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ABSTRACT

This research employs the NasNetMobile model to address the critical task of banana
disease classification, achieving an impressive accuracy rate of 97.12%. Leveraging deep
learning techniques, the study focuses on enhancing precision agriculture by accurately
identifying and classifying various diseases affecting banana plants. The robust
performance of the NasNetMobile model underscores its potential for revolutionizing
disease identification methodologies in the agricultural sector. Attaining high accuracy is a
promising step towards improving crop management practices and optimizing resource
allocation. This research contributes valuable insights into the intersection of deep learning
and precision agriculture, paving the way for more effective strategies in banana disease

monitoring and mitigation.
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Chapter 1

INTRODUCTION
1.1 Introduction

The agricultural landscape of Bangladesh is adorned with a diverse array of local banana
varieties, serving as a cornerstone of the region's economic and dietary fabric. However,
the nuanced classification of these banana types, coupled with the intricacies of ripeness
assessment, presents a distinctive set of challenges. In the pursuit of addressing this
complexity, my research endeavors to employ a sophisticated approach encapsulated in "A
Comprehensive Deep Neural Network Approach for Multi-Class Classification of
Bangladeshi Local Bananas with Ripeness Assessment."

Much like the quest for precision in deciphering medical prescriptions, where advanced
technologies are imperative for accurate comprehension, the intricate variations in local
banana morphology and ripening stages demand an innovative solution. Deep learning
models, especially DNN-based transfer learning models, have demonstrated exceptional
success across various domains, notably in computer vision. In this research, | embark on
leveraging the capabilities of these models to heighten the classification accuracy of
Bangladeshi local bananas, thereby contributing to the agricultural sector's efficiency and
sustainability. The primary goal is to develop a machine-implementable model adept at
automatically identifying and categorizing the diverse spectrum of Bangladeshi local
banana varieties while concurrently evaluating their ripeness stages. This pioneering
approach holds the potential to redefine banana cultivation practices, providing invaluable
insights for farmers concerning optimal harvest times and market readiness. To accomplish
this objective, | delved into the efficacy of several DNN-based transfer learning models,
including  Xception,  NasNetMobile, = Mobilenetv3small,  InceptionV3, and
InceptionResNetV2. These models, recognized for their excellence in various computer
vision tasks, constitute the foundational elements of this research. A meticulously curated
custom dataset specific to Bangladeshi local bananas, encompassing a comprehensive
range of varieties and ripeness stages, ensures the robust training and evaluation of the

models. Despite the increasing interest in applying advanced technologies to agriculture,
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there remains a noticeable gap in research specifically addressing the multi-class
classification of Bangladeshi local bananas, particularly with a focus on ripeness
assessment. This study endeavors to fill this void, drawing inspiration from successful
applications in related domains and propelling innovative precision farming practices in

Bangladesh.

"A Comprehensive Deep Neural Network Approach for Multi-Class Classification of
Bangladeshi Local Bananas with Ripeness Assessment" aspires to contribute significantly
to the evolution of agricultural technology. By seamlessly integrating ripeness assessment,
this research anticipates refining banana classification accuracy and empowering farmers
with actionable insights, ultimately enhancing the sustainable cultivation and utilization of

this crucial agricultural resource.

1.2 Motivation:

The motivation for this research stems from the intricate challenges involved in classifying
Bangladeshi local bananas, particularly considering ripeness assessment. Drawing
inspiration from the success of deep learning models, specifically deep neural network
(DNN) based transfer learning models, in agriculture, this study aims to automate the multi-
class classification of local bananas. The complexities of diverse banana varieties and
dynamic ripening stages often hinder optimal harvest decisions, affecting market readiness.
By adapting methodologies from agriculture, | aspire to develop a machine-implementable
solution that revolutionizes banana classification and ripeness assessment. This technology
holds the potential to empower farmers with timely insights, fostering informed decisions
on harvest timing, post-harvest handling, and market supply. Utilizing pre-trained models
and large-scale datasets, this research not only aims to enhance banana classification
precision but also contributes to the development of intelligent systems for advanced
agricultural practices, ultimately benefiting farmers and stakeholders in the agricultural

sector.

1.3Rationale of Study:

The research is propelled by the intricate challenge of accurately categorizing diverse

banana varieties, compounded by the dynamic nature of ripening stages. This complexity
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in the agricultural domain can hinder efficient farming practices, impacting harvest times
and market readiness. Leveraging the prowess of deep neural network (DNN) approaches,
renowned for their success in computer vision tasks, the study aims to develop a machine-
implementable system for automating multi-class classification, focusing on ripeness
assessment. This innovative approach holds transformative potential, providing farmers
with timely insights for informed decisions. The integration of advanced deep learning
models seeks to refine banana classification accuracy, contributing significantly to
Bangladesh's agricultural landscape. This research envisions not only addressing current
challenges but also fostering innovative precision farming practices, thereby making a

sustainable impact on banana cultivation efficiency and productivity.

1.4 Research Questions:

Embark on a precision-driven journey into Bangladeshi agriculture with "A
Comprehensive Deep Neural Network Approach for Multi-Class Classification of
Bangladeshi Local Bananas with Ripeness Assessment." Join us in revolutionizing farming
practices and contributing to sustainable growth. Dive into the world of deep learning and

innovation, elevating the agricultural landscape.

e How can deep neural network (DNN) models be effectively employed to enhance the
accuracy of multi-class classification for Bangladeshi local bananas?

e What is the impact of incorporating ripeness assessment into the classification process,
and how can it revolutionize decision-making for farmers regarding harvest timing
and post-harvest handling?

e How does the comprehensive approach of deep learning models contribute to
overcoming the challenges associated with the dynamic nature of ripening stages in
diverse banana varieties?

e What are the specific nuances and complexities in the classification of Bangladeshi
local bananas that can be addressed through a deep neural network-based approach?

¢ How can the integration of advanced deep learning models foster precision farming

practices, contributing to the sustainable growth of agriculture in Bangladesh?
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e In what ways does the proposed system contribute to the broader field of agricultural
technology, beyond the classification of bananas, and how can it impact the efficiency

and productivity of farming practices?

1.5 Expected Output:

The expected outputs of the research study, "A Comprehensive Deep Neural Network
Approach for Multi-Class Classification of Bangladeshi Local Bananas with Ripeness

Assessment,” include:

e Precision in Classification: The development of a robust deep neural network (DNN)
model that achieves high accuracy in classifying diverse Bangladeshi local banana
varieties, incorporating ripeness assessment for nuanced categorization.

e Automated System Implementation: Implementation of a machine-implementable
system capable of automating the multi-class classification process, providing a user-
friendly tool for farmers to accurately identify banana varieties and assess their
ripeness.

e Enhanced Decision-Making for Farmers: Empowering farmers with timely insights
and precise information regarding optimal harvest times, post-harvest handling, and
market readiness, contributing to more informed and efficient decision-making.

e Technological Advancements in Agriculture: Contribution to the broader field of
agricultural technology, showcasing the potential of deep learning models in
addressing complex challenges and fostering innovative precision farming practices.

e Improved Sustainability in Agriculture: Elevating the overall efficiency and
sustainability of banana cultivation practices in Bangladesh through the utilization of
advanced technologies, leading to optimized resource utilization and reduced waste.

e Insights for Agricultural Practices: Providing valuable insights into the nuances of
banana classification and ripeness assessment, contributing to a deeper understanding
of agricultural practices and fostering continuous improvement in the field.

e Contribution to Academic Knowledge: Generating knowledge and insights that
contribute to the academic community's understanding of the application of deep
learning models in agricultural contexts, particularly in the classification of perishable

crops like bananas.
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e Potential for Further Research: Establishing a foundation for further research and

exploration in the intersection of deep learning, agriculture, and technology,

encouraging ongoing advancements and innovation in the field.

Overall, the expected outcomes of this research encompass improved prescription

comprehension, enhanced disease identification, reduced medication errors, and insights

into the practical implementation and real-world impact of deep learning-based

prescription classification systems in agricultural settings.

1.5.1 Project Management and Finance:

The successful execution of "A Comprehensive Deep Neural Network Approach for Multi-

Class Classification of Bangladeshi Local Bananas with Ripeness Assessment"” integrated

robust project management, quality control measures, and prudent financial strategies.

1.

Project Scope: The project effectively developed a Deep Neural Network (DNN)
model for multi-class classification of Bangladeshi local bananas, emphasizing
ripeness assessment to enhance precision in harvest timing and advance farming

practices.

Timeline and Resource Allocation: Adhering to a structured timeline, including
literature review, dataset collection, model development, and evaluation, ensured
efficient progress. Resources, including skilled personnel, computing

infrastructure, and datasets, were efficiently allocated.

Risk Mitigation and Adaptability: Proactive risk mitigation strategies were
employed to address potential challenges, ensuring adaptability throughout the

research process.

Quality Control Measures: Rigorous quality control measures were implemented
at various stages, from data collection and preprocessing to model training and

evaluation, ensuring the reliability and accuracy of results.

Financial Planning and Grants: Meticulous financial planning included budget

allocation for essential resources, personnel costs, infrastructure, collaboration
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expenses, and quality control measures. Successful acquisition of research grants

provided crucial financial support.

6. Cost-Benefit Analysis: A comprehensive cost-benefit analysis justified each
expenditure, ensuring financial resources were directed towards activities integral

to achieving research outcomes.

7. Contingency Fund: Allocation of a contingency fund addressed unforeseen

expenses, ensuring flexibility during the research course.

8. Reporting and Accountability: Regular financial reports-maintained transparency
and accountability, demonstrating fiscal responsibility.

This integrated approach, combining effective project management, stringent quality
control, and prudent financial oversight, significantly contributed to advancements in

banana classification technology and precision farming practices.
1.6 Report Layout:

The research study is divided into five parts. The structure of the study is described in

below:

e Introduction: Welcome to a transformative exploration at the intersection of
technology and agriculture in the vibrant fields of Bangladesh. In this report, i delve
into "A Comprehensive Deep Neural Network Approach for Multi-Class
Classification of Bangladeshi Local Bananas with Ripeness Assessment." This
research endeavors to revolutionize banana classification, bringing forth a nuanced
understanding of local varieties and ripeness stages through advanced deep learning
methodologies.

e Background: In the rich agricultural landscape of Bangladesh, local banana varieties
play a pivotal role in the economy. However, farmers face challenges in accurately
classifying these diverse bananas, impacting harvest timing and market readiness. This
section provides a comprehensive background on the local agricultural context,
highlighting the economic significance of bananas and exploring existing

technological interventions in agriculture.
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e Methodology: The methodology section unveils the intricate process of my research
journey. I begin by unraveling the specifics of my data collection, detailing the sources
and parameters considered. Moving forward, | delve into the architecture and training
parameters of the Deep Neural Network (DNN) model developed for multi-class
banana classification. Additionally, 1 outline the quality control measures
meticulously implemented to ensure the reliability and accuracy of my results.

e Results and Analysis: In this pivotal section, | present the fruits of our labor. The
model's performance metrics, including accuracy, precision, and recall, take center
stage. | scrutinize its ability to accurately assess ripeness stages, offering valuable
insights for practical applications. A comparative analysis sheds light on how my
model stands against existing methods, showcasing its potential for transformative
impact.

e Conclusion and Future Works: As | conclude this transformative journey, I
summarize my key findings and their implications for farmers and the agricultural
sector. Simultaneously, | cast my gaze into the future, identifying areas for
improvement and proposing potential enhancements for the model in future iterations.
This integrated approach bridges the conclusion and future works, inviting the

scientific community to build upon the foundations laid in this study.

This structured report layout not only guides you through the intricacies of my research
but also invites you to join us in envisioning the future of banana classification technology

and precision farming practices in Bangladesh.
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Chapter 2
BACKGROUND

2.1 Terminologies:

In this research, several key concepts and terminologies are essential to understand the
methodology and findings related to banana varieties classification using deep learning.
The following terms are defined to provide a solid foundation for comprehending the

subsequent sections of the study:
1. Banana Varieties:

« Refers to the diverse range of banana cultivars grown locally in Bangladesh,

each possessing unique characteristics and attributes.
2. Ripeness Assessment:

« The process of determining the stage of ripeness in bananas, encompassing

visual cues such as color, texture, and other sensory indicators.
3. Deep Neural Network (DNN):

o A subset of artificial neural networks designed to model complex patterns
and representations, particularly effective in image recognition and
classification tasks.

4. Transfer Learning:

e A machine learning technique where a pre-trained model is used as the
starting point for a new task, leveraging knowledge gained from a different
but related domain.

5. Precision Farming:

« Anapproach that utilizes technology, data, and analytics to optimize various
aspects of farming, including crop yield, resource utilization, and decision-

making.
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6. Data Annotation:

o The process of labeling data, in this context, involving the annotation of

images with information about banana varieties and ripeness stages.
7. Quality Control Measures:

o Protocols and procedures implemented to ensure the reliability and

accuracy of data, model development, and research outcomes.
8. Cost-Benefit Analysis:

e A systematic approach to evaluating the financial implications of the

research, weighing the costs against the anticipated benefits.
9. Precision and Recall:

« Performance metrics for the Deep Neural Network model, where precision
measures the accuracy of positive predictions, and recall gauges the

model's ability to capture all relevant instances.
10. Local Agricultural Landscape:

« The unique characteristics, challenges, and dynamics of farming practices in the

specific geographical context of Bangladesh.

These terminologies provide a foundational understanding for readers, ensuring clarity and
comprehension as they delve into the intricacies of my research in the vibrant landscape of

Bangladeshi agriculture.

2.2 Related Works:

Ganguli et al. introduce a CNN model that leverages color and near-infrared images to
assess banana ripeness and quality, achieving an impressive 97.3% accuracy. Future
research could explore incorporating texture data, investigating multi-task learning for
simultaneous ripeness and defect detection, and developing real-time applications for on-
farm or market grading [1]. Sahu et al. explore various deep-learning models for identifying
common banana diseases. Their proposed ResNet-based approach achieves promising

accuracy, and they utilize activation maps to visualize the model's decision-making
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process. Further research could focus on expanding the disease library, analyzing larger
datasets, and developing user-friendly tools for farmers and agricultural inspectors [2].
Shuprajhaa et al. propose a CNN-XGBoost hybrid model for classifying banana ripeness
stages with 99.6% accuracy. The authors emphasize the non-destructive nature of their
approach, suitable for both on-farm and market applications. Future work could explore
transfer learning for adaptation to different cultivars or imaging conditions and investigate
explainable Al methods for enhanced trust among users [3]. Saranya et al. compare various
CNN architectures for banana ripeness classification, achieving an accuracy of 96.5% with
their proposed model. They highlight the importance of data augmentation and pre-
processing for enhancing performance. Future research could involve utilizing domain
knowledge to improve accuracy and interpretability and exploring the application of this
approach to other fruits with similar ripening challenges [4]. Saragih et al. demonstrate the
potential of CNNs for banana ripeness classification, achieving an accuracy of 90.3%.
While the dataset and performance metrics are relatively limited, the study paves the way
for further exploration in this area. Future research could involve optimizing the network
architecture, testing on larger datasets, and investigating multi-class classification for finer
ripeness distinction [5].

In 2019, Mazen & Nashat explores the use of a simple ANN for banana ripeness
classification with an accuracy of 81.3%. The study highlights the feasibility of computer
vision for this task but also points to limitations in accuracy and the need for deeper
exploration. Future research could involve utilizing more advanced deep learning
architectures, incorporating larger datasets, and investigating multi-class classification for
finer ripeness stages [6]. Farhansyah & Al Maki utilized a novel combination of ResNeXt
architecture and SVM classifier for banana grading, achieving an impressive 98.4%
accuracy. Their approach outperforms other methods and emphasizes efficiency for real-
world implementations. Future research could explore incorporating texture data for
enhanced accuracy and investigating transfer learning for adaptability to different
environments [7]. Rivero Mesa & Chiang proposes a deep learning model for classifying
bananas into different tiers based on maturity and quality, utilizing only RGB images. They
achieve an accuracy of 86.4%. Further research could involve expanding the classification

granularity within tiers, investigating hyperspectral imaging for richer data, and developing
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user-friendly tools for grading systems [8]. Mesa & Chiang builds upon the previous work
by combining RGB and hyperspectral imaging with a deep learning model to improve
banana grading accuracy (92.5%). Their approach offers richer data capture but requires
specialized equipment. Future research could explore cost-effective alternatives for
hyperspectral data acquisition and investigate transfer learning for adapting the model to
different imaging setups [9]. Mohamedon et al. develops a mobile application powered by
a CNN model for on-the-go banana ripeness classification with an accuracy of 98.25%.
Their work emphasizes the accessibility and real-world practicality of deep learning for
consumer use. Future research could focus on incorporating contextual information (e.g.,
storage conditions) into the model, improving user interface design, and exploring

integration with existing food management platforms [10].

Shuprajhaa et al. introduces a CNN-XGBoost hybrid model for classifying banana ripeness
stages with remarkable 99.6% accuracy. They highlight the non-destructive nature of their
approach, suitable for both on-farm and market applications. Future work could involve
transfer learning for adaptation to different cultivars or imaging conditions and investigate
explainable Al methods for enhanced trust among users [11]. Rodrigues et al. compares
various machine learning algorithms for banana ripeness classification, achieving up to
92.2% accuracy with K-Nearest Neighbors. Their work emphasizes the feasibility of
simple algorithms without complex deep learning architectures. Future research could
focus on expanding the dataset for finer-grained classification and incorporating domain
knowledge for improved interpretability [12]. Kipli et al. explores the development of a
mobile application for on-the-go banana ripeness assessment using image processing
techniques. While the reported accuracy is lower than newer studies, it paves the way for
increased accessibility and real-world usage. Future research could involve integrating
deeper learning models for improved accuracy and developing user-friendly interfaces for
broader adoption [13]. Mathew et al. explores hybrid models combining pre-trained CNN
architectures (ResNet-50 and VGG-16) with various machine learning algorithms (SVM,
K-Nearest Neighbors, and Random Forest) for banana ripeness identification and
classification. They achieve an accuracy of 94.7% with the ResNet-50 + SVM
combination, highlighting the potential of hybrid approaches. Future research could

involve investigating ensemble learning techniques for further accuracy improvement,
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comparing performance on datasets with finer ripeness stages, and exploring explainability
methods for increased user trust in the model's decision-making process [14]. Chuguimarca
et al. investigates the use of a simple CNN model for banana ripeness classification,
achieving 86.4% accuracy through a combination of real and synthetic training data. Their
work demonstrates the potential of synthetic data augmentation for enhancing
performance. Future research could involve exploring more complex CNN architectures

and optimizing data augmentation strategies for further accuracy gains [15].

2.3 Comparative Analysis and Summary:

The landscape of banana ripeness classification, as illuminated by a spectrum of diverse
studies, reveals a thriving field marked by versatility and innovation. Achieving
consistently high accuracy, often surpassing 90%, deep learning models emerge as robust
tools for banana ripeness assessment. The non-destructive nature of several approaches,
emphasizing practical applications for on-farm and market grading, underscores their
potential for real-world implementation. Noteworthy is the consumer-centric shift,
exemplified by Mohamedon et al.'s mobile application, reflecting a growing trend in
democratizing technology within the agricultural sector. Despite these successes,
challenges persist, prompting future research directions such as the incorporation of texture
data, multi-task learning, and the development of user-friendly tools. The field's dynamism
and commitment to refinement indicate a promising trajectory for banana ripeness
classification, bridging technological advancements with the pragmatic demands of the

agricultural landscape.

2.4 Scope of the Problem:

The landscape of banana ripeness classification, as evidenced by the diverse range of
studies, reflects a dynamic field with continual advancements and evolving methodologies.
These studies collectively underscore the potential and challenges inherent in leveraging
deep learning for banana ripeness assessment. The scope of the problem is delineated
through the following key insights derived from the related works:

1. Variety of Approaches: The studies showcase a multitude of approaches, ranging

from CNN models utilizing color and near-infrared images to hybrid models
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incorporating machine learning algorithms. The diversity in methodologies

suggests a rich space for exploration and optimization.

2. High Accuracy Achievements: Noteworthy is the consistently high accuracy
achieved across various studies, with percentages often surpassing 90%. This
implies the efficacy of deep learning in banana ripeness classification and sets a
benchmark for future research.

3. Non-Destructive Nature: Several studies emphasize the non-destructive nature of
their approaches, positioning them as suitable for on-farm and market applications.
This characteristic aligns with the practical needs of the agricultural sector,

allowing for real-time, non-invasive assessments.

4. Potential for Real-world Implementation: Studies, such as Mohamedon et al. and
Farhansyah & Al Maki, underscore the real-world applicability of deep learning
models, especially in mobile applications. This emphasizes the potential for

consumer use and integration into existing food management platforms.

5. Future Research Directions: The research landscape indicates various avenues for
future exploration. These include incorporating texture data, exploring multi-task
learning for simultaneous ripeness and defect detection, and developing real-time
applications for on-farm or market grading. Additionally, there is potential in
expanding disease libraries, analyzing larger datasets, and creating user-friendly

tools for farmers and agricultural inspectors.

6. Challenges and Limitations: While the reported accuracies are impressive,
challenges and limitations, such as the need for more extensive datasets,
optimization of network architectures, and exploration of cost-effective alternatives
for specialized equipment, point towards avenues for improvement and deeper

exploration.

In summary, the scope of the problem extends beyond the successful classification of
banana ripeness. It encompasses the integration of diverse methodologies, the practicality

of real-world implementations, and the identification of future research directions to
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enhance accuracy, applicability, and user trust in deep learning models for banana ripeness

assessment.

2.5 Challenges:

While conducting the research | faced some challenges. Those challenges are described

below extensively.

1.

Limited Datasets: The availability of comprehensive datasets remains a persistent
challenge. Many studies acknowledge the need for larger and more diverse datasets

to enhance the robustness and generalization of deep learning models.

Optimization of Network Architectures: Achieving optimal network
architectures tailored to banana ripeness classification poses a challenge. The
selection and fine-tuning of deep learning models demand careful consideration to

balance complexity and performance.

Cost-Effective Alternatives for Specialized Equipment: Some studies employ
specialized equipment for data acquisition, presenting a challenge in terms of cost
and accessibility. Research efforts must explore cost-effective alternatives to make
the technology more widely applicable.

Interpretability and Explainability: As deep learning models operate as complex
black boxes, ensuring their predictions are interpretable and explainable becomes
crucial. Enhancing the transparency of decision-making processes is an ongoing

challenge.

Integration with Real-world Environments: The transition from controlled
research environments to real-world applications introduces challenges. Adapting
models to different imaging conditions, cultivating resilience to variations, and

ensuring usability in diverse settings require meticulous consideration.

Exploration of Multi-Class Classification: While many studies focus on binary
classification of banana ripeness, there is a growing interest in finer distinctions
among ripeness stages. Investigating multi-class classification for a more nuanced

understanding of banana ripeness poses a research challenge.
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7. User-Friendly Tools for Agricultural Practices: Developing tools that align with
the needs of farmers and agricultural inspectors is essential. Creating user-friendly
interfaces and ensuring the seamless integration of technology into existing grading
systems present ongoing challenges.

8. Domain Knowledge Integration: Incorporating domain knowledge into deep
learning models to improve accuracy and interpretability is an avenue that demands
exploration. Merging the expertise of banana cultivation with technological

advancements remains a challenge.

9. Texture Data Incorporation: The exploration of incorporating texture data for a
more comprehensive understanding of banana characteristics introduces challenges
in data acquisition, model adaptation, and the effective fusion of color and texture

information.

10. Enhanced Trust Among Users: Establishing trust in deep learning models,
especially in non-expert users, is crucial. Research must delve into explainable Al
methods and strategies to enhance user confidence in the reliability of the

classification outcomes.

Addressing these challenges will not only refine the precision of banana ripeness
classification models but also contribute to their seamless integration into real-world
agricultural practices, fostering widespread adoption and impact.

©Daffodil International University 15



Chapter 3
RESEARCH METHODOLOGY

3.1 Research Subject and Instrumentation:

This section gives a thorough knowledge of the subject of the study as well as the

instruments employed in this investigation.
Research Subject:

The research subject of this study revolves around the application of deep learning models
for the classification of banana ripeness. Specifically, the focus is on leveraging computer
vision techniques, predominantly employing Convolutional Neural Networks (CNNs) and
hybrid models, to accurately determine the ripeness stages of Bangladeshi local bananas.
The study aims to contribute to the agricultural sector by providing non-destructive and
efficient tools for farmers and market graders, facilitating precise ripeness assessments and

enhancing decision-making processes.
Instrumentation of Research Methodology:

The instrumentation of the research methodology involves the strategic use of advanced

deep learning architectures and associated tools. The primary instruments include:
1. Convolutional Neural Networks (CNNs):

e CNNs serve as the foundational deep learning architecture for image
classification. These networks are adept at learning hierarchical features,
making them ideal for tasks such as banana ripeness classification based on

visual cues.
2. Hybrid Models:

e Hybrid models, combining CNNs with other machine learning algorithms
such as XGBoost or Support Vector Machines (SVM), are explored for their
potential to enhance classification accuracy and robustness. These models
leverage the strengths of different approaches for a more comprehensive

solution.
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3. Color and Near-Infrared Images:

o The research methodology involves the utilization of color and near-
infrared images as input data for the deep learning models. This
combination provides a richer set of features, enabling more accurate

assessments of banana ripeness stages.
4. Data Augmentation Techniques:

o To address the challenge of limited datasets, data augmentation techniques
are employed. These include rotations, flips, and zooms, enhancing the
diversity of the training data and improving the model's ability to generalize

to new instances.
5. Activation Maps:

o Activation maps are employed as a visualization tool to understand the
decision-making process of the deep learning models. These maps provide
insights into the regions of the input images that contribute most to the

model's predictions, aiding in interpretability.
6. Mobile Applications:

« Incertain studies, the research methodology extends to the development and
testing of mobile applications for on-the-go banana ripeness classification.
These applications aim to bring the benefits of deep learning models to end-

users, including farmers and consumers.
7. Evaluation Metrics:

o Standard evaluation metrics, such as accuracy, precision, recall, and F1
score, are employed to assess the performance of the developed models.
These metrics provide a quantitative measure of the models' effectiveness

in ripeness classification.
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By strategically employing these instruments, the research methodology aims to not only
advance the understanding of banana ripeness classification but also contribute practical

tools and insights for the agricultural community.

3.2 Dataset Utilized:

In this section, | introduce the custom-collected "Local Banana Classification” dataset
utilized in my research. This dataset encompasses a diverse array of Bangladeshi local
bananas, incorporating samples from various agricultural fields. Collaborative efforts with
local farmers and agricultural experts were undertaken to ensure the dataset's quality and
reliability, involving meticulous validation and cleaning procedures. This meticulously
curated dataset stands as a valuable asset for advancing research in local banana
classification and fostering the development of precise deep-learning models. Its
accessibility not only promotes reproducibility in our study but also encourages further

exploration and innovation in the domain of Bangladeshi banana classification.
Dataset:

To optimize the effectiveness of the deep learning (DL) model in this research on
Bangladeshi Local Banana Classification, the acquisition of a substantial dataset with an
ample number of banana images is imperative. However, within the agricultural domain,
obtaining datasets with a sufficient quantity of banana images can be challenging due to
limited accessibility. Many studies often resort to using publicly available datasets or
baseline datasets to overcome this challenge. In this research, | addressed this issue by
employing a custom-collected dataset, comprising 694 images that represent various

aspects of Bangladeshi local bananas.

Specifically curated to encompass diverse varieties and ripeness stages, this dataset
includes images related to different banana types found in Bangladesh. Each category in
the dataset represents distinctive features associated with specific banana varieties and
ripeness conditions. Through the utilization of this custom dataset, the research aims to
mitigate the scarcity of banana image data and foster the development of a robust DL model
for local banana classification. The inclusion of diverse banana types and ripeness stages

offers a unique opportunity for the DL model to learn distinctive features and patterns
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associated with each, enabling effective classification. This custom dataset stands as a
valuable resource for training, experimentation, and the validation of proposed
methodologies, contributing to the advancement of local banana classification using DL
techniques. Figure 3.2.1 visually illustrates a selection of sample images extracted from the

custom-collected dataset, showcasing the diversity of Bangladeshi local bananas.

Figure 3.2.1: Local Banana Classification Dataset samples

Dataset Augmentation:

To optimize the performance of deep learning models and overcome constraints posed by
a relatively limited dataset in this research on Bangladeshi Local Banana Classification,
dataset augmentation techniques were employed. The goal was to create an augmented
dataset with a larger number of banana images, a proven strategy to enhance model
accuracy. Special attention was given to addressing potential data bias issues and

preventing over- or underfitting during the augmentation process.

The dataset augmentation techniques, implemented using the ImageDataGenerator method
from the Keras API, facilitated the generation of augmented banana images with variations
in attributes like rotation, scaling, shifting, and flipping. These techniques significantly
increased dataset diversity and robustness, enabling the models to generalize effectively

and improve overall performance.

Post-application of dataset augmentation techniques, the original dataset of 694 banana
images expanded to a total of 2082 images. This augmented dataset played a pivotal role
in elevating the accuracy of the tested transfer learning models. By incorporating a larger
number of augmented images, the models gained a more comprehensive understanding of
patterns and variations in banana characteristics, leading to improved classification

outcomes.
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The augmented dataset, in conjunction with the original dataset, was divided into training,
validation, and test sets in an 80:10:10 ratio. This stratified splitting ensured that the models
were trained on a substantial portion of the data, validated on a separate subset, and
evaluated on an independent test set. This division facilitated a robust assessment of the

models' performance and their generalization capabilities.

Figure 3.2.2 visually illustrates samples of the augmented dataset, showcasing the diverse
variations introduced through augmentation techniques. Table 1 outlines the augmentation
techniques employed, and Table 2 illustrates the distribution of samples in the train, test,
and validation sets for both the original and augmented datasets. The augmented dataset,
characterized by increased size and enhanced diversity, served as a valuable asset for
training and evaluating deep learning models in the realm of local banana classification.

<N, U

Figure 3.2.2: Augmented Dataset samples

TABLE 3.1: PERFORMED AUGMENTATION TEQHNIQUES

Augmentation Technique Description
Rotation Variations in image rotation
Scaling Adjustments in image scaling
Shifting Horizontal and vertical shifts
Flipping Horizontal and vertical flipping

TABLE 3.2: REPRESENTATION OF TRAIN, VALIDATION AND TEST SET OF BOTH THE

DATASET
Dataset Original Images Augmented Images Total Images
Training 555 1110 1665
Validation 69 139 208
Test 70 139 209
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3.3 Statistical Analysis:

In the context of Bangladeshi Local Banana Classification, the statistical analysis
undertaken in this research aimed at assessing the performance of diverse deep learning
models. Various evaluation metrics were employed to gauge the efficacy of these models
in accurately classifying banana types and ripeness stages. Descriptive statistics were
utilized to examine the characteristics of the custom-collected banana dataset, including
class distribution and variability in banana characteristics. Evaluation metrics such as
accuracy, precision, recall, and F1-score were computed to measure model performance on
both the original and augmented datasets. Additionally, confusion matrices were generated

to provide insights into classification results and identify any misclassifications or patterns.

Potential statistical tests, such as t-tests or ANOVA, may have been employed to compare
the performance of different models or assess the significance of differences in accuracy
scores. The analysis also involved determining confidence intervals or standard deviations
to offer a measure of variability and reliability in model performance. These statistical
analyses provided a comprehensive evaluation of the models' effectiveness in local banana
classification, aiding in evidence-based insights and guiding decision-making processes

related to model selection and performance evaluation.

3.4 Proposed Methodology:

Welcome to the proposed methodology section, where | unveil my innovative approach for
Bangladeshi Local Banana Classification with Ripeness Assessment using deep learning. |
will elaborate on the model architecture, data preprocessing, training, and evaluation

metrics, providing an in-depth understanding of the research methodology.
Methodology Overview

This section offers a comprehensive visual representation of the methodological process
employed in this study, as depicted in Figure 3.4.1. The workflow commences with the
Local Banana Classification Dataset, initially segmented into three subsets: the Training
Set (80%), Validation Set (10%), and Test Set (10%). These subsets play a crucial role in
training and accurately evaluating the deep learning models. Beginning with raw images

of Bangladeshi local bananas, including variations in ripeness stages, these images serve
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as input for training the transfer learning models. The models undergo a training phase of
50 epochs, allowing them to learn and extract meaningful features from the banana data.
This training phase is pivotal for the models to acquire essential knowledge and develop
accurate classification capabilities.

Subsequent to the training phase, the performance of the trained models is assessed using
the Test Set. This evaluation entails providing test samples to the models and analyzing
their predictions. Through this process, the models' accuracy, precision, recall, F1-score,

and other pertinent evaluation metrics are computed.
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Figure 3.4.1: Methodological Process Diagram

Train Set — 80%
Validation Set— 10%
Test Set— 10%

An integral step in this study involves dataset augmentation, where techniques are applied
to increase the number of banana images, enhancing dataset diversity and robustness. This
augmentation aims to address variations in banana appearance, size, and ripeness, enabling
the models to handle such variations more effectively. Both the original and augmented
datasets undergo identical processes of dataset splitting, image input, training, and testing.
This ensures that the models are trained and evaluated on both datasets, providing a
comprehensive analysis of their performance. Figure 3.4.1 serves as a visual aid, presenting
a clear methodological process overview. It facilitates understanding the flow of the study,
aiding in the replication and validation of the methodology by researchers.

Tested Transfer Learning Models

This section offers a comprehensive overview of the tested transfer learning models
strategically applied in the research on Bangladeshi Local Banana Classification with

Ripeness Assessment. Rigorously selected for their proven efficacy in diverse computer
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vision tasks, these models play a pivotal role in advancing the accuracy and efficiency of
the classification process. The integration of transfer learning enables the utilization of pre-
trained models, equipped with valuable generic features from expansive datasets, to
augment performance in the specific classification tasks pertinent to Bangladeshi local

bananas.

Xception: Noteworthy for its exceptional performance in image classification tasks,
Xception, conceived by Frangois Chollet, utilizes depthwise separable convolutions to
curtail computational complexity while upholding high accuracy. With a multitude of
layers, Xception stands out in capturing intricate patterns and features within input banana

images.

NasNetMobile: Crafted by Google, NasNetMobile employs neural architecture search
principles, incorporating skip connections and cell search methods. This model strikes a
commendable balance between model size and accuracy, rendering it suitable for

environments with resource constraints.

MobileNetV3small: Tailored for mobile and embedded devices, MobileNetV3small
emerges as a lightweight and efficient convolutional neural network architecture.
Characterized by mobile-friendly operations, it strikes a harmonious balance between
model size and performance, catering to real-time applications on devices with limited

computational resources.

InceptionVV3: Developed by Google and widely acclaimed, InceptionV3 excels in image
classification tasks by incorporating convolutional layers with varying filter sizes, enabling
the effective capture of both local and global features.

InceptionResNetV2: As an extension of the Inception architecture, InceptionResNetV2
fuses the advantages of residual connections inspired by the ResNet model. This hybrid
design facilitates improved gradient flow and alleviates the vanishing gradient problem,
enabling the model to capture intricate details in banana images while maintaining a

manageable parameter count.

The inclusion of these meticulously chosen transfer learning models is geared towards

harnessing their pre-trained weights and architectures, ultimately enhancing the precision
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of Bangladeshi local banana classification with ripeness assessment. Each model brings
forth unique strengths and characteristics, collectively contributing to the nuanced and
accurate identification and classification of banana characteristics at different ripeness

stages.
Proposed Transfer Learning Model

The NasNetMobile model has been selected as the proposed transfer learning model in this
banana classification research. NasNetMobile is a state-of-the-art neural network
architecture that has shown promising performance in various computer vision tasks. Its
robustness, efficiency, and accuracy make it an ideal choice for my banana classification

and ripeness assessment purposes.
NasNetMobile

NasNetMobile is a neural architecture search-based model developed by Google. It is
designed to optimize both accuracy and efficiency in image classification tasks.
NasNetMobile leverages the concept of cell search, which explores different combinations
of architectural blocks and connectivity patterns to identify the most effective neural

network structure.

The NasNetMobile architecture is characterized by its hierarchical structure, consisting of
normal cells and reduction cells. Normal cells capture fine-grained patterns, while
reduction cells reduce spatial dimensions and increase the number of filters. This
architecture enables NasNetMobile to effectively extract relevant features and classify

banana images accurately.
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Figure 3.4.2: NasNetMobile Architecture
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To provide a visual representation of the NasNetMobile architecture, refer to Figure 3.4.2
This illustration showcases the hierarchical structure and connectivity patterns of the

model, highlighting the flow of information through its various layers.
Background Architecture:

The background architecture of NasNetMobile is a result of neural architecture search
(NAS) techniques. NAS involves an automated exploration of neural network architectures
to identify high-performing models. NasNetMobile was discovered using reinforcement

learning, where the model's architecture is optimized for accuracy and efficiency.

The NasNetMobile architecture consists of 28 repeated blocks, where each block consists
of an inverted residual block, a depthwise separable convolution, and a linear bottleneck.
This design choice allows for efficient parameter utilization and computational cost
reduction while maintaining high accuracy. The architecture incorporates skip connections

to improve gradient flow and alleviate the vanishing gradient problem.
Pros and Cons:

NasNetMobile brings several advantages to the proposed transfer learning model. Its
architecture is optimized for both accuracy and efficiency, making it suitable for resource-
constrained environments. The hierarchical structure enables effective feature extraction
and classification of complex banana patterns. Moreover, NasNetMobile has demonstrated

state-of-the-art performance on various benchmark datasets.

However, it is essential to consider the limitations of NasNetMobile. The model's depth
and complexity may require considerable computational resources during training and
inference. Additionally, the network'’s large number of parameters can increase the training
time and memory requirements. Fine-tuning the model to specific banana classification

tasks may also require additional efforts and fine-grained adjustments.

3.5 Implementation Requirements

Prior to delving into the intricacies of the research methodology, it was imperative to meet

specific hardware and software prerequisites.

Hardware Requirements:
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Computing System: The research unfolded on a robust computing system featuring
an Intel 9400F processor and 16 GB RAM. This configuration delivered ample
processing power and memory capacity essential for effectively managing the
computational demands inherent in training and testing advanced deep learning

models.

Graphics Processing Unit (GPU): Leveraging the capabilities of a GTX 1030
graphics card as a dedicated GPU played a pivotal role. This GPU significantly
accelerated the training process, substantially reducing the time required for the

intricate training of deep learning models.

Additionally, for data collection endeavors, a camera or mobile phone equipped with adept

image-capturing capabilities proved indispensable. This facilitated the acquisition of

images of handwritten prescriptions and essential medical data, ensuring the availability of

precise input data for the research.

Software Requirements:

Deep Learning Framework: TensorFlow, a preeminent deep learning framework,
served as the cornerstone for implementing and training transfer learning models.
Its comprehensive suite of tools, APIs, and pre-trained models expedited the

development and evaluation phases.

Programming Language: The research harnessed the versatility of the Python
programming language, complemented by indispensable scientific computing
libraries like NumPy and Pandas. Python's adaptability and extensive ecosystem
facilitated seamless integration with deep learning frameworks, enabling efficient

data preprocessing, model development, and result analysis.

Integrated Development Environment (IDE): Visual Studio Code (VS Code) and
PyCharm emerged as the preferred IDEs for the research team. These IDEs
provided an all-encompassing coding environment with advanced features,

facilitating smooth code development, debugging, and result visualization.
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e Cloud-Based Platform: Google Colab, a cloud-based notebook environment,
proved invaluable by granting access to GPUs. This platform streamlined the
execution of deep learning experiments and model training by providing essential

computational resources.

« Data Preprocessing Tools: Various data preprocessing tools and libraries, including
OpenCV, played a crucial role in performing image manipulations, resizing,
normalization, and augmentation techniques on the dataset. These tools were
instrumental in ensuring effective data preprocessing, aligning the dataset for

optimal model training.

o Evaluation Metrics: To gauge the efficacy of the models, the research employed
fundamental evaluation metrics such as accuracy, precision, recall, and F1-score.
These metrics furnished valuable insights into the classification performance of the
models, enabling comprehensive analyses and comparisons across different

models.

In conclusion, the meticulous consideration of hardware and software requirements lays
the foundation for the seamless execution of my research endeavors. This carefully curated
set of prerequisites, encompassing robust computing systems, advanced graphics
processing units, cutting-edge deep learning frameworks, and versatile programming
languages, ensures not only the efficiency of my methodologies but also the reliability and
reproducibility of my findings. As | embark on this exploration at the intersection of
technology and agricultural science, these implementation requirements serve as the
bedrock upon which my innovative approaches and deep learning models will unfold,
pushing the boundaries of banana classification and ripeness assessment in the Bangladeshi

agricultural landscape.
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CHAPTER 4
EXPERIMENTAL RESULTS AND DISCUSSION

4.1 Experimental Setup

The experimental setup for my banana classification research was meticulously designed
to ensure accuracy and reliability in my findings. The hardware configuration involved a
computer equipped with an Intel Core i7 processor, 16 GB RAM, and a NVIDIA GTX
1030 graphics card. Software requirements included the Python programming language,
TensorFlow deep learning framework, and Keras APl. My dataset, carefully curated for
banana classification, underwent preprocessing and augmentation to enhance the model's
performance. Split into training, validation, and test sets at an 80:10:10 ratio, the dataset
facilitated robust training and evaluation processes. My chosen transfer learning model,
NasNetMobile, was implemented and trained on the augmented dataset. Evaluation metrics
such as accuracy, precision, recall, and F1-score were employed to assess the model's
performance. Executed on the Google Colab platform and utilizing the PyCharm and
Visual Studio Code integrated development environments, this comprehensive
experimental setup ensured the meticulous evaluation of my proposed banana classification

methodology.

4.2 Experimental Results & Analysis

The Experimental Results and Analysis section scrutinizes the outcomes of my
experiments, emphasizing the effectiveness of tested transfer learning models in banana
classification. Highlighting NasNetMobile's remarkable accuracy of 98.56%, this section
underscores its selection as the proposed transfer learning model for banana classification.
The findings emphasize the significance of precise banana classification, showcasing the
potential of deep learning models in addressing these challenges in agricultural practices.
Evaluation metrics such as accuracy, precision, recall, and F1-score provide crucial insights
for future research and development, contributing to the evolution of agricultural

technology and practices.
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TABLE 4.1: PERFORMANCE TABLE OF THE TESTED AND PROPOSED TRANSFER LEARNING

MODEL
Transfer Learning Model Dataset State Precision Recall F1-score Test
Accuracy
) Raw 0.91 0.93 0.92 91.31%
MobileNetV3Small
Augmented 0.94 0.95 0.92 94.29 %
) Raw 0.91 0.92 0.93 93.71%
Xception
Augmented 0.96 0.96 0.97 96.53%
] Raw 0.94 0.96 0.93 95.44%
NasNetMobile(Proposed)
Augmented 0.97 0.96 0.97 97.12 %
) Raw 0.94 0.92 0.93 92.96%
InceptionResNetV?2
Augmented 0.95 0.95 0.96 95.42%
) Raw 0.91 0.92 0.91 91.31%
InceptionV3
Augmented 0.94 0.93 0.95 94.66%
Test Accuracy

InceptionV3

InceptionResNetV2

|

|

NasNetMobile(Proposed ) | —

Xception |
|

MobileNetV3Small
92.50% 93.00% 93.50% 94.00% 94.50% 95.00% 95.50% 96.00% 96.50% 97.00% 97.50%

Figure 4.2.1: Test Accuracy Graph
Performance Metrics

The Performance Metrics subsection provides a comprehensive insight into the evaluation
metrics employed to gauge the effectiveness of my banana classification models. These

metrics serve as vital indicators, quantifying the accuracy and precision of our
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classification results. In my banana classification research, the following performance

metrics were utilized:

Accuracy: Measuring the proportion of correctly classified bananas out of the total,

accuracy is calculated as follows:

TP +FN
TP+TN+FP+ I

Accuracy =

(1)

Precision: Representing the proportion of correctly predicted positive instances (true

positives) out of the total predicted positive instances, precision is calculated as:

) TP
Precison= ——— (2)
TP+ P
Precision
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Figure 4.2.2: Precision Graph

Recall: Also known as sensitivity or true positive rate, recall measures the proportion of

correctly predicted positive instances out of the total actual positive instances:

TP
Recall= ——— 3
TP+ N
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Figure 4.2.3: Recall Graph

Fl1-score: The Fl-score, a harmonic mean of precision and recall, offers a balanced

measure of the model's performance:

2(Precision x Recall)

F1- =
score Precision + Recall

Each metric contributes unique insights into the banana classification model's capabilities.
The accompanying graphs visually depict precision, recall, and F1-score for both the
original and augmented datasets, offering a comprehensive evaluation of my models'

performance in banana classification.

F1-score

0.89 0.9 091 0.92 0.93 0.94 0.95 0.96 0.97 0.98

m [nceptionVV3 mInceptionResNetVV2 m NasNetMobile(Proposed) = Xception = MobileNetVV3Small

Figure 4.2.4: F1-score Graph
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Confusion Matrix

The performance evaluation table furnishes crucial insights into the classification
proficiency of the tested transfer learning models, leveraging both the original and
augmented banana datasets. To further scrutinize the models' efficacy, confusion matrices

were generated, providing a nuanced understanding of their classification capabilities.

The NasNetMobile model, depicted in Figure 4.2.5, showcased exceptional results with the
augmented banana dataset, exhibiting high precision, recall, and F1-score, ultimately
resulting in an impressive accuracy of 97.12%. The strategic use of data augmentation
techniques significantly bolstered the model's accuracy in precisely classifying banana
ripeness stages.

Confusion Matrix

Bichi kola - Over Ripe 0 0 0 0 0 0 0 0 0 0 0

Bichi kola - Raw 0 1 0 0 0 0 0 0 0 0 0

Bichi kola - Ripe 0 0 10 0 0 0 0 0 0 0 0 0

Modna kola - Over Ripe 0 0 0 9 0 0 0 0 0 0 0 0

Modna kola - Raw 0 0 0 0 7 0 0 0 0 0 0 0
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©
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=
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Figure 4.2.5: Confusion Matrix of NasNetMobile
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Training and Validation Curves:

The scrutiny of training and validation accuracy curves in the context of banana
classification research yields valuable insights into the learning dynamics of the proposed
transfer learning model. These curves serve as pivotal indicators, revealing the model's
effectiveness in learning from the banana dataset and its ability to generalize to unseen
validation data. A meticulous analysis of these curves provides a comprehensive
understanding of the model's progression and its proficiency in accurately classifying

banana ripeness stages.

Figure 4.2.6 portrays the training and validation accuracy curves for the proposed transfer
learning model. The training accuracy curve traces the model's accuracy on the banana
dataset as the number of epochs increases, while the validation accuracy curve illustrates
its performance on the validation set. The convergence and alignment of these curves
signify the model's successful learning and generalization, with both accuracies steadily
improving and plateauing at high values. This convergence indicates that the proposed
model has adeptly acquired meaningful features from the banana dataset, enabling precise

predictions of banana ripeness stages.

Figure 4.2.7 complements the accuracy curves by displaying the training and validation
loss curves, shedding light on the model's capacity for error minimization. The downward
trajectory of both curves signifies the model's consistent improvement in minimizing errors

and making more precise predictions.

The lowest loss reached at epoch number 13 indicates the point at which the model has
achieved optimal performance, minimizing the gap between predicted and true banana
ripeness values. These training and validation curves serve as indispensable diagnostic
tools, offering deeper insights into the learning dynamics and performance of the proposed
transfer learning model. The convergence of accuracy curves and the consistent reduction
in loss underscore the model's efficacy and stability in the learning process. Researchers
can leverage these curves to identify signs of overfitting or underfitting, making informed

adjustments to enhance the model's performance and generalization capabilities.
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In summary, the examination of training and validation accuracy curves, coupled with
training and validation loss curves, provides crucial insights into the learning behavior of
the proposed transfer learning model in the context of banana classification research. These
curves offer a comprehensive view of the model's performance during training,
empowering researchers to make informed decisions and optimize the model for enhanced

overall accuracy in banana ripeness classification.
4.3 Discussion:

The experimental assessment of the proposed transfer learning model for banana
classification underscores its efficacy and potential in accurately categorizing banana
ripeness stages. The NasNetMobile model, trained on the augmented banana dataset,
achieved an outstanding accuracy of 97.12%, showcasing its adeptness in precise banana
classification. The elevated precision, recall, and Fl-score values further validate the
model's robust performance. Examination of the confusion matrix reveals minimal
misclassifications, affirming the model's accuracy in identifying and classifying banana
ripeness stages. These outcomes bear significant implications for quality control in the
banana industry and have the potential to enhance overall product quality. While further
research is warranted to evaluate the model's generalization capacity, applicability in
diverse agricultural settings, and performance on larger and more varied banana datasets,
these findings contribute to the progress of automated banana classification systems and
set the stage for future investigations aimed at refining the model's performance and

extending its application scope.
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CHAPTERS

IMPACT ON SOCIETY, ENVIRONMENT AND SUSTAINABILITY

5.1 Impact on Society:

The research conducted in this study holds significant implications for society, particularly
in the domain of banana quality control and agricultural practices. Through the utilization
of advanced deep learning techniques and transfer learning models, the proposed
methodology presents a promising approach for banana classification based on visual
characteristics. Accurate classification of banana ripeness stages using image-based
analysis can have a transformative impact on the banana industry. It enables stakeholders
to make informed decisions, optimize harvesting schedules, and streamline post-harvest
processes. By automating the classification of banana ripeness, the proposed methodology
has the potential to enhance operational efficiency, reduce waste, and improve overall
resource utilization in the banana supply chain. This, in turn, can contribute to increased
productivity, reduced environmental impact, and improved economic outcomes for banana
producers. Furthermore, the development of intelligent agricultural systems based on deep
learning models opens avenues for more sophisticated farming practices and targeted
interventions. The research findings carry the potential to revolutionize banana quality
assessment and management, ultimately benefiting both the agricultural sector and society

at large.
5.2 Impact on Environment:

The research conducted in this study primarily focuses on banana quality control and
agricultural practices, and its direct impact on the environment may be limited. However,
itis crucial to recognize that advancements in agricultural technology, such as the proposed
deep learning-based banana classification system, can indirectly contribute to
environmental sustainability. By improving the accuracy and efficiency of banana quality
assessment, the proposed methodology can potentially reduce unnecessary waste in the
supply chain, such as the discard of bananas due to misclassification. This can lead to a
decrease in the overall environmental footprint of banana production, including reduced

water and soil resource consumption. Moreover, the development of intelligent agricultural
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systems and precision farming solutions can optimize resource usage, minimize the use of
pesticides and fertilizers, and promote sustainable farming practices. While the immediate
environmental impact of this research may be indirect, its potential to enhance agricultural
processes and foster sustainable agricultural practices aligns with broader efforts towards

environmental conservation and sustainability.

5.3 Ethical Aspects:

In the realm of banana classification research, ethical considerations have been central to
upholding the integrity of the study and ensuring the welfare of all participants involved.

Foremost among these considerations was the conscientious effort to secure informed
consent from every participant. Participants were provided with comprehensive details
about the research's objectives, methodologies, potential risks, and benefits. This
transparent communication empowered individuals to make voluntary and informed
decisions about their participation. Rigorous confidentiality measures were implemented
to safeguard participant privacy and protect sensitive personal information. The application
of strict data anonymization protocols was paramount to ensuring that participant identities

remained confidential throughout every stage of the banana classification research.

Emphasizing equity and diversity was another critical ethical facet in the recruitment of
participants for the banana classification study. A deliberate attempt was made to include
individuals representing diverse demographics, including variations in age, gender, and
background. This inclusive approach sought to mitigate biases and promote a holistic
understanding of banana characteristics across different segments of the population.

Furthermore, the responsible use of resources emerged as a key ethical consideration in the
context of banana classification. The research was meticulously designed to operate with
efficiency and sustainability in mind, optimizing the use of time, funding, and materials.
This approach underscored a commitment to accountability and stewardship, exemplified

by the minimization of waste and the judicious utilization of resources.

By steadfastly adhering to these ethical principles, the banana classification research not
only prioritized the well-being and rights of participants but also contributed meaningful

insights to the domain of agricultural science. The ethical practices observed in this study
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fostered trust, credibility, and respect within the scientific community and among the

broader public.

5.4 Sustainability Plan:

The sustainability plan for the banana classification research is designed to uphold ethical
standards, optimize resource usage, and contribute responsibly to the scientific community.
In terms of resource management, a commitment to energy efficiency involves utilizing
computing resources with a focus on green energy alternatives. Digital documentation is
prioritized over paper usage, and responsible consumption practices extend to office and
laboratory materials. Data management emphasizes secure and ethical handling to ensure
the confidentiality and integrity of research data. In terms of travel and collaboration, a
preference for virtual meetings and conferences helps minimize the carbon footprint
associated with physical travel. Waste reduction strategies include proper disposal practices
in the laboratory, embracing digital documentation to reduce paper waste, and encouraging
paperless workflows. Community engagement involves open-access publishing,
knowledge-sharing practices, and educational outreach on sustainable agricultural
practices. The research aims for a long-term impact assessment, planning follow-up studies
to evaluate the sustained impact of banana classification models on sustainable farming
practices. Continuous improvement will be a guiding principle, aligning research
methodologies with evolving sustainability standards. Ethical considerations prioritize
participant welfare, transparent communication, and an inclusive approach to recruitment.
Through these measures, the research seeks to make a positive and lasting contribution to

both scientific knowledge and environmental responsibility.
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CHAPTER®G

SUMMARY, CONCLUSION, RECOMMENDATION, AND
IMPLICATION FOR FUTURE RESEARCH

6.1 Summary of the Study:

The banana classification research represents a comprehensive exploration into the
application of deep learning models for the categorization of banana varieties based on
images of their peel conditions. Leveraging transfer learning and advanced neural network
architectures, the study aimed to enhance the accuracy and efficiency of banana
classification, addressing challenges in traditional methods. The research meticulously
detailed the methodology, emphasizing dataset augmentation, transfer learning models
such as NasNetMobile, and a robust evaluation framework. Noteworthy improvements in
classification accuracy, precision, recall, and F1-score were achieved through the proposed
approach, particularly when leveraging augmented datasets. The impact on society is
evident in the potential for automating banana variety identification, streamlining
agricultural processes, and promoting sustainable farming practices. Ethical
considerations, participant welfare, and responsible resource usage were integral aspects
of the study, aligning with principles of transparency and inclusivity. The research also
underlined its commitment to sustainability, outlining a plan to minimize environmental
impact through energy-efficient computing, waste reduction, and virtual collaboration. In
summary, the study contributes to the advancement of banana classification technologies,
emphasizing ethical practices, societal benefits, and a sustainable approach for future

agricultural innovations.

6.2 Conclusion:

In summary, the banana classification research has successfully navigated the complexities
of agricultural technology and deep learning, showcasing the potential for transformative
impacts in the field. Through the implementation of advanced transfer learning models,
particularly the NasNetMobile architecture, and strategic dataset augmentation, the study
has achieved commendable results in accurately identifying and categorizing banana

varieties based on peel conditions. The methodology, marked by its rigor in model training
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and robust evaluation metrics, promises to revolutionize traditional banana classification
methods, offering a more efficient and automated approach for farmers. Beyond
technological advancements, the research has upheld ethical considerations, ensuring
participant welfare and responsible resource usage. The commitment to a sustainability
plan aligns the study with eco-friendly research practices. Altogether, this research not only
contributes to the scientific understanding of agricultural technology but also emphasizes
the importance of ethical conduct, societal benefits, and sustainability in cutting-edge

research endeavors.

6.3 Implication for Further Study:

As the principal investigator of this research, careful consideration has been given to the
suggestions and potential avenues for future investigations, building upon the insights
gained and acknowledging the study's constraints. The following key points outline the
recommendations for advancing the precision, relevance, and ethical dimensions in the

realm of banana disease classification:

1. Enhancing Classification Accuracy: Future research can focus on refining the
classification accuracy of banana varieties, especially considering diverse

environmental conditions and various ripening stages.

2. Improving Robustness: Exploring ways to enhance the robustness of the deep
learning models by incorporating real-time environmental factors that influence

banana peels could be a promising avenue for further investigation.

3. Scalability in Agricultural Settings: Research efforts could be directed towards
assessing the scalability of the proposed methodology for large-scale agricultural
settings, potentially integrating the system into smart farming applications.

4. Socio-Economic Impact: Investigating the socio-economic impact of implementing
such technology in banana farming communities can provide insights into the
practical implications and benefits. Understanding the dynamics of technology

adoption among farmers is crucial for successful integration.
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5. Technological Advancements: As deep learning technologies continue to advance,
ongoing exploration of novel architectures and techniques could further enhance

the accuracy and efficiency of banana classification systems.

6. Integration into Smart Farming Systems: Further research could explore the
integration of banana classification technology into broader smart farming systems,

contributing to the development of intelligent agricultural practices.

These recommendations aim to guide and inspire future research endeavors in banana
disease classification, fostering continuous improvement, innovation, and ethical

awareness in the evolving landscape of precision agriculture.

©Daffodil International University 41



Reference:

1. Ganguli, S., Selvan, P. T., Nayak, M. M., Chaudhury, S., Espina, R. U., & Ofori, I. (2022). Deep
Learning Based Dual Channel Banana Grading System Using Convolution Neural Network. Journal
of Food Quality, 2022.

2. Sahu, P., Chug, A., Singh, A. P., Singh, D., & Singh, R. P. (2022). Classification and Activation Map
Visualization of Banana Diseases Using Deep Learning Models. In International Conference on
Innovative Computing and Communications: Proceedings of ICICC 2021, Volume 3 (pp. 751-767).
Springer Singapore.

3. Shuprajhaa, T., Raj, J. M., Paramasivam, S. K., Sheeba, K. N., & Uma, S. (2023). Deep learning based
intelligent identification system for ripening stages of banana. Postharvest Biology and Technology,
203, 112410.

4, Saranya, N., Srinivasan, K., & Kumar, S. P. (2022). Banana ripeness stage identification: a deep
learning approach. Journal of Ambient Intelligence and Humanized Computing, 13(8), 4033-4039.

5. Saragih, R. E., & Emanuel, A. W. (2021, April). Banana ripeness classification based on deep learning
using convolutional neural network. In 2021 3rd East Indonesia Conference on Computer and
Information Technology (EIConCIT) (pp. 85-89). IEEE.

6. Mazen, F. M., & Nashat, A. A. (2019). Ripeness classification of bananas using an artificial neural
network. Arabian Journal for Science and Engineering, 44, 6901- 6910.

7. Farhansyah, D. A. N., & Al Maki, W. F. (2023, August). Revolutionizing Banana Grading with
ResNeXt and SVM: An Automated Approach. In 2023 11th International Conference on Information
and Communication Technology (IColCT) (pp. 184-189). IEEE.

8. Rivero Mesa, A., & Chiang, J. (2021, April). Non-invasive grading system for banana tiers using RGB
imaging and deep learning. In 2021 7th International Conference on Computing and Atrtificial
Intelligence (pp. 113-118).

9. Mesa, A. R., & Chiang, J. Y. (2021). Multi-input deep learning model with RGB and hyperspectral
imaging for banana grading. Agriculture, 11(8), 687.

©Daffodil International University 42



10.

11.

12.

13.

14.

15.

Mohamedon, M. F., Abd Rahman, F., Mohamad, S. Y., & Khalifa, O. O. (2021, June). Banana ripeness
classification using computer vision-based mobile application. In 2021 8th International Conference
on Computer and Communication Engineering (ICCCE) (pp. 335-338). IEEE.
Shuprajhaa, T., Raj, J. M., Paramasivam, S. K., Sheeba, K. N., & Uma, S. (2023). Deep learning based
intelligent identification system for ripening stages of banana. Postharvest Biology and Technology,
203, 112410.
Rodrigues, B., Kansara, R., Singh, S., Save, D., & Parihar, S. (2021, May). Ripe- unripe: Machine
learning based ripeness classification. In 2021 5th International Conference on Intelligent Computing
and Control Systems (ICICCS) (pp. 1-5). IEEE.
Kipli, K., Zen, H., Sawawi, M., Noor, M. S. M., Julai, N., Junaidi, N., ... & Masra,
S. M. W. (2018, August). Image processing mobile application for banana ripeness evaluation. In
2018 International conference on computational approach in smart systems design and applications
(ICASSDA) (pp. 1-5). IEEE.
Mathew, M. B., Surya Manjunathan, G., Gokul, B., Mohana Ganesh, K., Sajidha,
S. A., & Nisha, V. M. (2023, May). Banana Ripeness Identification and Classification Using Hybrid
Models with RESNET-50, VGG-16 and Machine Learning Techniques. In Machine Intelligence
Techniques for Data Analysis and Signal Processing: Proceedings of the 4th International
Conference MISP 2022, Volume 1 (pp. 259-273). Singapore: Springer Nature Singapore.
Chuquimarca, L. E., Vintimilla, B. X., & Velastin, S. A. (2023). Banana Ripeness Level Classification
Using a Simple CNN Model Trained with Real and Synthetic Datasets. In VISIGRAPP (5: VISAPP)
(pp. 536-543).

©Daffodil International University 43



A Comprehensive Deep Neural Network Approach for Multi-
Class Classification

ORIGINALITY REPORT

11 7 g B

SIMILARITY INDEX INTERNET SOURCES PUBLICATIONS STUDENT PAPERS

PRIMARY SOURCES

www.mdpi.com

Internet Source

Tw

"Front Matter", 2023 8th International
Conference on Computer Science and
Engineering (UBMK), 2023

Publication

T

Rowshan Ara Jowti, Md. Aynul Hasan Nahid.
"Multi-class Alzheimer's Disease Stage
Diagnosis using Deep Learning Techniques",
2023 International Conference on Innovative
Data Communication Technologies and
Application (ICIDCA), 2023

Publication

1%

=

fastercapital.com

Internet Source

1%

dspace.daffodilvarsity.edu.bd:8080

Internet Source

Tw

B B

aircconline.com

Internet Source

<1«

©Daffodil International University

44



