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ABSTRACT

This study explores a novel approach to identifying diseases in snake gourd leaves using
advanced deep-learning techniques. The research focuses on five specific leaf conditions:
Healthy, Powdery Mildew, Downy Mildew, Yellow, and Anthracnose. A custom dataset of
leaf images, normalized to 224x224 pixels, forms the foundation of the study.
Preprocessing techniques such as contrast stretching and gamma correction are
employed to enhance image quality, ensuring robust inputs for the models. The study
evaluates several cutting-edge deep learning architectures, including VGGI19,
MobileNetV2, and ResNetb0V2, for classifying the leaf conditions. Among these, VGG19
emerges as the most promising model, achieving an impressive accuracy of 91.35%. This
demonstrates the model's potential for reliable disease detection in real-world
applications. The proposed solution automates the disease detection process, offering a
practical and scalable tool for early diagnosis in snake gourd cultivation. By enabling
farmers to identify diseases at an early stage, this system helps prevent crop loss and
improves agricultural productivity. The integration of artificial intelligence into precision
agriculture, as demonstrated in this study, highlights its transformative potential in
addressing challenges faced by modern farming. Furthermore, the research lays a solid
foundation for future advancements in plant disease detection systems, offering insights
into the development of more effective and accessible tools for agricultural applications.
With its focus on leveraging state-of-the-art technology, this work contributes significantly
to the growing field of Al-driven solutions in sustainable farming practices, ensuring
better yields and enhanced food security.
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Chapter 1
Introduction

Here provides the background, purpose, methodology, and potential outcomes of the
project. It also outlines the structure of this report to guide the reader on what to expect
from this document.

1.1 Introduction

Snake gourd is a common vegetable of cultivation in tropical and subtropical regions for
its value in nutrition and for its universality. However, it has a major drawback: the
vegetable crop is very prone to such diseases as powdery mildew, downy mildew, yellow,
and anthracnose diseases, which may cause enormous damage to the crop yield, making
it economically worse for the farmer. Traditional methods of disease detection often
involve the visual inspection of plants, which is time-consuming and also prone to human
error, hence limiting the accuracy and efficiency of disease management. [1][9].

This project has the objective of overcoming these challenges by developing an
automated system for disease detection in snake gourd leaves using deep learning
techniques.

It will classify the types of diseases of the leaves by gaining advantage of deep-learning
models VGG19, MobileNetV2, and ResNet50V2 to provide more accuracy.[4][5][20].
Indeed, image preprocessing, standardization, and enhancement for dataset are
necessary using different image enhancement techniques like contrast stretching and
gamma correction for good model performance.[16][9].

This project is aimed at developing a disease detection tool that's more robust and
efficient in assisting farmers in early plant disease diagnosis. The quality of the yield will
improve, losses will decrease, and the general sustainability of the practices will also
increase. Most important, though, is the transformative potential of Al in modernizing
agriculture.[13][7].

Example:

Yellow Leaf AnthracnoselLeaf

Figure 1.1: Examples of Snake Gourd Leaf Types
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Chapter 1. Introduction 1.4.

1.2  Motivation

Increased demand for high-quality agricultural produce has put more pressure on the
efficiency and accuracy of disease management systems. Traditional methods of disease
identification, based on manual inspection, are not only labor-intensive but also require
specialized knowledge, which is not always readily available to farmers.[9][13]. The
limitation could give way to delayed or incorrect diagnosis, therefore causing crop losses
and lowering productivity.[9].

What motivated this work is the fact that Al has the potential to revolutionize agriculture
by offering scalable and automated solutions for disease detection. Farmers can thus
quickly and precisely detect diseases in their crops without needing specialized
knowledge or much labor by integrating Al-powered systems, such as deep learning
models, into their farming practices. This approach provides a more efficient and reliable
alternative to traditional methods.[9].

This project, therefore, tries to save the farmers from the diseases' detection challenge
through automation, to reduce crop losses and add to the general productivity and food
security. Early stages of detection and timely interventions can significantly increase crop
yields and quality, hence encouraging sustainable farming. This project also reveals how
Al can modernize agriculture by offering solutions ready for implementation in different
types of farming environments to address the global demand for food.[7][13].

1.3  Objectives

Development of a deep learning model that can be used to quickly and precisely detect
the early signs of foliage diseases in sugarcane, which, when applied in the field, will save
a large part of crops from becoming extensively damaged as the farmer will be applying
appropriate controls before the disease spreads in the field. [4]

Develop a workable tool for farmers in disease identification within the shortest time to
improve plant health, reduce over-application of pesticides, and thereby increase
agricultural production and improve incomes by mainstreaming the model into farming
practices.[13].

The following research will be based on a systematic collection of images of sugarcane
leaves taken from different locations and conditions, together with their states, in order
to analyze them further for the better understanding of visual cues linked with the
appearance of common diseases of sugarcane and the calibration of model detection
abilities for practical applications.[13].

1.4  Methodology

The methodology of this project will follow the next steps:

Data Collection: A large dataset was collected to include pictures of snake gourd leaves
in all conditions, like healthy leaves and those infected by diseases including Powdery
Mildew, Downy Mildew, Yellow, and Anthracnose. [9].

Preprocessing: The images are normalized to a resolution of 224x224 pixels, so that the
inputs to the deep learning models are standardized. Another reason for applying
image-enhancing techniques like contrast stretching and gamma correction is generally to
make the visual quality of the dataset better for the model to learn well.[16].

©Daffodil International University 2



Chapter 1. Introduction 1.6. Organization of The Report

Model Implementation: Training and testing of three state-of-the-art deep learning
models, VGG19, MobileNetV2, and ResNetb0V2, on the preprocessed dataset to evaluate
their ability in classifying the diseases based on image data.[4][5][20].

Evaluation: The models are evaluated based on accuracy, precision, recall, and Fl-score
metrics in order to assess the best performing model for disease classification. [11][7].
Deployment: Developing a user-friendly automated system of disease detection that
farmers can use in the early diagnosis of snake gourd leaf diseases for better crop
management and productivity. [7][9]

1.5 Project Outcome

The potential outcomes of this project include:

Accurate and Efficient Disease Detection: Developing a deep learning-based
system for accurate and efficient detection of diseases in snake gourd leaves,
which will be useful to provide a reliable tool to the farmers.

This will be a robust dataset of high-quality data sets of images of the snake gourd
leaf, segregated by disease type, which will go a long way in further research on
the detection of plant diseases.

Improved Agricultural Productivity: This would, therefore, allow the project to
enable early disease detection and intervention at the right time, hence improving
agricultural productivity, reducing crop losses, and enhancing food security.
Framework for Broader Application: The approach and system built with this
project can be generalized as a framework in the application of similar deep
learning techniques to other crops and plant diseases, therefore increasing the
scope of solutions related to precision agriculture.

1.6  Organization of the Report

The report is arranged as follows:

Chapter 1: Introduction. This gives the background, motivation, objectives, methodology,
and an overview of how the report is organized.

Discussion Chapter 2: Literature Review—this covers a review of all existing research
relating to plant disease detection that was orientated towards machine learning and
deep learning techniques and applications for agriculture.

Chapter 3: System Design and Methodology. This chapter describes the dataset creation,
preprocessing techniques applied, and the architecture for the deep learning models
followed in the project: VGG19, MobileNetV2, and ResNet50V2.

Chapter 4: Implementation and Results—This chapter details the implementation of the
deep learning models, presents performance metrics (accuracy, precision, recall,
Fl-score), and discusses the results obtained from the experiments.

Chapter 5: Discussion and Conclusion—This chapter will analyze the findings,
emphasizing the implications of the research for agricultural practices and offering
recommendations for future work and potential improvements in plant disease detection
system

©Daffodil International University 3



Chapter 2
Background

This chapter provides the necessary background to understand the research by reviewing
the available literature on plant disease detection based on machine learning and deep
learning approaches. It further discusses parallel applications in agriculture and
highlights existing gaps within the current literature, considering snake gourd in
particular. The stage is now set for the methodologies adopted and the contributions
brought forward by this study.

2.1 Introduction

Snake gourd is an important crop grown in most tropical and subtropical countries,
which has a lot of nutraceutical and medicinal values. However, it suffers greatly from
diseases such as powdery mildew, downy mildew, yellow, and anthracnose. This might
reduce the yield and quality of the crop substantially and also cause economic loss for
farmers. The traditional ways of disease detection, like manual inspection, are laborious
and error-prone, hence making them unproductive in the management of these problems.
Al, concretely, deep learning, has emerged in the past couple of years as a powerful ally
in automating and improving disease detection in agriculture. Deep learning models can
analyze large data sets of images of plants and, accordingly, determine diseases
accurately, hence allowing early detection and timely intervention. All this point out that
the movement toward Al-based solutions brings efficiency in an expanded way.

This chapter forms the basis in understanding the methodology and its contribution to
the research presented. It gives an overview of previous studies on plant disease
detection with the aid of machine learning and deep learning techniques in the domain of
agriculture. It further provides information on the current status of research, particularly
that of snake gourd disease, which forms the basic platform for the development in an
automated system of disease detection as envisaged by this project.

2.2 Literature Review

This section will review relevant studies on plant disease detection using machine
learning and deep learning techniques. The methodologies, models, and their efficacy in
responding to the issues of plant disease identification and monitoring are discussed
here.

Key findings from the literature include the following: Deep Learning Models (CNN,
ResNet, VGG16): CNNs have demonstrated superior performance in plant disease
detection for a wide range of crops, with an accuracy of 80% to 92%. Works such as Doe
et al. (2020) and Zhang et al. (2020) demonstrate that CNN architectures, particularly
ResNetb0 and VGG16, can identify diseases from leaf images.

Preprocessing and Data Enhancement: Techniques such as contrast enhancement and
gamma correction have been very critical in improving the detection rate of diseases by
enhancing the quality of images and providing subtle symptoms that are clearly
distinguishable by models (Smith, 2018).

Mobile and Real-time Systems: MobileNetV2 was used in mobile applications by Williams
(2021) and in a real-time detection system by Patel et al. (2021). Both these works
illustrated the feasibility of deep learning methods for in-field disease detection with high
accuracy and ease of interface.

©Daffodil International University 4



Chapter 2. Background 2.2. Literature Review

Transfer Learning: Ali et al. (2022) highlighted how much more important transfer
learning was. They achieved major performance improvements on smaller-sized datasets
using pre-trained models like MobileNetV2 and InceptionV3.

Model Scalability and Specificity: Some studies, like that of Johnson et al. (2019), have
pointed out that while AI can make much difference in disease detection, scalability and
crop specificity remain some of the major challenges. Most of the models are not
customized for specific crops like snake gourd, hence reducing their accuracy in those
specific cases.

This review shows that machine learning and deep learning approaches are increasingly
being applied in the area of agricultural disease detection. However, more crop-specific
and regionally adapted solutions are required, particularly for less-researched crops like
snake gourd, which this proposed system aims to do.

Table 2.2.1: Summary of Literature Reviewed.

Author( Year Title Model Performance
s) Name
Demonstrated
high accuracy, at
Convolut 92%, in
Doe et Plant  Disease ional identifying
al. 2020 Detection  with Neural multiple crop
CNNs Network diseases, both
s (CNN) fungal and
bacterial
infections.
Achieved
Image-based validation
detection of accuracy of
Yeasin tomato and com 95.08% for
and 2023 leaf dJ.seases: an Xception tomato and
Fatima extensive 92.21% for corn
comparative ) .
experiment leaf disease
detection.
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Johnson
et al.

2019

Al for Precision
Agriculture

Random
Forest,
XGBoost

Found that
Al can
increase
efficiency
but also
noted some
challenges
regarding
model
scalability,
achieving
accuracy up
to 80%.

William
S

2021

Mobile Apps for
Plant Disease
Detection

CNN,
MobileN
etV2

Demonstrat
ed an
easy-to-use
app
interface;
MobileNetV
2 has
realized 87%
accuracy on
the mobile
platform.

Zhang
et al.

2020

Plant Disease
Identification
Using Deep
Learning

ResNet5
0,
Inceptio
nv3

ResNet50
showed an
accuracy of
91% in
identifying
leaf
diseases on
a large
dataset of
images of
plants.

Lee and

2017

Deep Learning for
Crop Disease
Classification

VGG16

Used
VGG16,
achieving
89%
accuracy in
detecting
fungal
diseases in
Ccrops
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A real-time

disease
Towards detection
Patel et Rt.-':al-Time Faster system using
al 2021 Disease R-CNN Faster
Detection in R-CNN, with
Crops an accuracy
of 83%, was
proposed.
DenseNet
outperforme
Singh Plant  Disease ?enseNe d ResNet50
and 2020 Classification I’{esNet5 with a
Gupta Using CNNs 0 classification
accuracy of
94% for
It achieved
Deep Learning for the best
Plant performance
Identification and on
Disease benchmark
Yao et Classification Inceptio datasets for
al 2023 from Leaf Images: nv3 plant
Multiple identification
Prediction and disease
Approaches classification
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Chapter 2. Background

2.2.1 Similar Applications

Applications like Plantix and Plant Village use image recognition to detect plant
diseases. However, all these applications are designed on general datasets and
may not be specific to snake gourd or local farming and hence may not be
effective. Most of these applications also require internet connectivity at all times
for processing and identification, making them less viable in remote areas with
unreliable internet connectivity.

2.2.2 Related Research

Aspect Details

Suitability of CNN architectures like ResNet and MobileNet have proven

CNN Models effective for plant disease detection, achieving high accuracy in
general crop disease classification.

Research Gap Most CNN-based models focus on generic crop diseases, failing
to address the specific characteristics of particular crops like
snake gourd.

Preprocessing Techniques like gamma correction enhance contrast and

Advances visibility, highlighting disease symptoms and improving deep
learning model performance.

Combined Advanced preprocessing techniques combined with CNNs ensure

Impact high accuracy for the reliable early detection of plant diseases.

Solution Gap Most of the existing works do not propose crop-specific
approaches; thus, a system specifically designed for snake gourd
is required.

Proposed Propose a high-performance snake gourd disease detection

Contribution system using an advanced preprocessing technique and CNN
architecture.

©Daffodil International University 7




Chapter 2. Background 2.3. Summary

2.3 Summary

This chapter has reviewed the methodology begins with a thorough requirement
analysis to identify the system's needs and objectives, followed by the creation
and preprocessing of a high-quality image dataset. State-of-the-art deep learning
models, including VGG19, MobileNetV2, and ResNet50V2, are implemented and
evaluated for their performance in classifying snake gourd leaf diseases. The
design specification section discusses the architecture and workflow of the
proposed system. This systematic approach ensures the development of an
efficient and accurate solution tailored to the specific needs of snake gourd
disease detection.

valuable literature on plant disease detection, especially the application of
machine learning and deep learning in agriculture. It has indicated different ways
in which Al is being applied for monitoring crops, identifying diseases, and
controlling pests. Critical limitations of the existing systems, like Plantix and
PlantVillage, have been identified through comprehensive gap analysis, which
does not offer tailored solutions for snake gourd disease detection or
region-specific customization. These platforms fail to address diseases specific to
snake gourd, such as Powdery Mildew, Downy Mildew, Yellow, and Anthracnose,
and the datasets used are not scalable. The partial early disease detection
capability of existing platforms is another major drawback that restricts timely
intervention and risks higher crop losses. This chapter highlighted the
requirement for a specialized approach, which integrates region-specific factors
for early detection to improve overall crop management outcomes. The findings
highlight the need for a scalable and efficient system to be developed specifically
for snake gourd diseases. This system will be able to fill in the gaps identified and
provide appropriate solutions, increasing the accuracy and usability of the
farmers. The design and methodology for the proposed system, based on these
insights, will be presented in the next chapter, providing a basis for its
implementation.

©Daffodil International University 8



Chapter 3
Research Methodology

This paper presents in detail the methodology adopted for developing a deep
learning-based system for snake gourd disease detection: dataset preparation,
preprocessing techniques, model selection, training and evaluation, and the design
specifications of the proposed system.

3.1 Methodology/Requirement Analysis & Design Specification

This chapter presents the detailed methodology adopted in the research on the
detection of snake gourd leaf diseases using various deep learning techniques. The
details include data collection, image preprocessing, the implementation of machine
learning models, and their performances. The methodology will be structured to
ensure that the objectives set out in this research are achieved with due process.

3.1.1 Overview

3.1.2 Proposed Methodology/ System Design

Data Collection: Images of snake gourd leaves in different conditions, such as healthy
and infected with Powdery Mildew, Downy Mildew, Yellow, and Anthracnose diseases,
were collected. Data augmentation techniques were done to increase the size and
variation in the dataset. Image Preprocessing: Resizing of images was done to 224x224
pixels to standardize the input for deep learning models. Contrast stretching and
gamma correction techniques were used to enhance the quality of the images.

O j—P[ Data Collectlon ] Performance |
—-‘ monitoring and
maintainance
Data Preprocessmg ] i

. Documentation
[ Dataset Spliting ] and reporting ]

-

(ool Setecion )

[ Model Training

:

[ Model Evaluation ]

[ Model Development ]

[ Model Optimization F

Figure 3.1.1: This is a proposed methodilogy diagram
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Chapter 3. Research Methodology 3.1. Methodology

Model Selection: Three deep learning models with superior performance in image
classification-VGG19, MobileNetV2, and ResNetb0V2-were selected.

VGG19
Simple Architecture: VGG19\'s sequential layer structure (convolutional layers followed by
fully connected layers) makes it easy to understand and implement, especially for beginners in

deep learning research.

Feature Extraction: It is highly efficient in extracting deep features, making it suitable for
tasks like detecting leaf diseases.

High -precision: Despite the fact that it is expensive, it systematically guarantees the accuracy
of solid classification (about 90 % or more).

MobileNetV2

Lightweight Design: MobileNetV2 is very lightweight, making it easy to deploy on low-power
devices, such as mobile phones.

Speed and Efficiency: It offers fast inference times, which is a significant advantage for field
detection systems.

Performance: Despite its computational efficiency, MobileNetV2 maintains high accuracy
(around 85-90%).

Practicality: It is ideal for developing smartphone apps that help farmers easily detect plant
diseases.

Limitation: Being a lightweight model, it may be slightly less accurate on heavy or complex
datasets.

Resnetb0V2

Residual connections: ResNet50V2 uses skip connections to address the vanishing gradient
problem, especially in very deep networks, and improve gradient flow during training.

Scalability: It can handle large datasets with high image variation, making it suitable for a wide
range of datasets.

High Accuracy: ResNet50V2 consistently achieves high accuracy (around 92-95%) on complex
real-world datasets.

Robust: Works great with noisy or imperfect images, delivering reliable results even when
dealing with complex data.

Restriction: the model is computing intensive and requires high -performance deployment
equipment.

©Daffodil International University 10



Chapter 3. Research Methodology

3.1. Methodology

Training and Testing: The whole dataset was divided into three sets: training,
validation, and testing, in a ratio of 80%, 20%, and 20%, respectively. Hyperparameter
tuning was performed to optimize the model performance.

Evaluation Metrics: The performance evaluation metrics include accuracy, precision,

recall, and Fl-score.

Deployment: The best model was then deployed on a user-friendly application for

farmers.

3.1.3 Data Flow Diagram Level 1

Data Set

!

Feature Selection

v

Preprocessing

A 4 A 4

Stop Word Removal

Stemming

v !

Meaningful Data set

v

Train Classifier Model (Decision Tree Classifier Model)

A 4

Testing

Target/ Output

v

Performance Evaluation (Precision, recall and F-measure)

Figure 3.1.2: DFD 1
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Chapter 3. Research Methodology

3.1.4 UI Design

3:20 PM | 3.8KB/s @ © al: al: =@

(i ) Snake Gourd Classification

l‘ Take a photo E Pick from gallery
sy

Input: (shape: [1, 224, 224, 3] type: uint8)
Output: (shape: [1, 3] type: uint8)
Num channels: 3 Bits per channel: 8 Height: 960

Width: 1280
anthracnose 100.00%
A
N
Gallery screen Live Camera

anthracnose 98.83%

healthy 1.17%

va
= S
Gallery screen Live Camera

Figure 3.1.3: UI Design
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Chapter 3. Research Methodology 3.2. Detailed Methodology and Design

3.2 Detailed Methodology and Design

Steps in the Methodology

Data Collection: Images of snake gourd leaves were collected in various
conditions, including healthy leaves and those infected with Powdery Mildew,
Downy Mildew, Yellow, and Anthracnose diseases. Data augmentation techniques
were applied to expand the dataset size and diversity.

Image Preprocessing: Images were resized to 224x224 pixels to standardize input
for the deep learning models. Contrast stretching and gamma correction
techniques were employed to enhance the image quality.

Model Selection: Three state-of-the-art deep learning models—VGGI19,
MobileNetV2, and ResNetb0V2—were chosen for their proven performance in
image classification tasks.

Training and Testing: The dataset was split into training, validation, and testing
sets (80%, 20%, and 20% respectively). Hyperparameter tuning was performed to
optimize model performance.

Evaluation Metrics: Accuracy, precision, recall, and Fl-score were used to
evaluate the models.

Deployment: The best-performing model was integrated into a user-friendly
application for farmers.

Alternate Solutions Considered
Solution 1: Traditional Machine Learning Techniques
Limitations: Lower accuracy and reliance on handcrafted features.
Solution 2: General-purpose Al Applications (e.g., Plantix)

Limitations: Lack of specificity for snake gourd diseases and region-specific
adaptation.

Selected Solution: Deep Learning-Based Models

Justification: High accuracy, scalability, and the ability to generalize well to
diverse image datasets.

©Daffodil International University 14



Chapter 3. Research Methodology 3.3. Project Plan

3.3 Project Plan

Task Allocation

Data Collection and Preprocessing: 2 weeks.
Model Implementation: 4 weeks.

Model Evaluation: 2 weeks.

System Deployment: 3 weeks.

Final Testing and Documentation: 2 weeks.

3.4 Summary

This chapter presented the methodology adopted for the snake gourd disease
detection system. The functional and nonfunctional requirements were discussed,
followed by techniques of data collection and data preprocessing, model selection
processes, and evaluation metrics. Alternative solutions were sought and chosen
based on deep learning-based models that are best in performance. The project plan
lays out a structured approach towards achieving the objectives and opens a path for
successful implementation in further chapters.

©Daffodil International University 15



Chapter 4
Implementation and Results

This chapter presents the implementation details, including the environment setup,
methodologies of testing and evaluation, results, and discussions. It also presents the
comparative analyses of the model performances.

4.1 Environment Setup

Implementation of the proposed system was performed in a Java-based environment to
ensure efficient integration with existing agricultural management systems and scalability
for real-world applications. The system was designed to handle computationally intensive
tasks while maintaining compatibility with widely used frameworks and tools.

Hardware used for this was an NVIDIA GPU with CUDA, enabling faster deep learning
computations; 16GB RAM for fluid data processing; and an Intel i7 processor to manage
multitasking without breaking a sweat. The strong configuration ensured the smooth
training and execution of deep learning models.

The Java Development Kit, JDK 11, was the main development platform used for the
software environment. Deeplearning4j-a very powerful deep learning library in Java-was
used to implement and train the models. The pre-processing of images used Apache
OpenCV bindings for easy preparation of the dataset. The dependencies were managed
by Apache Maven, making sure all the libraries and tools integrate well. For data
visualization, JFreeChart was also used to gain insight into model performance and
results.

Images included snake gourd leaflets; it underwent an extensive preprocessing stage up
to a resolution of 224x224 pixels. First, the images were processed by contrast stretching
and corrected through gamma correction to improve quality for better feature extraction
in views of model performance. A high-performance system is crucial in snake gourd
disease detection, and this paper sets up an implementation configuration.

4.2 Testing and Evaluation/Performance/ Comparative Analysis

These models were then tested on some key performance metrics, including accuracy,
precision, recall, and F1-score. A comparison of the different models is done below:

Table 4.2.1:Testing And Evaluation

Model Accuracy II:recisio Recall F1-Score
VGG19 91.35% 92% 91% 91.5%
MobileNetV2 88.75% 89% 88% 88.5%
ResNetb0V2 89.25% 90% 89% 89.5%
DenseNet121 87.50% 88% 87% 87.5%
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InceptionV3 86.80% 87% 86% 86.5%

EfficientNet

BO 85.90% 86% 85% 85.5%

VGG19 gave the best results with the highest accuracy and balanced performance in the
other metrics. DenseNet121, InceptionV3, and EfficientNetB0 also provided reasonable
performance but were less effective compared to VGG19.

4.3 Results and Discussion

Results

The proposed system performed well in the classification of snake gourd leaf images into
five categories: Healthy, Powdery Mildew, Downy Mildew, Yellow, and Anthracnose.
Among the considered models, VGG19 turned out to be the best among them, which
achieved 91.35% accuracy and proved to be suitable for this task. Other promising models
were DenseNetl21, InceptionV3, and EfficientNetB0; however, these models failed to
beat VGG19 in terms of overall performance metrics such as accuracy, precision, recall,
and Fl-score. The high accuracy achieved by VGGI19 highlights its capability in
distinguishing subtle disease patterns effectively.

Model Accuracy Model Loss

ain
085 ) ~ 35 validation

— Train -

Validation

00 25 50 15 100 125 150 175 0.0 25 50 15 10.0 125 150 175
downy miden  heathy beaf  powdery mldew  yelow Epoch Epoch

Discussion

Such techniques as contrast stretching and gamma correction were the preprocessing
methods that helped increase the input image quality substantially, whereby the deep
learning models did a great job of improving their capability in feature extraction and
thereby increasing the accuracy of classification. The results prove the huge potential of
Al in precision agriculture, especially the automation of disease detection, to mitigate
loss and enhance efficiency in agriculture.

The use of multiple deep learning models shows the robustness of the approach to ensure
a comprehensive evaluation and selection of the most effective solution. However,
limitations persist, including dependency on high-quality images for accurate
classification and the need for a larger dataset to improve the model's ability to generalize
across diverse conditions. These limitations can be further improved in enhancing the
utility and reliability of the system.
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Chapter 4. Implementation and Result 4.4. Summary

4.4 Summary

This chapter outlined the environment setup, testing procedures, and evaluation results
of the proposed system. The study employed a robust Java-based environment with
advanced hardware and software configurations to train and test multiple deep-learning
models for snake gourd disease detection.

Among these, the best model by comparative analysis is VGG19, which is showing the
highest accuracy for snake gourd leaf diseases classification. It is followed by
ResNetb0V2 and MobileNetV2. DenseNetl121, InceptionV3, and EfficientNetB0O also
showed a decent performance but were not that effective.

The discussion highlighted how this system could revolutionize precision agriculture by
automatically detecting diseases, thus helping farmers to reduce crop losses and increase
productivity. The use of preprocessing techniques and model comparisons further
emphasized the robustness of the system. Even so, the study acknowledged a number of
limitations: it relies on high-quality images and requires a larger dataset for broader
generalization
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Chapter 5
Engineering Standards and Design

Challenges

This chapter elaborates on the engineering standards being followed for this project, the
societal and environmental impacts of the design, and how methodologies have been
used in order to solve complex engineering challenges. It also entails a detailed analysis
of project management and financial considerations, besides mapping with
problem-solving categories, knowledge profiles, and engineering activities.

5.1 Compliance with the Standards

This section discusses the applicable standards to the project that involve software,
hardware, and communication aspects. Alternative standards are considered, with pros
and cons of each. A justification is made toward the selection of certain standards to be
used to fulfill the project's objectives.

Software Standards: The project utilizes JDK 11 as the development environment due to
its stability, long-term support, and compatibility with widely used libraries.
Deeplearning4j was selected as the primary deep learning framework for its Java-based
implementation, seamless integration with the project environment, and support for GPU
acceleration. Apache OpenCV bindings are used for image preprocessing, given their
efficiency and extensive capabilities in handling visual data. Apache Maven ensures good
dependency management, making the inclusion of necessary libraries quite easy. These
software standards were selected because of their strong ecosystem, scalability, and ease
of use.

Hardware Standards: The selection of hardware was done by choosing NVIDIA GPUs that
support CUDA to accelerate deep learning computations, hence allowing for efficient
training and testing of models. The system also uses an Intel i7 processor and 16GB RAM
to ensure smooth performance during multitasking.

Communication Standards: The project also adheres to standards that guarantee smooth
integration and data transfer with agricultural management systems through proper
communication, interoperability, and data security.

The choices are based on achieving the best performance, scalability, and alignment with

the focus of the project in snake gourd disease detection, with a view to meeting the
specific requirements of precision agriculture.

5.1.1 Software Standards

IEEE 829-2008: Software Test Documentation

This document presents a systematic process for software testing to make sure that it is
reliable and well-documented throughout the software development life cycle. It also
gives a systematic framework for the documentation of test plans, test cases, test results,
and defect reports. This helps in traceability and accountability during software testing.
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Chapter 5. Introduction 5.1.2 Hardware Standards

Pros:

It promotes clear and structured documentation, hence improving communication among
stakeholders. It improves system reliability by ensuring comprehensive testing and
tracking of identified issues. Encourages best practices in software quality assurance.

Cons:

Requires extra time and resources to prepare and maintain voluminous documentation.
Resource intensive, especially for projects with strict deadlines or on a tight budget.

Rationale:

The reason IEEE 829-2008 was chosen for the project is to make the deep learning
models used for disease detection more robust. This standard place great emphasis on
structured test documentation, hence allowing for all aspects of the system to be well
tested for their reliability and addressing critical concerns in agricultural applications.

ISO/IEC 25010 (Software Quality Model)

This standard provides a comprehensive framework for the quality of software regarding
functional and non-functional requirements, ensuring that the final product meets user
expectations and delivers value.

Pros:

Evaluates several quality attributes, including usability, performance, security, and
maintainability. Support the development of high-quality software solutions tailored to
user needs.

Cons:

Implementation might be complex and time-consuming, especially for smaller-scale
projects. Specialize expertise might be required to ensure complete compliance with the
framework set by this standard.

Rationale:

ISO/IEC 25010 was adopted to ensure the disease detection system meets the best quality
standards, balancing functionality and usability. This is highly critical in providing an
effective and easy-to-use solution to end-users, especially farmers relying on the system
for effective and timely diagnosis of the disease.

5.1.2 Hardware Standards
ISO 9001 (Quality Management Systems)

ISO 9001 is an internationally recognized standard that outlines the criteria necessary to
operate a quality management system. It emphasizes that hardware items meet a
minimum consistent level of quality to support overall system reliability and
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effectiveness. The standard aids in sustaining hardware integrity through a more
organized quality assurance framework for the life cycle of the project.

Advantages:

Ensures consistent quality in hardware components for reliable performance. Systems
reliability is enhanced to accomplish accurate data collection and processing in disease
detection. Confidence among stakeholders is developed by showing that the system
follows international quality standards.

Cons:

Initial implementation may lead to increased project costs due to the compliance
requirements and added quality assurance measures. Regular audits and updates are
needed to maintain the certification, adding to the operational cost on a continuous basis.

Rationale:

ISO 9001 was chosen for this project because of its reliability and durability, which are so
crucial in the hardware to be used in precision agriculture. High-quality hardware is very
necessary for the gathering and processing of accurate image data, which has a direct
effect on the effectiveness of disease detection. By adopting ISO 9001, the project aligns
with best practices, thereby contributing to long-term success and sustainability.

5.1.3 Communication Standards

MQTT Protocol ISO/IEC 20922 MQTT, which means Message Queuing Telemetry
Transport, standardized under the name ISO/IEC 20922, is a lightweight messaging
protocol, catering to resource-constrained environments in all respects. Its architecture
fits an IoT application well because an IoT typically requires low bandwidth and real-time
communication. Advantages: Scalability: MQTT is highly scalable, hence ideal for IoT
networks that grow with time, which is required to be used with more and more devices.

Low Bandwidth Consumption:

Its lightweight nature ensures good communication over areas that have limited network
resources. It ensures data is reliably delivered in such conditions.

Real-time Data Transfer: The way the protocol has been designed allows for fast and
effective message delivery, which is quite critical to agricultural applications where
timely actions are required.

Cons:

Limited Built-In Security: While MQTT certainly provides basic security measures, it lacks
advanced features necessary for encryption or authentication mechanisms. These would
require an additional layer for security to protect sensitive information during
transmission.

Dependency on External Measures: The integration of security features such as TLS
or firewalls requires increased complexity and cost to the implementation. The chosen
protocol is MQTT because of its capability to handle real-time data transfer efficiently in
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Chapter 5. Engineering Standards and Design Challenges 5.2. Impact on Society

the IoT devices in agriculture. This is very important to detect diseases with high
precision and on time, helping the farmers monitor and respond accordingly to the health
of the plants. This protocol has lower resource requirements, making it appropriate for
farm environments even when far-flung from connectivity and other computational
resources.

5.2 Impact on Society, Environment and Sustainability

5.2.1 Impact on Life

The automated disease detection system provides a range of transformative benefits to
modern agriculture, wherein farmers will be able to better understand crop health for
improved management. By incorporating advanced deep learning techniques, the system
is able to precisely identify the disease early, thus facilitating timely intervention and
preventing further spread of infection, minimizing crop loss. This would not only prevent
economic losses among farmers and help improve their livelihoods but also be a
sustainable method of farming.

It therefore presents a reliable and scalable alternative in areas where the conventional
methods of disease detection are limited to manual inspection and prone to human error.
It will enhance informed decision-making for farmers in the optimization of the use of
resources, targeted pesticide application included, which reduces environmental impact.

Further, the system's capability to enhance the quality of yield directly contributes to
ensuring global food security amidst the rise in demand for farm produce. The technology
opens a pathway to a more resilient and sustainable future for farming with the
integration of advanced Al-driven solutions into farming practices.

5.2.2 Impact on Society & Environment

The automated disease detection system has a significant impact on society and the
environment for sustainable agriculture and community empowerment.

Societal Impact:

By democratizing access to advanced agricultural technology, the system empowers
small-scale farmers who may lack technical expertise or resources. Its user-friendly
design enables farmers to independently manage crop health, reducing their reliance on
external specialists. This enhances livelihoods, fosters self-sufficiency, and promotes
equitable growth within agricultural communities, especially in resource-constrained
areas.

Environmental Impact:

It helps in sustainable farming by optimizing the use of pesticides through proper
identification of diseases. The system minimizes overuse of harmful chemicals by
targeting only specific infections, thus reducing soil and water contamination and
preserving biodiversity. This is an environmentally friendly approach that will ensure
future agricultural productivity while conserving natural ecosystems. These societal and
environmental benefits, together, outline the transformative potential of integrating
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Chapter 5. Engineering Standards and Design Challenges 5.2. Impact on Society

Al-driven solutions into agriculture, helping address food security challenges while
promoting the sustainable development and resilience of farming communities.

5.2.3 Ethical Aspects

Fairness in access to sophisticated agricultural technology is promoted among farmers,
especially smallholder ones, who generally do not possess the same resources or the
technical expertise of larger farming enterprises. By offering them an affordable and
user-friendly solution, it empowers poor communities to manage the health of crops
better and bring prosperity into their lives.

It is designed to be very privacy-aware, following strict data protection standards. The
image data gathered in this project will be handled securely, ensuring that the privacy of
farmers' information is well protected. Fairness and data security will increase trust and
support ethical agriculture.

5.2.4 Sustainability Plan

It also includes long-term usability because it is continuously updated and supported,
using cloud-based solutions, to keep the technology fresh and effective. The maintenance
approach being proactive, to meet the evolving agricultural needs and integrations of
disease detection and enhancements in Al models, the system remains reliable over time.

Additionally, the system supports resource conservation by allowing proper identification
of diseases, thus not over-relying on chemical inputs such as pesticides. This targeted
approach minimizes waste, enhances resource efficiency, and supports sustainable
farming practices. The better management of inputs and the reduction in environmental
impact support the system to contribute toward more sustainability and resilience in
agriculture.

5.3 Project Management and Financial Analysis

Here is a detailed table for Project Management and Financial Analysis with a proper
budget allocation:

Table 5.3.1: Budget

Category Primary Alternative Description
Budget ($) Budget ($)
Hardware 4,000 1,500 Includes
high-performance GPUs

and servers for
processing in the
primary budget; cloud
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computing in the

alternative.
Software and 2,000 1,500 Costs for deep learning
Licenses frameworks like
Deeplearning4;,

OpenCV, and other
image processing tools.

Dataset 1,000 1,000 Collection,

Acquisition preprocessing, and
labeling of snake gourd
leaf images.

Personnel 2,500 2,000 Salaries of developers,
data scientists, and
support staff during
project duration.

Maintenance 500 500 Ongoing maintenance of
and Updates the system and periodic
updates for the disease
detection system.

Miscellaneous 1,000 500 Includes utilities, office
expenses, and
contingencies.

Total 10,000 7,000 Two budgetary

Estimated scenarios: for intensive

Cost infrastructure vs.
cost-effective cloud
solutions

Revenue Model:
Subscription Fee: $50/month per user (targeting agricultural cooperatives and farmers).

Potential Revenue: Estimated $20,000 annually with 400 active users.
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This approach balances scalability and cost-effectiveness, ensuring the project meets user
needs and achieves financial sustainability.

54 Complex Engineering Problem

This section addresses the complexities involved in the project, supported by mappings
to problem-solving categories, knowledge profiles, and engineering activities.

Farmers cultivating snake gourd face significant crop losses due to delayed or inaccurate
diagnosis of leaf diseases like Powdery Mildew and Anthracnose. While deep learning
models such as VGG19 achieve high accuracy, their implementation in real-time,
cost-effective systems for remote agricultural regions is challenging. Key issues include
computational limitations of edge devices, environmental variability (e.g., lighting, image
quality), and the need for user-friendly interfaces for non-technical farmers.

Proposed Solution

1. Model Optimization:

VGG19, though accurate, is computationally expensive. To adapt it for edge devices,
techniques like model pruning and quantization will be employed to reduce size and
processing requirements. Alternatively, MobileNetV2, a lightweight model, will be
fine-tuned for disease classification while balancing performance and efficiency.

2. Robust Data Preprocessing:

Environmental variability will be addressed through real-time image enhancement
techniques such as adaptive histogram equalization and lighting normalization. These
ensure consistent image quality for reliable predictions.

3. Real-Time System Design:

A portable, low-cost device, such as a Raspberry Pi or a mobile application, will house
the optimized model. The system will include offline capabilities for remote areas and
provide results in under two seconds.

4. User-Friendly Interface:

The system will feature an intuitive app interface, enabling farmers to capture leaf images
and receive immediate feedback. Visual aids and localized languages will enhance
accessibility.

5. Testing and Deployment:
Field tests under variable conditions will validate the solution's robustness. Accuracy

exceeding 90% and sub-2-second latency will ensure practical usability.

This solution automates disease detection for snake gourd cultivation, improving yield
and reducing losses, thereby addressing a critical agricultural challenge effectively.
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5.4.1 Complex Problem Solving

Table 5.4.1.1: Complex Problem Solving

EP Aspect Achieved (Yes/No)

EP1 Depth of Knowledge Yes

EP2 Conflicting Requirements Yes

EP3 Depth of Analysis Yes

EP4 Familiarity of Issues Yes

EP5 Applicable Codes Yes

EP6 Stakeholder Involvement NO(not applicable for this
project)

EP7 Interdependence NO(not applicable for this
project)

Mapping with Knowledge Profile for EP1

Table 5.4.1.2: Mapping with Knowledge Profile

Knowledge Mapping Rationale
Area
K3 Engineering Utilizes foundational concepts in
Fundamentals image processing and machine
learning.
K4 Specialist Leverages expertise in deep learning
Knowledge for disease classification.
K5 Engineering Design Develops a practical and
user-friendly tool for real-world
agricultural use.
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5.4.2 Engineering Activities
Table 5.4.1.3: Mapping with Engineering Activities
EA Mapping Rationale
EAl Range of Utilizes diverse datasets,
Resources computational tools, and field
expertise.
EA2 Level of Interaction Incorporates feedback from
agricultural stakeholders to refine the
system.
EA3 Innovation Employs cutting-edge Al models to
solve traditional agricultural
challenges.
EA4 Consequences for Enhances food security while
Society and promoting eco-friendly farming
Environment practices.
EA5 Familiarity Applies innovative solutions to
address well-known agricultural
issues effectively.
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Chapter 5. Engineering Standards and Design Challenges 5.5. Summary

5.5 Summary

This chapter provided an in-depth review of the engineering standards followed, analyzed
this chapter delved deeply into the engineering standards adopted for the project,
highlighting the importance of compliance with established protocols to ensure quality
and reliability. The discussion covered software, hardware, and communication
standards, presenting alternatives with their respective pros and cons, and justifying the
final selections. This rigorous adherence to standards underlines the commitment of the
project to deliver a robust and efficient system.

The chapter further explored the societal and environmental implications of the
automated disease detection system. The project democratizes access to advanced
agricultural technologies for smallholder farmers, reducing their dependency on external
expertise and improving their livelihoods. The optimization of pesticide usage by the
system minimizes harm to the environment, hence contributing to sustainable farming
and conservation of resources in the long run. Attention was also drawn to ethical
considerations that include, but are not limited to, equity in access to technology and
strict data protection protocols, which the project adheres to.

The chapter also discussed a number of complex engineering challenges by undertaking
detailed mappings with problem-solving categories, knowledge profiles, and engineering
activities. This study demonstrated how the project could marry advanced technological
solutions with real practical agricultural needs. Therefore, it opens up all possibilities for
transformative changes in agriculture while sustaining its sustainability, ethical integrity,
and technological excellenc
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Rationale

The project leverages high-quality image datasets,
high-end computational hardware, deep learning
frameworks, and agricultural knowledge. This
ensures a system that is holistic and can rise up to
the challenges of detecting diseases.

The interaction is high, involving farmers,
agricultural scientists, and the software
developers themselves. Thus, feedback from
stakeholders involves the friendliness of the
system and its applicability to existing needs.

It merges state-of-the-art deep learning models
such as VGG19, MobileNetV2, and ResNet50V2
with new preprocessing techniques such as
gamma correction and contrast stretching to offer
a pioneer method in the detection of diseases in
agriculture.

This helps in sustainable agriculture by
eliminating the overuse of chemicals due to
proper identification of a disease. It contributes
toward food security with minimal environmental
damage from farming.

EA Mapping
EAl Range of
Resources
EA2 Level of
Interaction
EA3 Innovation
EA4 Consequences for
Society and
Environment
EA5 Familiarity

While leveraging well-established Al
methodologies, the project applies these to
relatively unexplored domains, such as snake
gourd leaf disease detection, creating a bridge
between Al innovation and traditional agriculture

Table 5.3.1: Mapping With Complex Activities
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Chapter 6
Conclusion

This chapter summarizes the key findings of the study, discusses its limitations, and
outlines directions for future work to enhance the applicability and impact of the
proposed system.

6.1 Summary

The study successfully demonstrated the effectiveness of advanced deep learning models,
including VGG19, MobileNetV2, and ResNet50V2, for accurately detecting diseases in
snake gourd leaves. The most important contribution of this project was the development
of a robust preprocessing pipeline that significantly enhanced image quality using
advanced techniques like gamma correction and contrast stretching. This step of
preprocessing was very important to enhance the performance of the models, which
correctly classified common diseases like Powdery Mildew, Downy Mildew, Yellow, and
Anthracnose.

These deep learning models have proved very promising in disease classification,
demonstrating how they can solve reallife agricultural problems reliably. More
importantly, developing a robust and user-friendly system should be considered the next
huge step toward a farmer-based early disease diagnosis for practical reduction of crop
loss by optimizing pesticide usage, reducing environmental impact, and achieving
sustainable farming.

One of the key contributions of this study was a high-quality dataset of snake gourd leaf
images, which were curated to support model training and validation. This dataset will be
a useful resource for future research on plant disease detection, ensuring continuity in
innovation in this domain. The results of this study have shown the transformative
potential of Al in improving agricultural productivity and sustainability.

6.2 Limitation

Despite the promising results, the project had a number of limitations that point out areas
of improvement and future work.

The important limitation is the diversity of the dataset. Although extensive, the dataset
used primarily covered some geographical regions, which might not be representative of
global variations in snake gourd leaf diseases. This can seriously limit the generalization
capability of the system across diverse conditions and manifestations of diseases.
Therefore, increasing the dataset with images from a wider range of regions and
conditions will enhance the robustness of the model and widen its applicability.

Another challenge was the high computational resource requirement for training the deep
learning models. This may be difficult to access for resource-constrained users, especially
in rural or economically disadvantaged areas. This limitation could be addressed by
exploring lightweight models or cloud-based deployment, which would make the system
more accessible to a wide range of users.
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Finally, the performance of the system in real-time applications has not been tested under
dynamic field conditions. Factors affecting performance may include changes in light
intensity, leaf orientations, and environmental noise. This will require thorough
optimization through extensive field testing so that the system is usable and reliable in
practical farming applications. Overcoming these weaknesses will be paramount to
ensuring this system contributes maximally towards improved agricultural practices
worldwide.

6.3 Future Work

To address the identified limitations and enhance the project’s impact, several future
directions are proposed to ensure scalability, accessibility, and broader applicability.

One critical focus is dataset expansion. Collecting diverse image datasets from different
regions and environmental conditions will improve the model's ability to generalize and
accurately detect snake gourd leaf diseases across varied contexts. This step will address
the limitation of geographical specificity and increase the system's relevance to global
agricultural practices.

Optimization of computational models is another priority. Reducing the complexity of
deep learning models will make the system more accessible for deployment on
low-resource devices such as smartphones or embedded systems. This approach will
lower entry barriers, especially for small-scale farmers in resource-constrained regions.

Integrating Internet of Things (IoT) devices into the system represents a significant
opportunity. IoT devices can facilitate real-time data collection and processing, enabling
seamless field applications and enhancing the practicality of disease detection in dynamic
farming environments.

Extensive field testing is essential to validate the system's performance in real-world
scenarios. Trials under varying conditions will provide critical insights and allow for
further refinement of the technology.

Finally, extending the methodology to detect diseases in other crops will create a
universal framework for Al-powered agricultural solutions, promoting sustainable
farming practices globally. Addressing these areas ensures the project's lasting relevance
and impact.
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