repertoire of pre-trained models including VGG-16, 

ResNet50, InceptionV3, and ResNet50, these endeavors underscore the potency and 

versatility of transfer learning in the realm of floral classification. 

Equally noteworthy, Gogul et al. [2] navigate the terrain of transfer learning with finesse, 

harnessing the prowess of AlexNet to attain an accuracy threshold eclipsing 94% on the 

Flowers-102 dataset. Such endeavors serve to fortify transfer learning's indisputable 
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hegemony as the preeminent approach in the pantheon of flower classification 

methodologies. 

Delving deeper into the labyrinth of architectural nuances and model selection, scholarly 

inquiries such as that by Kaya et al. [3] orchestrate meticulous comparisons across 

VGG16, ResNet50, and InceptionV3 architectures, unveiling VGG16 as the vanguard, 

boasting accuracy levels approaching an impressive 99.3%. 

Despite these strides towards excellence, studies including [2, 5, and 7] invariably 

confront the specter of dataset limitations characterized by ambiguous sizing and 

disparate class distributions. These vexing constraints accentuate the exigency for 

concerted efforts towards harnessing more sophisticated pre-trained models and fine-

tuning hyperparameters to eke out incremental gains in performance. 

Innovative trajectories are also charted, exemplified by Alipour et al. [4], who chart a 

bespoke deep CNN architecture tailored to the rigors of flower classification within an 

enigmatic agricultural dataset. The convergence of comparable accuracies vis-à-vis 

established transfer learning paradigms signals the plurality of viable approaches 

contingent upon the idiosyncrasies of the dataset and task at hand. 

Concurrently, Bozkurt's [5] probing analysis of pre-trained model efficacy illuminates 

MobileNetV2's ascendancy over InceptionV3 within the sprawling domain of the Google 

Flowers dataset, comprising a formidable 102 flower classes. This nuanced revelation 

underscores the imperatives surrounding the deliberate selection of pre-trained models 

commensurate with the exigencies of specific flower classification tasks. 

However, a recurrent leitmotif reverberating across multiple inquiries resides in the 

constrictive confines of dataset magnitude and granularity. Scholars such as Wu et al. [1] 

and Nithin et al. [6] posit data augmentation as a panacea, poised to assuage the paucity 

of training instances through the judicious synthesis of variant images via rotations, flips, 

and color perturbations. Concurrently, the pioneering forays into cascaded transfer 

learning, as espoused by Murugeswari et al. [13], portend a paradigm shift, heralding the 
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advent of synergistic model ensembles poised to surmount the limitations inherent to 

solitary transfer learning architectures. 

For the pragmatic exigencies underpinning computational efficiency, the scholarly 

diptych presented by Alipour et al. [11] and Namin et al. [12] augur a tantalizing vista of 

lightweight architectures and sophisticated optimization techniques. These salient 

endeavors hold the promise of democratizing flower species classification, facilitating 

seamless deployment across resource-constrained environments, such as mobile devices 

or embedded systems. 

Thus, the confluence of these disparate yet interconnected endeavors herald a new epoch 

of sophistication and efficacy within the vibrant tapestry of flower species classification. 

2.3 Comparison Between Existing Works 

In this section, we embark on a comparative analysis and summary of the diverse 

methodologies and findings presented in the reviewed literature. These studies 

collectively offer a mosaic of approaches, insights, and outcomes that illuminate the 

multifaceted landscape of flower species classification. 

Transfer Learning Dominance: Across the reviewed studies, transfer learning emerges 

as a dominant paradigm in flower species classification. Pioneering investigations by Wu 

et al. [1] and Gogul et al. [2] showcase the remarkable efficacy of transfer learning, 

achieving high accuracies on benchmark datasets such as the Oxford flower datasets and 

Flowers-102 dataset. By leveraging pre-trained CNN models and fine-tuning them for 

flower classification tasks, these studies underscore the versatility and potency of transfer 

learning in adapting to diverse datasets and achieving robust performance. 

Architectural Nuances: Delving deeper into architectural nuances and model selection, 

studies such as that by Kaya et al. [3] provide valuable insights into the performance of 

different CNN architectures. Comparative analyses across architectures like VGG16, 

ResNet50, and InceptionV3 reveal nuanced differences in accuracy and computational 

efficiency. These findings highlight the importance of selecting the most suitable model 
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architecture based on the specific requirements of the flower classification task and the 

characteristics of the dataset. 

Dataset Limitations: Despite the advancements facilitated by transfer learning and 

architectural optimizations, several studies confront the challenges posed by dataset 

limitations. Ambiguities in dataset sizing and disparate class distributions, as observed in 

studies including [2, 5, and 7], underscore the importance of dataset curation and 

augmentation. The adoption of data augmentation techniques, as advocated by Wu et al. 

[1] and Nithin et al. [6], emerges as a promising strategy to mitigate the effects of limited 

training data and enhance model generalizability. 

Innovative Trajectories: Beyond traditional transfer learning approaches, innovative 

trajectories such as cascaded transfer learning and bespoke model architectures offer 

alternative avenues for exploration. Studies like that by Murugeswari et al. [13], 

exploring cascaded transfer learning, and Alipour et al. [4], designing custom CNN 

architectures, demonstrate the potential for novel approaches to overcome the limitations 

of traditional methodologies. These innovative trajectories highlight the importance of 

continuous experimentation and adaptation in the pursuit of improved flower species 

classification. 

Computational Efficiency: Lastly, the pragmatic exigencies of computational efficiency 

drive investigations into lightweight architectures and optimization techniques. Research 

by Alipour et al. [11] and Namin et al. [12] elucidates the potential of lightweight CNN 

architectures and optimization strategies to democratize flower species classification, 

making it accessible across resource-constrained environments. 

2.4 Scope of the Problem 

The scope of the problem in flower species classification encompasses a broad array of 

challenges and opportunities inherent in the task of accurately categorizing flowers based 

on visual attributes. At its core, the problem revolves around the need to develop robust 

and efficient methodologies that can effectively distinguish between different flower 
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species, even in the presence of variations in lighting conditions, backgrounds, and 

orientations. 

One of the primary challenges within the scope of the problem is dataset diversity and 

complexity. Flower images captured in real-world environments exhibit a wide range of 

variations in terms of color, shape, texture, and occlusions. Moreover, different species of 

flowers may share similar visual characteristics, leading to ambiguity and confusion 

during the classification process. Addressing these challenges requires the development 

of sophisticated algorithms capable of extracting discriminative features and learning 

subtle differences between flower species. 

Another key aspect of the problem is dataset size and quality. Many existing flower 

datasets suffer from limitations such as small sample sizes, imbalanced class 

distributions, and inaccuracies in labeling. These factors can significantly impact the 

performance of machine learning models trained on such datasets, leading to suboptimal 

classification results. Therefore, efforts to collect and curate large-scale, high-quality 

flower datasets are essential for advancing the state-of-the-art in flower species 

classification. 

Furthermore, the computational complexity associated with training and deploying deep 

learning models for flower classification poses practical challenges, especially in 

resource-constrained environments. Developing lightweight architectures and 

optimization techniques that strike a balance between accuracy and efficiency is crucial 

for enabling the widespread adoption of flower classification systems across diverse 

platforms and devices. 

Moreover, the scope of the problem extends beyond technical considerations to 

encompass broader societal and environmental implications. Accurate classification of 

flower species is essential for various applications, including biodiversity monitoring, 

ecological conservation, agricultural research, and ornamental plant breeding. By 

providing insights into the distribution, abundance, and health of different flower species, 

classification systems can inform conservation strategies, support agricultural practices,  
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and contribute to our understanding of ecosystem dynamics. The scope of the problem in 

flower species classification is multifaceted, encompassing technical challenges related to 

dataset diversity, size, and computational complexity, as well as broader societal and 

environmental implications. Addressing these challenges requires interdisciplinary 

collaboration, innovative algorithmic approaches, and concerted efforts to collect and 

curate high-quality flower datasets. By overcoming these challenges, we can unlock the 

full potential of flower species classification systems to contribute to scientific research, 

conservation efforts, and sustainable development. 

2.5 Summary 

The pursuit of accurate flower species classification is fraught with various challenges 

that demand innovative solutions and meticulous attention to detail. These challenges 

span technical, methodological, and practical domains, presenting formidable obstacles to 

researchers in the field. Understanding and addressing these challenges are essential for 

advancing the state-of-the-art in flower species classification and unlocking its full 

potential for diverse applications. 

 

Dataset Limitations: One of the primary challenges in flower species classification is the 

availability and quality of training datasets. Many existing flower datasets suffer from 

limitations such as small sample sizes, imbalanced class distributions, and inaccuracies in 

labeling. These dataset limitations can lead to biases in model training, poor 

generalization performance, and suboptimal classification results. Addressing these 

challenges requires efforts to collect and curate large-scale, diverse, and accurately 

annotated flower datasets. 

 

Variability in Flower Characteristics: Flowers exhibit a wide range of visual 

characteristics, including color, shape, texture, and size. Moreover, different species of 

flowers may share similar visual features, leading to ambiguity and confusion during the 

classification process. Dealing with this variability and ambiguity requires the 

development of robust feature extraction techniques and machine learning models 



©Daffodil International University, Bangladesh                                                                            17 

 

capable of capturing subtle differences between flower species while ignoring irrelevant 

variations. 

 

Overfitting and Generalization: Overfitting, wherein a model learns to memorize training 

data rather than generalize to unseen examples, is a common challenge in flower species 

classification, especially with complex deep learning models. Overly complex models or 

insufficient regularization techniques can exacerbate overfitting, leading to poor 

performance on test data. Achieving a balance between model complexity and 

generalization performance is essential for developing robust and reliable flower 

classification systems. 

 

Computational Complexity: The computational complexity associated with training and 

deploying deep learning models for flower classification poses practical challenges, 

particularly in resource-constrained environments. Training deep neural networks on 

large-scale datasets requires significant computational resources and can be time-

consuming. Moreover, deploying sophisticated models on low-power devices such as 

mobile phones or embedded systems presents additional challenges in terms of memory 

and processing constraints. 

 

Interpretability and Transparency: Despite their remarkable performance, deep learning 

models are often perceived as black boxes, making it challenging to interpret their 

decisions and understand the factors influencing classification outcomes. Achieving 

transparency and interpretability in flower species classification models is essential for 

building trust and facilitating their adoption in real-world applications, particularly in 

domains where decisions have significant consequences, such as ecological conservation 

and agriculture. 

 

The challenges in flower species classification are diverse and multifaceted, 

encompassing issues related to dataset limitations, variability in flower characteristics, 

overfitting, computational complexity, and interpretability. Addressing these challenges 
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requires interdisciplinary collaboration, innovative algorithmic approaches, and concerted 

efforts to collect high-quality data and develop transparent and reliable classification 

systems. By overcoming these challenges, we can unlock the full potential of flower 

species classification to contribute to scientific research, conservation efforts, and 

sustainable development.  
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CHAPTER 3 

METHODLOGY ANALYSIS & DESIGN SPECIFICATION 

 

3.1 Research Subject and Instrumentation 

The research methodology begins with a strategic selection of tools and platforms to 

facilitate the implementation of the proposed approach. In this study, Google Colab 

emerges as the chosen coding environment, offering a cloud-based Jupyter notebook 

solution seamlessly integrated with Google Drive. This decision is driven by practical 

considerations, aiming to streamline the research process by eliminating the need for 

local setups and fostering collaborative work with real-time synchronization among team 

members. 

 

Furthermore, Google Colab provides researchers with invaluable access to Graphics 

Processing Units (GPUs), a critical asset for handling computationally intensive tasks 

such as deep learning model training. Leveraging GPU resources within Google Colab 

significantly accelerates the model training process, enabling faster iterations and 

optimizing the overall development pipeline. This strategic utilization of GPU 

acceleration aligns with the research objectives, aiming to enhance the efficiency and 

effectiveness of the proposed transfer learning approach. 

 

Speaking of transfer learning, it stands out as a cornerstone of the research methodology. 

Transfer learning involves harnessing knowledge acquired from pre-training a model on a 

specific task and applying it to a related but distinct task. In the context of vegetable 

freshness classification, transfer learning proves indispensable, allowing the model to 

leverage features learned from large datasets like ImageNet and adapt them to the unique 

visual characteristics of vegetables. The synergy between transfer learning and GPU 

acceleration within Google Colab sets the stage for robust model development, poised to 

yield accurate and reliable classification results. 
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The selection of Google Colab and the adoption of transfer learning are not arbitrary 

choices; rather, they are guided by pragmatic considerations aligned with the research 

objectives. The user-friendly interface and cloud-based collaboration features of Google 

Colab democratize access to high-performance computing resources, making advanced 

techniques like transfer learning accessible to a broader community of researchers. As the 

methodology unfolds, these choices will continue to shape the trajectory of the vegetable 

freshness classification study, ensuring efficiency, scalability, and reproducibility of the 

research outcomes. Figure 3.1 provides a visual representation of the key steps involved 

in the methodology. 

 

 

Figure 3.1: Methodology Workflow 

 

3.2 Data Collection Procedure 

The data collection procedure implemented in this study is a meticulous process designed 

to ensure the quality, relevance, and authenticity of the dataset utilized for flower species 

classification. At the outset, the selection of flower species serves as a pivotal starting 

point, with researchers opting for a human-driven approach to ensure the dataset's 

representativeness and practical applicability. Through a carefully curated selection 

process, researchers consider various factors such as flower variety, popularity, and 

visual distinctiveness, aiming to create a dataset that faithfully mirrors real-world 

scenarios encountered in everyday contexts. 

Following the flower selection phase, a comprehensive observation process commences. 

Each selected flower species undergoes meticulous scrutiny to discern and document its 

unique visual characteristics. This detailed examination encompasses an assessment of 

factors such as petal color variations, shape, size, and texture, which are deemed pivotal  
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for subsequent classification endeavors. By meticulously documenting the nuanced visual 

cues specific to each flower species, researchers cultivate a profound understanding of 

the attributes indicative of each species, laying a solid foundation for dataset curation and 

model training. 

Prior to initiating the photo-taking process, a crucial preparatory step entails thoroughly 

inspecting the selected flowers. This inspection procedure is indispensable in eliminating 

any extraneous factors that could potentially influence the visual characteristics captured 

in the images. By ensuring the removal of external contaminants or damage, researchers 

strive to create a dataset that authentically reflects the intrinsic features of the flowers 

pertinent to species classification, devoid of any distortions or biases introduced by 

external influences. 

The actual photo-taking process unfolds within a meticulously controlled lighting 

environment. This controlled setting is meticulously calibrated to standardize lighting 

conditions and mitigate the impact of external variables that could introduce noise or 

inconsistencies into the dataset. By maintaining consistency in lighting across all 

captured images, researchers enhance the dataset's reliability and robustness, enabling the 

trained model to generalize effectively across diverse environmental conditions. The 

deliberate choice of a controlled lighting environment underscores the commitment to 

authenticity, ensuring that the dataset accurately captures the visual characteristics of the 

flowers without the confounding effects of unpredictable lighting fluctuations. 
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Figure 3.2: Dataset Sample 
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Figure 3.3: Dataset Sample 
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Figure 3.4: Dataset Sample 

 

3.3 Statistical Analysis 

3.3.1 Data Pre-processing 

Data pre-processing is an essential phase in the research methodology, fundamentally 

shaping the dataset's quality and reliability for flower species classification. This process 

starts with the meticulous selection of images, ensuring that each one accurately 

represents the chosen flower species and is captured under controlled lighting conditions. 
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Prioritizing image quality from the beginning is critical for developing a dataset that 

precisely reflects the visual traits of various flower species. 

 

Manual labeling is conducted with great care and precision. Researchers label each 

image, associating it with the correct flower species based on observed visual features. 

This manual labeling introduces an element of expert insight, aligning the dataset with 

the detailed understanding acquired during the observation phase. Each label's 

justification provides transparency in the labeling process, enabling traceability and 

validation of the dataset's accuracy. To maintain the dataset's integrity, a systematic 

approach is used to eliminate blurry and noisy images. Blurry images, which can obscure 

visual details, are excluded to preserve the dataset's quality. Similarly, noisy images, 

containing irrelevant or distracting elements, are identified and removed. This meticulous 

curation ensures that the dataset remains free from distortions that could negatively 

impact the training and performance of the flower species classification model. 

 

The images are then standardized by rescaling and resizing them to a uniform size of 300 

by 300 pixels. This standardization serves multiple purposes: it ensures consistency in 

image dimensions and reduces computational complexity during model training. Uniform 

image size facilitates efficient processing and improves the model's ability to learn 

features consistently across the entire dataset. The data pre-processing phase comprises a 

comprehensive series of steps designed to enhance the dataset's quality and prepare it for 

effective use in training the flower species classification model. From careful image 

selection and manual labeling with justification to the removal of blurry and noisy images 

and the standardization of image size, each step is executed with precision to create a 

dataset that meets the research's objectives of accurate and reliable flower species 

classification. 

 

3.3.2 Dataset Splitting 

The dataset splitting process is a crucial component of the research methodology, 

determining how the collected and pre-processed images are allocated for training, 
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testing, and validation purposes. In this study, a strategic approach is adopted, allocating 

80% of the dataset for training, 10% for testing, and 10% for validation. This division 

strikes a balance between providing the model with ample data for learning and ensuring 

robust evaluation metrics through distinct testing and validation sets. 

 

Training Set (80%): 

The bulk of the dataset, comprising 80%, is dedicated to the training set. This substantial 

portion serves as the foundation for the model to learn the intricate patterns and features 

associated with flower species. A larger training set enhances the model's capacity to 

generalize effectively, capturing the diverse characteristics of different flowers. The 

training set is critical for fine-tuning the parameters of the flower species classification 

model, enabling it to make accurate predictions. 

 

Testing Set (10%): 

A reserved testing set, constituting 10% of the dataset, is essential for unbiased 

evaluation. These images, which the model has not seen during training, provide a 

rigorous benchmark for assessing the model's performance on new, unseen data. The 

testing set acts as a critical measure, evaluating how well the flower species classification 

model generalizes to novel instances. The unbiased nature of the testing set ensures that 

the evaluation metrics accurately reflect the model's real-world performance. 

 

Validation Set (10%): 

The remaining 10% of the dataset is assigned to the validation set. This set serves as an 

additional layer of evaluation, separate from the testing set. It aids in fine-tuning 

hyperparameters and detecting overfitting during the model training process. The 

validation set plays a pivotal role in ensuring that the model's performance is optimized, 

striking the right balance between complexity and simplicity. It acts as a safeguard 

against the model becoming too specialized to the training data, enhancing its 

adaptability to diverse flower species classification scenarios. 
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TABLE 1: DATASET DETAILS SHOWING COLLECTED IMAGE NUMBER AND SPLIT IMAGE 

COUNTS 

Class Total Images Training (80%) Validation (10%) Test (10%) 

Catharanthus Roseus 429 343 43 43 

Marigold 377 301 38 38 

Hibiscus rosa-sinensis 319 255 32 32 

Cosmos Sulphureus 309 247 31 31 

Petunia 307 246 31 31 

Dianthus Chinensis 305 244 31 31 

Helianthus Annuus 300 240 30 30 

Rose 187 149 19 19 

 

This distribution ensures that each flower species is well-represented across the training, 

validation, and testing sets, fostering a holistic and representative learning environment 

for our models. The adherence to this well-established ratio is not just a procedural step; 

it is a strategic decision crucial for the success and reliability of our vegetable freshness 

classification study. 

 

3.3.3 Transfer Learning Model 

Transfer learning is an effective machine learning approach that involves utilizing 

knowledge acquired from pre-training a model on one task and adapting it for a different 

but related task. In the context of flower species classification, transfer learning is highly 

beneficial for several reasons. 

 

Transfer learning is especially suitable for tasks such as flower species classification due 

to its ability to leverage features learned from extensive datasets. Models that have been 

pre-trained on large and diverse datasets, like ImageNet, have already acquired 

substantial knowledge of general visual features. This is advantageous for our task 

because flowers possess unique visual traits specific to their species, and a pre-trained 

model can effectively capture these distinctions. Transfer learning is efficient in terms of  
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both time and computational resources. Pre-trained models significantly reduce the 

training time since they have already learned general features. Additionally, the 

computational power required is lower compared to training a model from the ground up. 

This efficiency is particularly valuable for researchers with limited resources or time 

constraints. Flower species classification involves identifying subtle visual cues that 

differentiate various species. Transfer learning, by utilizing a model that already 

understands general visual features, allows the model to focus on learning the specific 

characteristics relevant to different flower species. This approach facilitates the 

adaptation of the model to the unique features of various flowers. 

 

In our study, the transfer learning approach involves using a pre-trained convolutional 

neural network (CNN), such as DenseNet201, and fine-tuning it on our custom dataset. 

The initial layers of the pre-trained model, which capture general features, are kept 

unchanged, while the later layers are modified to learn the specific characteristics of 

flower species. This process is effective in training a model that can accurately classify 

flowers based on their species, utilizing both the general visual knowledge and the 

specific features relevant to flower species. Transfer learning is a prudent choice for 

flower species classification, offering efficiency in terms of time and computational 

resources. Leveraging pre-trained models enables the adaptation of general visual 

features to the unique characteristics of flowers, making it an effective strategy for our 

specific task. The approach involves fine-tuning a pre-trained CNN, balancing general 

knowledge and task-specific details to create a robust flower species classification model. 

 

3.3.4 ResNet50 

Consider a deep learning network suffering from the vanishing gradient problem, where 

information diminishes as it propagates through layers, hampering the network's capacity 

to learn complex features. This is where ResNet50, a 50-layer deep residual network, 

comes into play with an innovative solution. Its key feature is the skip connections—

direct pathways that bypass several layers, facilitating the uninterrupted flow of 

information and preserving essential details for accurate image classification. 
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The architecture of ResNet50 is a blend of simplicity and efficiency. It employs residual 

blocks, each comprising two convolutional layers flanked by identity shortcuts. These 

shortcuts bypass the non-linear transformations, ensuring that gradients can flow 

smoothly and enabling ResNet50 to learn intricate features necessary for distinguishing 

between different flower species. The effectiveness of this architecture is well-

documented. ResNet50 has demonstrated state-of-the-art performance on ImageNet, a 

comprehensive image classification benchmark, and its success extends to various 

domains, including medical imaging and, potentially, flower species classification. Its 

capability to capture subtle details and robustly learn complex relationships between 

pixels makes it a strong candidate for this task. 

 

3.3.5 ResNet152 

For those who advocate for deeper networks, ResNet152 offers an impressive option. 

This model, with its 152 layers, expands on the residual learning philosophy to a greater 

extent. By incorporating more residual blocks, ResNet152 has the potential to extract 

even finer-grained features from flower images, possibly leading to enhanced accuracy in 

species classification. However, increased depth brings added complexity. ResNet152 

requires more computational power and a larger amount of training data compared to its 

shallower counterpart. While the prospect of superior accuracy is appealing, it is crucial 

to consider computational limitations when selecting this architecture for flower species 

classification applications. 

 

3.3.6 DenseNet121: 

 

The DenseNet121 model, a variant of the Dense Convolutional Network architecture, 

stands as a formidable cornerstone in the realm of deep learning for image classification 

tasks. Developed by Gao Huang, Zhuang Liu, Laurens van der Maaten, and Kilian Q. 

Weinberger, DenseNet epitomizes the essence of dense connectivity, facilitating 

unparalleled feature reuse and gradient flow throughout the network. 
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At its core, DenseNet revolutionizes traditional convolutional neural network (CNN) 

architectures by introducing dense connectivity patterns between layers. Unlike 

conventional architectures where each layer is connected only to its subsequent layers, 

DenseNet fosters dense interconnections between all layers within the network. This 

dense connectivity enables each layer to receive direct inputs from all preceding layers, 

facilitating the seamless propagation of information and feature reuse across the network. 

The DenseNet121 variant, specifically, comprises 121 layers and is characterized by its 

remarkable depth and capacity to capture intricate hierarchical features from input 

images. With a total of over 7 million parameters, DenseNet121 exhibits a rich 

representational capacity, enabling it to learn discriminative features at multiple 

abstraction levels. 

 

Moreover, DenseNet121 incorporates essential architectural elements such as batch 

normalization and rectified linear unit (ReLU) activation functions, enhancing training 

stability and accelerating convergence. Additionally, the model incorporates bottleneck 

layers and transition layers, which serve to reduce computational complexity and control 

the growth of feature maps as information propagates through the network. Notably, 

DenseNet121 has demonstrated exceptional performance across a diverse array of image 

classification benchmarks, including the renowned ImageNet dataset. Its dense 

connectivity and hierarchical feature extraction capabilities empower DenseNet121 to 

achieve state-of-the-art accuracy while maintaining efficient parameter utilization and 

computational efficiency. 

 

3.4 Proposed Methodology 

3.4.1 DenseNet201 

Envision a network where each layer directly communicates with every other layer, 

exchanging information and collaborating seamlessly. This is the essence of 

DenseNet201, a model that revolutionizes feature learning with its unique dense 

connectivity pattern. Unlike traditional CNNs where information flows sequentially,  
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DenseNet201 fosters feature reuse and knowledge sharing by directly connecting each 

layer to all subsequent layers. This dense interconnection promotes feature efficiency, 

potentially mitigating the risk of overfitting, particularly advantageous for datasets with 

limited samples, a common scenario in flower species classification. 

DenseNet201 excels in learning compact and informative representations of flower 

images, making it an ideal choice for scenarios where data acquisition may be restricted 

or computational resources are limited. At its core, DenseNet201 embodies a philosophy 

of feature reuse and information exchange. Unlike conventional CNNs where information 

travels linearly through layers, DenseNet201 fosters a dense network of connections. 

Each layer communicates directly with all subsequent layers, creating a collaborative 

environment where features are enriched and refined through continuous interactions. 

This architecture resembles a vibrant marketplace where knowledge flows freely, 

ensuring each layer benefits from the collective wisdom of its predecessors. 

Flower species classification datasets often encounter challenges due to limited data 

availability. DenseNet201 addresses this challenge adeptly. By promoting feature reuse 

and knowledge sharing, DenseNet201 can extract more compact and informative 

representations of flower images from smaller datasets. This reduces the risk of 

overfitting, a common concern in scenarios with sparse data, where the model may 

memorize training examples instead of learning generalizable features. 

The potential of DenseNet201 is further enhanced when combined with transfer learning. 

By initializing the model with weights pre-trained on a comprehensive image 

classification dataset like ImageNet, we harness the vast knowledge it has accumulated. 

This pre-trained model serves as a robust foundation, enabling DenseNet201 to swiftly 

adapt to the unique characteristics of flower images while directing its learning capacity 

toward refining features crucial for flower species identification and classification. Figure 

5 illustrates the general architecture of DenseNet201. 
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Figure 3.5: Basic Architecture of DenseNet201 

3.5 Implementation Requirements 

The meticulous execution of our flower species classification system within the Google 

Colab environment necessitates a detailed consideration of diverse requisites, 

encompassing both software and hardware facets. This section delineates the 

comprehensive array of implementation prerequisites, ensuring a seamless enactment of 

our methodology. 

3.5.1 Software Tools: 

Google Colab, our elected coding environment, furnishes a dynamic stage for Python 

code execution within a collaborative, cloud-based framework. It boasts native support 

for prominent deep learning frameworks like TensorFlow and PyTorch, pivotal for our 

transfer learning-based classification models. Leveraging these frameworks streamlines 

the incorporation of pre-trained models, simplifying the realization of intricate neural 

network architectures. 

The utilization of Jupyter Notebooks within Google Colab serves as our interactive  
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coding interface, fostering an iterative and collaborative development ethos. Integration 

with version control tools such as Git augments code management and collaboration, 

ensuring the reproducibility and traceability of our experiments. Additionally, auxiliary 

libraries including NumPy, Pandas, and Matplotlib assume a pivotal role in data 

manipulation, analysis, and visualization throughout the implementation journey. 

3.5.2 Hardware Specifications: 

The computationally demanding nature of deep learning endeavors mandates robust 

hardware support. Google Colab extends complimentary access to Graphics Processing 

Units (GPUs) and Tensor Processing Units (TPUs), significantly expediting the training 

regimen of our classification models. GPU acceleration, especially, proves instrumental 

for tasks entailing extensive image processing and complex neural network architectures, 

fostering expeditious convergence during model training. 

The distributed computing capabilities inherent in Google Colab facilitate parallel 

processing, heightening the efficiency of our implementation. Moreover, the substantial 

Random-Access Memory (RAM) allocation in the virtual environment caters to the 

loading and processing demands of the pre-processed dataset, preempting memory-

related hindrances during model training and evaluation. 

3.5.3 Data Integration: 

The meticulously curated dataset, borne out of rigorous data collection, pre-processing, 

and segmentation endeavors, forms the bedrock of our implementation. Comprising 

instances representative of various flower species, the dataset seamlessly integrates into 

the Google Colab ecosystem. Its structured organization post pre-processing and 

segmentation ensures a coherent progression during the training, validation, and testing 

phases of our models. 

 

Efficient data loading procedures, leveraging the capabilities of data loading libraries like 

TensorFlow's ImageDataGenerator, facilitate the seamless integration of the dataset into  
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the Google Colab environment. This integration assumes critical significance, fostering a 

symbiotic relationship between the dataset and the implementation, thereby exposing the 

models to a diverse array of flower species instances. 

3.5.4 Code Modularity and Documentation: 

Ensuring code modularity and meticulous documentation stands paramount for the 

sustainability and reproducibility of our implementation. Modular code structures, 

encapsulating distinct functionalities, facilitate seamless debugging, maintenance, and 

prospective enhancements. Exhaustive documentation, comprising inline comments and 

markdown cells within Jupyter Notebooks, elucidates the rationale underlying each code 

block, the functionality of implemented methods, and the overall implementation flow. 

Moreover, integration with version control through Git in Google Colab fosters iterative 

development and collaborative contributions. Regular commits, complemented by 

meaningful commit messages, contribute to a well-curated version history, enabling 

granular tracking of changes and the ability to revert to specific milestones as necessary. 
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CHAPTER 4 

Implementation 

4.1 Overview 

The experimental framework revolves around a meticulous assessment of five pre-trained 

deep learning models tailored to our flower species classification study. These models—

ResNet50, ResNet152, DenseNet121, DenseNet201 (Proposed and Highest Accuracy 

Model)—are systematically subjected to the training, validation, and testing phases, 

providing a thorough analysis of their performance on our custom dataset. 

4.2 Train Model 

Google Colab provides researchers with invaluable access to Graphics Processing Units 

(GPUs), a critical asset for handling computationally intensive tasks such as deep 

learning model training. Leveraging GPU resources within Google Colab significantly 

accelerates the model training process, enabling faster iterations and optimizing the 

overall development pipeline. This strategic utilization of GPU acceleration aligns with 

the research objectives, aiming to enhance the efficiency and effectiveness of the 

proposed transfer learning approach. Speaking of transfer learning, it stands out as a 

cornerstone of the research methodology. Transfer learning involves harnessing 

knowledge acquired from pre-training a model on a specific task and applying it to a 

related but distinct task. In the context of vegetable freshness classification, transfer 

learning proves indispensable, allowing the model to leverage features learned from large 

datasets like ImageNet and adapt them to the unique visual characteristics of vegetables. 

The synergy between transfer learning and GPU acceleration within Google Colab sets 

the stage for robust model development, poised to yield accurate and reliable 

classification results. 
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Selection of Pre-trained Models: 

Our selection of pre-trained models encompasses a diverse range of architectures 

renowned for their efficacy in computer vision tasks. ResNet50 and ResNet152, members 

of the ResNet family, are celebrated for their deep layer architectures and skip 

connections, effectively addressing the vanishing gradient problem. DenseNet121 and 

DenseNet201 follow a dense connectivity pattern, fostering feature reuse across layers, 

while offering different degrees of model depth and complexity. 

Training Procedure: 

Each pre-trained model undergoes a fine-tuning process tailored to the specific 

requirements of flower species classification. By leveraging pre-trained weights as a 

starting point, the models adapt to our dataset over a specified number of epochs. This 

fine-tuning process involves adjusting the models' parameters iteratively, with careful 

consideration given to the learning rate to ensure convergence while mitigating the risk of 

overfitting. The training dataset, comprising labeled images of various flower species, 

serves as the foundation for the models to learn and extract discriminative features 

relevant to classification. 

Validation and Hyperparameter Tuning: 

To gauge the models' generalization abilities, a separate validation dataset is utilized 

during the training process. Hyperparameters, including the learning rate, batch size, and 

choice of optimizer, undergo fine-tuning based on validation performance. This iterative 

approach ensures that the models strike a balance between capturing intricate patterns in 

the training data and generalizing effectively to unseen instances. 

4.3 Testing and Performance Evaluation: 

Following training, each model undergoes rigorous testing using a dataset containing 

instances not encountered during training and validation. Standard performance metrics 

such as accuracy, precision, recall, and F1 score are employed to assess the models'  
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classification capabilities comprehensively. These metrics provide valuable insights into 

the models' strengths and potential limitations, guiding informed decisions on the most 

suitable model for our specific flower species classification task. 

This experimental setup, featuring five pre-trained models, adheres to a rigorous 

methodology, ensuring a comprehensive understanding of their efficacy in flower species 

classification. The individual evaluation of each model contributes to a nuanced analysis, 

facilitating informed decisions regarding model selection for our classification task. 
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CHAPTER 5 

Result and Analysis 

5.1 Overview 

The evaluation of pre-trained models for flower species classification yields insightful 

results, shedding light on their effectiveness and suitability for our specific task. The 

following table summarizes the performance metrics obtained during testing: 

TABLE 5.1: MODEL PERFORMANCE SUMMARY IN TESTING PERFORMANCES 

Model Accuracy (%) Loss 

ResNet50 93.31% 0.26 

ResNet152 95.67% 0.21 

DenseNet121 96.56% 0.19 

DenseNet201 99.61% 0.06 

 

5.2 Experimental Result 

5.2.1 ResNet50: 

ResNet50, a foundational model in the ResNet series, demonstrates commendable 

performance in flower species classification with an accuracy of 90.94% and a loss of 

0.31. Despite its relatively shallower architecture compared to ResNet101 and 

ResNet152, ResNet50 effectively captures essential features from flower images, 

resulting in accurate classification. However, its performance indicates potential room for 

improvement, particularly in capturing finer details and nuances within flower species. 
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5.2.2 ResNet101: 

Building upon ResNet50, ResNet101 achieves a higher accuracy of 93.31% with a 

reduced loss of 0.26. The increased model depth allows for better feature extraction and 

classification, contributing to the observed improvement in performance. ResNet101's 

ability to delve deeper into the intricate features of flower images enhances its 

discriminative power, leading to more accurate classification outcomes. 

5.2.3 ResNet152: 

Further enhancing model depth, ResNet152 achieves a notable accuracy of 95.67% and a 

reduced loss of 0.21. Its deeper architecture enables the model to capture finer details and 

subtle variations within flower images, thereby improving classification accuracy. The 

additional layers in ResNet152 facilitate the extraction of more abstract and complex 

features, enhancing the model's ability to distinguish between different flower species 

accurately. 

5.2.4 DenseNet121: 

DenseNet121 exhibits superior performance with an accuracy of 96.56% and a loss of 

0.19. The dense connectivity pattern in DenseNet architectures fosters feature reuse and 

facilitates more efficient information flow, contributing to its excellent classification 

performance. DenseNet121's ability to leverage information from all preceding layers 

enables it to capture a comprehensive understanding of the visual features present in 

flower images, leading to enhanced classification accuracy. 

5.2.5 DenseNet201: 

Outperforming all other models, DenseNet201 achieves the highest accuracy of 99.61% 

with a remarkably low loss of 0.06. Its dense connectivity and deeper architecture enable 

it to learn intricate patterns and features within flower images, resulting in exceptional 

classification accuracy. The extensive connections between layers in DenseNet201 

facilitate effective information propagation and feature reuse, allowing the model to 
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leverage knowledge from all parts of the network, leading to superior classification 

performance. 

5.3 Classification Report of DenseNet201 

The classification report stands as a cornerstone in the evaluation of our DenseNet201 

model, providing a detailed breakdown of its performance across individual flower 

species classes. This comprehensive document offers invaluable insights into the model's 

precision, recall, F1-score, and support for each class, guiding us towards a deeper 

understanding of its classification prowess. 

Precision: Precision, the beacon of accuracy, illuminates the proportion of predicted 

positives that truly belong to each class. It serves as a crucial metric for assessing the 

model's ability to avoid false positives. A higher precision score signifies a lower rate of 

misclassification for a particular class. 

Recall: Acting as a counterpart to precision, recall sheds light on the model's 

effectiveness in correctly identifying true positives within each class. It ensures that no 

deserving examples remain in the darkness of misclassification by capturing the 

proportion of true positives successfully identified by the model. 

F1-score: The F1-score, born from the harmonious union of precision and recall, 

emerges as the champion of balance. It reflects the model's adeptness in achieving both 

accuracy and inclusivity, striking a delicate equilibrium between precision and recall. A 

higher F1-score indicates a model that excels in both precision and recall, achieving a 

robust balance in classification performance. 

Support: Serving as the bedrock of analysis, support underpins each class with its 

respective numerical foundation. It represents the number of instances belonging to each 

class in the dataset, providing context for the performance metrics derived from 

precision, recall, and F1-score. 

Through the insights gleaned from this classification report, researchers gain a valuable 

roadmap for model optimization. By celebrating triumphs and strategically navigating 
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areas of improvement highlighted by precision, recall, and F1-score, researchers can 

iteratively enhance the DenseNet201 model's classification prowess, ultimately fostering 

greater accuracy and reliability in flower species classification. 

TABLE 5.2: CLASSIFICATION REPORT OF DENSENET201 MODEL (PROPOSED MODEL) 

Class Precision Recall F1-Score Support 

Catharanthus Roseus 0.98 0.99 0.99 429 

Marigold 0.99 0.98 0.98 377 

Hibiscus rosa-sinensis 0.97 0.96 0.97 319 

Cosmos Sulphureus 0.96 0.97 0.97 309 

Petunia 0.98 0.98 0.98 307 

Dianthus Chinensis 0.99 0.98 0.98 305 

Helianthus Annuus 0.97 0.98 0.97 300 

Rose 0.98 0.97 0.98 187 

 

The classification report for DenseNet201 provides a comprehensive breakdown of the 

model's performance across different classes. This report is instrumental in evaluating the 

model's effectiveness in handling the complexities inherent in flower species 

classification. 

5.3.1 Handling Class Imbalance: 

Class imbalance is a common challenge encountered in vegetable freshness datasets, 

where certain freshness conditions may be more prevalent than others. However, 

DenseNet201's classification report demonstrates its robustness in handling class 

imbalance effectively. The model exhibits high precision, recall, and F1-score across all  
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classes, indicating its ability to accurately classify instances even when some freshness 

classes are underrepresented. This capability ensures that the model maintains high 

performance levels across all freshness conditions, regardless of their prevalence in the 

dataset. 

Sensitivity to Freshness Variations: 

The nuanced nature of vegetable conditions demands a model that is highly sensitive to 

subtle variations in freshness indicators. DenseNet201's classification report highlights its 

exceptional sensitivity to diverse freshness variations, as evidenced by its high precision 

and recall metrics. This sensitivity enables the model to detect and classify different 

vegetable freshness states accurately, even when presented with subtle variations in 

visual cues. By capturing these nuanced features, DenseNet201 ensures early detection 

and precise classification of various freshness conditions, enhancing the overall 

effectiveness of the classification system. 

Generalization Across Classes: 

The ability to generalize effectively across diverse freshness conditions is essential for 

the practical applicability of a classification model. DenseNet201 excels in this aspect, as 

reflected in its high precision, recall, and F1-score values for each class in the 

classification report. These metrics demonstrate the model's capacity to generalize across 

a wide range of vegetable freshness conditions, ensuring consistent and reliable 

performance across different manifestations of freshness states. By exhibiting strong 

generalization capabilities, DenseNet201 proves its suitability for real-world applications 

where the model must adapt to varying freshness conditions encountered in vegetables. 

5.3.2 Training and Validation Curves 

In Figures 5.1 and 5.2, we present visualizations of the training versus validation 

accuracy and loss curves, respectively. These figures provide a detailed insight into the 

learning dynamics observed during the training process of our vegetable freshness 

classification models. By analyzing these curves, we can gain a comprehensive 
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understanding of how the models evolve and learn from the training data over successive 

epochs. 

 

Figure 5.1: Training and Validation Accuracy Curves 

Figure 5.1 illustrates the trend of accuracy over the course of training, contrasting it with 

the validation accuracy. This visualization allows us to assess the models' performance on 

both the training and validation datasets throughout the training process. By observing 

any disparities or convergences between the two curves, we can infer the models' ability 

to generalize to unseen data and identify potential overfitting or underfitting tendencies. 
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Figure 5.2: Training and Validation Loss Curves 

In Figure 5.2, we delve into the dynamics of loss functions during training and validation. 

The loss curves provide insights into how effectively the models are minimizing errors 

and optimizing their parameters over time. By tracking the convergence or divergence of 

the training and validation loss curves, we can gauge the models' learning progress and 

identify epochs where further optimization may be necessary. 

Monitoring these curves holds immense significance for several critical reasons. Firstly, 

they act as crucial indicators of the model's generalization capacity beyond the training 

dataset. Discrepancies between the training and validation curves can unveil potential 

issues like overfitting, where the model excessively tailors itself to the training data, 

leading to difficulties in handling new instances. Understanding these nuances is pivotal 

to ensure that the model not only learns effectively from the training data but also 

demonstrates robust performance on unseen instances. 
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Moreover, these curves play a pivotal role in guiding the selection of the optimal model. 

Identifying the epoch where the validation accuracy reaches a plateau or starts declining 

signals the onset of overfitting. This insight enables us to choose a model that strikes a 

delicate balance between accuracy and generalization, thereby enhancing its reliability in 

real-world scenarios. Furthermore, analyzing the convergence of the model during 

training provides valuable insights. A well-converged model exhibits stable and 

consistent performance, while erratic or fluctuating curves may indicate challenges in 

capturing the underlying patterns in the data. 

Interpreting the loss curves is equally crucial. The training loss curve reflects the model's 

proficiency in minimizing errors during training, with a decreasing trend indicating 

effective learning. Conversely, the validation loss curve offers insights into the model's 

generalization ability. An increase in validation loss, especially when training loss 

continues to decrease, serves as a warning sign for potential overfitting, underscoring the 

importance of meticulous model selection. 

Additionally, monitoring these curves aids in establishing early stopping criteria, 

preventing the model from overfitting and ensuring that it captures the most relevant 

patterns while avoiding memorizing noise in the training data. These curves serve as 

guiding beacons for decisions concerning model selection, hyperparameter tuning, and 

overall model robustness, aligning the learning trajectory with the practical applicability 

of the vegetable freshness classification task. In essence, the training versus validation 

accuracy and loss curves emerge as indispensable tools for comprehending and refining 

the performance of our models. 

5.3.3 Confusion Matrix 

The confusion matrix serves as a cornerstone in evaluating the classification performance 

of the model, providing a granular breakdown of predictions compared to ground truth 

across all classes. In the context of our study, DenseNet201's confusion matrix emerges 

as a pivotal component of the experimental results, shedding light on the model's 

strengths and areas warranting improvement. 
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Each row of the confusion matrix represents the true class, while each column signifies 

the predicted class. The diagonal elements represent instances where the predicted class 

aligns with the true class, indicating accurate predictions. Conversely, off-diagonal 

elements unveil misclassifications, delineating instances where the model deviates from 

the ground truth. This meticulous analysis offers a nuanced perspective on 

DenseNet201's performance across all twelve vegetable freshness classes. 

By delving into the intricacies of the confusion matrix, we gain valuable insights into the 

model's efficacy in differentiating between various vegetable freshness states. It allows us 

to pinpoint specific classes where the model demonstrates exceptional accuracy and 

identify potential challenges encountered in others. This detailed understanding serves as 

a guiding compass for refining and optimizing the model, aiming to bolster its accuracy 

and reliability in vegetable freshness classification tasks. 
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Figure 5.3: Confusion Matrix of the model DenseNet201 

5.4 Summary 

In this critical phase of analysis and contemplation, we unpack the implications of the 

findings derived from our flower species classification study. This section aims to 

elucidate the significance of the results, offering insights into the strengths, limitations, 

and avenues for future research within the context of flower classification. 

The experimental outcomes highlight DenseNet201 as the most promising model for  
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flower species classification, exhibiting the highest testing accuracy of 99.61% and the 

lowest loss of 0.06 among all evaluated models. This underscores the model's robustness 

in capturing intricate features characteristic of various flower species. DenseNet201's 

distinctive architecture, characterized by dense connectivity and a compact design, 

contributes to its efficacy in navigating the complexities inherent in our flower species 

dataset. 

Nevertheless, it is crucial to acknowledge potential study limitations. Despite our 

meticulous efforts in data collection and curation, challenges related to dataset 

representation and diversity persist. Future research endeavors should prioritize 

expanding the dataset to encompass a wider array of flower species, variations in lighting 

conditions, and environmental factors. This expansion will facilitate a more 

comprehensive assessment of the model's performance across diverse real-world 

scenarios. 

Beyond flower species classification, our study carries broader implications for botany 

and horticulture. The successful application of deep learning models, particularly 

DenseNet201, underscores the potential for leveraging advanced image processing 

techniques in plant identification and taxonomy. Implementing automated systems based 

on such models can significantly enhance efficiency, streamline botanical research, and 

contribute to the conservation and preservation of floral biodiversity. Consequently, our 

findings align with the growing demand for innovative solutions in botanical science and 

agriculture, paving the way for future advancements in flower species classification and 

beyond.  
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CHAPTER 6 

Impact on Society, Environment and Sustainability 

The investigation into flower species classification through advanced image processing 

and deep learning techniques transcends mere technological advancement. This chapter 

delves into the multifaceted impact of the research on society, the environment, and the 

overarching sustainability of floral ecosystems. 

6.1 Impact on Life: 

The study of flower species classification using advanced image processing and deep 

learning techniques has significant implications for both human life and the broader 

ecological system. 

 

1. Enhancing Consumer Experience: A robust classification system ensures 

consumers receive accurate information about floral products, leading to higher 

satisfaction and enriched knowledge of floral biodiversity. 

 

2. Supporting Horticultural Practices: For horticulturists and florists, an automated 

system streamlines the identification process, improves inventory management, 

and reduces misidentification risks, maintaining the health and quality of flowers. 

 

3. Agricultural and Economic Benefits: Accurate species identification aids in the 

optimal use and conservation of economically valuable plants, supporting 

sustainable agricultural practices and contributing to the economic well-being of 

related industries. 

 

4. Promoting Biodiversity Awareness: The system's ability to identify diverse flower 

species promotes biodiversity awareness, encouraging conservation efforts and 

supporting the preservation of unique species. 
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6.2 Impact on Society & Environment: 

The establishment of a robust flower species classification system bears significant 

implications for society. With consumers increasingly prioritizing floral quality and 

variety, a dependable system for classifying flower species becomes indispensable. The 

outcomes of this study contribute to ensuring that consumers receive accurate 

information about the floral diversity they encounter. This not only enhances consumer 

satisfaction but also promotes biodiversity awareness by facilitating access to diverse and 

unique floral specimens. 

Moreover, the deployment of automated flower species identification systems has the 

potential to streamline floral supply chains and distribution networks. By enabling rapid 

and precise identification, the industry can reduce wastage, ensuring that only the finest 

floral varieties reach consumers. This, in turn, has economic ramifications by optimizing 

resource utilization and minimizing losses throughout the supply chain. The societal 

impact, therefore, extends to economic efficiency and resource conservation in the 

broader context of floral production and distribution. 

Flower species classification, with its emphasis on preserving floral diversity and 

optimizing distribution, aligns with environmental sustainability objectives. The 

preservation of floral diversity is crucial for maintaining ecological balance and 

supporting pollinator populations. By implementing efficient classification systems, the 

industry can contribute to the conservation of floral ecosystems and the habitats they 

support. 

Additionally, the study underscores the importance of sustainable horticultural practices. 

As the demand for diverse floral varieties grows, the industry faces the challenge of 

meeting this demand without depleting natural resources. The implementation of 

advanced technologies for species identification can guide the industry towards 

sustainable practices, encouraging responsible resource management and ecological 

stewardship. 
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6.3 Ethical Aspects: 

Ethical considerations in flower species classification revolve around transparency, 

fairness, and the responsible use of technology. Ensuring that the implementation of 

automated systems does not compromise biodiversity conservation efforts but rather 

enhances the understanding and appreciation of floral diversity is a paramount ethical 

concern. The study advocates for the ethical integration of technology, emphasizing its 

role as a tool to augment human expertise in the floral industry. 

Moreover, the responsible handling of data and the protection of floral habitats are 

integral ethical considerations. As data collection and processing become more prevalent, 

the study emphasizes the need for ethical frameworks and standards to safeguard natural 

habitats and prevent the exploitation of floral resources. 

6.4 Sustainability Plan: 

The sustainability plan outlined in this chapter proposes a comprehensive approach to 

integrating flower species classification into existing horticultural practices. This involves 

collaboration between stakeholders, including growers, distributors, technology 

developers, and policymakers. The plan includes: 

• Educational Initiatives: Conducting awareness programs and training sessions to 

educate stakeholders about the benefits and implementation of flower species 

classification systems. 

• Policy Support: Advocating for policies that incentivize the adoption of 

sustainable practices, including the integration of advanced technologies for 

species identification. • Research and Development: Promoting ongoing research 

and development to enhance the efficiency and accuracy of classification systems, 

ensuring their continued relevance and effectiveness. 

• Industry Collaboration: Encouraging collaboration between technology 

developers and floral industry stakeholders to tailor solutions that address specific 

challenges faced by different sectors of the industry. 
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Exploration of the transformative impact of flower species classification on society, the 

environment, and sustainability highlights the potential benefits in terms of consumer 

satisfaction, economic efficiency, biodiversity conservation, and environmental 

responsibility. The ethical considerations and sustainability plan outlined provide a 

roadmap for responsible and impactful implementation in the floral industry.  
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CHAPTER 7 

Conclusion and Future Work 

7.1 Conclusion: 

This chapter provides a comprehensive overview of the flower classification study, which 

aimed to evaluate the effectiveness of different deep learning models in accurately 

categorizing flower images based on species. The study utilized a custom dataset 

comprising multiple flower species and evaluated the performance of various models, 

including ResNet50, ResNet101, ResNet152, DenseNet121, and DenseNet201. Through 

meticulous experimentation and validation, the study sought to identify the most suitable 

model for flower classification tasks. Results revealed that DenseNet201 emerged as the 

highest performer, achieving an exceptional accuracy of 99.61%, with a minimal loss of 

0.06. Additionally, DenseNet121 demonstrated commendable performance, with an 

accuracy of 96.56% and a loss of 0.19. These findings underscore the efficacy of deep 

learning approaches, particularly DenseNet models, in accurately classifying flower 

species based on visual characteristics. 

7.2 Future Work: 

The flower classification study concludes with several significant conclusions. Firstly, the 

effectiveness of transfer learning, especially when applied to DenseNet models, is evident 

in achieving high accuracy in flower species classification. The study reaffirms the 

importance of leveraging pre-trained models and fine-tuning techniques to adapt to 

specific classification tasks effectively. Secondly, the success of DenseNet models, 

particularly DenseNet201, highlights the significance of model architecture in flower 

image classification. The dense connectivity pattern of DenseNet models facilitates 

feature reuse and knowledge sharing, enabling the models to capture subtle visual cues 

indicative of different flower species with remarkable precision. Overall, the study's 

findings underscore the potential of deep learning approaches, especially DenseNet 
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models, in advancing the field of flower classification, with implications for botanical 

research, biodiversity conservation, and floriculture. 

7.3 Implications for Further Study: 

Based on the findings of the study, several recommendations and avenues for future 

research emerge.  

• Exploration of Hybrid Models: Investigating the effectiveness of hybrid models 

combining features of different architectures, such as DenseNet and ResNet, to 

capitalize on their respective strengths and enhance classification accuracy.  

• Data Augmentation Techniques: Further exploring data augmentation techniques 

to increase the diversity and size of the dataset, thereby improving the robustness 

and generalization capability of the classification models.  

• Real-world Applications: Extending the research to explore real-world 

applications of flower classification technology, such as automated species 

identification in botanical gardens, conservation efforts, and agriculture.  

• Ethical Considerations: Addressing ethical considerations related to data privacy, 

bias mitigation, and the responsible deployment of automated classification 

systems in botanical research and conservation.  

• Interdisciplinary Collaboration: Collaborating with botanists, ecologists, and 

conservationists to incorporate domain knowledge and expertise into the 

development and validation of flower classification models. 

 By pursuing these recommendations and further research avenues, the field of flower 

classification can continue to advance, offering valuable insights into plant biodiversity, 

ecosystem health, and sustainable agriculture practices. The implications of this research 

extend beyond academic curiosity, contributing to broader societal goals related to 

environmental conservation, biodiversity monitoring, and the sustainable management of 

natural resources. 
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Appendix A 

Course Outcomes, Complex Engineering Problems (EP) and Complex 

Engineering Activities (EA) Addressing 

TITLE: AUTOMATED CLASSIFICATION OF BANGLADESHI FLOWER 

SPECIES THROUGH IMAGE PROCESSING AND TRANSFER LEARNING. 

Students ID: 201-15-14357 

 

CO Description for FYDP 

CO CO Descriptions PO 

Phase -I 

CO1 Integrate recently gained and previously acquired knowledge to 

identify a real-life complex engineering problem for the Final Year 

Design Project 

PO1 

CO2 Analyze different aspects of the goals in designing a solution for the 

Final Year Design Project 

PO2 

CO3 Explore diverse problem domains through a literature review, 

delineate the issues, and establish the goals for the Final Year Design 

Project 

PO4 

CO4 Perform economic evaluation and cost estimation and employ suitable 

project management procedures throughout the development life cycle 

of the Final Year Design Project 

PO11 

Phase -II 

CO5 Design and develop technical solutions and system components or processes that 

meet specified requirements, ensuring compliance with public health and safety 

standards, as well as considering cultural, socioeconomic, and environmental 

factors in this FYDP 

PO3 
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CO6 Choose and apply appropriate methodologies, resources, and contemporary 

engineering and IT technologies to address complex engineering processes, 

encompassing prediction and modeling, while adhering to relevant constraints in 

this FYDP 

PO5 

CO7 Analyze societal, health, safety, legal, and cultural considerations, along with 

associated responsibilities, in the context of professional engineering practice and 

the resolution of this problem, employing logical reasoning guided by contextual 

understanding. 

PO6 

CO8 Comprehend and evaluate the enduring sustainability and impact of professional 

engineering endeavors in addressing intricate engineering challenges within social 

and environmental frameworks. 

PO7 

CO9 Implement ethical principles and adhere to professional standards and norms in this 

FYDP 

PO8 

CO10 Capable of operating proficiently both individually and as a team member or leader 

across diverse teams and interdisciplinary settings in this FYDP. 

PO9 

CO11 Proficiently communicate with the engineering community and broader society 

regarding complex engineering endeavors, including the ability to comprehend and 

generate comprehensive reports and design documentation, as well as provide and 

receive clear instructions throughout this FYDP. 

PO10 

CO12 Acknowledge the importance of self-directed and life-long learning within the 

evolving landscape of technology, and possess the readiness and capability to 

engage in lifelong learning endeavors. 

PO12 

 

Addressing CO (1 to 8), Knowledge Profile (K), Attainment of Complex 

Engineering Problems (EP), and Attainment of Complex Engineering 

Activities (EA) 

Addressing CO (1 to 8), Knowledge Profile (K), Attainment of Complex Engineering 

Problems (EP): 

SN EP Definition 
Attainm

ent 
CO 

Justification 

(with Knowledge Profile) 
References 
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(Research Literature) by 
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classification using deep 
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current methodologies. 
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meticulously comparing 

experimental outcomes, 

highlighting Transfer Learning as 

the chosen significant solution 

for enhancing Flower 

Classification amidst multiple 

potential approaches. 
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Addressing CO11 with Complex Engineering Activities (EA) [Some or all of the 

following]: 
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systematic research and 

contribute to advancements in 

flower Classification through 

transfer learning and deep CNN. 

Page no: 

 [32-34] 

Section: 

 [3.5] 

2. 

E
A

2
: 

L
ev

el
 o

f 

in
te

ra
ct

io
n

 

NO N/A N/A 

3. 

E
A

3
: 

In
n

o
v
a
ti

o
n

 

NO N/A 
N/A 
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4. 

E
A

4
: 

C
o

n
se

q
u

en
ce

s 
fo

r 
so

ci
et

y
 a

n
d

 

th
e 

en
v
ir

o
n

m
en

t 
Yes 

The thesis implementation of 

advanced flower species 

classification systems enhances 

consumer satisfaction, promotes 

biodiversity awareness, 

optimizes floral supply chains, 

and supports environmental 

sustainability by preserving 

floral ecosystems and guiding 

sustainable horticultural 

practices. 

Page no: 

 [49-52] 

Section:  

[6.1, 6.2, 6.4] 

5. 

E
A

-5
: 

F
a
m

il
ia

ri
ty

 

Yes 

This Thesis classify flowers 

based on the visual 

characteristics recorded in 

photos, one must have a solid 

understanding of fundamental 

ideas like convolutional neural 

networks (CNNs), transfer 

learning, and data augmentation.  

Page no:  

[10-14] 

Section:  

[2.1, 2.3] 

 

 

 

Addressing CO (4, 9, 10, and 12): 

SN COs Attainment Justification References 

1 CO4 NO                             N/A N/A 

2 CO9 Yes 

This thesis enhances biodiversity conservation, 

ethical considerations in floral species 

categorization center on openness, justice, and 

responsible technological use. The study places a 

strong emphasis on handling data properly, 

preserving floral environments to avoid 

exploitation, and integrating technology ethically 

to improve human competence in the flower 

business. 

Page no:  

[51] 

Section:  

[6.3] 

3 CO10 No N/A N/A 
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4 CO12 Yes 

The Thesis dedication to continuous learning 

(CO12) and adaptation within the dynamic 

technological landscape is reflected in its 

comprehensive data collection, rigorous statistical 

analysis, meticulous methodology development, 

and thorough experimental results and analysis, 

showcasing a commitment to staying updated and 

refining techniques to address modern challenges. 

Page no:  

[20-34, 38-40] 

Section:  

[3.2, 3.3, 3.4, 

3.5,5.2] 
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