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ABSTRACT

Wheat is a vital staple crop worldwide, yet its yield is frequently reduced by leaf
diseases that threaten food security. Traditional diagnosis through expert inspection
is costly, time-consuming, and often inaccessible to farmers, while existing deep
learning models, though effective, are computationally intensive and less practical
for deployment in real-world agricultural settings. To address this gap, this thesis
proposes WheatCNet, a lightweight convolutional neural network tailored for
efficient and accurate wheat disease detection. The model was trained and evaluated
on a dataset covering five classes—Black Point, Fusarium Foot Rot, Healthy Leaf,
Leaf Blight, and Wheat Blast—and benchmarked against several pretrained CNN
architectures, including VGG16, VGG19, DenseNet121, Xception, and MobileNetV2.
Although these models performed strongly, WheatCNet surpassed them, achieving
an overall accuracy of 99.80% with near-perfect precision, recall, and F1-scores across
all classes. Reliability was further confirmed through confusion matrices, accuracy—
loss curves, and ROC-AUC analysis, with WheatCNet achieving AUC values of 1.000
for every class. Interpretability was enhanced by integrating Gradient-weighted
Class Activation Mapping (Grad-CAM), which verified that predictions were based
on disease-specific regions. Combining high accuracy, efficiency, and explainability,
WheatCNet i1s suitable for deployment on resource-constrained devices, enabling
real-time field diagnosis. The study demonstrates WheatCNet’s potential as a
practical and sustainable solution for precision agriculture, capable of reducing
pesticide misuse, supporting farmers’ decision-making, and contributing to food
security.
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Chapter 1

Introduction

This chapter introduces the background and motivation for the study, identifies the
research problem, and outlines the objectives and scope of the proposed work. It also
presents the structure of the thesis.

1.1 Introduction

Triticum aestivum L. (wheat) is one of the widely grown cereal crops and is a staple
food crop of much of the entire world population. It has a huge contribution to world
food security as a significant source of calories, protein, and vital micronutrients
[1,2]. Nevertheless, the current problem is that wheat production is constantly put
at risk due to an extensive set of biotic and abiotic stresses, which lower the yield,
grain quality, and productivity in general [1]. Among the biotic stresses, diseases
like the leaf blight, Fusarium foot rot, wheat blast, black point, and powdery mildew,
have had specifically immense effects, leading to heavy financial losses and losing
nutrition value of wheat based food [17,24]. In areas where wheat is a food staple,
outbreaks of diseases, in addition to impacting the economy of the farmers, also pose
a big problem to food security and human health [2].

The conventional system of disease diagnosis and control regimes relies on the visual
observation of family members or farmers, in most instances corroborated by
laboratory tests. These methods are time-consuming, time-consuming and prone to
subjectivity, especially when undertaken by unprofessional people though useful in
limited settings [26]. In addition, the services of specialists and laboratories are
unavailable and unaffordable in the majority of the rural farming families where the
diagnosis is the most needed. The points create the necessity of automated, fast, and
accurate disease detection methods that can be offered to farmers in different

environmental conditions..

With the development of artificial intelligence (AI) and deep learning in particular,
continual progress in the domain of crop disease recognition automation has become
achievable. Convolutional neural networks (CNNs) and transfer 1 As a result of the
emergence of artificial intelligence (AI) and deep learning, in particular, it is now
possible to constantly advance the sphere of crop disease recognition automation.
They have currently become the most prevalent methods of addressing the issue of
plant and wheat disease classification using convolutional neural networks (CNNs),
which have demonstrated over and over again to be more efficient than conventional
machine-learning algorithms [14,18,22]. earning have become the most common
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solutions to the problem of plant and wheat disease classification, and they have
repeatedly shown to be more effective compared to traditional machine-learning
algorithms [14,18,22]. Some studies have utilized CNN architectures with success
in the detection of wheat diseases on leaf and spike images with high levels of
classification accuracy in controlled experimental settings [3,16,21]. Transfer
learning has also allowed researchers to train their models successfully on small or
unbalanced datasets, thus minimizing the computational cost and training
complexity, yet preserving accuracy [21,23,26].

Recent studies have examined lightweight and mobile-friendly architectures to
overcome the computational requirements related to the deployment of deep
learning in field-deployable scenarios of agriculture. Other models like lightweight
multiscale CNNs [5,6,16], mobile-optimized CNNs [4], and continual learning
models [19] can be seen as important progress towards resource-efficient models that
can be implemented on a smartphone or an embedded edge device. Such strategies
are essential to ensure that the farmers in the rural areas with limited access to
high-performance hardware and stable Internet connectivity can use disease
detection tools. However, even with these advances, there remain trade-offs between
computational efficiency and accuracy of classification and most of the current
models remain unvalidated at large-scale field conditions [22,25].

Simultaneously, the interpretability of deep learning has become a burning concern.
Conventional CNN-based systems have been traditionally considered as black boxes,
which cannot be easily explained by users on the grounds of prediction [26]. In
response to this, explainable AI (XAI) methods, such as Gradient-weighted Class
Activation Mapping (Grad-CAM), have been incorporated into disease detection
models to identify the particular parts of the image that are used to make
classification decisions [8,10,27]. These methods of explainability add to
transparency and user trust, especially in cases of agricultural practitioners who
demand trust in automated systems [12,13,28]. Still, the vast majority of XAI
implementations are restricted to visual heatmaps, which, although informative to
researchers, are not easily accessible or usable by the farmers without technical
knowledge.

In spite of such improvements, gaps in research are still significant. Most existing
systems tend to be limited by a lack of diversity and imbalance in the datasets,
limiting their generalizability between regions and environments [23,24,26]. They
are also not flexible to new or uncommon diseases, and few works have tried to learn
continuously [19]. Furthermore, classification accuracy is the priority in most of the
available studies, which does not proceed to practical recommendations and
connection with decision support systems, creating a gap between diagnosis and
practical disease management [20,30]. Lastly, although there are methods that have
investigated real-time and mobile deployment [4,29], there are few methods that
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have been thoroughly tested and validated in a real-world field environment [22,25].

To overcome these drawbacks, this thesis suggests WheatCNet, a small-sized
convolutional neural network that is specifically developed to detect wheat diseases
with high accuracy, efficiency, and explainability. WheatCNet is designed to reach
near state-of-the-art classification performance, but with low computational
complexity, that it can be deployed on smartphones and edge devices. Moreover, the
use of Grad-CAM makes the model interpretable as it visually highlights disease-
specific features to input images and thus improves transparency and farmer trust.
In contrast with the current models, WheatCNet is designed as a field-ready,
scalable, and user-friendly solution that fills the knowledge gap between technical
accuracy and practice in agricultural settings.

1.2 Motivation

The reasoning behind the study is based on the increased concern of more efficient,
scalable and accessible solutions to control wheat diseases that pose a great
challenge to the global food security. Being among the most popular staple crops,
wheat is a major factor in the survival of billions of the world population.
Nevertheless, diseases like Black Point, Fusarium Foot Rot, Leaf Blight and Wheat
Blast can spread very fast and cause devastating losses in yield, quality and market
value. The increased pressure on the agricultural system produced by the growing
global population and the need to meet the rising demands with only a limited
number of resources increases the importance of the overall efficient management

of crop diseases.

The conventional disease detection and management methods though effective in
some ways have a number of limitations. The main technique applied in most
agricultural systems, manual inspection, is subjective, time-consuming, and relies
on the availability of experts. This leads to late diagnosis and improper intervention,
which allows diseases to get out of control and cause massive damage to crops.
Moreover, these techniques are frequently not available to farmers in isolated
locations where resources are scarce and where expertise is minimal. The occurrence
of climate changes and the introduction of new varieties of wheat have worsened the
situation because they changed the behavior of the pathogens and made the
management of the diseases more complicated.

Artificial intelligence (AI) and deep learning (DL) are the solutions that can be
utilized to overcome the mentioned obstacles to automate the disease detection.
CNNs especially have demonstrated impressive performance in plant disease
classification, using image information, with greater accuracy than conventional
machine learning methods. Nevertheless, the models of Al are generally trained
using laboratory data, which fail to reflect the field conditions variability. To be of
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any real use in a practical application, a disease detection system should be capable
of operating with noisy, variable field data--which many of the existing models are
not capable of doing effectively.

The key to addressing barriers to access is the development of lightweight deep
learning models that can be executed on low-resource devices, including
smartphones or edge computing devices. This would enable farmers to monitor
diseases directly on the ground, without incurring the high costs of hardware or
consistent internet access. Based on the application of deep learning models such as
CNNs and the use of explainable Al (XAI) algorithms, including GradCAM, this
study will offer farmers an easy, effective and consistent diagnostic device. The
model has to be interpreted in such a manner that helps in creating user trust and
provides practical information on how to manage the disease.

Lastly, this research should contribute to sustainable farming practices by offering
a tool that will help to eliminate losses of crops, decrease the use of pesticides, and
increase the level of productivity in general. This work will fill a missing but
extensive gap in the market of agricultural technology, and it will probably directly
impact how wheat is produced, in particular, in resource-poor areas.

1.3 Objectives

The main goal of the current investigation is the creation of a high-quality and
computationally efficient deep-learning model to identify diseases of wheat that
can be interpreted. The framework should show strong performance in real field
images of wheat foliage thus showing its ability to generalise to the
environmental conditions that practising agronomists face. The investigation is
organized in accordance with the following specific aims:

1. Data Acquisition and Preprocessing: The research will combine and preprocess a
large and diverse dataset of wheat leaf images collected in the actual field
conditions, including five different phenotypes of disease, and will use data
augmentation methodology to enhance the generalisation capabilities of the
model..

2. Model Development and Training: To design and develop a lightweight
convolutional neural network (WheatCNet) capable of efficiently classifying
wheat diseases, and to compare its performance with pretrained CNN models
like VGG16, VGG19, DenseNet121, Xception, and MobileNetV2.

3. Model Evaluation and Benchmarking: To evaluate the performance of the
proposed WheatCNet model and pretrained models using accuracy, precision,
recall, F1-score, and confusion matrices, with a focus on real-world applicability
in resource-constrained environments.

4. Explainability and Deployment: To integrate explainable AI (XAI) methods such
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as GradCAM into the model for enhanced interpretability, and to deploy the
trained model in a user-friendly, mobile-optimized web application for real-time
disease diagnosis and management recommendations.

1.4 Methodology

The methodology used in the current study is aimed at making sure that the deep
learning-based wheat disease detection system that will be created is effective, as
well as, valid, scalable and applicable in the real-life agricultural environment. The
research has a systematic, chronological order in overcoming the issues of disease
detection in changing field conditions, and the methodology is divided into the
following stages:

1. Data Collection: The methodology starts with attaining the real specimens of
wheat leaves in fields with different environmental conditions. The photographic
documentation is done with a normal digital camera to mimic the situations that
the practitioners will go through on the field. These images cover five different
types of leaf pathology namely Black Point, Fusarium Foot Rot, Leaf Blight,
Wheat Blast, and healthy foliage. The sample is created in a way that it covers a
large range of illumination conditions, leaf positions, and occlusions that can
arise because of additional plant structures, and therefore, intra-class variation
is large. This data-collection procedure is critical, because it guarantees that the
trained model is subjected to the imagery which is true to the complexities that

are present in the real agricultural environment..

2. Data Preprocessing and Augmentation: Once the image set has been obtained, a
sequence of preprocessing functions is implemented. This will be done by resizing
all the images to a common size, hence being consistent when training the model.
Afterwards, pixel values are normalized in such a way that they become scaled
which simplifies the work of the neural network. In order to maintain the
integrity of the dataset, low quality images or duplicate records are removed.
Then the methods of data augmentation are used to increase the capacity of the
model to generalize to new inputs; data augmentation methods include rotation,
horizontal and vertical flipping, zooming, and adjusting brightness which
artificially increases the range of the dataset and provides variability. The
mitigation of overfitting by the augmentation process is that, by simulating a set
of realistic acquisition conditions - variability of camera angle, illumination, and
other environmental parameters - the model is equipped with a tolerance to the
natural heterogeneity in field-captured imagery.

3. Model Design and Training: The second step involves creation and
implementation of the deep learning model WheatCNet, which is a lightweight
convolutional neural network that has been designed to complete the task of

©Ddffodil International University 5



classifying diseases and at the same time be computationally efficient.
WheatCNet has been designed to be deployed using edge and mobile devices and
has been optimized to ensure the effective inference of low-power devices without
sacrificing the quality of classification. Further, the wheat disease dataset has
been fine-tuned on five pre-trained convolutional neural network models to set
the performance benchmarks, namely: VGG16, VGG19, MobileNetV2,
DenseNet121 and Xception. Transfer learning is used to take advantage of the
pre-trained weights of these models, hence, sparing on training time and
increasing model performance on relatively small datasets.

4. Model Evaluation and Performance Metrics: After the training stages, the
models are evaluated based on a set of performance metrics, such as accuracy,
precision, recall, F1 -score, and confusion matrices. These measures, in total, give
a very good evaluation of how the models perform in the sense of their overall
accuracy, and how well they classify each disease type. Also, inference latency
and model dimensionality are measured to determine the deployability of
resource-constrained devices. The models are then subjected to different
validation and test data to confirm strong extrapolation of unseen data.

5. Explainable AI (XAI) and GradCAM Integration: The system also includes
GradCAM (Gradient-weighted Class Activation Mapping) which helps to
improve interpretability and credibility of the model. GradCAM is a technique
used to generate heatmaps, which visually show which information in the input
image the model depends on the most. This enables farmers and agricultural
professionals to know which sections of the wheat leaf are infected by the disease,
making the system more useful and offering clarity to the predictions.

6. Deployment and User Interface: The last phase is the implementation of trained
model on a developed web application with the Streamlit. It is an interactive web
interface that enables the user to send pictures of wheat leaves and get a real-
time prediction of what the disease is. The application is developed in a manner
that is easy to use so that even people with limited technical expertise can gain
access to the system. The web based implementation makes the system accessible
even to the farmers in remote areas because the system does not need to use a
high end hardware or have a continuous internet access.

1.5 Project Outcome

The successful result of this study is a properly developed and applied deep learning-
based system of wheat disease detection that satisfies the research objectives of
accuracy, efficiency, and interpretability. The main contribution of the given work is
the development and implementation of a lightweight CNN model WheatCNet that
has reached an accuracy of 99.5% in wheat disease classification, much higher than
the baseline pre-trained models (VGG16, VGG19, MobileNetV2, DenseNet121, and
Xception) which have attained around 96% accuracy on the same data set. This
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accuracy is essential in the ability to ensure that the system could be utilized with

high confidence in the real world agricultural setting where the timely identification

of wheat diseases 1s paramount in reducing instances of crop loss as well as the

quality of the market.

1.

Computational Efficiency: The lightweight of the WheatCNet model is one of the
strongest outcomes, making the model run on the low-resource computing
platform such as smartphones and Raspberry Pie. It is particularly important to
farmers in some isolated locations who may not have access to premium
computing devices or even access to the internet. The system can facilitate
farmers to make real-time and informed decisions on how to manage crops by
optimizing the model to implement the edges in real time to provide a range of
the disease classification in the field.

Real-World Application: Unlike in most of the previous papers, which are guided
by the lab-generated datasets, the study seeks to train the model on the field-
collected images, which reflects the setting in which the farmers work daily. This
is to ensure that the model is strong enough to accommodate variations in
lighting, quality of background and image that usually occurs in agriculture

environments.

Explainability: Among the important features of the system design, there is the
consideration of explainable Al (XAI) techniques, i.e. GradCAM. The approach
will show visual heatmaps, which point to the most powerful areas of the picture
of a wheat leaf in the pattern of the decision made by the model. This type of
interpretability is necessary to enhance trust in the model predictions and enable
the farmers to interpret the diagnosis and act. Providing clear information on the
localization of disease on the leaf, GradCAM builds trust in Al-based decision-
making solutions, particularly in agricultural settings where human decision-
makers tend to be engaged in assessing the diagnosis.

User-Friendly Web Application: The trained disease detection model has been
deployed through a streamlit-based web application whereby an interactive and
user-friendly interface has been created. The application helps the user to upload
pictures of wheat leaves and the model processes these images to give real-time
results to the user on the presence and type of the disease. Its ease of use and
technical simplicity make the web app easy to use even by customers with little
technical skills, expanding its possible user base and enabling its use in rural
agriculture communities.

Scalability and Future Work: This research is about the detection of wheat
disease, but the methodology designed is scalable and flexible. The framework is
generalizable to other crops and types of disease by retraining the model on new
datasets and the system will become a useful tool in detecting multi-crop diseases
in the future. Further, the future work can include multispectral or
hyperspectral imaging as an integrated aspect of the work to have more
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sophisticated disease detection capabilities of the model, and therefore enhance
the capability of the model in identifying the disease that are not visible in
normal RGB images.

In summary, the project has been able to produce a high-precision, lightweight, and
interpretable wheat disease detection system, which can be implemented in the real-
world agricultural setting. This study presents a scaled and viable solution to
improve disease management and promote sustainable worldwide agricultural
practices by integrating deep learning with explainability and mobile-friendly
implementation.

1.6 Organization of the Report

In this thesis, six chapters are arranged, each with a clear structure covering the
various phases of the research process, starting with the definition of the problem
and ending with the ultimate results and future projections.

1. Chapter 1 - Introduction: The introduction chapter provides the background and
problem statement of the research and the motivation behind the research. It
determines the main goals and gives a brief description of the methodology and
research findings. This chapter is meant to prove the importance of the study in
the greater framework of wheat disease detection and agricultural sustainability.

2. Chapter 2 - Background and Literature Review: This chapter focuses on a
literature review of the current research on the application of deep learning to
agriculture, and specifically to plant disease detection. It explains the numerous
deep learning methods used in related studies, the difficulty of practical disease
detection and the research gaps the study aims to fill. The chapter goes further
to discuss the creation of disease detection models in other crops and the
importance of lightweight and explainable models in agriculture environment.

3. Chapter 3 - Research Methodology: The research methodology used in this study
is elaborated in chapter 3. It also describes the data collection procedural outline,
how images of wheat leaves were taken in the field and processed. The chapter
provides an elaboration of the model development process as well; how the
lightweight CNN model (WheatCNet) was designed, and how GradCAM was
implemented to provide explainability. It also outlines the training and
evaluation processes applied to evaluate the performance of the model, the
performance metrics (accuracy, precision, recall, Fl-score) and deployment

considerations.

4. Chapter 4 - Implementation and Results: In this chapter, the implementation of
the wheat disease detection system means will be supplied as well as the results
of the model training and evaluation. It provides detailed account of the
experimental design, training, and the output of the different models, and the
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comparison of WheatCNet and the already trained models (VGG16,
MobileNetV2, DenseNet121, Xception). Also present in the chapter are graphic
representations of model predictions, such as confusion matrices and GradCAM
heatmaps to show how the model arrives at decisions.

Chapter 5 - Engineering Standards and Design Challenges: Chapter 5 discusses
the engineering principles that are followed throughout the project, and the
technical concerns that were experienced during the model development and
deployment. It also brushes over the ethical issues of the Al implementation to
the agricultural business like information privacy and the AI model
transparency. In the chapter, the implications of the study on the society are
evaluated, that is, its ability to increase food security and productivity on
farmers.

Chapter 6 — Conclusion: The concluding chapter is the summary of the main
findings of the research and its reflection on how far the research objectives have
been met. It further addresses the weakness of the work, especially in regard to
the size of the dataset and the extrapolation of the model to other diseases of
crops. The chapter ends by suggesting possible future research, such as extension
of the model to treat other wheat diseases, integration of multispectral imaging
to detect the disease more effectively and the creation of a mobile application to
make it readily available.
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Chapter 2

Background

This chapter reviews existing research on wheat disease detection and related deep
learning approaches. It highlights the strengths and limitations of previous
methods, providing the foundation for developing the proposed WheatCNet model.

2.1 Introduction

Various studies have found deep learning and computer vision to be highly efficient
in the research of advanced technologies to detect crop disease due to the growing
need of sustainable farming and food security in the world. As one of the most
significant staple crops in the world, wheat is one of the crops that are very
susceptible to various diseases that greatly undermine the yield and quality thus
posing a threat to both the economy and food supply. Manual field inspection or
laboratory-based methods of disease diagnosis are usually tedious, subjective, and
not practical in large-scale surveillance. Recent advances in convolutional neural
networks (CNNs) and transfer learning have also allowed automated systems to
reach impressive accuracy in detecting plant disease, including wheat-specific
infections, using image data [14,18]. Computational efficiency and generalization
have been further enhanced by lightweight CNN networks and data augmentation
policies, rendering disease detection in real-time and on mobile devices more and
more possible [5,6]. Moreover, the integration of explainable artificial intelligence
(XAI) methods, including Grad-Cam, has contributed to the interpretability of deep
learning models, disclosing the areas of input images that affect predictions,
thereby developing more trust with the user [8,10]. But even with these
developments, there remain major issues, such as the lack of diversity in the
datasets, inadequate performance in complex field environments, lack of it offline
to use in rural settings, and lack of actionable decision-support integration. The
chapter thus gives a critical analysis of the research on this area that has been
introduced so far, its strengths and limitations, a comparison of other similar
applications and the gaps that inspire the creation of the WheatCNet, a lightweight,
explainable and field ready, deep learning (DL) model in the wheat disease
detection area.

2.2 Literature Review

Deep learning has become one of the game changers in the agricultural disease
detection, as it has brought about the capacity that is way beyond the traditional
manual method of detection. In the initial studies like Hossain et al. [1], people
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noted that CNN-based algorithms were feasible in identifying wheat diseases at
high accuracy on normal data. This provided the base of subsequent efforts that
developed architectures, explored data augmentation policies, and emphasized
practitioner deployment concerns. Subsequent to this first contribution, Feng et al.
[7] came up with lightweight CNN models that can be deployed to mobile devices,
which will enable them to detect diseases in the field in real-time. In their outputs,
they noted that there should be a balance between models and accuracy and
computational efficiency and they are therefore suitable to farmers who have
limited resources.

At a same time approach of using transfer learning became trendy as an effective
way to overcome the small scale of agricultural data. Similar paper such as Nigar
et al. [8] and Khalid and Karan [9] utilized already trained CNNs, and refined them
with wheat specific data, to yield more accurate but with reduced training density.
These techniques did not only expedite the model, but also were found to be resilient
using the small-scale data. In a similar manner Rashid et al. [10] introduced the
same concept by incorporating the hybrid CNN and transfer learning to web-based
systems, which are more user-friendly and may be applied to other systems outside
the laboratory. Such techniques were further generalized by introducing data
augmentation techniques, as discussed by Kusuma and Rajkumar [11] and
Alpasalaz et al. [12], who found that augmentation techniques of both synthetic
data generation and augmentation approach significantly improved the
generalization of the models to variable field conditions.

Recent contributions have generally fallen towards the issue of model
interpretability and field applicability. As an example, Karthik et al. [13]
incorporated Grad-CAM in CNN models, and it provides graphical model
interpretations of the classification outputs. This shift towards explainable Al was
an answer to one of the most significant flaws of the previous models (black-box) in
order to become more transparent and trusted by the end users such as farmers
and agronomists. In addition, solutions based on clouds and edges have also been
investigated to increase scalability and accessibility. Studies such as Kumar and
Kukreja [26] and Verma et al. [27] examined cloud-based CNN systems to detect
wheat disease that produced great classification and were able to handle big data
sets at the cost of the internet connection. Conversely, the edge-optimal
implementations proposed in Gonzalez-Briones et al. [28] and Mustofa et al. [29]
were more offline-oriented, being capable of detecting disease in real-time even on
low-power computing machines such as Raspberry Pi and smartphones. These
articles emphasized the importance of the latency cutoff and optimization of
resources to rural deployment.

Finally, the recent developments have incorporated the disease detection and
decision-support capabilities. In a case in point, Paul et al. [30] developed an Als-
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based system that, besides predicting disease in wheat, provided realistic

management recommendations bridging the gap between prediction and

intervention. This development highlights the increasing popularity of utilizing

both CNN-based diagnosis and farmer-specific decision support systems, and

eventually, enable both tools to be more viable in the field. Altogether, the analyzed

papers emphasize the developments in CNN-based wheat disease classification,

including the early accuracy-based research and light, explainable, and field-

deployable systems. Nevertheless, they also point at unresolved gaps concerning
the diversity of the datasets, their ability to be used offline, and their ability to be
interpreted by end users, which are the subject of this work.

Table 2.1: Summary of Literature Reviewed.

Author (s) | Focus / Methodology / | Key Findings Limitation(s)
Contribution | Model
Hossain et | Wheat CNN Demonstrated Limited dataset;
al. [1] disease feasibility of CNN- not optimized for
detection based wheat disease | field
detection with high deployment.
accuracy.
Feng et al.| Lightweight | Isotropic CNN| Achieved efficient Accuracy
[7] CNN for disease detection with| slightly  lower
plant reduced than deeper
diseases computational CNNs.
complexity.
Nigar et | Explainable | DL + XAI Improved Still
al. [8] Al for plant interpretability using | computationally
disease saliency maps; intensive for low-
classification enhanced resource devices.
classification.
Khalid & | General Review Identified CNN and | Lacks  specific
Karan [9] | survey of DL TL as dominant implementation
in plant approaches; stressed | ., empirical
disease scalability challenges. | {.1idation.
detection
Rashid et | Interpretable | Ensemble Delivered improved Requires large-
al. [10] disease CNN + XAI accuracy and user scale
detection trust; provided computational
interpretable outputs. | resources.
Kusuma &| Review of AI | Systematic Covered Al Limited  wheat-
Rajkumar | in plant leaf | review approaches across specific coverage.
[11] disease multiple crops;
detection emphasized DL
advances.
Alpasalaz | Maize disease| DL + Grad- Applied explainability| Focused on maize;
et al. [12] | detection CAM to maize leaf not directly]
with XAI classification; transferable  to
demonstrated wheat.
improved trust.
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Karthik et | Explainable | Transformer +| Combined Domain-specific;
al. [13] DL for bean | custom CNN | transformers with high
leaf diseases CNN; integrated computational
explainability. demand.
Kumar & | Systematic Review Provided No
Kukreja review of comprehensive survey| implementation
[26] wheat disease of DL methods for or new
classification wheat disease framework.
detection.
Verma et | Transfer TL + XAI Analyzed loss Evaluated limited
al. [27] learning & functions and XAI number of models.
XAI integration; improved
evaluation interpretability.
Gonzalez- | Advanced Modern CNNs| Enhanced accuracy Higher model
Briones et | CNN and interpretability; | complexity limits
al. [28] architectures field relevance mobile
for plant discussed. deployment.
diseases
Mustofa et| Lightweight | Ensemble Optimized Not applied to
al. [29] ensemble CNN classification with wheat;  dataset-
with XAI reduced resource use; | specific.
(soursop) interpretable outputs.
Paul et al. | Potato Comparative | Compared DL Crop-specific; not
[30] disease DL study techniques; wheat-focused.
detection emphasized
using XAI explainability.

2.2.1 Similar Applications

There is a significant amount of literature on convolutional neural networks and
deep learning methods in the detection of wheat disease. The applicability of CNNs
in wheat disease classification was demonstrated to be viable in initial experiments
such as those of Hossen et al. [14] with high accuracy, though with weaknesses in
generalization to field-acquired images. Based on this foundation, several works
were also conducted on ways of improving robustness and efficiency. Cheng et al.
[3] donated position information to formulate the models they chose, and thus they
could better localize the disease features, whereas Jouini et al. [4] proposed a slim
shallow CNN with optimized features extraction, which did not negatively impact
their computational complexity or their accuracy dramatically.

The newcomers are concerned with the lightweight and scalable solutions that can
be implemented in reality. Xie et al. proposed MFFSNet [5], a multi-scale shuffle
CNN that traded-off between performance and computational cost, particularly
where the field involved is usually complicated. Similarly, Wen et al. [6] designed a
lightweight CNN capable of handling the presence of hard backgrounds, which is
more relevant to the practical applications, in which leaf images are characterized
by noise or cover other objects. The relevance of lightweight architectures was
reassessed again as Fang et al. [16] proposed a multiscale CNN, which obtained
accuracy without maximizing model size, which was an example of the shift to
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mobile- and edge-friendly architectures.

In line with these developments, scientists have also investigated complex
architectures and learning plans. Goyal et al. [17] contributed to the improvements
of the traditional CNNs by creating more specialized convolutional networks, which
were capable of handling both the symptoms of the leaf and spike diseases and
Ashraf et al. [18] expanded the abilities of predictive CNNs by predicting the
presence of the disease, shifting the Al diagnostic task to prediction. The article of
Alharbi et al. [19] employed continuous learning techniques to classify wheat
diseases, addressing the challenges of model degradation with new information,
which is a major step towards sustainable long-term implementation.

There has also been the focus on explainable Al integration. Qushtom et al. [20]
enhanced the detection of wheat disease on the basis of deep learning and
explainability features, which ensured that the judgments of a model were
comprehensible and could be justified by end-users. Transfer learning methods
such as those in Nigam et al. [21] also enhanced the performance as it used pre-
trained models and reduced the utilization of extensive labeled datasets. Finally,
Jiang et al. [22] provided a quantitative comparison of CNN-structures and training
procedures with field-acquired photographs, which proved the trade-offs between
accuracy and resilience in un-controlled situations.

Taken together, these works show how the wheat disease detection systems are
developed, starting with accuracy-focused CNN baselines, to lightweight, strong,
and explainable models that can be applied in practice. In this thesis, they
emphasise the most important themes of scalability, adaptability, and transparency
as the guiding principles of WheatCNet development.

Table 2.2: Summary of Similar Applications.

Author (s) | Focus / Methodology | Key Findings Limitation(s)
Contribution | / Model
Cheng et | Position- CNN with Improved Increased model
al. [3] aware wheat | position info | localization of complexity.
disease disease features.
detection
Jouini et | Lightweight | Refined Reduced Slight drop in
al. [4] shallow CNN| feature computation with accuracy vs.
extraction competitive deeper CNNSs.
accuracy.
Xie et al. | Multi-scale | Lightweight | High accuracy in Requires fine-
(5] Shuffle CNN | CNN complex contexts tuning for
(MFFSNet) with efficiency. generalization.
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Wen et al. | Lightweight | CNN Robust to noise and | Accuracy lower in
(6] CNN for occlusion; field- severe background
complex suitable. clutter.

backgrounds

Hossen et | Wheat CNN Demonstrated CNN | Generalization

al. [14] disease feasibility for wheat. | limited on field
classification images.

Fang et al.| Multiscale CNN with Balanced accuracy Needs validation

[16] CNN for multiscale with reduced model | in real-time
wheat layers size. deployment.

Goyal et Leaf and Deep CNN Effective for leaf + Higher

al. [17] spike disease spike diseases. computational
detection demand.

Ashraf et | Wheat CNN Extended Al use to Dataset

al. [18] disease disease forecasting. | constraints
prediction limited

generalization.

Alharbi et | Continual Continual DL| Maintained Requires complex

al. [19] learning in performance with update strategies.
wheat new data.

Qushtom | DL with CNN + XAI | Improved Slightly higher

et al. [20] | Explainable interpretability and | resource cost.
Al trust.

Nigam et | Transfer Pretrained Improved Dependent on pre-

al. [21] learning in | CNN performance on trained  feature
wheat small datasets. relevance.

Jiang et Field-photo | Multiple Evaluated Accuracy  varied

al. [22] benchmarkin| CNNs robustness under with uncontrolled
g real conditions. noise.

2.3 Gap Analysis

Although the use of deep learning and explainable Al to detect plant and wheat

diseases is rapidly evolving, a number of research gaps are still critical. Numerous

studies have been carried out to enhance accuracy with controlled datasets but fail

to achieve scalability, strength, interpretability, and application within real-world

agricultural environments.

1. Real-Time and Field Robustness: CNN-based methods, including Cheng et al.
[3], Hossen et al. [14], Fang et al. [16], Goyal et al. [17], Ashraf et al. [18], and
Jiang et al. [22], have been shown to be highly accurate in their classification,

but they were all trained and tested on curated datasets that do not reflect the

full variability of field-acquired images. The differences in lighting, background,
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occlusions, and disease progression phases lower the reliability of the models
when used in non-controlled settings.

2. Lightweight Deployment: A number of works Jouini et al. [4], Xie et al. [5], Wen
et al. [6], Feng et al. [7], Fang et al. [16], and Mustofa et al. [29] tried to
implement lightweight architectures applicable to mobile or edge devices. But
these models are often trade-off between efficiency and accuracy and as the
computational complexity of the algorithm is reduced, the performance of the
algorithm can exhibit small but non-trivial trade-offs. The issue of high accuracy
in lightweight frameworks is still open.

3. Explainability: The concept of explainable AI has been incorporated in plant
disease detection relatively recently. Other methods like Grad-CAM or other
saliency methods were investigated in studies such as Nigar et al. [8], Rashid et
al. [10], Alpasalaz et al. [12], Karthik et al. [13], Qushtom et al. [20], Verma et
al. [27], Gonzalez-Briones et al. [28], Mustofa et al. [29] and Paul et al. [30].
Although they enhance transparency, they only explain the data in visual form
of heat maps that cannot be easily understood by farmers or other agricultural
practitioners with little technical skills.

4. Adaptability and Continual Learning: The current systems are typically fixed-
point trained, having been trained on a fixed set of diseases. Whereas Alharbi
et al. [19] investigated continuous learning to classify wheat diseases, further
generalizability to new or novel diseases and multi-crop settings 1is
understudied, which constrained the scalability of existing solutions

5. Decision Support and Actionability: Most wheat disease detection models, such
as Hossen et al. [14], Goyal et al. [17], Ashraf et al. [18], Nigam et al. [21], and
Jiang et al. [22] are largely limited to classification accuracy, and not to
actionable disease management support. Despite the fact that some works
Qushtom et al. [20], Nagpal et al. [25], Paul et al. [30] have started to bridge this
gap the integration of decision support comprehensively is still lacking.

6. Dataset Limitations: The small or imbalanced datasets in agriculture have been
noted to be a problem in many studies Hossain et al. [1], Jiang et al. [22], Raja
& Nargunam [23], Li et al. [24], Kumar & Kukreja [26]. Although the
augmentation and transfer learning methods have been used to reduce this
problem, datasets are not diverse enough to guarantee generalization to new
regions and field conditions.

7. Field-Level Validation and Scalability: Few studies like that of Jiang et al. [22]
and Nagpal et al. [25] have implemented their models to field data on a large
and real-world scale. Most of these tests are confined to laboratory settings and
this questions the applicability and practicability of these systems into large-
scale agricultural usage..
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Table 2.3: Summary of Gaps.

Proposed
System

Features

Real-time disease
detection

Mobile platform
deployment

Offline operation
Model explainability
(e.g., GradCAM)
Lightweight model
for edge devices
Actionable disease
management advice
Integration with
decision support
systems

2.4 Summary

The given chapter is a detailed review of the literature that exists on the subject of
plant and wheat disease detection in which the paramount significance of deep
learning and explainable artificial intelligence are highlighted. According to the
questionnaire, convolutional neural networks, transfer learning, and lightweight
architectures have considerably enhanced the accuracy in the disease classification
performance, but explainable Al techniques have experienced an intermediate
impact on interpretability.

The conducted studies with the specific aim of wheat disease identification also
demonstrate the versatility of CNN-based models in practice, yet, at the same time,
they suggest that there are still some problems with the diversity of the dataset, its
use, and the accuracy-efficiency trade-off.

Overall, the review indicates that even though some studies have positive outcomes,
there are major limitations to their applicability to real-world settings, particularly,
the processes of mobile implementation, offline capabilities, explainability, and
integration with decision-support systems, the following chapter will describe how
the proposed WheatCNet model was created.
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Chapter 3
Research Methodology

This chapter explains the dataset, the preprocessing methods, and pretrained CNN
models design, as well as the design of the proposed architecture called WheatCNet.
It also describes the training process, measures of evaluation and the general setup
of the experiment..

3.1 Methodology
3.1.1 Overview

The primary objective of this project is to create a full-fledged operational deep-
learning-based system of wheat disease detection that could be applied to the actual
environment of an agricultural field. The system is built to allow the farmers to be
able to have diagnostic potential on wheat disease in real-time using field-acquired
imagery. It uses deep-learning models to classify wheat diseases, and in the process,
it enables operational decision-making related to the management of the disease.

The methodology embraces several basic steps, which include data preprocessing
and improvement to enhance model validity. Various convolutional neural network
(CNN) models are then trained and tested including VGG16, VGG19, DenseNet121,
Xception, and MobileNetV2. WheatCNet, a new, lightweight CNN based model is
introduced to address the problem of wheat disease classification and be able to fit
into the compute capability of mobile and edge devices. In addition, Explainable Al
(XAI) techniques have been applied, specifically Grad-CAM, to promote model
transparency and make it more trustworthy to users.

The resulting system presents as a web application that provides a user-friendly
interface through which farmers and agronomists can upload images of wheat
leaves, receive disease classification, and advice on disease management. This tool
will increase the practical use of deep learning models in agriculture, especially in
rural areas where computing resources are scarce.

3.1.2 Proposed Methodology

The approach that will be described here aims at dealing with the real-time
identification of wheat diseases, especially in the resource-limited context. It
integrates the latest deep-learning architectures, data enhancing mechanisms, and
Explainable Al systems to achieve a transparent, accurate, and accessible wheat-
disease classification method.
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1. Data Acquisition and Preprocessing: The first step in the methodology is the
collection of field-acquired images of wheat leaves. These images are captured
under various environmental conditions, ensuring that the dataset reflects the
variability encountered in real-world agricultural fields. The collected images
undergo preprocessing, which includes:

e Adjust the photos to a standard size, and there must be internal consistency.
e Label the pictures by disease type: Black Point, Fusarium Foot Rot, Leaf
Blight, Wheat Blast and healthy leaves.

2. Data Augmentation: To counter the problem of insufficient amount of data and
to increase the generalization capacity of the model, the data augmentation
methods are used to artificially increase the variety of the data set. The
augmentation methodologies used are:

e Rotation: To take into consideration varying leaf positions.

e Zoom in/Zoom out: To model different degrees of proximity to the plant.

e Cropping: To highlight the part of the image that is relevant and remove
the irrelevant background.

e Blur: To model the varying image quality due to real field conditions.

e Scaling: To vary image size and approximate variable distances of the
plant.

These methods of augmentation make the model learn to adjust to changes in
environmental conditions hence strengthening it when it comes out to the field.

3. Model Architecture and Training: The training stage will involve designing and
testing of multiple deep learning models. Such models are considered:

e Pre-trained Models: Transfer learning is performed on models VGG16,
VGG19, DenseNet121, Xception and MobileNetV2. These models are
trained on the wheat disease data and the pre-trained weights used to
reduce the time and also enhance the accuracy more so with smaller
datasets.

e Proposed Model (WheatCNet): WheatCNet is a specially designed and
lightweight CNN model that is specialized to identify disease in wheat.
The architecture places edge deployment at the center to allow it to run
on mobile or low-end computing platforms without a diminishing
performance.

Model performance is verified in the training using loss functions and metrics
such as the accuracy, preciseness, recall, and F 1 -score. The model is Cross-
validated to facilitate generalisation in unexplored data.

4. Explainable AI (XAI) with GradCAM: The research incorporates the
explainability (XAI) methodologies, in the form of GradCAM (Gradient-weighted
Class Activation Mapping), to provide transparency and trustfulness to models.
GradCAM outputs a heatmap indicating which sections of the image of the wheat
leaf were of greatest significance to the decisions made by the model. This will
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offer agronomists and farming specialists visual reasoning as to how disease
detection is accomplished and thus make the predictions of the model explainable
and meaningfully applicable.

5. Model Evaluation: The models are tested with a test set that has not been
observed during training. The process of evaluation entails the measurement of:
e Accuracy: To establish the extent to which the model can predict the
occurrence of diseases in the correct manner.
e Precision and Recall: To determine how well the model is able to predict
disease occurrences correctly.
e F1-Score: Precision and recall To trade-off between the performance

metrics.

6. Web Applicatijon Deployment: After training and testing the model, it will be
installed into a web application with Streamlit. Using the application, the user
can:

e Upload wheat leaf images.
e Receive real-time disease classifications from the trained model.
e disease management proposals produced by the system, as determined by
the model.
This web application will be user-friendly and no technical expertise is needed
by the users. It has been designed to be available even in remote areas and
therefore farmers with low access to technology can use the system.
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Figure 3.1: Proposed Methodology

©Ddffodil International University 20



3.1.3 Functional and Nonfunctional Requirements

In order to develop an efficient and successful wheat disease detection system we

must meet both the functional and non-functional requirements which by and large

define if the system is ready to be produced. Functional requirements are those that

outline the ability of the system, and non-functional requirements outline the

desired behaviours of the system including reliability, usability and efficiency.

a) Functional Requirements

Functional requirements are the list of the fundamental functions and capabilities

of the system that should be supported to satisfy the needs of its users. These

include:

Image Uploading: The system will enable users to post images of wheat leaves
through smartphone or any other mobile gadget. The uploaded images are
going to be run through disease classification.

Wheat Disease Classification: The system will properly categorize wheat
diseases under the following classification: Black point, Fusarium foot rot, Leaf
Blight, Wheat Blast, and healthy leaves. The output of classification will be in
the form of trained convolutional neural network models (WheatCNet or
pretrained models VGG16, VGG19, DenseNet121, Xception and MobileNetV2).

Real-Time Disease Diagnosis: The system will be able to process images and
give results of classification in an acceptable time in real time which is normally
less than five seconds.

Model Explainability (GradCAM): The system will offer graphical
representations on its predictions with the help of Grad-CAM, which will
produce heatmap, as it will provide the areas of the wheat leaf image that are
being used to classify the disease.

Disease Management Recommendations: The system will provide practical
disease management suggestions on the basiof the identified disease,
elaborating on the recommended treatment, prevention, and best practices on
controlling the disease.

Mobile-Optimized Web Application: The system will include a mobile-based
web app created using Streamlit, thus allowing users to interact with the
system through a mobile web application. This should be made accessible
through smartphones and other mobile devices.

Offline Functionality: The system must also be capable of functioning without
an internet connection, and there should be simple features such as detecting
and classifying diseases. This will make sure that those farmers in the regions
with poor connection will not be left out of the benefits of running of the system.

User Authentication and Management: The system must also have good

authentication feature whereby the administrators are permitted to connect
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with the backend to obtain the system statistics and upgrade the system. Such
capability would not be a significant concern of farmers, but it is an important
part of sustainability of a system..

e Image Preprocessing and Augmentation: The system will automatically
perform preprocessing and augmentation of the imagery, i.e. resizing, labeling,
cropping and rotation to ensure that the input data is in a state suitable to the
predictive model.

e Data Collection and Reporting: The system will retain record of user interfaces
and output of the disease detection processes to conduct a further analysis and
also to enhance system. Farmers and administrators should be able to consult
with historical diagnoses.

b) Nonfunctional Requirements

Nonfunctional requirements are related to the performance and quality properties

of a system. They win over the confidence that the system will perform quite well

and quite efficiently and they create user expectations in terms of such specifications

as user experience, security and scalability.

1.

Usability: This system should possess a user-friendly interface that can be easily
understood by farmers who may not be very technical. - The site must be
straightforward with simple navigation and directions, which will enable adding
of images or watching of the results as well as receiving of recommendations in
a manner that will not make it unnecessarily complicated.

Performance and Speed: The system should be required to process in real time
the pictures of wheat leaves and generate classification outputs. - Processing
time has to be small (approximately 0.5 seconds) and therefore efficient at the
field level.

Scalability: When it changes, the system must also be able to expand and be
applied to more individuals or new diseases or new crops. - The new data should
be able to enter the model infrastructure without the performance of the model
infrastructure becoming lower.

Accuracy and Reliability: This system must be highly accurate in the
classification of the disease in wheat with more than 90 per cent correct on the
test data. - This should be minimization of false positive and false negative rates.

Security: The system should align to the practice of best practice security
measures to ensure that it secures the sensitive user data, particularly on issues
of authentication besides data management. - User data and privacy must be
encrypted and secured using protocols such as HTTPS.

Availability and Fault Tolerance: It must be very accessible even to distant
locations. - Fast backup procedures in the event of a system crash should be in
place so as to save critical disease-diagnosis procedures.
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7. Compatibility and Integration: It should be designed to fit different mobile
phones and browsers (Chrome, Firefox, Safari, and others) so that it is as
accessible as possible. - It must have the ability to integrate with future systems
such as weather data systems and farm-management systems.

8. Offline Operation: The system must not be dependent on an internet to perform
rudimentary tasks such as disease identification because not everyone has a
reliable internet connection. In this respect, the model should be stored in the
computer locally or in a local server to facilitate easy access.

9. Maintainability: The system should be created with consideration of ease of
maintenance and should be highly documented and well-organized backend so
that it can be easily maintained and developed further in future.

10. Resource Efficiency: The suggested solution should demonstrate a high level of
computational efficiency in the resource-constrained hardware, such as
smartphones and Raspberry Pi units, and other edge-computing platforms. It
should likewise be adapted to low-priced agricultural settings, eliminating the
necessity of high-quality hardware.

Those non-functional and functional requirements outlined in this document form a
complete outline of the wheat disease detection system. They guarantee that it will
be viable to farmers especially those that work in remote and resource limited
environments without performance, scalability, wusability, and security
beingcompromised. These requirements will form the basis of the design,
development, and deployment of a real-time and mobile-optimized system of
detecting wheat disease.

3.1.4 Data Flow Diagram

A Level 1 Data Flow Diagram (DFD) illustrates the chronological flow of data in the
system and clarifies the interrelationships between its structural components. It
also shows how inputs are converted to the outputs based on different routes. Within
the framework of the wheat disease detection system, the Level 1 DFD shows the
process through which the wheat leaf images are taken, processed, classified, and
how the resulting diagnoses are reported back to the user.

a) Explanation of Data Flow Diagram Level 1

1. External Entities
» Farmers (End Users):
v' Input: The farmer uploads images of wheat leaf to the system, which
are taken through a personal mobile device, and then processed.
v Output: Findings of disease classification and follow-up
management advice are presented to the farmer.

2. Processes
» Image Upload and Preprocessing:
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v' Input: A set of images of wheat leaves that are provided by farmers..

v' Process: The system performs pre-processing to ensure that the
images are ready to be classified by resizing, normalizing, and,
depending on the requirement, augmentation to match the assigned
model.

v" Output: Classifiable processed images.

Disease Classification (WheatCNet Model):
v' Input: The pre-processed wheat leaf images.
v Major components: CNN model, WheatCNet, categorizes every
picture based on one of the five types: Black Point, Fusarium Foot
Rot, Leaf Blight, Wheat Blast or healthy.
v" Output: The classification of disease.

3. Model Explainability (GradCAM):

v
v

v

Input: The classification output of the disease detection model.

Process: GradCAM is followed to produce a heatmap of image areas that
the model considers to make its decision, thus explaining the prediction.
Output: Visual heatmap and explanatory narrative of the model.

4. Disease Management Recommendation:

v
v

v

Input: The disease classification result.

Process: The system provides actionable guidance based on the identified
disease and includes preventive measures, curative interventions, and best
practices.

Output: Management recommendations actionable by the farmer.

5. User Interface and Results Display:

v

v

Input: GradCAM heatmap, classification outcome, and management
recommendations.

Process: The built-up findings (disease classification, heatmap and
recommendations) are presented as a web interface that is mobile-friendly
and can be easily interacted with.

Output: The concluding diagnostic result, including the disease
classifications, heatmap, and treatment suggestions.

b) Description of Data Flow

1. Similar to the picture uploaded to the system, farmers who are the end users use

a mobile-optimized web application to upload images of the wheat leaf. Images

uploaded pass through a step of pre-processing, which makes them compatible

with the classification model.

2. After the preprocessing stage, the images are sent to the WheatCNet model that

identifies each image as having a disease or a healthy image.
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3. Grad-CAM is used to visualize the parts of the wheat leaf image that most
intensely affect the decision taken by the model, thus giving a sense of
interpretability and transparency to the outputs of the system.

4. Depending on the type of the identified disease, the system provides management
recommendations, which include both management regimes and preventive

measures.

5. Lastly, the aggregated outcomes, such as the classification of the disease, Grad-
CAM heatmaps, and management recommendations are given to the farmer via
the mobile-friendly web interface.

Farmer (End User)

/

Images of wheat leaves

Image Upload and
Preprocessing

Preprocessed Images

Disease Classification
(WheatCNet Model)

/\ | )\

Final Results

Classification Output Classification Result Processed & Classified Data
4 ) e
Model Explainahilit Disease Ma ment 1
PEED BTNy 1sease flanagemen : Classified Data
(GradCAM) Recommendation 1
. p/ RN

Management

Heatmap & Explanation

\ Recommendations

[ User Interface and Results

Display

7. Figure 3.2: Data Flow Diagram Level 1

The Level 1 Data Flow Diagram shows the chronological path of the process of uploading
images by the farmer to the presentation of diagnostics, heatmaps, and
recommendations. It provides an understanding of the fundamental elements of the
system and their interactions, thus, making the detection of disease and support of
farmers easy. Such a methodological construction makes the system viable, scalable, and
applicable to the real-world agricultural conditions.

3.1.5 UI Design

The User Interface (UI) layout design of the Wheat Disease Detection System is central
to the creation of user-friendly and accessible interface, especially to agricultural
practitioners working in harsh or resource-poor settings. The Ul is developed using
Streamlit and integrates the idea of the responsive design, which allows users to interact
with the system smoothly using their mobile devices and, therefore, helps farmers to use
the system effectively on their own smartphones. The description that follows outlines
the Ul design against the respective web-application screenshots.
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1. Initial interface/First Page

The first visual experience a user has is the landing page that is presented when
opening the application. It provides the tonal base of the whole system with
introducing a logical and naturalistic arrangement and a chain of logical actions.

o Header: The first part of the page has the title Wheat Disease Detection and an
image of a leaf that helps to support the agricultural theme.

e Upload Section: The interface has a big upload section which is addressed as a
browse files and it enables users to post an image of wheat. The mechanism
allows transfer of the images by drag and drop or by the hyperlink of Browse
files that opens a file picker on the device on the device.

e Directions: A succinct instructional message, such as, post a picture of wheat
and we will know instantly what the disease is, will ensure that the user,
especially the farmers, knows what is expected of them

e Mobile-Friendly Design: The site design is streamlined to meet the requirements
of mobile devices, ensuring that touch functions like tapping and swiping work
intuitively and provide an ergonomic design when using a smartphone.

130 mmy - =l al €

x Wheat Disease Detector =
ngrok-free.app

v

¥ Wheat Disease
Detection 3%

Upload a wheat image and we'll detect
the disease instantly! ||

Choose a wheat image...

Drag and drop file here

Limit 200MB per file « JPG, JI

Browse files

Figure 3.3: Landing Page
2. Select Image and Upload

When the user clicks the Browse Files control, the interface opens to the image
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selection module.

e File Selection: The user has the option of selecting an image either via the photo
gallery or file manager. The supported formats are JPG, JPEG, and PNG with
the maximum file size of 200 MB.

e Image Preview: Once the image has been selected it appears on the screen to
confirm and thus help the user to confirm that the appropriate file is selected
to be analyzed.

126 A MO O®@® a2 - Bl B G

4

is app can only access the photos that you select

X Photos Albums

Recent

Figure 3.4: Image Upload Screen
3. Image Processing (Prediction Phase)

The system shows the results of the disease classification to the user after the
analytic procedure is completed.

e Disease Prediction: The disease that was identified, say, Fusarium foot rot is
shown in green, which indicates positive (true) outcome. The picture uploaded
1s also translated as a reference.

e Results Display: The classification result is provided in a form that is easily read
and clearly explained to the farmer so that the disease causing the problem on
the crop is easily identified.
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o Actionable Recommendations: The interface can be extended with instruction on
the treatment/prevention measures (however, it is not visible in the
screenshot). These additions would enable the farmers to take action on the
outcomes produced.

1:39 = AamA - = .l €

Wheat Disease Detector

ngrok-free.app

A stop

e e et it A

Upload a wheat image and we'll detect
the disease instantly! ||

Choose a wheat image...

Drag and drop file here

Limit 200MB per file « JPG, JPEG, PNG

Browse files

1000047548.jpg
261.2KB

2% Uploaded Wheat Image

( © Analyzing ... Please wait...

Figure 3.5: Image Processing Page
4. Upload Confirmation, Disease Classification and Results

At this last phase, the system confirms the successful uploading of the image, and the
disease analysis appears with a clear predictive mark.

e Confirmation of image Upload: The image shown on the interface has the label
of Uploaded Wheat Image, so it is clear that the right image has been uploaded.

e Prediction Display: The expected disease is given in clear terms below the image,
with a checkmark to indicate the correctness of the diagnosis.

e Results Section: The user interface is terse, and the results are quick and provide
the farmer with the opportunity to take the necessary interventions in response
to the disease identified.
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ngrok-free.app
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Detection ¥

Upload a wheat image and we'll detect
the disease instantly! | |

Choose a wheat image...

Drag and drop file here

Limit 200MB per file « JPG, JPEG, PNG

Browse files

1000047548.jpg

b4 Prediction: FusariumFootRot

Figure 3.6: Web App Result Page

The Wheat Disease Detection System is a well-oriented user interface. This is a web-
based and mobile-friendly site which goes all the way to farmers, enabling them to post
pictures, use live diagnostic software, and take necessary corrective action to the wheat
diseases. The presence of explicit instructions, image preview feature and immediate
feedback all add to the process of creating a user-friendly experience, thus, helping the
farmers without the technical knowledge to effectively use the application. Streamlit
facilitates this functionality whereby it empowers the web application to be highly
responsive and mobile thus meeting the requirements of the farmers who are working
in resource limited settings.

3.2 Detailed Methodology and Design

The proposed Wheat Disease Detection System uses a lightweight Convolutional
Neural Network (CNN), named WheatCNet, which is specialized to the categories of
wheat diseases in real-time tasks on the mobile devices. First, the system is fed with
wheat leaf pictures collected in the field and then pre-processed using traditional
methods such as resizing and normalisation to provide uniformity within the
dataset. To increase the capacity of the training set to boost the generalisation
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ability of the network, data-augmentation techniques such as rotations, zooming,
flipping and other operations are carried out. Pretrained three-dimensional CNN
architectures (e.g., VGG16, VGG19, DenseNet121, and MobileNetV2) are first
trained and then fine-tuning is applied on the particular wheat disease dataset.
After the training process, real-time disease diagnosis is generated at an accuracy
of 99.5 percent. WheatCNet is also optimised to run on low resource environments,
which can be deployed on low computation devices.

To make the models more transparent and develop trust in the predictions, the study
uses Grad-CAM (Gradient-Weighted Class Activation Mapping), one of the
explainable artificial-intelligence (XAI) methods. Grad-CAM visualises which parts
of the wheat leaf image are most influential on the output of the model, producing
heat maps to give a visual interpretation of the predictions. This enables users to
understand why specific parts of leaves are identified as potentially diseased, and
thus enhance interpretability and trust amongst agricultural practitioners. The web
application will be created with the help of Streamlit and aimed at being mobile
friendly; farmers would easily use their smartphones to post pictures in the
application and get not only disease classification but also recommendations to take.
The system, therefore, provides a more powerful solution to the management of
wheat diseases in resource-limited farming scenarios with high diagnostic precision,
real-time responsiveness, and explainable Al.

3.2.1 Dataset Description

The raw data were obtained at four different wheat fields around Hemayetpur,
Pabna 6602, Bangladesh in clear weather (35 C). They were used to obtain a total of
1,603 images, which included five disease categories: Black Point, Fusarium Foot
Rot, Healthy Leaf, Leaf Blight, and Wheat Blast. The dataset had been intentionally
filtered to present a large range of disease symptoms in the context of the real world
farm environment. The images were captured using high-resolution, high-quality
smartphones, thus guaranteeing sufficient resolution and focus to guide quality
disease diagnosis. The equipment employed in this collection was:

Table 3.1: Device Specifications.

Device Resolution Camera Specifications

1Phone 11 3024x4032 72 dpi, 24-bit color depth, {/1.8
aperture

Redmi Note 10 2400x1080 450 dpi, 24-bit color depth, /1.8
aperture

The iPhonell was chosen due to its high-resolution imaging, and camera quality
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features, thus, allowing to take high-quality photos and easily detecting the slightest
signs of the disease. To add the variability in image granularity when training the
model, the Redmi Notel0 noted was utilized as an additional source of 1mages,
which could offer an alternative dataset to train the model. All the photographs were
captured in similar light conditions in order to factor out the effect of variations in
illumination. The resulting pictures were subjected to intense checking by qualified
individuals, who ensured that each picture was duly labeled and categorized, thus
curbing the harmful effect that wrongly labeled information might have on the
model.

The Wheat Disease Detection System data set includes five categories of the wheat
leaves which are damaged by different harmful microorganisms and healthy wheat.
The classes are:

¢ Black Point

e Fusarium Foot Rot

e Healthy Leaf

e Leaf Blight

e Wheat Blast

LeafBlight WheatBlast
Figure 3.7: Images of the Classes

In the data set there were available 1,603 images, which were categorized into five
classes. This data set was used in the design of the proposed model as the system was
able to train the differences between diseased and healthy leaves of wheat. All pictures
were then considered manually to guarantee reliability and an agricultural specialist
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was used to confirm that the labeling of each sample was correct so as to avoid ambiguity
and to maintain the integrity of the data. This validation process was necessary to
ensure that the dataset had high quality and that it was categorized correctly on disease.
The distribution of images across the five classes is shown below:

Table 3.2: Class Distribution of the Dataset

Class Number of Images
Black Point 303
Fusarium Foot Rot 250
Healthy Leaf 250
Leaf Blight 400
Wheat Blast 400

The dataset was well balanced with classes and therefore gave a good representation of
each category. The equilibrium allowed the model to learn discriminative qualities
across different diseases. The sub-dataset manual curation, performed with great
attention and careful thought, also contributed to the quality of the dataset and,
therefore, the strength, as well as reliability of the trained deep learning model.

3.2.2 Data Preprocessing

The quality of data is one of the key conditions of the work of any deep learning model.
These data were preprocessed before being trained, a sequence of operations that was
performed to standardize data, remove noise, and optimize data to the convolutional
neural network (CNN) learning was used on the raw wheat leaf image data. The
preprocess pipeline is specifically designed to allow the natural variability of lighting,
orientation, and resolution of the field-captured images.

1. Image Resizing and Normalization
Since the images were obtained with varied equipment’s and resolutions, the entire
images were resized to the same size of 224 x 224 pixels. This input dimension is
homogeneous which fits the current CNN design and allows computational efficiency.
The values of pixel intensity were then scaled to the [0,1] range by dividing them by
255. Normalization stabilizes the optimization process by making sure all the

features of inputs are on a similar scale.

2. Noise Reduction and Quality Filtering
A manual inspection protocol was adopted in order to rule out blurred or low-quality
images that would reduce training accuracy. Photos that were overly blurred in
motion, were low-lit or semi-blocked were eliminated. This stringent selection of the
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quality was to make sure that the dataset was comprised of explicit and
representative images of every type of disease.

3. Data Augmentation
To make the data more heterogeneous and increase the generalization of the
model, several approaches to data-augmentation were applied. The
reduction of over-fitting can be done through augmentation and one can
assume that augmentation is the artificial expansion of a dataset through
the generation of distortions of the original images. These were the
transformations:

¢ Rotation: Rotation was done randomly within the same range of -25 0 to 25 0
so as to create variations in the orientation of the leaf.

¢ Horizontal and Vertical Floor: Pictures were flipped in both directions to
rectify the alignment error of pictures.

e Zooming: Zooming was implemented to recreate the distance change effect of
the capture device, by random scaling such as up-scaling and down-scaling.

Brightness Adjustment: Little variation in light-values was applied to
simulate the real-life conditions of light.

These augmentation processes allowed expanding the original corpus of 1,603 raw
images to about 5,000 processed images, as much as possible to maximize variability
given to the model.

4. Dataset Splitting
With regard to dataset partitioning, the augmented data were partitioned as
70%:207:10 to train, test, and validate, respectively. The model parameters were
fitted and hyperparameters tuned on the training subset, the validation subset was
used to track and minimize over-fitting, and the test subset was used to obtain an
unbiased evaluation of the final model performance. Such stratification provided
each class a proportional representation in all subsets and excluded no class.

3.2.3 Model Selection

The choice of a suitable model is a critical point in deciding whether a machine-
learning-based system to identify agricultural diseases is successful. The model used
to classify the diseases in wheat will need to effectively isolate a small number of
indicators of the disease and must be lightweight to provide real-time functionality
in both the mobile and web platform. Convolutional Neural Networks (CNNs) have
become the most common architecture used in image classification tasks, due to the
ability to learn hierarchical image representations of raw image data. CNNs have
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shown to be effective on large-scale image recognition tasks and are, as such,
suitable in analyzing wheat disease imagery.

The work first used transfer learning with already trained CNN models to attain a
high performance at reduced inference latency. The transfer learning makes it easy
to utilize the large-size datasets in a way such that they produce feature
representations that can easily be transferred to new tasks needing relatively less
information. Pretraining and fine-tuning can be more time-efficient, data-efficient,
and frequently higher-accuracy than training with only a random initializer. These
pre-trained models were used to benchmark the proposed system, and strong
baselines were created in which other model options can be evaluated.

After comparing multiple pre-trained architectures, a custom lightweight CNN was
designed, named WheatCNet. WheatCNet was designed to address the main
disadvantages of bigger, computationally demanding models by providing an
effective but very precise solution. This architecture specifically suits real world
agricultural scenarios, particularly in farms that have smartphones with little

processing power.

3.2.3.1 Pretrained CNN Models Employed

To classify the diseases in the wheat, some established pre-trained Convolutional
Neural Network (CNN) models were picked and were fine-tuned using the data
available. These models were selected due to the reported effectiveness in large
image classification problems and their availability in the form of transfer-learning
models. The differences in the trade-offs between depth, computational efficiency,
and resource requirements formed a sound foundation of comparison with the
presented WheatCNet model.

1. VGG16
Deep convolutional networks have a lot of weight layers. The Visual Geometry Group
at Oxford introduced VGG16, which consists of 16 weights layers, three fully
connected layers, and thirteen convolutional layers. Their architectural
characteristics include the utilization of small 3x3 convolutional filters and 2x2 max-
pooling. Though VGG16 has many parameters and requires much computational
effort, it has been demonstrated to extract hierarchical visual features in a
comprehensive manner and is commonly used as a canonical example of image

classification.
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Figure 3.8: Architecture of VGG16

2. VGG19
VGG19 is an extension of VGG16, that is, three additional convolutional layers are
added, and the total number of weight layers is 19. It shares the architectural theme
of small convolutional filters of VGG16. Although the higher-order hierarchy enables
the representation of more complex feature representations to be learned, it also
increases both computation costs and memory requirements, making it less

applicable in resource-limited learning systems, like mobile or edge devices.

Input image 224x224x64
224x224x3

@ Input image
@ Max pooling ' Fully connected+ReLU

Figure 3.9 Architecture of VGG19

3. MobileNetV2
MobileNetV2 is additionally designed to be deployed in mobile and embedded
devices. It uses depthwise-separable convolutions to minimize computational cost
and reduce the number of parameters whereas inverted residual convolutions and
linear bottlenecks improve feature representation. The lightweight nature of the
architecture supports faster inference and scaled down to deeper networks and is
well adapted towards field use, including crop disease detection.
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Figure 3.10: Architecture of MobilenetV2

4. DenseNetl121

DenseNet121 is an example of dense connectivity, whereby the input of each layer is
the output of all the previous ones. This design encourages the reuse of features,
reduces the total number of parameters, and alleviates the vanishing -gradient
problem. In spite of the fact that the dense connections allow to exploit the full
utilization of parameters and extract features, the model is also more complex to
train and infer, leading to higher computational costs than lightweight variants.

8 18] | moorn | B
R 18| | B s

1

Figure 3.15: Architecture of DenseNet121

Xception

The Extreme Inception (also called Xception) architecture is a continuation of the
Inception architecture that makes extensive use of depthwise-separable
convolutions. The model separates spatial and channel-wise correlations, allowing
the model to be more efficient, without sacrificing on representational capacity.
However, Xception continues to be a high-performance model, resource-intensive in
actual-time deployments on devices with low computational abilities.
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Figure 3.12: Architecture of Xception

These trained convolutional neural networks demonstrate strong benchmarks in wheat
disease detection and can show the advantage of transfer learning in agricultural image
classification. Yet, their algorithms are computationally heavy, i.e. large parameter set
and large inference time, which makes them inappropriate for direct application in real-
field settings. This dichotomy motivated the creation of the lightweight WheatCNet that
aims at attaining high accuracy and sustainable efficiency, hence, allowing it to be used
in mobile-edge settings.

3.2.3.2 Proposed WheatCNet Model

WheatCNet is a dedicated neural network (CNN) that is designed to identify wheat
leaf diseases with the aim of reaching the best accuracy and computation
performance. Unlike larger trained CNNs like VGG19 or ResNet, which tend to be
computationally expensive and cannot meet the deployment requirements of mobile
devices, WheatCNet is constructed based on an efficient but powerful architecture.
The reason why the design is so is that it allows farm systems and agricultural
practitioners to implement the model successfully on mobile- and internet-based
devices and platforms having limited computing resources, and the cost associated

with the loss in classification performance is minimal.

WheatCNet architecture has a total of 273,541 parameters with 271,173 being
trainable and only 2,368 non-trainable, significantly lighter than traditional deep
CNNs. This parameter efficiency can fasten the training and inference, especially in
cases where the model is running in environments that are bandwidth-constrained.
The WheatCNet is a systematic synthesis of convolutional and pooling networks,
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normalization and dropout networks, and dense networks to reduce overfitting and
achieve high predictive performance.

Layer (type) Output Shape Paran
input_layer {InputLayer) (More, 224, 224, 3) @
conv2d {Convh) (More, 224, 224, 32) BOE
batch_pormalization (More, 224, 224, 32) 128
(BatchNormalization)

max_pooling2d [MaxPoaling2D) (Wane, 112, 112, 32) [}
conv2d_1 (Conval) (More, 112, 112, 64) 18, 406
batch_normalization 1 (Mone, 112, 112, &4) 56
(BatchNormalization)

max_pooling2d 1 (MaxPoolingzD) (Marne, 56, 56, &1) a
conv2d_2 (Convaly (Mare, 56, 56, 128) 73,856
batch_normalization_2 {More, 56, 56, 128) 512
{BatchNormalization)

max_pooling2d 2 (MaxPooling2D) | (More, 28, 28, 128) @
global_average pooling2d (Mane, 12B) -3
(GlebalaveragePooling2D)

dense (Dense) (More, 128) 16,512
batch_normalization_3 (Mare, 128) 512
(BatchNormalization)

drogout (Dropout) (Mane, 12B) [}
dense_1 (Dense) (Mane, 64) B, 256
batch_normalization & (Mane, 64) 56
(BatchNormalization)

drogout_1 {Dropaut) (Mare, 64) a
dense_2 (Dense) (Mare, 256) 16, 648
batch_rormalization 5 (More, 256) 1,824
{BatchNormalization)

dropout_2 [Drepout) (Mane, 256) @
dense 3 (Dense} (Mane, 512) 131,584
batch_pormalization & (Mare, 512) 2,848
{BatchNormalization)

dropout_3 {Drepout) (Mare, 512) @
dense_4 (Dense) (More, 5) 2,565

Total params: 273,541 (1.84 ME)

Trainable params: 271,171 (1.83 ME)

Non-trainable params: 2,168 [9.25 KD)

Figure 3.13: WheatCNet Model Summary

The model has been specially optimized on a dataset of wheat disease collected in
Pabna, Bangladesh, thus making it more relevant and applicable to real-world
agriculture.
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Key Components of the WheatCNet Architecture:

Input Layer

The model takes input images of 224 by 224 by 3, which is the resized RGB
image of the wheat leaves. This dimensionality of input is a compromise
between the conservation of diagnostic information and computational cost.

Convolutional Layers (Conv2D):

WheatCNet begins the extraction of features with a cascade of Conv2D layers,
which are aimed at extracting low- and high-level features, including edges,
textures, disease-specific patterns, etc. The convolutional filters are initially set
at 32 and gradually stepped up to 128, thus, supporting the gradual
optimization of the feature maps.

Batch Normalization:

Each convolutional operation is followed by Batch Normalization to stabilize
learning, reduce internal covariate shifts, and speed convergence. This
normalization procedure boosts the strength of the model under a different
range of illumination and environmental factors used in the dataset.

Pooling Layers (MaxPooling2D):

They introduce the layers of MaxPooling2D that successively diminish the
spatial resolution but do not remove the salient features. Such downsampling
also minimizes computational costs at the expense of the integrity of disease-
related discriminative information.

Global Average Pooling (GAP):

WheatCNet uses a Global Average Pooling layer, instead of flattening to a fully
connected layer, to aggregate each feature map into a single scalar. This plan
reduces the risk of overfitting, resulting in a sparse network that nevertheless
preserves the most informative features.

Dense (Fully Connected) Layers:

After feature extraction, the architecture combines several dense layers that
consist of 128, 256, and 512 neurons respectively. These layers can help to
interpret advanced features and build robust decision boundaries amongst the
disease classes.

Dropout Layers:

To reduce overfitting further, between the dense layers there are Dropout
layers, each having its own dropout rates. The method is a stochastic
inactivation of neurons during training that supports acquisition of generalized
patterns instead of memorization of the training data.

Output Layer:

The last thick layer consists of five output units, that is, the five disease
categories: Black Point, Fusarium Foot Rot, Healthy Leaf, Leaf Blight, and
Wheat Blast. A soft-max activation operation is used to generate the probability
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distributions and thus the model discoursed the most probable category of the

disease of any given input image.

@ Conv2l - BatchMormalization . MMaxPooling 2D

- Globalfverage Pooling 2D - Ce=nis= @ Ciropout

Figure 3.14: Architecture of Proposed WheatCNet

The summary statistics of WheatCNet (Figure 3.13) and its 3-D architecture
visualization (Figure 3.14) highlight its small but efficient design. The smaller number
of parameters of WheatCNet allows it to be trained and inferenced faster, which makes
it especially suitable in the context of adding it to a mobile-optimized wheat-disease
detector web application. This will enable farmers to have positive disease classification
results in real time on their smartphones. WheatCNet offers an efficient and reliable
solution to the agricultural industry at the field level by integrating a lightweight design,
reduced parameter size, and optimized disease detection layers, which in turn could offer

both efficiency and accuracy.

3.2.4 Explainable AI (XAT)

Explainable Artificial Intelligence (XAI) is a vital move in creating trust and
transparency within deep-learning models used in practice. Although CNNs are known
to be the most accurate in crop-disease detection, being a black-box, they tend to prevent
the user of understanding how it makes a prediction. This is necessary in agricultural
contexts where farmers are depending on such predictions as a way of insuring their
crops and livelihoods and it is necessary that the model decision-making process is
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interpretable. This study improves the interpretability of predictions through the use of
GradientWeighted Class Activation Mapping (Grad-CAM) to the WheatCNet
architecture, enabling the user to visualize the rationale behind the system making a

specific decision.

Grad-CAM is an established method in explainable artificial intelligence that generates
heatmaps to identify the parts of an image that a model relied most upon to make its
prediction. Unlike purely numeric attribution tactics, Grad-CAM provides explanations
in the form of images, thus, making the decision-making process of the model more

accessible to non-expert stakeholders.

e How Grad-CAM Works:

o Grad-CAM derives the gradient of the predicted class score on the feature
maps of the final convolutional layer.

o The obtained gradients are spatially averaged to generate weights that
measure the relative significance of each of the feature maps to the
prediction.

o The feature maps are then weighted summed to a coarse localization
heatmap.

o This heatmap, when superimposed on the original image, visually
emphasizes the areas that help the most to the classification; hot pixels like
reddish tones are the ones that are more relevant..

e Grad-CAM in WheatCNet:

o Toobtain the Grad-CAM heatmaps on images in the five disease categories:
Black Point, Fusarium Foot Rot, Healthy Leaf, Leaf Blight and Wheat
Blast, the Wheat-Net architecture was run on images of each disease
category.

o For a example when a leaf was classified as Wheat Blast, the heatmap
displayed the apex and lesion regions of the leaf as the most severely
affected by the disease, whereas the heatmaps of Healthy Leaf instances
did not show much focus on disease-affected regions, thus supporting the
rationale behind the model.

o With such visualizations, agronomists and researchers can determine that
the model is focused on diagnostically relevant disease symptoms instead
of irrelevant background artefacts.

The integration of grad-CAM enhances a sense of transparency, interpretability and user
confidence in the suggested wheat disease sensor. Rural farmers are given the authority
to test the logic of the model with their own eyes, which uphold that no forecasts are
received at face value but are supported with scientific evidence. Grad-CAM to some
degree also goes an extra mile to help researchers understand the mistakes made by the
prediction by also explaining to the researcher when the model has gone wrong due to
overlapping symptomatology or noisy backgrounds. This two-fold strength makes the
practical implementation and the continuous improvement of the system stronger. The
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WheatCNet model includes Grad-CAM. achieves another level of accuracy as well as a
greater level of explainability, making it a credible and useful tool to use in the real
world in agriculture.

3.3 Project Plan

The system of the Wheat Disease Detection System creation was structured
systematically and was split into a number of steps to guarantee the timely adoption and
implementation of all the components of the system successfully. Data-oriented
development, model optimization, system deployment, and evaluation were designed as
the backbone of the project.

1. Initial Research and Literature Review (1 Month)

Objective: Gained a thorough knowledge of the deep-learning applications in
the agricultural field, specifically, plant disease detection based on CNN.
Tasks: Review Q1/Q2 journal articles, learned pretrained CNNs (VGG16,
VGG19, DenseNet121, MobileNetV2, Xception), learned lightweight models
and studied Explainable Al methods.

Outcome: Determined the need to have a lightweight interpretable model that
can be installed on mobile devices.

2. Data Collection and Preparation (2 Months)

Objective: The sample of real-field wheat leaf images collected in Pabna,
Bangladesh, has 5 classes- black point, fusarium foot rot, healthy leaf, leaf
blight and wheat blast.

Tasks: Took 1,630 raw images with iPhone 11 and Redmi Note 10, checked
the quality of the images, performed preprocessing, and used augmentation
(flip, rotation, zoom, and so on) to increase the size of the dataset to 5,000
images.

Outcome: Generated an equal and quality dataset to train and test the model.

3. Model Development and Selection (3 Months)
Objective: To determine the ability of WheatCNet to generalize and be
reliable.
Tasks: Trained pretrained CNNs ( VGG16, VGG19, MobileNetV2,
DenseNet121, Xception ) were designed and trained, the proposed
WheatCNet model was created and Grad-CAM wused to obtain
interpretability.
Outcome: WheatCNet performed best (99.5 percent) compared with all
pretrained models (average 96 percent).

4. Model Evaluation (1 Month)
Objective: Assess the generalization capability and reliability of WheatCNet.
Tasks: Testing was performed on a testing dataset using measures such as
accuracy, precision, recall, Fl-score, and confusion matrices. GradCAM
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3.4

heatmaps were used to visualize interpretability.
Outcome: WheatCNet was found to have good performance and high
interpretability.

Web Application Development (2 Months)

Objective: The goal is to develop a mobile-optimised web application with the
use of Streamlit to detect wheat disease detection in real-time.

Tasks: Image upload interface was created, WheatCNet was used as the
backend model, GradCAM visualization was done and mobile device
optimization was done.

Outcome: A working and fully mobile-responsive web application that could
deliver real-time disease classification was presented.

Testing and Deployment (1 Month)

Objective: To test and deploy the web application on several platforms in
practice.

Tasks: Android and iOS testing of the devices was carried out, the speed of
inference optimized, and the application made online to make it accessible.
Outcome: Effective implementation of a farmer friendly system of wheat
disease detection.

Future Work and Improvements (Ongoing)

Objective: To ensure maximum system usability and capabilities.

Tasks: Adding more diseases of wheat, adding treatment advice, expanding
offline support and testing cloud scaling were activities.

Outcome: There is an on-going improvement plan to transform the system to
a full agricultural decision-support tool.

Task Allocation

Being the only researcher and developer of this project, I had no one to assist me in any

of the activities other than the core development until the actual implementation. This

allocation is not only the technical part of the work, but also the organizational and

validation procedures which guaranteed the quality and the success of Wheat Disease

Detection System.

1. Literature Review and Problem Identification

A critical assessment of peer-reviewed journal articles published in 2021-2025 on the

topics of deep learning, detection of plant diseases, lightweight convolutional neural

networks (CNN) models, and explainable artificial intelligence (XAI) was done. This

discussion played a critical role in identifying the gaps in existing studies, which are

the lack of real-field data, large computational requirements of pretrained models,

the fact that interpretable approaches are not used extensively in agricultural Al.

These results were used in the development of the research problem and formulation

of study objectives.
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8.

Data Collection and Verification

Four fields of wheat in Pabna, Bangladesh were sampled by hand to gather raw
image data. Five disease categories, including Black Point, Fusarium Foot Rot,
Healthy Leaf, Leaf Blight, and Wheat Blast (N= 1,630) were photographed with two
mobile phones (iPhonell and Redmi Notel0). Every picture was carefully labeled
and then cross-verified by professional assistance to guarantee that the databases
are intact.

Data Preprocessing and Augmentation

The pre-processing process was fulfilled separately. The images were normalized,
resized, and augmented by rotations, horizontal and vertical flips, and zoom, which
increased the dataset to around 5,000 images. The data were tactically divided in
training, validation and testing groups in 70:20:10 proportion to facilitate balanced

learning and strict assessment.

Model Development and Training

The implementation and training of both pretrained CNN models (VGG16, VGG19,
MobileNetV2, DenseNet121, Xception) and the proposed lightweight architecture,
WheatCNet were the responsibility of the researcher. Repeat hyperparameter
optimization, dropout tuning, and model architecture optimization were repeated
until WheatCNet reached an accuracy of 99.5 %, outperforming the baseline models.

Explainable Al Integration

The WheatCNet pipeline was augmented with Grad-CAM to improve model
transparency. The algorithm produced and superimposed heatmaps indicating the
most salient areas of wheat leaves that are relevant to classification. These visual
explanations were checked with the disease-specific patterns, thus, making them
interpretable by domain experts as well as useful to end-users.

Web Application Development
The author created and deployed a mobile-optimized Streamlit web application on
his own. The tasks included:

e Creation of clean and intuitive user interface.

¢ Replacing the trained WheatCNet model with the backend.

e The application was further optimized to be used as a cross platform mobile
application.

Testing and Deployment

The system was tested on several devices (Android and iOS) to determine the
reliability, responsiveness and usability of the system in real-life situations.
Performance analysis was to be carried out by quantifying prediction speed,
consistency of accuracy, and responsiveness of the user interface. After testing, it was
put on online and made publicly accessible.

Documentation and Thesis Report
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Lastly, all the phases of the project, such as methodology, experiment, results, and
system deployment were documented by the author. The thesis report was prepared
in such a way that they were understandable, scholarly and aligned with the
requirements of the university. Figures, tables and references have been well
incorporated to keep the quality of research.

3.5 Summary

Wheat Disease Detection System was developed to provide a viable and practical
solution to the process of identification of wheat diseases in operational agricultural
environments. The project began with a laborious analysis of the available literature
and the controlled collection of field data and the result was the building of a high-
fidelity dataset of wheat leaf samples. This data was then utilized to train existing
pretrained convolutional neural networks (CNNs) as well as the new WheatCNet
architecture. It was found through comparative analysis that WheatCNet achieved
a higher performance, achieving a classification accuracy of 99.5° with the same level
of computational efficiency necessary to run the method on hardware with resource
constraints.

The Grad-CAM visual explanations were introduced to the network to improve the
transparency and create user trust, thus, offering visual explanation of the inference
choices. Following optimization of the model, a web interface was created that runs
on mobile devices through the Streamlit framework, allowing end-users to post leaf
images and receive instant classification results with interpretability artefacts. The
useability and practical effectiveness of the system under actual agronomic
conditions was validated rigorously, both through simulated deployments and field
deployments.

As a result, the project was able to obtain a balanced combination of diagnostic
precision, computational power, and interpretability in one platform. Future
improvements include expansion of the disease taxonomy, introduction of evidence-
based management advice, and even the supply of offline modes of operation.
Finally, the Wheat Disease Detection System is the scalable and sustainable tool,
which is likely to help the agronomist ensure that crops are safe and increase
agricultural output..
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Chapter 4

Implementation and Results

This chapter presents the results of the experimental analysis, beginning with the
performance of pretrained CNNs and then evaluating the proposed WheatCNet
model. It also discusses explainable Al (Grad-CAM) outputs and provides a
comprehensive comparison across models.

4.1 Environment Setup

Python programming environment was used in all experimental processes and model
development in this study. Python was selected due to its popularity with the machine
learning community, the extent of its library ecosystem, and its capability to support
deep-learning systems. The wheat disease detection system was developed with the help
of TensorFlow and Keras that enabled the effective construction and training of
convolutional neural networksGoogle Colab Pro was used to perform model training and
evaluation and is a site that uses NVIDIA Tesla T4 GPUs to provide the ability to
accelerate a model. Such a structure helped to reduce the time spent on training and
allow processing the large collection of wheat leaf images effectively. Improved
reproducibility was also achieved because Colab Pro offers a standardized cloud-based
environment suitable to conduct academic researchBesides TensorFlow and Keras, some
other auxiliary Python packages were used to process, analyze, and visualize the data.
Numerical operations and manipulations with datasets were performed with NumPy
and Pandas, whereas Matplotlib and Seaborn supported the visualization of training
trajectories and evaluation metrics. Image preprocessing operations like resizing,
normalization, and augmentation were facilitated by OpenCV, which guaranteed the
consistency of the data set. The performance assessment was complemented with the
scikit-learn library that provides the tools to compute measures such as precision, recall,
F1-score, and confusion matrices. To deploy the model, the trained model was embedded
into a web application built on Streamlit to offer a user-friendly interface of real-time
disease detection. The app was mobile friendly to make it more accessible to farmers. In
testing, Ngrok was used to create secured tunnels on the temporary public access to the
locally hosted application. The key tools and libraries used in this research are
summarized in Table 4.1.

Table 4.1: Software and Libraries Used

Tool/Library Purpose
Python 3.10 Core programming language
TensorFlow 2.x Deep learning framework
Keras High-level neural network API
NumPy Numerical operations and array manipulation
Pandas Data handling and preprocessing
Matplotlib, Seaborn Visualization of training and evaluation
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OpenCV Image preprocessing and augmentation
scikit-learn Evaluation metrics and utilities
Streamlit Web interface for deployment
Ngrok Secure tunneling for local server access

To assure a uniform input representation, each of the images was preprocessed, i.e., all of
them were resized to the same spatial resolution of 224x224 pixels. After resizing, a
normalization was used, and data augmentation operations such as random rotations,
horizontal/vertical flips, and brightness perturbations were used to improve the stability
of their underlying model. This corpus was further divided into training, validation, and
test subsets at the ratio of 70, 20 and 10 respectively, thus providing a balanced
assessment structure. An optimally configured, customized and lightweight convolutional
neural network model was trained over a policy of hyperparameter choices that aimed to
attain an optimal trade-off between predictive accuracy and computing efficiency. The
configuration is summarized in Table 4.2.

Table 4.2: Model Training Parameters

Parameter Value/Description
Input image size 224 X 224 X 3
Batch size 16
Epochs (maximum) 100
Optimizer Adam
Initial learning rate 0.0001
Loss function Categorical Crossentropy
Metrics Categorical Accuracy
Training/Validation/Test 70:20:10
split
Callbacks EarlyStopping (patience=15), ReduceLROnPlateau
(factor=0.5, patience=5, min_lr=1e-6)
Regularization Batch Normalization, Dropout (0.3—0.5)
Model saving Best model weights saved during training

In the setup of the training pipeline, choices of the parameters were made to trade-off
between the computational efficiency and the generalizations of the model. A resolution
of 224 x 224 pixels was then used, and an acceptable trade off was achieved between
retaining visual information and reducing the computational load. A batch size of sixteen
was used to optimize the allocation of the GPU memory and ensure the gradients
remained constant during the training. It was chosen because the Adam optimizer has
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an adaptive learning-rate scheme, which generally converges faster than traditional
stochastic gradient descent algorithms. An original learning rate of 1-4x10 was used
since smaller values are used to stabilize the training and prevent divergence, especially
when working with deep neural architecture. The categorical cross-entropy loss objective
was adopted, as it is the canonical loss measure in multi-class classification problems,
thus optimizes the estimation of class probabilities accurately. The maximum number of
epochs allowed was one hundred; however, a mechanism of EarlyStopping was used to
alleviate overfitting. This call-back tracked the loss of validation, allowing a patience of
fifteen epochs, and restored the most successful weights at training stagnation.
Additionally, to further optimize the direction of the optimization, a
ReduceLROnPlateau regime was applied so that the learning rate was dynamically
scaled down in case of no improvement, thus helping to converge to more favorable local
optima. To promote generalization, the network used Batch Normalization layers, which
stabilize activations and make the network learn more quickly, together with Dropout
regularization (rates between 0.3 and 0.5) to resist overfitting due to stochastic neuron
deactivation during training. Data were split into 70: 20: 10 portions, three of which were
used to train, validate, and test the model, which guaranteed equal evaluation of model
performance on unseen examples.

4.2 Testing and Evaluation

The Testing and Evaluation stage of the Wheat Leaf Disease Detection System was
created to measurably determine the performance of the trained model through standard
classification accuracy and visualization aids. The major goal was to determine how well
the model could identify the diseases of wheat leaves and how well it could stay stable
when used on the data it has never been used with before. The major evaluation
measures include Accuracy, Precision, Recall, F1-score, the Confusion Matrix, Loss and
Accuracy curves, and the Area Under the Receiver Operating Characteristics Curve like

AUC-ROC.

1. Accuracy
Accuracy is defined as the percentage of correct identification of samples per the

total samples:

TP+TN
TP+TN+ FP + FN @)
Where TP = number of true positives; TN = number of true negatives; FP = number

Accuracy =

of false positives; FN = number of false negatives. Accuracy provides a general
evaluation but can be misleading in the case of an imbalanced dataset.

2. Recall (Sensitivity)
Recall or sensitivity measures what percentage of the real positive samples the

model correctly identified:
TP

Recall = TP-l-—FN (2)
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High recall implies that the model will identify most of the instances of the disease
and this is significant when dealing with agricultural applications where false

negative will lead to loss of crops.

3. Precision
Precision is the proportion of those predictions that are positive that are also
positive:
o TP
Precision = TP+ FP 3)
This technique is especially useful when there are a number of classes in which

both false positives and false negatives are to be minimized.

4. F1-Score

The F1-score is the harmonic mean of precision and recall, balancing both metrics:
Fl1—s _ oy Precision X Recall 4
core = Precision + Recall )

This is especially useful in multi-class classification where both false positives and

false negatives must be minimized.

5. Confusion Matrix

A tabular display of classification results, the number of times a particular
classification is correct, is the confusion matrix, which shows the number of times
the right class was chosen. It offers an in depth understanding of the classes that
are identified properly and those that are likely to be misidentified.

6. Loss and Accuracy Curves

In training, the cross-entropy was categorical, which is formally defined as:

N C
Loss = — Z Z Yiclog(Vic) (5)

i=1c=1
The variables in the model are defined as follows: where y (i, ¢) represents the true
label of sample i in the c class expressed as a one-hot vector and y hat (i, ¢) is the
prediction of the model. The plot of the loss and accuracy curves over training
epochs give a graphical diagnostic of the model behavior: an increasing distance
between the training and validation curves indicates overfitting, whereas

consistently low scores on both curves indicates underfitting.

7. AUC-ROC Curve

The AUC-ROC curve is a graphical representation used to assess the performance
of a binary classification model. It plots the True Positive Rate (TPR) against the
False Positive Rate (FPR) at various threshold settings. The area under the curve

(AUC) provides a single value that summarizes the performance of the model.

TP

TPR= PN (6)
TP

FPR= ep 1P @)
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The location under the receiver operator characteristic curve (AUC) summarizes
the ROC into a single value between 0 and 1; values near 1 indicate a high ability
to discriminate between diseased and healthy leaves, whereas an AUC of 0.5 is

indicating performance that is equal to random guessing.

AUC = / TPR(FPR) d(FPR) (8)
0

4.3 Results and Discussion

4.3.1 Results of Pre-trained Models

A set of state-of-the-art convolutional neural network architectures were fined tuned on
the wheat leaf disease dataset to obtain a performance baseline. The pretrained models
used VGG16, VGG19, DenseNet121, Xception, and MobileNetV2. The following test on
the test data produced classification accuracies, which are presented in Table 4.3.

Table 4.3 Accuracy of the Pre-trained CNN Models

Model Accuracy
VGG16 95.61%
VGG19 96.34%

DenseNet121 97.88%
Xception 97.46%
MobileNetV2 97.07%

The findings show clearly that all the pretrained convolutional neural network models
performed strongly with accuracy of more than 95%. DenseNet121 was the most accurate
of them (97.88 %), with Xception (97.46 %) and MobileNetV2 (97.07 %) coming in second
and third. VGG architectures (VGG16 and VGG19) were also rather competitive, though
with lower accuracy scores than the more modern architectures.

These results show that pre-trained CNNs are able to transfer the knowledge into the
classification of wheat leaf diseases with a comparatively small training set. However,
high accuracy has a cost in that it incurs a large computational overhead and makes the
models less efficient at running in real-world field scenarios. This led to the creation of
the light WheatCNet model that is particularly tuned to achieve accuracy, efficiency and
realistic usability in the agricultural field.
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Table 4.4: Classification Reports of the Pre-trained CNN Models

Model Class Precision Recall F1-score
BlackPoint 0.91 0.95 0.93
FusariumFootRot 0.98 0.96 0.97
VGG16 HealthyLeaf 0.97 0.92 0.94
LeafBlight 0.99 0.97 0.98
WheatBlast 0.93 0.98 0.96
BlackPoint 0.95 0.94 0.94
FusariumFootRot 0.98 0.98 0.98
VGG19 HealthyLeaf 0.95 0.94 0.94
LeafBlight 0.96 0.96 0.96
WheatBlast 0.97 0.99 0.98
BlackPoint 0.97 0.98 0.98
FusariumFootRot 0.99 0.99 0.99
DenseNet121 HealthyLeaf 0.97 0.97 0.97
LeafBlight 0.99 0.98 0.98
WheatBlast 1.00 1.00 1.00
BlackPoint 0.98 0.98 0.98
FusariumFootRot 0.99 0.96 0.97
Xception HealthyLeaf 0.94 0.97 0.96
LeafBlight 0.98 0.98 0.98
WheatBlast 0.98 0.98 0.98
BlackPoint 0.98 0.97 0.97
FusariumFootRot 0.99 0.97 0.98
MobileNetV2 HealthyLeaf 0.95 0.96 0.97
LeafBlight 0.98 0.98 0.98
WheatBlast 0.98 0.98 0.98

Table 4.4 (presented as a classification report) provides an integrated analysis of
pretrained convolutional neural network models on the wheat leaf disease data,
presenting their precision, recall, and F1-scores for each of the diagnostic categories.
DenseNet121 was the most effective: it produced perfect performance on all classes,
including an F1 -score of 1.00 on Wheat Blast and high performance scores (around 0.97)
on BlackPoint, Fusarium Foot Rot, Healthy Leaf, and Leaf Blight. Xception and
MobileNetV2 also showed strong performance with consistent precision, recall, and F1-

©Ddffodil International University 51



scores ranging between 0.96 and 0.98, thus highlighting their generalisation ability
among classes. VGG19 provided competitive results, with the F1-scores of up to 0.98, but
slightly worse performance on the class of Healthy Leaf, where it achieved lower recall
and precision than with DenseNet121 or Xception. VGG16 was also outperformed by the
rest of the models, especially on Black Point and Healthy Leaf, where declines in both
precision and recall resulted in relatively lower F1-scores. In general, the results suggest
that DenseNet121 is more effective than the rest of the pretrained CNNs, and Xception
and MobileNetV2 represent good alternatives that can be characterised by high precision
and low computing costs.
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Confusion Matrix (Accuracy = 97.0%)
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Figure 4.1: Confusion Matrix of the Pre-trained CNNs

The confusions matrices of the five pre-trained convolutional neural networks VGG16,
VGG19, DenseNet121, Xception and MobileNetV2 provide informative diagnostics of
their classification dynamics on the wheat leaf disease data set. VGG16 showed a decent
overall performance but it had a range of misclassifications such as confusing Healthy
Leaf with Black Point hence reduced its reliability in accurately classifying healthy
samples. VGG19 outperformed this, with fewer misclassifications than VGG16 but
residual errors remained in Black Point and Leaf Blight. DenseNet121 had the highest
accuracy, with almost zero mistakes with a small number of false identifications, which
showed that it has better features extraction and disease differentiation. Xception too
worked well with a small number of error per class and balanced precision-recall curve.
With minimal false positives observed, MobileNetV2 remained highly accurate with
minimal misclassifications when detecting Healthy Leaf and Wheat Blast, and remained
at high accuracy. In general, the confusion matrices show that DenseNet121, Xception,
and MobileNetV2 were the most consistent and the lowest error but VGG16 and VGG19
were not less competitive but the misclassification rates were a bit bigger at the
individual classes.
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Figure 4.2: Loss Accuracy Curves of the Pre-trained CNNs

The accuracy and loss curve of the pretrained CNN models displays training and
validation curve that provides a comprehensive description of the learning dynamics of
the models and convergence behavior of the models throughout the course of training.
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The case of VGG16 predicts accuracy and loss curves that increase steadily and
monotonically with respect to consecutive epochs, with the validation accuracy closely
matching the training accuracy; the same trend is suggestive of strong generalization
and minimal evidence of overfitting. It was found that the loss curves of VGG19 are
diffusing, though small oscillations in validation loss can be spotted during the later
epochs. DenseNet121 was capable of converging very fast within a few epochs, reaching
very high accuracy and the loss at training and validation was very low; the overlap
between the performance curves reflects the strong stability of the model to learn the
intricate patterns of diseases and not be overfitted. Xception also exhibited rapid
learning and consistent performance, because the prediction accuracy did not vary
significantly, and the loss curves smoothed out to a steady performance level, thus
indicating robust generalization. Equally, MobileNetV2 provided good results in terms
of accuracy and loss minimization during both the training and the validation sets, and
the low divergence between the curves meant that there was no underfitting and
overfitting. In general, both the accuracy and loss curves are evidence that all pretrained
CNNs can be effectively trained and have good convergence, with DenseNet121 and
Xception showing the best results, and MobileNetV2 providing a compromise and
computationally efficient version.
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Figure 4.3: AUC-ROC Curves of the Pre-trained CNNs

The discriminative capacity is supported in the ROC curves of the trained convolutional
neural network (CNN) models and area-under-the-curve (AUC) values provide the
objective evaluation of the performance of all the classes.In the case of VGG16, the curves
continued to align with the top-left quadrant, reaching an AUC of 1.00 in Fusarium Foot
Rot, Healthy Leaf, Leaf Blight, and Wheat Blast; Black Point also reached an AUC of
1.00 indicating almost perfect separability among the categories. VGG19 yielded similar
results, with all disease classes such as Black Point, Fusarium Foot Rot, Healthy Leaf,
Leaf Blight and Wheat Blast achieving an AUC of 1.00, hence, excellent discriminative
accuracy. DenseNet121 was found to be better than all the other pretrained models with
every class scoring an AUC of 1.00, and this proves that this model is more skillful in
differentiating the different types of wheat disease without miscommunicating.
Xception was also capable of demonstrating strong discriminative power, with AUC
values of 1.00 on all classes and which consequently strengthens its dependability in
multi-class classification contexts. The performance with MobileNetV2 was also
consistent with the results of AUC of 1.00 in the five classes, thus showing that the high
separability was maintained with its low-computational efficiency.Summing up, the
analysis of ROC curves has shown that all the pretrained CNNs gave outstanding AUC
values in all classes, and DenseNet121, Xception, and MobileNetV2 proved to be the
most stable models in the ability to discriminate between the classes of wheat diseases.

In summary, the pretrained CNN models were evaluated and show that all five
architectures performed well in various metrics with accuracies exceeding 95 per cent,
high precision, recall and F1-scores, and an AUC of 1.00 at all classes. The confusion
matrices confirm the minimal misclassifications done, especially with DenseNet121,
which was always better than the other as it has the best results with near-perfect
misclassifications with almost error-free predictions. Xception and MobileNetV2 are also
characterized by a strong classification reliability, which is accompanied by high
performance and low computational costs; VGG16 and VGG19 are also effective but
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demonstrate slightly higher misclassification in some classes, e.g., Healthy Leaf and
Black Point. The precision and loss curves also confirm the consistency and
overallization capacity of all models, with DenseNet121 and Xception becoming the most
powerful players. In general, pretrained CNNs are a powerful baseline in detecting
wheat leaf disease, but their computational requirements indicate that a more
lightweight solution but as effective as that is needed, which the proposed WheatCNet
model will in the following section.

4.3.2 Results of Proposed WheatCNet

The suggested WheatCNet model has a total accuracy of 99.80, surpassing all the
pretrained CNNs, and validating its efficiency in detecting the disease of the wheat leaf.
In order to analyze its performance further, the precision, recall and F1-score were
computed per class and the findings are presented in Table 4.6. As the assessment
shows, WheatCNet achieves almost perfect scores in all categories. In particular, Black
Point, Leaf Blight and Wheat Blast are scored to perfection, whereas Fusarium Foot Rot
and Healthy Leaf are scored with high precision and recall. A macro and weighted
average of 0.998 indicate that WheatCNet is generally good irrespective of the type of
disease; it is not biased toward any type of disease.

Table 4.5: Classification Report of Proposed WheatCNet

Class Precision Recall F1-Score Support
BlackPoint 1.0000 1.0000 1.0000 100
FusariumFootRot | 0.9900 1.0000 0.9950 100
HealthyLeaf 1.0000 0.9900 0.9950 100
LeafBlight 1.0000 1.0000 1.0000 100
WheatBlast 1.0000 1.0000 1.0000 100
Accuracy 0.9980 500

The abovementioned results support the superiority of WheatCNet over the pretrained
models because it had a perfect average classification on all five classes and as such
garners reliability and robustness in practical agricultural applications.
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Figure 4.4: Confusion Matrix of the WheatCNet

The confusion matrix of the proposed WheatCNet model as Figure (Confusion Matrix of
WheatCNet) demonstrates that it has an exemplary level of classification performance
on all five classes of diseases. The model accurately categorized the large majority of
examples, and there was one misclassification, where an episode of Fusarium Football
Rot was incorrectly identified as Healthy Leaf. With the rest of the classes- the Black
Point, Healthy Leaf, Leaf Blight and Wheat Blast- the perfect accuracy was obtained,
with the result being zero mis-classification. This close to perfection renders the strength
of WheatCNet to differentiate among visually close manifestations of diseases, and it
confirms that the method is able to be consistent across diverse classes. By comparison,
the ready-to-use convolutional neural networks had intermittent misclassifications,
especially between Healthy Leaf and the different diseased classes; WheatCNet showed
significant improvements in error reduction, thus supporting the proof that it is the best
lightweight neural network to detect wheat diseases.
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Figure 4.5: Loss-Accuracy Curve of WheatCNet

WheatCNet has a smooth and stable convergence in training and validation accuracy

and loss curves, which highlights its strong generalization capacity. During the early

stages of training, the validation accuracy gains quickly and shortly levels with the

training accuracy, eventually reaching about 99 3 percent as the later epochs approach,

thus, signaling reliable performance on unseen data. Accordingly, the training and

validation loss decreases rapidly in the first epochs and falls smoothly, as the two curves

follow each other closely. The constantly low loss of validation and large accuracy rates

prove the fact that WheatCNet was able to avoid underfitting and overfitting and, thus,

it proves its ability to withstand learning the discriminative features which contributes

to its high classification performance in comparison with the initial trained CNN models.
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The exceptional performance in terms of classification, as demonstrated by the Receiver
Operating Characteristic (ROC) curve of the proposed WheatCNet model, in Figure
(ROC Curve of WheatCNet), further supports its top-notch performance in classification.
The curves of each of the five classes: Black Point, Fusarium Foot Rot, Healthy Leaf,
Leaf Blight, and Wheat Blast appear to be grouped in the upper-left corner of the plot
with each class having an area under the curve (AUC) of 1.000. Additionally, the micro-
average and the macro-average AUC values were 1.000, which demonstrates the perfect
discriminative power of the whole dataset. These results show that WheatCNet was
capable of completely separating positive and negative examples of all the classes
without misclassification trade-offs. Relative to pretrained convolutional neural
networks, which obtained high but sometimes imperfect separability, WheatCNet
offered absolute accuracy in multi-class discrimination. Due to this, the WheatCNet is
determined as a very robust and reliable model which results in a near-perfect
classification of detecting weed diseases.

Overall, the suggested WheatCNet model was superior to all the pretrained CNN models
with a total accuracy of 99.80 and almost perfect precision and recall and F1-scores in
all the disease categories. The confusion matrix proved that misclassifications were near
insignificant, whereas the accuracy and loss curve showed the convergence steadily
without overfitting. In addition, the ROC analysis showed a perfect separability with
AUC values of 1.000 and values of all classes, which highlighted the strength and
consistency of the model. WheatCNet was an improved solution to the problem of wheat
disease detection because it used Grad-CAM to be both predictively accurate and easy to
interpret, as well as computationally efficient. These findings make the model a light
but potent tool that can be implemented in the real-life agricultural setting when quick
and precise identification of diseases is a crucial element in protecting yields and
sustainable farming activities.

4.3.3 Comparative Analysis

The proposed WheatCNet model was compared to several pretrained CNN models:
VGG16, VGG19, DenseNet121, Xception, and MobileNetV2. The performance of each
model was assessed using accuracy, with the results shown below:

Table 4.6: Comparison of the Models

Model Accuracy
VGG16 95.61%
VGG19 96.34%

DenseNet121 97.88%
Xception 97.46%
MobileNetV2 97.07%
Proposed WheatCNet 99.80%

The analysis reveals that the WheatCNet model outperformed all pretrained models,
achieving an accuracy of 99.80%. While the pretrained models achieved high accuracy
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(above 95%), DenseNet121 provided the highest accuracy among them at 97.88%,
followed by Xception and MobileNetV2. The results indicate that WheatCNet is not only
more accurate but also lightweight, making it suitable for real-time field applications on
resource-constrained devices.

4.3.4 Results of XAI (Grad-CAM)

To increase the interpretability of the developed WheatCNet model, GradientWeighted
Class Activation Mapping (GradCAM) was utilized to visualize the regions of the image
that had the most significant impact on the results of classification. The visualizations
that were generated (the original image, heatmap, and overlay of each class) confirm
that the model behaved in a consistent manner and focused on disease-specific features.
In the case of Wheat Blast, the activations were used to outline the infected parts of the
spikelets with special interest in the discolored and necrotic parts. The heatmaps in Leaf
Blight showed the presence of visually damaged parts of the leaf, like lesions and
discolorations. The pattern of the activation in Healthy Leaf was diffuse and weak, and
it represented no pathological features. In Fusarium Foot Rot, the infected part of the
root was centred around the areas around the soil contact, in Black point, the centred
areas were the darker areas around the kernels. These findings confirm that WheatCNet
not only has a high predictive accuracy but also uses relevant parts of pathology to make
its predictions, thereby enhancing transparency and developing confidence in its use in
the actual world of agriculture..
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4.4 Summary

The current chapter explains the empirical evaluation of wheat disease classification
models. Five trained convolutional neural networks architectures VGG16, VGG19,
DenseNet121, Xception and MobileNetV2 were then tested and all performed well,
however, DenseNet121 was the highest yet with a few instances being misclassified.
Their performance in the aspects of accuracy, precision-recall reports, confusion
matrices, accuracy-loss curves, and receiver-operator characteristic curves brought out
certain positive and negative aspectss. Then, the suggested architecture WheatCNet was
presented, which achieved an accuracy of 99.80” per cent and almost perfect precision,
recall, and F1-scores on all disease classes. A confusion matrix revealed questionably
error-free predictions, and the convergence behaviour of accuracy and loss plots was
stable, with the area-under-the-curve of each prediction class being 1.0, which supported
its robustness and generalizability. Interpretability was realized with Gradient -
weighted Class Activation Mapping (Grad -CAM), where it was found that WheatCNet
made decisions based on image-specific regions of disease, which validated the
dependence on clinically significant pathological features. Overall, WheatCNet stands
out as a very precise, powerful, and understandable model, suitable to be applied in real-
life agricultural conditions that require performance and interpretability.
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Chapter 5

Engineering Standards and
DesignChallenges

This chapter examines the compliance of the project with engineering standards,
evaluates its societal, environmental, and sustainability impacts, and provides a
financial analysis of development and deployment. It also maps the project against
complex engineering problem attributes, knowledge profiles, and engineering
activities.

5.1 Compliance with the Standards

The present chapter details the empirical assessment of wheat disease classification
models. First, five pre-trained convolutional neural network architectures VGG16,
VGG19, DenseNetl21, Xception and MobileNetV2 were tested; each had good
performance, but DenseNetl21 produced the best but still had some instances
misclassified. Their evaluation, in terms of accuracy, precision-recall reports, confusion
matrices, accuracy-loss curves, and receiver-operator characteristic curves highlighted
some strengths and weaknesses. Then, the suggested architecture WheatCNet was
presented, which achieved an accuracy of 99.80" per cent and almost perfect precision,
recall, and F1-scores on all disease classes. A confusion matrix revealed questionably
error-free predictions, and the convergence behavior of accuracy and loss plots was
stable, with the area-under-the-curve of each prediction class being 1.0, which supported
its robustness and generalizability. Interpretability was realized with Gradient -
weighted Class Activation Mapping (Grad -CAM), where it was found that WheatCNet
made decisions based on image-specific regions of disease, which validated the
dependence on clinically significant pathological features. Overall, WheatCNet stands
out as a very precise, powerful, and understandable model, suitable to be applied in real-
life agricultural conditions that require performance and interpretability.

5.1.1 Software Standards

This was implemented by software and subsequently ISO/IEC 25010: 2011 standard
which stipulates the essential properties including functionality, usability,
maintainability, reliability and portability. Python was chosen as the main
programming language due to the adherence to the PEPS8 coding standards and the wide
scientific computing ecosystem. This model, WheatCNet, was implemented using deep-
learning models like TensorFlow and Keras, both of which are popular, well-
documented, and adhere to community-driven standards that make them reproducible
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and scalable. The training of the models was performed on cloud platforms, including
Google ‘Colab and Kaggle whereby the availability of the GPU acceleration was
employed as recommended in the industry in realizing efficient computations. Data
processing and augmentation followed reproducible pipelines, thus guaranteeing
experiment reproducibility. Besides this, the trained models were in standardized
formats (.h5) to ensure that they can be compatible with various deployment platforms.
GitHub with its support of collaborative research, traceability of changes and conformity
to open standards were used to keep the version under control. All these practices
together will allow the realized software to be reliable, maintainable and cross-system
transferable.

5.1.2 Hardware Standards

The choice of hardware specifications focused on the factors of accessibility, scalability
and cost-effectiveness, thus considering the need of end-users who act in agricultural
settings. Images were captured using high-resolution smartphone cameras, which
adhere to the JPEG and PNG format requirements, thus allowing compatibility across
platforms and adequate details to the visual recognition of plant diseases. Cloud-based
GPUs, such as NVIDIA Tesla T4 and K80, were used as model trainers, and these are
based on CUDA and cuDNN requirements to be accelerated. Such cloud resources made
scaling easier and avoided the use of expensive local servers. WheatCNet was designed
based on the concept of a lightweight architecture to allow it to run on resource-
constrained hardware, including mid-range smartphones and embedded systems like the
Raspberry Pi. Adherence to standards of hardware efficiency can guarantee the model
can be used practically in rural communities where the number of computational
resources is limited. Moreover, the architectural design also follows green computing
concepts by minimizing on using much energy and still does not affect the performance
thus aiding in sustainability.

5.1.3 Communication Standards

Communication protocols used to enable communication between the users and the
WheatCNet model were chosen based on accepted web and security standards. The
transfer of data was carried out via HT'TP/ HTTPS, and TLS/SSL encryption ensured
the implementation of safe and confidential delivery of images and outcomes. The design
of the system was based on the concept of RESTful API and, consequently,
interoperability, modularity, and scalability of the communication between the frontend
user interface and the backend classification model. When conducting real-time testing,
the tunneling service (e.g. Ngrok) was used; these tunneling services use secure
forwarding protocols, and are based on web standards. In addition to this,
communication was made lean to take the minimum bandwidth, which is very important
in the rural farming set up where connectivity is limited. The Image compression
techniques also have been performed in a way that the quality of diagnosis is preserved
thus effective transmission over low speed network. Meeting these standards of
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communication is not only reliable, secure and scalable, but also makes them usable in
the actual conditions of agriculture.

5.2 Impact on Society, Environment and Sustainability

The development of WheatCNet extends beyond its technical contributions and holds
broader implications for life, society, the environment, ethics, and sustainability. The
model is relevant because it enhances food security, economic stability, and sustainable
agriculture practices and fosters responsible application of artificial intelligence as it
delivers an efficient, precise, and interpretable system of wheat disease detection.

5.2.1 Impact on Life

The second most significant cereal crop worldwide is wheat and it forms the major source
of nourishment to billions of individuals. The wheat-related diseases are known to cause
serious yield loss, which can pose serious threats to food security and consequently to
human health. WheatCNet, with 99.80 percent classification accuracy, is directly related
to enhancing food security by allowing detection and control of crop diseases early
enough before they develop. Early intervention minimizes loss of crops which guarantees
more stable yields that go to stabilize the food chain. In addition to the availability of
food, better crop health has a positive impact on the livelihood of farmers by ensuring a
steady income as well as eliminating the psychological burden of not knowing how the
harvest will turn out. This in turn creates more favorable living standards, education
and well being among the farming families especially in the developing world where
agriculture is the leading source of livelihood.

5.2.2 Impact on Society & Environment

In the societal view, WheatCNet is empowering farmers by giving them direct access to
Al-based tools via smartphones and other inexpensive gadgets. This agricultural
technology democratization also decreases the reliance of agricultural professionals
whose services may not be accessible or even unaffordable among smallholder farmers
in rural regions. The system therefore helps in minimizing inequalities by making high-
level technology more accessible. At the environmental aspect, the system can predict
diseases early enough and thus, using pesticides can be used precisely and targeted. This
will minimize excessive use of agrochemicals, decreasing the chances of soil erosion,
water pollution, and diminished biodiversity. A reduction in the use of excessive
chemicals will not only help to preserve the ecosystems but will also lower the input
expenses of the farmers which will balance both the environmental and the economic
outcome. Collectively, these social and ecological effects enhance agricultural instability
and advance sustainable agricultural activities.
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5.2.3 Ethical Aspects

The development of the artificial intelligence in agriculture is to be closely paid attention
to ethical values like fairness, transparency and accountability. Considering these
points, WheatCNet addresses these issues by introducing Grad-CAM explainability,
which enables farmers and experts in the field of agriculture to see regions of wheat
leaves that the model relied on to make its assumptions. This will make sure that the
system 1s not a black box but has explanations as to why it made such decisions.
Furthermore, dataset balancing and augmentation solutions were used in training to
minimize class imbalance and possible biases, which guarantees equal performance of
all classes of diseases. The ethical utilization of data was also disposed of: the processing
and storage of images were conducted in accordance with secured procedures and the
design of the system is that a sensitive user data can be secure in the course of its
deployment. The measures will create confidence in WheatCNet, as an effective and
ethically sound instrument to use in agriculture.

5.2.4 Sustainability Plan

WheatCNet design and deployment strategies entail the long-term sustainability of this
network. It is lightweight which makes it energy efficient and compatible with resource-
constrained devices which has decreased the environmental impact and made it
economical to use in large quantities. This design is energy conscious and complies with
green computing concepts as there is minimum usage of computational power and carbon
emission. The model costs less to adopt economically as they do not rely on expensive
hardware and contribute towards supporting small-scale farmers who need it most in
case their crop fails. In a social context, the scalability of WheatCNet can be expanded
to digital farming platform, government extensions or mobile advisory systems in the
future to be relevant and used by many. Moreover, its consistency with the United
Nations Sustainable Development Goals (SDGs) especially SDG 2 (Zero Hunger), SDG
12 (Responsible Consumption and Production), and SDG 13 (Climate Action) indicates
that it contributes to the promotion of global sustainability perspectives. Adaptability is
what has seen the system keep up with future agricultural challenges, which guarantees
its effect in years to come.

5.3 Project Management and Financial Analysis

Financial forecasting of the WheatNet-based Wheat disease Detection system predicts
the fiscal expenditures required to accomplish the first-time development, continued
operation and long term sustenance of the proposed Wheat Disease Detection System.
The design was designed with the vision to be cost-efficient and scalable, thus enabling
wide implementation without huge initial investments. The allocation of development
and operational costs, anticipated alternative budget provisions for scalability and a
revenue framework to achieve long term sustainability are outlined in subsequent
subsections.
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5.3.1 Budget Required

A. Initial Development Costs

Table 5.1: Initial Development Costs

Category Cost (BDT) Rationale
Data Collection 5,500 Smartphone f:amera usage, stc?rage, and
preprocessing of wheat leaf images.
Software 4500 Cloud platforms (Google Colab, Kaggle) and
Development ’ local development resources.
Web Application 9500 Streamlit-based frontend (free) and
Development ’ temporary hosting via Ngrok.
Cloud Services & 6.000 Optional backend deployment on
Hosting ’ AWS/Heroku for testing scalability.
Miscellaneous 3,000 Documentation, internet costs, and
Costs ’ operational overhead.
Total Initial Costs 21,500

B. Ongoing Operational Costs

Table 5.2: Ongoing Operational Costs

Category Cost (BDT/year) Rationale
Updating th del f di
Model Maintenance 9,000 baating the moget lor new .1sease
classes and dataset expansion.
Annual cost of server hosting for
Web Hosting 5,000 v &
deployed system.
User Support & 6.000 Maintenance of FAQs, manuals,
Documentation ’ and farmer-support materials.
. Bug fixes, UI improvements, and
Miscellaneous Updates 7,500 & . P
security updates.
Total Operational Costs 27,500
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C. Alternate Budget and Rationales

Table 5.3: Alternate Budget for Scaling and Expansion

Category Cost (BDT) Rationale

Expanded Data 12,000 Gathering samples from more regions
Collection and environmental conditions.
Additional Cloud 11,500 Scaling to handle larger user traffic
Resources and higher dataset volume.
Partnerships & 20,000 Collaborations  with agricultural
Marketing boards and outreach to farmers.
Total Alternate Budget | 43,500

Rationale behind Alternate Budget: The alternate budget would enable scaling, by
increasing the diversity of datasets, increasing system robustness when used heavily,
and strengthening partnerships to expand the user base.

5.3.2 Revenue Model

Various revenue models are suggested in order to provide long-term sustainability:

e Freemium Model: The system can provide free disease-detection, but paid
services 1ncluding advanced disease-management guidance and trend
analysis might be offered with a subscription fee (Bdt 500-Bdt 2,000/year).
This model has the potential to produce about Bdt 1, 000, 000 per year with
a cohort of 1,000 high-end users. Funding Well-known Non-Governmental
Organizations: It is possible to receive institutional funding by collaborating
with agricultural boards or universities, or NGOs. Depending on size, the
revenue can be between BDT 100,000 and BDT 500,000 partnership.

e Partnerships with Agricultural Organizations: Collaborations with
agricultural boards, universities, or NGOs can provide institutional funding.
Depending on scale, revenue may range from Bdt 100,000 to Bdt 500,000 per
partnership.

e Data Analytics for Agencies: Aggregated insights on regional disease
occurrences, crop health and outbreak forecasting, would be shared with
government agencies or research institutes and could bring in revenue of Bdt
200,000 - 600,000 per annum.
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5.3.3 Cost-Benefit Analysis

The cost- benefit analysis indicates that WheatCNet is an economical system to farmers.
Its negligible upfront development cost, minimal operational requirements, and
economical deployment render it accessible in rural regions. To the farmers, the system
helps to reduce losses of crops, optimize the use of pesticides and stabilize income. To
society, it enhances food security as it protects the production of wheat. WheatCNet
should expect to be financially sustainable within a year or two of deployment, and
expand further as more users adopt it and many new features become available.

Beyond the technical contributions of WheatCNet, there is its broader implication on
life, society, the environment, ethics and sustainability. Providing an accurate, efficient,
and transparent system to trace the illnesses of wheat, the model will enhance food
security, financial stability, and sustainable farming methods, not to mention
responsible application of artificial intelligence.

5.4 Complex Engineering Problem

The creation of Wheat Disease Detection System based on WheatNet necessitated the
solution to multiple interdisciplinary engineering issues that needed great expertise in
the technical field and cross-professional collaboration. The only problem was that the
system could recognize a range of wheat diseases with high accuracy and was not
heavyweight and could be used on platforms with resource restrictions such as
smartphones. The design must have thus been able to balance both diagnostic accuracy
and computational efficiency, scalability and explainability with explainable artificial
intelligence. Also, the model was required to survive noisy input, turbulent
environmental conditions and similar symptoms of diseases that were visually similar

hence needed to be well-engineered and well tested.

5.4.1 Complex Problem Solving

The project required a substantial knowledge of deep-learning strategies, transfer
learning, dataset augmentation, and explainable Al, such as Grad-CAM. A range of pre-
trained convolutional neural networks (VGG16, VGG19, DenseNet121, Xception,
MobileNetV2) were also systematically compared; their nature limitations informed the
design of WheatCNet. It also required the system to maintain transparency and cultivate
trust among the main users of the system-farmers with limited technical knowledge-
and, thus, focus on the considerations of user-centric design.
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Table 5.4: Mapping with Complex Engineering Problem.

EP1 EP2 EP3 EP4 EP5 EP6 EP7
Dept of Range Depth | Familiari| Extent Extent Interdepende
Knowled | Of of ty of of Of Stake- | nce
ge Conflicting | Analys | Issues Applica | holder
Requireme | is ble Involveme
nts Codes nt
/ / v V/ v

5.4.1.1 Justification for EP Attributes Mapping

EP1 — Depth of Knowledge: The system necessitated expertise in
convolutional = neural network  architectures, transfer learning,
hyperparameter optimization, and lightweight network design.

EP2 — Range of Conflicting Requirements: The model demanded a
compromise between high predictive accuracy and low computational cost in
order to be mobile friendly.

EP3 — Depth of Analysis: An experimental pipeline was rigorous and
compared pretrained models to WheatCNet, which was proven based on
performance measures including accuracy, precision, recall, F1 -score, and
area under the receiver operating characteristic curve (AUC).

EP5 — Extent of Applicable Codes: Scope of Codes in Applicability:
TensorFlow and Keras standardized frameworks as well as the HDF5 (h5)
file format were used to ensure reproducibility and portability.

EP6 — Stakeholder Involvement: Stakeholder Involvement: Farmers and
agricultural professionals were consulted regarding system requirements,
thus making it practical to use in rural environments.

Table 5.5: Mapping with knowledge Profile.

K1 K2 K3 K4 K5 K6 K7 K8
Natu Engineeri | Special Enein Enein Resear
ral Mathem | ng ist ring ee ring ee Comprehe | ch
Scien | atics Fundame | Knowle g g nsion Literat
Design Practice
ce ntals dge ure
v v v v

5.4.1.2 Justification for Knowledge Profile Mapping

K3 — Engineering Fundamentals: The fundamental engineering principles of
machine learning, optimization, and metrics of evaluation formed the seminal
basis to model-building.

K4 — Specialist Knowledge: Expertise in CNNs, transfer learning,
hyperparameter optimization and Grad-Cam played a crucial role in
obtaining high accuracy and improving model transparency.
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K6 — Engineering Practice: The model was implemented practically through
training, combining it with a user-friendly interface, and making it
compatible with mobile devices.

K8 — Research Literature: The project used the literature on plant disease
detection using CNNs to design a new solution, modifying and refining
previous methods of detection.

5.4.2 Engineering Activities

Table 5.6: Mapping with Complex Engineering Activities.

EA1 EA2 EA3 EA4 EA5
Range of Level of Innovation Consequences | Familiarity
re- Interaction for society
sources and
environment
\/ / 4 v v

5.4.2.1 Justification for Engineering Activities Mapping

EA1 — Range of Resources: An extensive collection of resources was utilized,
including smartphone cameras to obtain the data, Python libraries to process
the data, TensorFlow/Keras to train the model, Google Colab GPUs to
accelerate computation, and Grad-CAM to explain the model.

EA2 — Level of Interaction: The system enabled interaction across multiple
layers between the model, interface, and the end-user, where farmers could
upload images, get predictions, and view Grad-CAM heatmaps, thus making
the system interpretable.

EA3 — Innovation: WheatCNet was designed as a lightweight convolutional
neural network, suitable to achieve high accuracy on smartphones, and due to
the additional implementations of explainability opportunities.

EA4 — Consequences for Society & Environment: The system improves
environmental sustainability by allowing early and accurate detection,
resulting in less pesticide use, crop losses, and enhances environmental-
friendly agricultural practices.

EA5 — Familiarity: The project utilized well-known practices in deep learning,
transfer learning, and mobile deployment, thus ensuring that the applied
methods were tested but still giving the opportunity to introduce some

Innovative improvements.
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5.5 Summary

This chapter has talked about engineering criteria, societal and environmental impacts,
project management, economics, and the multidimensional engineering issues in the
engineering of WheatCNet. The system was demonstrated to be compliant with software,
hardware and communications standards to provide reliability, reproducibility and
secure deployment. Its wider impact includes improving human wellbeing through food
security, sustaining agricultural communities and reducing environmental impacts
through precision pesticide use. Ethical standards were respected by emphasizing
transparency, fairness, and explainability as shown by Grad-CAM visualizations.
Project management and financial analyses showed that WheatCNet is cost-effective,
with low development and operational costs, and is scalable through revenue streams
such as freemium services, partnerships and data analytics. Finally, the system was
mapped against the complex engineering problem attributes and knowledge profile
requirements and the engineering activities to assure that it met the requirements for a
comprehensive and impactful engineering solution. Overall, WheatCNet is a technically
viable, socially responsible, and economically sustainable tool for sustainable
agriculture.
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Chapter 6

Conclusion

This chapter summarizes the research contributions, discusses the limitations of
WheatCNet, and highlights directions for future work. It concludes with the overall
significance of the proposed system for sustainable agriculture.

6.1 Summary

In this thesis, a lightweight convolutional neural network model named WheatCNet
for detecting wheat leaf diseases was designed, developed, and evaluated. The
research work started with a literature review and testing of several pretrained
CNNs architecture such as VGG16, VGG19, DenseNetl121, Xception, and
MobileNetV2. This accuracy was validated through high accuracy for the models,
however, computational efficiency, and misclassification were still limitations. To
tackle these challenges, WheatCNet was designed as a customized solution that
yielded an overall accuracy of 99.80% outperforming all pretrained models while
being computationally efficient and ready for deployment on resource-constrained
devices.

The model was thoroughly tested with accuracy, precision, recall, F1l-score,
confusion matrices, accuracy, loss curves, and AUC-ROC curves, which all proved
the superior performance. Explaining predictions with explainable Al such as Grad-
CAM confirmed that the predicted regions in the WheatCNet model were
meaningful regions that are disease-specific, which will further increase the trust
and interpretability of the model. In addition to technical performance, the study
looked beyond technical performance to assess adherence to engineering standards,
societal and environmental impacts, financial viability and complex engineering
attributes, validating the robustness of the system, its cost effectiveness, and
adherence to sustainability goals.

6.2 Limitation

Despite good performance of WheatCNet, a few limitations should be noted. The
training and evaluation set were small in scope and size (with a fixed number of
images per class) and, although augmentation reduced class imbalance, it did not
fully represent environmental conditions, lighting variations, and disease stages in
real-world fields. As a result, the model's robustness under highly variable or
extreme conditions has not been tested. Also, while WheatCNet is designed to be
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lightweight to deploy on mobile devices, it has never been rigorously evaluated for
very low-end smartphones and embedded systems, and its utility in areas with low
internet connectivity could be limited if cloud-based services are needed. Another
limitation is that the model is limited to five wheat leaf diseases - Black Point,
Fusarium Foot Rot, Healthy Leaf, Leaf Blight and Wheat Blast - and has yet to
adapt to emerging or rare diseases, as well as extend to multi-crop detection without
retraining on larger datasets. Finally, although Grad-CAM was able to provide
visual explanations of model predictions, it is still limited in its interpretability, as
the heatmaps may not lead to further semantic information that is easy to interpret
to farmers or more non-technical users. These limitations highlight the importance
of dataset expansion, field validation, device optimization across a broader range of
devices, expansion to additional diseases, and better explainability paradigms to
ensure WheatCNet becomes a fully scalable and practical tool for precision
agriculture.

6.3 Future Work

Future research on WheatCNet should focus on enrichment of the dataset in both
size and diversity to include more environmental conditions, disease stages, and
geographic differences to make them more robust and generalizable. Furthermore,
the system could be expanded to include multi-crop and multi-disease detection,
allowing the system to be used in a variety of agricultural settings. Deployment
optimization is another focus area, and it needs to be evaluated holistically on low-
end smartphones and edge devices and incorporate offline capabilities for areas with
limited internet connectivity. More nuanced and user-friendly explainability
algorithms such as SHAP or LIME can be considered in the explainability area,
potentially further improved by mnatural language explanations to make
explainability more end-user (particularly the farmers) friendly. Lastly, one can
expect that a mass adoption and implementation of WheatCNet to digital
agriculture platforms or mobile advisory systems offering not only diagnostics but
also treatment advice and sustainable farming practices with the assistance of
agricultural agencies and NGOs will provide a path to a massive adoption and a
long-term impact on society.
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