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ABSTRACT

Research on the agriculture sector has increased within the past few years. This study
focuses on developing a transfer learning-based approach to improve vegetable seed
recognition and verification, addressing the crucial demand for accurate seed
classification. The agricultural economy of Bangladesh heavily relies on the quality of
seeds, yet manual classification methods are time-consuming and error-prone. There
are several features to classify a seed, such as color, length, texture, size, shape etc. This
research evaluates the classification performance of three transfer learning models
MobileNetV2, Inception V3, and NASNetMobile on a dataset comprising 6,000
preprocessed images, with each of the 12 vegetable seed varieties represented by 500
images. The research focuses on enhancing model performance through adjustments in
image resolution and epoch parameters. Out of all the experiments, MobileNetV2
provides an accuracy rate of 99.50% and a loss of 1.57%, this performance is validated
by the test dataset. These implications enhance agricultural seed classification by

improving efficiency and accuracy.
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CHAPTER 1

Introduction

1.1 Overview

This study explores the pivotal role of seed quality in enhancing agricultural productivity
in Bangladesh, focusing on the development of an automated vegetable seed
classification system using transfer learning. Given the significant impact of seed quality
on crop Yyields and the challenges posed by the scarcity of high-quality seeds, this
research aims to streamline and enhance the seed identification process. By leveraging
advanced machine learning techniques, the study seeks to provide an efficient, accurate,
and reliable solution for classifying diverse vegetable seed varieties. The methodologies
employed include data collection, model training, and validation, while the outcomes
are evaluated in terms of accuracy, efficiency, and practical applicability in the

agricultural sector of Bangladesh.

1.2 Background and Present State

The economic development of Bangladesh is significantly influenced by its agricultural
sector, which is important to the nation's overall growth. Within agriculture, the
optimization of crop yield and quality significantly depends upon various factors,
foremost among them being the quality of seeds [1]. Seeds are the fundamental organic
ingredient by which plants reproduce their species, making them essential for farming
[2]. Given that the vast majority of plants grow from seeds, they represent the most
valuable resource for farming populations. Consequently, the full benefit of such inputs
and agricultural procedures cannot be realized if high-quality seed is not employed.
Healthy seeds are the fundamentally important input that all other inputs depend on for
their full effectiveness. Notably, the private sector plays a substantial role in vegetable
seed production, with approximately 95% of vegetable seeds being produced by private
entities, whereas the government sector, such as BADC, accounts for only a minor

portion [1].

Though seed quality has a significant impact on crop yield, the scarcity of high-quality
seeds hampers farmers' ability to improve food production. Bangladesh boasts a
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diverse array of crops, including paddy, wheat, oilseeds, jute, fruits (such as mango,
jackfruit, litchi, and coconut), vegetables (like tomato, cabbage, cucumber, pumpkin,
and gourd), and spices (including coriander, garlic, ginger, and onion) [3]. With close
to 50 percent of the population of Bangladesh engaged in agriculture and over 70
percent of the land dedicated to crop cultivation [4]. Identifying seed varieties poses a
significant challenge from various types. Different seed varieties have different color,
size, and shape features, which makes identification more difficult. To solve this
problem, seed classification is therefore very important. Classification enables
individuals to easily identify their desired seed variety by assessing its shape and skin
consistency, thereby reducing the risk of deception when purchasing seeds from local

markets.

Furthermore, seed classification not only aids experienced farmers as well as benefits
younger individuals with useful knowledge for future activities. The capacity to
differentiate between various seed varieties becomes more and more crucial with the
developing trend of urban agriculture, where many people in cities cultivate fruits and
vegetables in their corridors and on the roofs of their homes. There is still a shortage of
research on the classification of mixed vegetable seeds, despite the fact that many
scholars have focused on classifying individual crop seeds like rice, soyabean oil,
wheat, dry beans etc. Obtaining a trustworthy dataset for this kind of classification is

extremely challenging because high-quality seed sources are difficult to obtain.

1.3 Problem Statement

Manual seed classification is time-consuming and error-prone, hindering the
optimization of crop yield and quality. The scarcity of high-quality seeds further
challenges farmers' ability to improve food production in Bangladesh. The challenge
of identifying seeds is made more difficult by a shortage of studies on the classification

of seeds from vegetable crops.

1.4 Objectives

The project aims to address the need to improve seed recognition and verification within
Bangladesh's agricultural sector by developing a transfer learning-based approach to
effectively identify and classify vegetable seeds. The manual process of seed
©Daffodil International University, Bangladesh 2



classification is not only time-consuming but also prone to inaccuracies, which can
hamper the effectiveness of agricultural practices. By leveraging automation through
transfer learning, the project significantly improves the efficiency and reliability of seed
classification tasks. This approach holds the ability to completely change seed
identification processes by providing Bangladeshi farmers and agricultural

professionals with a precise and efficient solution to their difficulties.

1.5 Scope and Limitations

The project scope includes the development of a transfer learning-based approach for
accurately classifying vegetable seeds. Additionally, the scope includes tackling
challenges associated with seed variety, quality, and dataset availability, aiming to
provide comprehensive solutions to enhance seed recognition within the agricultural

sector.

1.6 Report Organization

The thesis is organized into seven main chapters:
Chapter 1 — Introduction: This introductory chapter provides an overview of the
project's, background and present state, problem statement, objectives, scope and

limitations.

Chapter 2 — Literature Review: Discusses existing research in the domain,

summarizing findings, limitations, and challenges encountered in this chapter.

Chapter 3 — Methodology: The research methodology chapter outlines the
methodology to be employed, including hardware/software requirements, project

management and financial analysis.

Chapter 4 — Implementation: The chapter outlines the data collection procedures,

model details and details of evaluation matrices for findings models performance.

Chapter 5 — Result and Analysis: Presents the experimental results, analysis of

findings, and discussions based on the results.

Chapter 6 — Impact on Society, Environment and Sustainability: Discusses the
societal impacts, environmental implications, ethical aspects, and sustainability plans
arising from the research.

©Daffodil International University, Bangladesh 3



Chapter 7 — Conclusion and Future Work: Summarizes the study's findings, draws
conclusions, offers recommendations, suggests directions for future research and

limitations.

1.7 Summary

The economic development of Bangladesh relies heavily on agriculture, where seed
quality is paramount. Manual seed classification is time-consuming, exacerbated by a
scarcity of studies on vegetable seeds. This project aims to improve seed recognition
by developing a transfer learning-based approach. Automation can revolutionize seed
identification, benefiting both experienced farmers and urban agriculturists. The
project's scope includes addressing problems with dataset availability and vegetable
seed variety, as well as offering complete solutions for seed identification in the

agriculture industry.

©Daffodil International University, Bangladesh 4



CHAPTER 2

Literature Review

2.1 Overview

In recent years, significant advancements have been made in seed classification and
categorization research. Researchers have employed various methodologies, including
deep learning, machine learning, and image processing techniques, to classify different
types of seeds accurately. This section provides a comprehensive summary of recent
studies, highlighting their methodologies, achieved accuracies, key findings, challenges,

and future directions in seed classification research.

2.2 Related Works

In 2019, Zhu et al. utilized transfer learning for identifying soybean seed varieties [5].
They trained their model on 9600 seeds from ten varieties, augmenting the dataset to
enhance diversity, with the primary collection comprising 1200 images. They employed
image rotation techniques such as 90°, 180°, and 270° rotations for augmentation.
Following fine-tuning, they achieved a notable accuracy of 97.2% using the

NASNetLarge pretrained model.

In the same year [6], using computer vision and machine learning techniques Murat
Koklu and llker Ali Ozkan developed a multiclass classification system to recognize
seven different varieties of dry beans, comprising a dataset of 13,611 grains. Utilizing
segmentation and feature extraction methods, they extracted a total of 16 features.
Subsequently, various machine learning models including Multilayer Perceptron (MLP),
Support Vector Machine (SVM), K-Nearest Neighbors (KNN), and Decision Tree (DT)
were trained using 10-fold cross-validation. Among these models, SVM provides the

highest accuracy at 93.13%.

In addition, Md Mushfiqur Rahman and Pratik Barua in 2021 proposed an ensemble
approach for fruit identification, employing four pre-trained CNN models (VGG-16,
InceptionV3, Xception, and ResNet) on 20 different fruit seeds [7]. Ensemble learning
is a popular approach because it improves forecasting accuracy and resilience by
aggregating predictions from various models, reducing errors and biases for better

©Daffodil International University, Bangladesh 5



performance [8]. 88% accuracy was achieved by using ensemble approach after

combining the results of each individual model.

Furthermore, utilizing an ensemble learning approach Khatri et al. in 2022 also
developed a seed classification system on wheat seeds [9]. Despite the limited dataset
containing 210 samples from the UCI online platform, with each variety comprising 70
images, the researchers achieved a remarkable accuracy of 95% through ensemble

classifiers employing hard voting.

Utilizing a vast dataset comprising 14 rice varieties, each with 3,500 seed samples
totaling close to 50,000 seeds Kiratiratanapruk et al. in 2020 developed an automatic
grading machine of paddy rice seed classification using machine learning [10]. A
screening method detected unusual physical seed samples. Five pre-trained deep
learning models and four statistical machine learning techniques were used to compare
the classification performance. SVM achieved 90.61% accuracy, while
InceptionResNetV2 reached 95.15%.

Introduced a custom classification model [11] with 16 layers Bulent TUGRUL in 2022
for rice seeds that's grown in Turkey. Despite customizing a model, the highest accuracy
of 97% was attained using VGG, while the custom model yielded 96% accuracy. This

evaluation was conducted on a dataset of 6833 images resized to 66x64x3 pixels.

In 2020, Keya et al. introduced a plant seed classification system based on deep learning
utilizing Convolutional Neural Networks (CNNs) [12]. They gathered images of five
types of plant seeds, totaling 1250 photos, which were then resized to 128x128 pixels to
speed up processing. Through the application of CNNSs, the researchers attained an

accuracy of 89% in training and 93% in validation phases.

Gulzar et al. in 2018, proposed CNN based seed classification system [13] with 14
commonly known seeds, such as black pepper, coriander, cumin, onion etc, utilizing a

dataset of 2733 images. They employed rescaling to reduce the image size to 224x224x3

without altering the shape, and augmented the dataset to generate additional training
images. The researchers fine-tuned the VGG16 model, substituting the last five layers
with the average pooling layer, the flatten layer, the dense layer, the dropout layer and
the softmax layer, achieving an impressive accuracy of 99%.

©Daffodil International University, Bangladesh 6



In the same year, A. V. Seethalakshmi and H. Salome Hemachitra introduced a system
that identifies complex type seed varieties using image processing techniques [14]. They
used Ant Colony Optimization (ACO) strategy to utilize feature selection and Support
Vector Machine (SVM) is employed for classification which provides about 93%

accuracy during prediction.

In 2021, Pakeerathan et al. presented a study on the classification of vegetable plant pests
using deep transfer learning [15]. They created a dataset comprising 500 vegetable pest
image samples across ten categories. Employing two pre-trained CNN models, VGG16
and InceptionV3, originally trained on the ImageNet dataset, they fine-tuned the models
with the limited number of pest image samples. Remarkably, utilizing the InceptionVV3

model led to an accuracy of 99.8%.

In 2022, Jaithavil et al. [16] employed a system for classification of paddy seeds utilizing
deep learning techniques. They made a custom dataset using 1200 images and evaluated
three deep learning models VGG16, InceptionVV3, MobileNetV2. Among these models,
InceptionV3 exhibited the highest accuracy 83.33% and the lowest test loss of 28.41%.

A machine learning model for classifying wheat into fresh and rotting categories was
developed in 2023 by Agarwal et al [17]. Their dataset consisted of 400 photos, evenly
distributed across fresh and decaying wheat samples. Shadows in the photos were
removed during preprocessing. The SVM classifier provided the highest performance;
it was able to distinguish between fresh and rotting samples based on color features with

an outstanding 93% accuracy.

2.3 Comparison between existing works

Although there have been significant improvements in seed classification, there are
notable differences in methodology, dataset sizes, preprocessing techniques, and
achieved accuracies across all the studies. While some studies find a broader
classification, others concentrate on specific seed types. However, there is broad
acceptance on the efficiency of deep learning and machine learning algorithms in
achieving high accuracies across numerous seed classification tasks. The accuracy
achieved in several studies by other authors is shown in Table 2.3.1.

©Daffodil International University, Bangladesh 7



TABLE 2.3.1. COMPARATIVE ANALYSIS OF PREVIOUS WORK

Author Name

Used Algorithm

Best Accuracy with
Algorithm

Zhu et al. [5]

AlexNet, ResNet18, Xception, InceptionV3,
DenseNet201, and NASNetLarge

NASNetLarge = 97.2%

Murat Koklu and llker Ali
Ozkan [6]

MLP, SVM, KNN, and DT

SVM=93.13%

Md Mushfiqur Rahman
and Pratik Barua [7]

VGG-16, InceptionV3, Xception, and ResNet

Ensemble = 88%

Khatri et al. [9]

KNN, DT, and NB

Ensemble = 95%

Kiratiratanapruk et al.

LR, LDA, KNN, SVM, VGG16, VGG19,
Xception, InceptionV3, and

InceptionResNetV2 =

0,
[10] InceptionResNetV2 95.15%
Bulent TUGRUL [11] VGG, Custom CNN, ResNet, EfficientNet. VGG =97%
Keya et al. [12] CNN CNN=93%
Gulzar et al. [13] VGG16 VGG16 = 99%
A. V. Seethalakshmi and
H. Salome Hemachitra SVM SVM =93.48%

[14]

Pakeerathan et al. [15]

VGG16 and InceptionV3

InceptionV3 = 99.8%

Jaithavil et al. [16]

VGG16, InceptionV3, MobileNetV?2

InceptionV3 = 83.33%

Agarwal et al [17]

SVM, KNN, MLP, NB

SVM =93%
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2.4 Open Issues

This research addresses several key issues in the classification of mixed vegetable
seeds, an area that is less explored compared to crops like rice, wheat, and soybean. The
main problems include the lack of custom and diverse datasets necessary for accurate
seed classification. Current research has achieved high accuracy for specific seeds but
falls short for mixed vegetable seeds. This is due to limited research in the vegetable

seed sector.

Additionally, there is a need for standardized evaluation metrics to consistently assess
model performance. The small size and poor quality of available datasets also hinder
the development of robust classification models. Current methods struggle with the

variability in seed characteristics such as color, size, texture, and shape.

To address these issues, this study will focus on:
« Standardizing evaluation metrics for consistent model assessment.
» Increasing the size and diversity of datasets for better training and validation.
» Exploring transfer learning approaches to improve accuracy in vegetable seeds
classification.
By solving these problems, the research aims to develop more reliable and accurate
methods for vegetable seed classification, ultimately helping farmers improve crop

yields and quality.

2.5 Summary

Seed classification research has progressed because of the use of numerous techniques
such as deep learning, transfer learning, and ensemble learning. Even while some
research has produced results with high accuracy for particular seed types, there are still
challenges related to dataset variability and standardization of evaluation metrics. In
order to create vegetable seed classification techniques that are more reliable and

broadly applicable.

©Daffodil International University, Bangladesh 9



CHAPTER 3
Methodology

3.1 Overview

In order to classify vegetable seeds accurately, an efficient approach is necessary. To
avoid biases, this involves gathering a significant set of seed images from a variety of
vegetable categories. The images are then resized for computing efficiency, and
important features are extracted using pre-trained CNNs. The effectiveness of the
model can be determined by metrics like accuracy, which are utilized after model

selection, training, and evaluation.

3.2 Proposed Methodology

This study explores the exact classification of vegetable seeds through the use of
modern artificial intelligence (Al) techniques. This study focuses on the application of
transfer learning which utilizes knowledge from models that have already been trained
on vast data sets to perform seed classification tasks. The aim is to enhance the accuracy
and efficiency of identifying between different kinds of vegetable seeds, which is

crucial for various agricultural applications.

Traditional methods for classifying seeds are frequently error-prone and labor-
intensive. This work proposes to address these limitations by combining deep
Convolutional Neural Networks (CNNs) with transfer learning. Because deep CNNs
can extract complex patterns and characteristics from visual input, they are especially

well-suited for image analysis.

The study involves a comparative analysis of several predefined models, including
MobileNetV2, Inception V3, and NASNetMobile. These models are selected based on
their proven effectiveness in image classification tasks. To find the best configuration
for seed classification, each model is evaluated across a range of cases, including
varying image resolutions and epoch settings. Fig. 3.2.1, illustrates the workflow of the

suggested model.
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Figure 3.2.1. Workflow of this study.

In overall, the study area combines Al, deep learning, and agricultural science to
provide a reliable and efficient system for classifying vegetable seeds. The findings are
expected to provide valuable insights that can improve seed sorting and selection
processes, contributing to better crop management and higher agricultural productivity.

3.3 Hardware/Software Requirements

The successful implementation of seed classification depends on meeting specific
hardware and software requirements. These elements are crucial for ensuring efficient

model training and seamless system operation.

Hardware Requirements: A high-performance local machine with an Intel i7 11th
Gen CPU, 16 GB RAM, and a 512 GB SSD supports efficient processing. Model
training requires substantial graphical processing power. Utilizing GPUs accelerates
the training process, making them the preferred choice for handling complex models.
Additionally, sufficient RAM is necessary to manage the dataset and the computational

demands of the model.

Software Requirements: The primary coding environment for this research is Google
Colab. Each model, including MobileNetV2, Inception V3, and NASNetMobile, was
trained in the cloud using Google Colab's resources with a T4 GPU. For resizing images
locally, Visual Studio Code is utilized. Additionally, popular deep learning framework
TensorFlow is employed for the development, training, and evaluation of the CNN
models. These frameworks provide essential libraries and tools to facilitate the creation

©Daffodil International University, Bangladesh 11



and optimization of deep learning models.

By fulfilling these hardware and software requirements and optimizing the model
architecture, the study aims to develop an effective system for automated seed

classification.

3.4 Project Management and Financial Analysis

The data collection method includes several key steps designed to ensure the acquisition
of high-quality seeds. First, comprehensive online research is carried out to identify
trustworthy sources known for providing high-quality seeds. Furthermore,
consultations with experts in numerous nurseries are undertaken to gather insights and
recommendations. After identifying expected sources, go to the seed market and

personally gather the seeds. Table 3.4.1 shows the estimated cost for this project.

TABLE 3.4.1. ESTIMATED COST FOR THE PROJECT.

SN | Components Estimated Cost (BDT)
01. [ Purchasing seeds from 12 different categories of vegetables 1600
02. | Documentation 1000
03. [ Contingency 400
Total Estimated Cost 3000
3.5 Summary

This study investigates the classification of vegetable seeds using advanced Al
techniques, focusing on transfer learning to enhance accuracy and efficiency.
Traditional methods are often error-prone and labor-intensive; this research leverages
deep Convolutional Neural Networks (CNNSs) for superior image analysis. It compares
models like MobileNetV2, Inception V3, and NASNetMobile to determine the best
configuration for seed classification. The study involves collecting and preprocessing
high-resolution images of twelve seed categories. The findings aim to improve seed

identification processes, benefiting agricultural productivity in Bangladesh.
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CHAPTER 4

Implementation

4.1 Overview

This study focuses to revolutionize agricultural practices in Bangladesh through
advanced Al techniques aimed at enhancing vegetable seeds classification. By
leveraging transfer learning with MobileNetV2, InceptionV3, and NASNetMobile
models, the research addresses the critical need for accurate seed quality assessment. A
dataset of 6000 high-resolution images across twelve seed categories is meticulously
processed to ensure data uniformity and clarity. Comprehensive evaluations utilizing
accuracy, precision, recall, and F1 score metrics provide robust insights into the models'
performance, highlighting MobileNetV2 as the most efficient choice for seed

classification.

4.2 Data Collection Procedure

A. Dataset Collection:

Collecting better quality images is a challenge for this seed classification problem.
Twelve categories such as Bitter gourd, Bottle gourd, Peas, Beans, Red amaranth,
Cabbage, Cauliflower, Carrot, Cucumber, Capsicum, Bean, Broccoli, Brinjal are
gathered. These images are taken physically via smartphone cameras, named the
Realme 8 with a 64-megapixel camera and the iPhone 11 with a 12-megapixel camera.
That device provides a better resolution (3468*3468 and 3024*3024 respectively) for

each image. The collection process involved acquiring seeds from seed markets.

TABLE 4.2.1. NUMBER OF TOTAL COLLECTED DATA.

Category Quantity before preprocessing
Bitter Gourd 588
Bottle Gourd 582

Cucumber 544

Capsicum 556

©Daffodil International University, Bangladesh 13



Peas 542
Beans 571
Brinjal 553
Carrot 544
Broccoli 567
Cabbage 533
Cauliflower 557
Red Amaranth 531

Total 6668

Before being captured on camera, the seeds were placed on a white background in the
proper daylight. Approximately 6668 images have been collected, covering twelve
categories of vegetable seeds, with each category containing around 550 images to

ensure a balanced dataset. Fig. 4.2.1. and Fig. 4.2.2. represents the sample images of

dataset.
Bitter Gourd  Botte Gourd Cucumber Capsicum Peas Beans
@ 1\ J o e ®
e
%
4 Kl e
/m L Y e ®
A | 228 o$ .
W °
S oy Q. ° .’
W3S R o

Figure 4.2.1. Images of seeds.
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Figure 4.2.2. Images of seeds.

B. Dataset Cleaning and Pre-processing:

Initially, 6668 images were taken, representing twelve different kinds of vegetable
seeds. Challenges such as random color changes and blurriness were seen throughout
the image capturing process, which may compromise the quality of the dataset as a
whole and the clarity of the images. To address this, images were manually removed,
resulting in a standardized dataset of 6000 images, each containing 500 samples. The
dataset was validated by an agronomist.

Due to the high-resolution photos being taken with mobile devices, there was a problem
with computation time and efficiency. A rescaling approach was used to mitigate this.
Using this method, the original pixel range of 0 to 255 was converted to a new range of
0 to 1 by normalizing the image pixel values by dividing each pixel's value by 255 [18].
Without changing the dimensions or shapes of the photos, this normalization ensured
that all of the pixel values were within the same ranges.

The preprocessed images were then scaled to 300x300 pixels and 224x224 pixels in
resolution. This resizing not only maintained the essential features required for accurate
classification but also optimized the images for faster and more efficient processing by
the deep learning models. These preprocessing procedures ensured high-quality input
data and efficient computational performance, which was essential to making the

dataset prepared for efficient model training and evaluation.
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C. Dataset Splitting:

After preprocessing, the images were stored on Google Drive in folders according to
their types, making them easily accessible for use in Google Colab. The dataset was
divided into three parts, properly assessing the performance of the model: training,

testing, and validation sets.

TABLE 4.2.2. DATASET SPLITTING.

Total Training (80%) Validation (10%b) Testing (10%)

6000 4800 600 600

In this study, 10% of the images were kept for testing, 10% were for validation, and the
remaining 80% of the images were used to train the model. The model was fitted using
the training set, tuned and improved using the validation set, and tested to assess the
trained model's final performance [19].

4.3 Train Model

After preprocessing the dataset, transfer learning-based approach was utilized for seed
variety identification, leveraging pre-trained models to extract relevant features from
seed images. These features were then used to train a classification model, enabling the
identification of seed varieties based on distinct characteristics such as color, size, and
shape. Specifically, three deep learning models MobileNetV2, InceptionV3, and
NASNetMobile were selected to analyze each model for complexity and computational

efficiency, ultimately aiming to identify the most suitable one for seed classification.

The pre-trained models, loaded with ImageNet weights, had their final classification
layers removed to retain only the convolutional base, which was used to extract high-
level features from the seed images. These extracted features were then fed into a
custom fully connected neural network trained to classify the seed varieties. The models
were evaluated based on accuracy, complexity, and computational efficiency, with the
best-performing model optimized and deployed for real-time seed variety
identification. This transfer learning approach facilitated the application of knowledge
from large datasets to improve performance on seed classification, enhancing both

accuracy and efficiency.
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Inception V3:

InceptionVV3 was first developed as a module for Google's GoogLeNet, is designed to
assist in image analysis. It is the third version of Google's Inception CNN series [20].
Allowing the building of deeper networks without significantly increasing the number
of parameters was the main design objective of InceptionV3. This was performed using

a number of innovative techniques.

One such method is the application of factorized convolutions, which reduces
computational costs by replacing smaller convolutional filters for larger ones. This
keeps complicated pattern recognition capabilities while minimizing the number of
parameters and operations [20]. Additionally, the model uses significant normalization
methods including label smoothing, dropout, and batch normalization to avoid

overfitting and enhance generalization capabilities [21].

These advancements enable InceptionVV3 to achieve outstanding performance and
accuracy in image classification tasks while ensuring computational efficiency, which
has resulted in its widespread adoption for a variety of computer vision applications,
such as those in agriculture and healthcare.

NASNetMobile:

In 2018, Google Brain developed NASNetMobile, a convolutional neural network
(CNN) that makes utilization of Neural Architecture Search (NAS). In order to optimize
network designs, NAS is a gradient-based technique that makes use of reinforcement
learning [22]. The search procedure provides NASNetMobile, which achieves a
compromise between computational efficiency and performance, making it suitable for

mobile device deployment.

A collection of operational blocks, including identity mappings, different convolutions,
and pooling operations, are used to build the architecture [22]. The building
components of the NASNet design are cells, which are created by combining these
blocks. There are two different kinds of cells. Normal cells preserve the feature map's
size, while reduction cells shrink its dimensions [22]. With 5,326,716 parameters,
NASNetMobile achieves a parameter-efficient architecture compared to
NASNetLarge's 88,949,818 parameters [23].
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Proposed Model: MobileNetV2

MobileNet-V2 is a compact convolutional neural network (CNN) architecture of 53
layers [24]. This model was trained using over a million photos from the ImageNet
collection [24]. It is made especially for embedded and mobile vision applications. The
architecture of Mobilenetv2 contains a number of key elements that enhance its efficacy
and efficiency in image classification. These features include linear bottlenecks,
inverted residuals, bottleneck design, and depth wise separable convolution [25]. Each
of these features is essential to keep the model's accuracy high while minimizing its

computing complexity.

A. Depthwise Separable Convolution:

The depthwise separable convolution technique significantly reduces the computational
cost of the convolutions by dividing the traditional convolution process into two
more steps: depthwise convolution and pointwise convolution [25]. Depthwise
convolution applies a single filter to each input channel individually, reducing the
number of computations because each channel is processed separately. Subsequently,
the pointwise convolution employs 1x1 convolutions to merge the outputs of the
depthwise convolution in various channels, therefore efficiently integrating data from
every channel [26]. The model becomes considerably more efficient while maintaining
good performance as a result of this separation, which also significantly reduces the

processing requires.

B. Linear Bottleneck:

Linear bottleneck is a deep neural network design method, primarily used in
MobileNetV2, in which linear layers are integrated within convolutional blocks to
retain information that could have been lost due to activation functions such as ReLU.
RelLU can discard data by setting negative values to zero when it activates, but the
network behaves linearly in the non-zero domains [26]. Because linear transformations
can maintain all relevant data, linear bottlenecks ensure that important information is
maintained during the dimensionality reduction process. Without losing important
details, the network is still able to capture the necessary complexity by integrating the
input manifold into a lower-dimensional subspace [25]. This approach ensures

performance while lowering the size of the model and the amount of computing needed.
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Designed for mobile and embedded devices, MobileNetV2's linear bottlenecks,

improving efficiency and accuracy.

C. Inverted Residual:

Inverted residual blocks utilize a unique bottleneck construction to increase model
accuracy. This structure started with an input, passes through a number of layers that
are bottlenecks, and ends with an expansion step. The main novelty with inverted
residuals, compared to conventional residual blocks, is the creation of bypasses between

these bottlenecks.

Two main insights drive this design decision:

» The bottleneck layers capture the most significant information; hence the expansion
layer is primarily an implementation detail for non-linear transformation.

« The training process is enhanced by shortcuts, which facilitate gradients’ more

efficient passing through several layers.

Prioritizing bottlenecks over expansion layers improves performance and uses less

memory, which makes it suitable for devices with limited resources.

D. Model Architecture:

Though three models are employed in this study, MobileNetV2 is providing better
results. Because, for image classification it is a lightweight and powerful model. The
procedure in this model architecture begins with expanding the input into a higher-
dimensional space from a compact low-dimensional representation. This expansion
enables more detailed feature extraction. A quick depthwise convolution is then used.
Depthwise convolution is computationally efficient because it conducts spatial
convolution individually on each channel, resulting in a substantially lower number of

parameters and computational cost than traditional convolutions.

After the depthwise convolution, a pointwise (1x1) convolution is applied. This stage
converts the high-dimensional features back into a lower-dimensional space, efficiently
compressing the data while retaining those essential features retrieved previously.
Figure 4.3.1 Illustrate the architecture of MobileNetV2 [27].
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Figure 4.3.1: Architecture of MobileNetV2.

Compared to conventional techniques, this structural approach is intended to preserve
information more successfully. By combining expansion, depthwise convolution, and
compression, the model maintains a lightweight block structure that ensures efficiency

and performance without compromising feature representation quality.

4.4 Model Evaluation

The evaluation of each model involves comprehensive statistical analysis using key

performance metrics such as confusion matrix, accuracy, precision, recall, and F1 score.

Confusion Matrix: The confusion matrix provides a detailed breakdown of true
positives (TP), false positives (FP), true negatives (TN), and false negatives (FN),
offering insights into the model's predictive capabilities.

TP: Correctly predicted positive cases.
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TN: Accurately predicted negative cases.
FP: Incorrectly predicted positive cases.

FN: Incorrectly predicted negative cases.

Accuracy: Accuracy is the percentage of accurately predicted cases out of all instances

[28]. It is the fundamental measure for evaluating model performance.

TP+TN

Accuracy = FP+FN+TP+TN

Precision: Precision is the proportion of true positive to overall positive predictions
[28].

Precision =

TP+FP

Recall: Recall is the percentage of true positive based on actual positive instance [28].

TP

Recall = TPTFN

F1-Score: The F1 score is the harmonic mean of precision and recall [28].

F1-Score = 2 X PrecisionxRecall

PrecisionxRecall

Accuracy and Loss Curves: Accuracy and loss curves represent the model's
performance over epochs, presenting insight into training processes and potential
overfitting or underfitting issues. The accuracy curve plots training and validation

accuracy over epochs. The Loss Curve plots training and validation loss over epochs.

4.5 Summary

In conclusion, this research demonstrates the effectiveness of transfer learning in
enhancing seed classification accuracy. MobileNetV2 emerges as the optimal model,
offering a balance of computational efficiency and high classification accuracy.
Statistical analyses including confusion matrices and accuracy curves provide insights
into model behavior, supporting its potential application in improving agricultural
practices through automated seed quality assessment. The study underscores the
importance of leveraging advanced Al techniques to address critical challenges in

agriculture, paving the way for enhanced crop productivity and management.
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CHAPTER 5

Result and Analysis

5.1 Overview

The research focuses on optimizing vegetable seed classification using advanced deep
learning techniques to aid agricultural practices in Bangladesh. This chapter details the
experimental setup and evaluation criteria for three transfer learning models—
MobileNetV2, InceptionV3, and NASNetMobile—based on their performance and
computational efficiency. Experiments were conducted at resolutions of 224x224 and
300x300 pixels, over 20 and 100 epochs, to determine the optimal model. The study
aimed to identify the model that balances accuracy and computational efficiency,

providing a robust solution for practical applications in agriculture.

5.2 Experimental Result

During the experimental phase, the experiments are conducted based on image
dimensions and epoch size while keeping other parameters constant, such as learning
rate, dropout, and neuron number. Across all stages, three transfer learning models are
implemented as previously described. Although all models perform adequately, this
phase aims to analyze and determine which model is the most optimal and understand
the reasons behind its performance.

TABLE 5.2.1. ACCURACY TABLE FOR EACH MODEL.

Model & Different Number of Epoch 20 Number of Epoch 100
Settings 224x224 300x300 224x224 300x300
MobileNetV/2 98.67 99.17 99.33 99.50
Inception V3 98.33 98.50 98.67 98.50
NASNetMobile 98.50 98.67 98.17 99.17

In the experiments conducted at resolutions of 224x224 and 300x300, several models
were evaluated over 20 epochs to determine their performance and computational

efficiency.
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For the 224x224 resolution, all models performed similarly across the epochs. Notably,
MobileNetV2 performed exceptionally well, achieving its best result 98.50% at epoch
18, as shown in Figure 5.2.1. This indicates that MobileNetV2 offers a strong balance

of accuracy and computational efficiency at this resolution.
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Figure 5.2.1: Training and validation accuracy and loss over the 20 epochs with 224x244 dimension.

For the 300x300 resolution, MobileNetV2 again demonstrated superior performance by
reaching its peak accuracy of 99.33% at epoch 13, as shown in Table 5.2.2. This early
peak is significant as it indicates less computational time and resources needed to
achieve high performance. In comparison, Inception V3 and NASNetMobile achieved
accuracies of 98.50% and 98.76% at epochs 16 and 20, respectively. Although these
models achieved high accuracy, the extended training periods required to reach their

best performance make them less efficient compared to MobileNetV2.
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Figure 5.2.2: Training and validation accuracy and loss over the 20 epochs with 300x300 dimension.

Overall, while Inception V3 and NASNetMobile are capable of high accuracy,

MobileNetV2 stands out for its superior balance of accuracy and computational
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efficiency. Achieving the highest accuracy of 99.33% by epoch 13 at a resolution of
300x300 makes MobileNetV2 particularly advantageous for practical applications

requiring efficient and effective model deployment.
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Figure 5.2.3: Training and validation accuracy and loss over the 100 epochs with 224x244 dimension.

In the experiments conducted at same resolution over the 100 epochs, all models were
evaluated to observe changes in performance. MobileNetV2 consistently performed
well at both resolutions. For the 224x224 resolution, MobileNetV2 achieved an
accuracy of 99.50% at epoch 13, as shown in Figure 5.2.3. For the 300x300 resolution,
MobileNetV2 reached an accuracy of 99.50% at epoch 10, as shown in Figure 5.2.4.
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Figure 5.2.4: Training and validation accuracy and loss over the 100 epochs with 300x300 dimension.

NASNetMobile took significantly longer to achieve its best accuracy, making it
computationally extensive. Inception V3 achieved an accuracy of 98.67% at epoch 26
for the 224x224 resolution and performed similarly for the 300x300 resolution across
the 100 epochs, mirroring its performance over 20 epochs. These results highlight
MobileNetV2's superior balance of accuracy and computational efficiency at both
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resolutions, reaching high performance much earlier than NASNetMobile and

Inception V3.

TABLE 5.2.2. LOSS TABLE FOR EACH MODEL.

Model & Different Number of Epoch 20 Number of Epoch 100
Settings 224x224 300300 224x224 300x300
MobileNetV2 3.17 3.42 2.74 157
Inception V3 5.50 3.80 5.61 3.71
NASNetMobile 7.47 415 7.91 417

The performance of the models depends not only on accuracy but also on loss, where
lower loss indicates better performance. As shown in Table 5.2.2, MobileNetV2
experienced the least data loss during training compared to all other models. In contrast,

NASNetMobile experienced the highest data loss, highlighting its inefficiency.

Training and validation accuracy are common criteria for determining a model's
efficacy. During training, the model learns from the training dataset, and the accuracy
achieved is referred to as training accuracy. However, training accuracy alone is
insufficient for determining a model's predictive capabilities. Validation accuracy,
which assesses the model's performance on a separate validation dataset, contributes to
its capacity to generalize to new data. In addition, the model frequently computes a loss
function while training. Training loss analyzes how well the model's predictions match
the actual target values in the training dataset, where validation loss analyzes the
model's performance on the validation dataset in a similar manner. Lower training and

validation losses usually indicate better model performance.

Initially, training and validation accuracy improved, as shown in the figure 5.2.1, 5.2.2.
5.2.3,5.2.4. After a few epochs, they began to converge, showing a balance of learning
and generalization. As expected, the model consistently performed better on the training
data. Furthermore, the training and validation losses gradually decreased during
training, which is beneficial. The training loss consistently lower than the validation
loss, showing high adaptability. The above figures demonstrate that the training and
validation data are properly separated, with no overfitting visible.
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5.3 Comparative Analysis

From the previous discussion, it is evident that MobileNetV2 performs well in all
stages. Several factors contribute to its superior performance because of MobileNetV2
is streamlined, quick, and energy-efficient, making it highly effective. In this section,

describing a comparison of MobileNetV2's performance based on epoch and dimension

settings.
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Figure 5.3.1: Comparison analysis of MobileNetV2 based on different epoch and dimension.

Increasing the image resolution to 300x300 allows the model better understanding of
images because it contains more detailed information than a lower resolution, such as
224x224. This additional information can be valuable in uses involving delicate
analysis or the identification of hidden features in images. When the model trains on
better-quality images, it is able to extract more detailed patterns and characteristics with
each epoch. Essentially, each training iteration receives more input knowledge,
allowing the model to learn more discriminative features and increase overall

performance.

Moreover, increasing the number of epochs improves the model's learning capability.
With more epochs, the model has more possibilities to fine-tune its interpretation of the
data, improve its prediction accuracy, and generalize better to new instances. Increasing
resolution and epochs improves model accuracy but extends training time due to
increased processing requirements. Finding the appropriate balance is crucial for
successful analysis of images. Figure 5.3.1 illustrates that MobileNetV2 achieves its
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best performance with higher image dimensions (300x300) over 100 epochs, achieving
an accuracy of 99.50%. The corresponding loss, as shown in Table 5.2.2, is minimized
at 1.57%.

Classification report is acommonly used tool for evaluating the performance of a model
of classification. It summarizes key indicators for assessing a model's ability to
accurately classify data, such as precision, recall, F1-score, and support that are
previously described. High precision and recall scores are often preferred, showing that
the model can accurately recognize instances of each category. Table 5.3.1 shows a
high level of accuracy and efficacy in classifying the various categories, as mentioned

in the classification report.

TABLE 5.3.1. CLASSIFICATION REPORT.

Category Precision Recall F1-Score Support
Beans 1.00 1.00 1.00 54
Bitter Gourd 1.00 1.00 1.00 38
Bottle Gourd 1.00 1.00 1.00 59
Brinjal 1.00 1.00 1.00 53
Broccoli 0.98 0.98 0.98 41
Cabbage 1.00 1.00 1.00 53
Capsicum 1.00 1.00 1.00 49
Carrot 1.00 1.00 1.00 54
Cauliflower 1.00 0.98 0.99 49
Cucumber 1.00 1.00 1.00 51
Peas 1.00 1.00 1.00 45
Red Amaranth 0.98 1.00 0.99 54
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The confusion matrix is a visual representation of a classification model's performance,
comparing actual and predicted classifications for every class. Figure 5.3.2 shows errors
in classifying broccoli, cauliflower, and red amaranth seeds, whereas the other

categories are correctly identified.
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Figure 5.3.2: Confusion Matrix.

5.4 Summary

MobileNetVV2 emerged as the most efficient model for vegetable seed classification,
outperforming InceptionVV3 and NASNetMobile. At a resolution of 300x300 pixels
over 100 epochs, MobileNetV2 achieved the highest accuracy of 99.50% and the lowest
loss of 1.57%. The comparative analysis highlighted MobileNetV2's superior
performance due to its streamlined architecture and computational efficiency. The
model demonstrated a strong balance of accuracy and processing time, making it ideal
for real-time applications in agriculture. The classification report and confusion matrix
further validated MobileNetV2's effectiveness, showcasing high precision, recall, and

F1 scores across all seed categories.
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CHAPTER 6

Impact on Society, Environment and Sustainability

6.1 Impact on Life

The implementation of image processing-based transfer learning for vegetable seed
classification in Bangladesh has significantly improved the lives of farmers and
communities. By providing accurate and reliable seed identification tools, the
technology enhances agricultural efficiency, leading to increased crop yields and
improved food security. Farmers benefit from higher incomes due to better seed quality,
which helps alleviate poverty and stabilize rural economies. Moreover, democratizing
agricultural  knowledge through accessible technology empowers diverse
demographics, including younger generations and urban dwellers interested in farming,

fostering a more inclusive and knowledgeable farming community.

6.2 Impact on Society, Environment

The implementation of an image processing-based transfer learning approach for the
classification of vegetable seeds in Bangladesh has a number of societal implications.
Primarily, it improves agricultural efficiency by giving farmers with an accurate and
trustworthy technique of seed identification. This accuracy guarantees that farmers
cultivate proper seeds, resulting in increased crop yields and food security. Improved
seed production and quality can boost farmers' incomes, helping reduce poverty and
improve economic stability in rural communities. Furthermore, this technology has the
potential to democratize agricultural knowledge, making it available not only to
seasoned farmers, but also to younger people and city dwellers interested in urban
farming. By building a more aware farming community, the project encourages

sustainable agricultural practices and increases overall agricultural productivity.

Overall, implementing this advanced technology in Bangladesh's agriculture sector
represents a transformative opportunity. It not only increases efficiency and
productivity, but it also has a significant impact on economic stability, poverty
reduction, sustainable practices, and the well-being of agricultural communities. This
project provides the foundation for a more inclusive, informed, and sustainable
agricultural future by making innovative agricultural technology available to more

people.
©Daffodil International University, Bangladesh 29



The project has a significant positive environmental impact. The project promotes the
utilization of high-quality seeds through correct classification, resulting in more
efficient use of land and resources in agriculture. High-quality seeds often produce
healthier plants that are more resistant to pests and diseases, decreasing the need for
chemical inputs like fertilizer and insecticides. This reduction not only lowers farmers'
production expenses, but also reduces the environmental impact of agricultural
activities. By optimizing seed selection, the research helps to encourage sustainable
farming techniques that save natural resources and maintain environmental balance.
Furthermore, accurate seed classification is crucial for maintaining biodiversity and

environmental stability.

In conclusion, the use of advanced seed classification technology not only increases
agricultural productivity and economic consequences, but it also plays an important
role in supporting environmental sustainability. By encouraging the use of high-quality
seeds and minimizing chemical inputs, the project helps to create a healthier
environment, preserve biodiversity, and encourage adaptable agricultural systems that

can adapt to changing environmental conditions.

6.3 Ethical Aspects

The study emphasizes ethical considerations. The approach prioritizes precision and
reliability in seed classification to help the farming community. Informed consent is
required in order to ensure that data gathering respects participants’ rights and privacy.
Transparency is essential, with full documentation allowing criticism and
reproducibility, ensuring that the benefits of the research are broadly available. The
project also takes consideration of the socioeconomic background, with the goal of

improving food security and economic stability while minimizing current disparities.

This commitment to sustainable development contributes to the preservation of
biodiversity and natural resources while also increasing agricultural output. Overall, the
ethical considerations of this research ensure that developments in agricultural

technology help both social well-being and environmental sustainability.

6.4 Sustainability Plan

To assure the project's sustainability, a multifaceted approach is required. For example,

cooperation with local agricultural organizations and government agencies can help the
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technology become more widely adopted and integrated into existing agricultural
practices. Farmers will benefit from ongoing training and support programs, ensuring
that they can use technology efficiently. Furthermore, creating a business model with
inexpensive pricing and potential subsidies for low-income farmers can improve
accessibility. Collaboration with academic and research institutes can improve the
system through continuous research and innovation. Finally, supporting environmental
sustainability through responsible resource usage and minimizing the technology's

carbon footprint will assure its long-term viability.

6.5 Summary

This study has brought transformative impacts across various aspects of agriculture in
Bangladesh. It significantly enhances agricultural efficiency, leading to increased crop
yields and improved food security. By democratizing agricultural knowledge, the
technology empowers farmers and promotes sustainable practices, thereby contributing
to economic stability and poverty reduction in rural communities. Moreover, the project
has a positive environmental impact by promoting the use of high-quality seeds and
reducing chemical inputs, thereby supporting biodiversity and environmental
sustainability. Ethical considerations ensure transparency and respect for participants'
rights, while a robust sustainability plan ensures long-term viability through
collaboration, innovation, and responsible resource management. Overall, the project
lays the foundation for a more inclusive, informed, and sustainable agricultural future

in Bangladesh.
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CHAPTER 7

Conclusion and Future Work

7.1 Conclusion

The study aims to improve the classification of vegetable seeds in Bangladesh by
employing an image processing-based transfer learning method. The agricultural
industry plays an important role to the country's economic development, and seed
quality influences crop productivity and quality. The study acknowledged the
difficulties faced by not only Bangladeshi farmers but also rural dwellers due to the
complexity of manually identifying seed types. To solve these challenges, an automated
method that uses transfer learning was proposed to improve the efficiency and accuracy

of seed classification.

Three transfer learning models—MobileNetV2, Inception V3, and NASNetMobile—
are evaluated for their capability to classify 12 types of vegetable seeds. High-
resolution seed images have been obtained, preprocessed, and utilized to train the
models. The study focused on enhancing the models by altering image resolutions and
epoch parameters to determine the suitable configuration for accurate classification.

The experimental results demonstrated that MobileNetV2 performed better than the
other models in terms of accuracy and computing efficiency. It achieved an outstanding
precision of 99.50% at 300x300 resolution over the 100 epoch, indicating its suitability
for practical applications. The study also stressed the significance of effective data
preparation, such as rescaling and normalization, in ensuring high-quality input data for

model training.

7.2 Future Suggested Work

The outcomes of the research highlight the potential of Al and transfer learning to
revolutionize farming. Future research could look into the scalability and flexibility of
the established model across different geographical regions and crop varieties, hence
increasing its value and robustness in real-world agricultural contexts. Furthermore,
efforts should be made to integrate this technology into user-friendly platforms such as
smartphone applications, enabling accessibility and ease of use for farmers of diverse
technological ability.
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Expanding the dataset to include a wider variety of seed varieties, as well as more
complicated background variables, might help to improve the model's adaptability and
efficiency in real-world scenarios. Collaborative research including agronomists, data
scientists, and local farmers would be crucial in improving the system and

demonstrating its efficacy in various agricultural contexts.

Addressing these constraints in future studies, such as expanding the dataset to include
more diverse backgrounds and real-time seed variety classification from larger sets,
would be critical for advancing Al models in agricultural applications. Furthermore,
alternate approaches, such as fine-tuning transfer learning models or creating custom
CNN models, may improve in seed classification tasks. These advancements have the
potential to significantly transform farming activities, benefiting both farmers and the

entire agricultural sector.

7.3 Limitations

This research has several specific limitations. Firstly, the dataset of 6000 images, while
covering twelve seed categories, may not fully represent the variability found in real-
world conditions, potentially affecting the model's ability to generalize. Moreover, the
study's reliance on three specific pre-trained models (MobileNetV2, Inception V3, and
NASNetMobile) limits exploration of other potentially effective architectures that
could offer different trade-offs in accuracy and computational efficiency. Additionally,
the restriction to capturing seed images on a white background overlooks the variability
introduced by real-world environmental conditions, potentially limiting the model's
adaptability. Finally, the study's reliance on pre-trained models precludes the
exploration of custom-built architectures tailored to specific nuances of seed
classification. Addressing these limitations could involve expanding the dataset to
include more diverse environmental conditions and seed variations, exploring
alternative model architectures, and optimizing models for deployment on resource-

constrained devices.
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APPENDIX A

Course Outcomes, Complex Engineering Problems (EP) and

Title:

Complex Engineering Activities (EA) Addressing

IMAGE PROCESSING-BASED TRANSFER LEARNING APPROACH
FOR CLASSIFICATION OF VEGETABLE SEEDS OF BANGLADESH.

Student ID: 203-15-14510

CO Description for FYDP

CO

CO Descriptions

Phase -1

CO1

Integrate recently gained and previously acquired knowledge to
identify a vegetable seeds classification problem for the Final Year
Design Project (FYDP).

PO1

CO2

Analyze different aspects of the goals in designing a solution for
this FYDP

PO2

CO3

Explore diverse problem domains through a literature review,
delineate the issues, and establish these goals for the FYDP

PO4

CO4

Perform economic evaluation and cost estimation and employ
suitable project management procedures throughout the
development life cycle of the FYDP

PO11

Phase -11

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

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

CcO7

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.

POG6

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
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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):

EP . Justification
SN Definition Attainment | CO (with Knowledge Profile) References
For this project, | require | Page no:
theoretical knowledge about [1-2]
agricultural ~ science  and
machine  learning  which | Section:
covers theory based natural [1.2]
science (K1). '
© This  project dem(_)nstrqtes Page no:
O fundamental engineering
E g (K3) principles by employing [13-16]
= S data collection and T
i'; 5 preprocessing. The project Section:
o o demonstrates specialist [4.2]
B 8 knowleqlge (K4) . by Page no:
2 &) conducting deep learning-
2 Yes w5 | based model like | [11-12]
1. Sf 8 MobileNetV2, Inception V3 Section:
g 8‘ and NasNetMobile to enhance ’
5 5] seed classification accuracy. [3.3]
A o
5 3
m o To complete this project, | | Page no:
S need to understand the [10-11]
requirements of components
and create a proper workflow |  Section:
that covers engineering [3.2]
practice & design (K5). This '
project addresses engineering | Page no:
practice & technology (K6)
b loying deep learnin [11-12]
y €émploying p g
models. Section:
[3.3]
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This project ensures to K8 | Page no:
(Research Literature) by [5-8]
reviewing existing studies
with similar objectives. Section:
[2.2,2.3]
This project addresses EP-2 by | Page no:
5 o2 S facing some challenges to [9]
8 .S S O making custom dataset. | need
S8 S = to conduct online research to | Section:
2 o Yes S - . .
- £5 > find reliable sources of high- [2.4]
Yo & ) quality seeds. Then, consult '
w o experts from nurseries for
insights.
5 ;I;]his prorj]fct addresses EP—3_by Page no:
5 2 © oroughly comparing i
£ 32 8 experimental outcomes, [22-25]
g2 =] identifying Transfer Learning | Section:
3 a o Yes S . .
- .2 a as the optimal solution for [5.2]
2= ) enhancing  vegetable seed '
W < © classification among various
potential approaches.
> To work on seed image | Page no:
= classification, | need to study
3 @ > ) [1-2]
=5 o agricultural aspects, despite
4 % 3 Yes 8 not being familiar with them, Section:
L u— H i
) and figure out how to classify [1.2]
N seeds based on color, shapes, '
L and size which indicates EP-4.
[%2]
5 3
wn O
© O
S c
SIS 3
5 = No Q N/A N/A
W s O
o
i
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§ This project addresses EP-7 by | Page no:
§ integrating data t_:ollectlon, [10-11, 13-

oS 0 statistical analysis, and

7 o & Yes S | methodology to provide a 16]
° comprehensive solution for -
S e . Section:
IS vegetable seed classification.
[3.2-4.2]
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Addressing CO11 with Complex Engineering Activities (EA):

SN DefIiEn'?:[ion Attainment | CO Justification References
8 This project leverages high- Page no:
o >
2 performance computing i
§ infrastructure, GPUs, deep [11-12]
o learning frameworks, Section:
k] Yes annotated  datasets, and [3.3]
1 > ethical guidelines to conduct '
' G systematic  research  and
o advance vegetable seed
< classification using transfer
L learning.
S
o .2
> G
2. 48 No N/A N/A
e D
L E
w
c
2
©
>
=) —
3. s No S N/A N/A
& @)
<
L
.§ This project contributes to Page no:
" ; . .
g g . society by improving [29-31]
SS & agricultural efficiency,
=S g promoting sustainable Section:
4. %> 2 Yes practices through accurate [6.1-6.4]
8 22 and reliable vegetable seed -
o a® classification.
<
L
This project expands existing
2 research by  exploring Page no:
& transfer learning models for
= e O, . [5-8]
= seed classification. It is
5. & Yes supported by initial findings Section:
- and a detailed comparative
Ty} . . i [2.1-2.3]
< analysis, introducing
L innovative perspectives to
the field.
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Addressing CO (4, 9, 10, and 12):

SN | COs | Attainment Justification References
This project addresses CO4 by
integrating effective project Page no:
management and financial oversight. [12]

1 co4 Yes | prepared a budget to evaluate and Section:
estimate the cost required for this [3.4]
project.

This  project prioritizes ethical

standards in seed classification,

ensuring  precision,  participant Page no:

privacy, transparency, and [30]
2 CO9 Yes socioeconomic equity. It aims to S

. - Section:

enhance agricultural productivity [6.3]

while promoting social welfare and '

environmental sustainability which

comply with CO9.

3 | COo10 No N/A N/A
The project's dedication to continuous
learning (CO12) and adaptation in an
evolving technological context is
demonstrated through its meticulous Page no:
data gathering, statistical analysis, | [10-11, 13-21, 22-

4 | cowr Yes methodology refloement, and 23] .
comprehensive experimental results. Section:
This underscores its commitment to | [3.2,4.2,4.3,4.4,
remaining up-to-date and improving 5.2,5.3]
strategies to effectively address
current  challenges in seed
classification.
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