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Abstract

Plant diseases cause substantial losses in agricultural productivity, and traditional
identification methods relying on visual inspection by experts are often slow, sub-
jective, and impractical for large-scale monitoring. Conventional deep learning
models, while effective, tend to be computationally expensive and unsuitable for
deployment in resource-constrained environments such as mobile devices. To
address these challenges, this thesis investigates efficient hybrid deep learning
models for plant disease detection, with a particular focus on enhancing Mo-
bileNetV2, a lightweight architecture that employs depthwise separable convo-
lutions to drastically reduce computational cost while maintaining high represen-
tational power. The proposed approach integrates a Convolutional Block Attention
Module (CBAM) with MobileNetV2 to improve feature selection through channel
and spatial attention without significantly increasing model complexity. Experi-
ments were conducted on the PlantVillage dataset comprising approximately 54,000
images across 38 disease and healthy leaf classes. The hybrid MobileNetV2+CBAM
model was compared against baseline MobileNetV2, Inception, and Xception net-
works, with training aided by data augmentation, regularization, and adaptive
learning rate scheduling. Results demonstrate that the CBAM-enhanced Mo-
bileNetV2 achieves improved classification accuracy over the baseline MobileNetV2
model while preserving computational efficiency. However, since the evaluation
is conducted on the PlantVillage dataset, which consists of images captured under
controlled conditions, the reported performance should be interpreted within the
context of benchmark evaluation. Further validation on real-world field data is
required to fully assess generalization and deployment readiness in practical agri-
cultural environments.
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Chapter 1

Introduction

Agricultural productivity is under increasing threat due to plant diseases, which
account for up to 40% of crop losses globally each year, translating to over US
$220 billion in economic damage and food security risks—it is a compelling global
challenge affecting rural incomes and livelihoods [17, 43]. For instance, wheat, rice,
maize, and potatoes can individually sustain yield losses exceeding 20–30% when
afflicted by common pathogens [9]. Traditional diagnostic methods rely heavily on
expert visual inspection or laboratory tests, which are time-consuming, subjective,
and impractical for widespread or real-time field deployment.

In contrast, deep learning, particularly convolutional neural networks (CNNs),
has shown remarkable success in image-based plant disease classification. Early
work by Mohanty et al. utilized CNNs on the PlantVillage dataset (over 50,000
images across multiple disease classes) to achieve >99% accuracy under controlled
conditions [28]. However, such models are computationally heavy and often un-
suitable for mobile deployment due to large parameter counts and high latency.

Recent advances in efficient architectures (e.g., MobileNet) and lightweight at-
tention mechanisms (e.g., CBAM) provide a promising path forward. MobileNet,
built on depthwise separable convolutions, reduces computation while maintain-
ing strong representation capacity [4]. Meanwhile, CBAM (Convolutional Block
Attention Module) refines feature learning via channel and spatial attention with
minimal overhead [44]. By combining these techniques, it is possible to develop
models that are both accurate and deployable on low-power devices.

Therefore, the motivation of this research is clear: to design and validate a
hybrid deep learning model that bridges the gap between high-accuracy disease
detection and practical field deployment. Such a solution could empower farmers
with real-time, AI-driven diagnostics, enabling timely intervention and improving
crop health monitoring in resource-limited settings.
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1.1 Problem Statement

Plant diseases pose a significant threat to global agricultural productivity and food
security, causing substantial economic losses and reduced crop yields each year.
Early and accurate identification of plant diseases is therefore essential for effective
crop management and sustainable agricultural practices. Traditionally, disease
detection relies on manual inspection by agricultural experts, a process that is often
time-consuming, subjective, and impractical for large-scale monitoring in modern
farming environments [17]. As a result, automated image-based disease detection
systems have gained increasing attention in recent years.

Advancements in deep learning, particularly Convolutional Neural Networks
(CNNs), have shown promising results in plant disease classification tasks using leaf
images. Several studies have demonstrated high classification accuracy using deep
architectures such as AlexNet, GoogLeNet, and ResNet on datasets like PlantVillage
[28]. However, many of these models are computationally intensive and require
significant processing resources, which limits their practical deployment on mobile
or edge devices commonly used in real-world agricultural settings.

Furthermore, conventional CNN architectures may struggle to effectively cap-
ture subtle disease symptoms, especially when lesions or discolorations occupy
small regions of leaf images. Recent research suggests that integrating attention
mechanisms into deep learning architectures can enhance feature representation by
enabling models to focus on the most relevant spatial and channel-wise informa-
tion [44]. Despite these developments, there remains a need for an efficient hybrid
deep learning framework that combines lightweight architectures with attention
mechanisms to improve both classification accuracy and computational efficiency
for practical plant disease detection applications.

1.2 Research Objectives

1.2.1 General Objective

The main objective of this research is to develop an efficient hybrid deep learning
framework for accurate plant disease detection from leaf images by integrating
lightweight convolutional neural network architectures with attention mechanisms
to improve classification performance while maintaining computational efficiency.

1.2.2 Specific Objectives

To achieve the overall goal of this study, the following specific objectives are defined:

• Build a high-performance deep learning system for identifying 38 different
plant diseases.
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• To investigate existing deep learning approaches used for image-based plant
disease detection and compare multiple CNN-based models: MobileNetV2,
Xception, Inception, and a custom attention-enhanced variant.

• To propose a hybrid deep learning model that balances accuracy and effi-
ciency.

• To ensure the model can be deployed on mobile devices for real-time, field-
level diagnosis.

1.2.3 Research Questions

• RQ1 (Efficiency–Accuracy Trade-off):
How can we minimize computational complexity (parameters, FLOPs, model
size, latency) without sacrificing accuracy on PlantVillage? What Pareto fron-
tier can be achieved across candidate backbones (MobileNetV2, Xception,
Inception) and the proposed MobileNetV2+CBAM hybrid?

• RQ2 (Attention Benefits):
To what extent does integrating CBAM into a lightweight backbone (Mo-
bileNetV2) improve class-wise precision/recall/F1 and AUC versus the same
backbone without attention and versus heavier baselines?

• RQ3 (Training Strategy):
Which fine-tuning choices (layers unfrozen, learning-rate schedules, drop-
out/L2 regularization) most effectively boost generalization while controlling
overfitting in a low-compute regime?

• RQ4 (Method Comparison):
How does the proposed hybrid deep learning framework compare with ex-
isting plant disease detection models in terms of accuracy and efficiency?

• RQ5 (Deployability):
Can the proposed model provide a practical solution for automated plant
disease detection suitable for deployment in real-world agricultural environ-
ments?

1.2.4 Significance of the Study

This study contributes to the advancement of intelligent agricultural systems by
developing an efficient deep learning-based framework for automated plant dis-
ease detection from leaf images. By integrating lightweight convolutional neural
network architectures with attention mechanisms, the proposed approach aims to
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improve the accuracy and efficiency of disease classification while reducing com-
putational complexity. Such improvements are particularly important for enabling
practical deployment on mobile or resource-constrained devices used by farmers
and agricultural practitioners. The outcomes of this research can support early
disease diagnosis, reduce crop losses, and enhance decision-making in crop man-
agement. Furthermore, the study contributes to the growing body of research
in precision agriculture by demonstrating how hybrid deep learning models can
be leveraged to build scalable and accessible solutions for real-world agricultural
monitoring and plant health management.

1.2.5 Scope and Limitations of the Study

This study focuses on the development and evaluation of a hybrid deep learning
framework for automated plant disease detection using leaf images. The research
utilizes the PlantVillage Dataset, which contains labeled images of healthy and
diseased plant leaves across multiple crop species. The proposed approach inves-
tigates the performance of pretrained convolutional neural network architectures,
specifically MobileNetV2 and Xception, enhanced with the Convolutional Block
Attention Module (CBAM) to improve feature representation and classification ac-
curacy. The study primarily addresses the classification of plant diseases from
static leaf images and evaluates model performance using standard metrics such as
accuracy, precision, recall, and F1-score.

However, several limitations should be acknowledged. First, the study relies on
images from the PlantVillage dataset, which are captured under controlled condi-
tions and may not fully represent the variability present in real-world agricultural
environments, such as varying lighting conditions, complex backgrounds, and oc-
clusions. Second, the research focuses on image-based disease detection and does
not incorporate other potential data sources such as environmental factors, soil
conditions, or temporal disease progression. Additionally, while the study aims
to develop computationally efficient models suitable for mobile deployment, full
real-world implementation and field validation are beyond the scope of this re-
search. Despite these limitations, the findings provide valuable insights into the
application of hybrid deep learning models for efficient plant disease detection in
precision agriculture.



Chapter 2

Literature Review

2.1 Background

Plant pathology or phytopathology is the scientific discipline concerned with the
study of plant diseases, their causal agents, mechanisms of infection, and strategies
for control. Plant diseases, broadly defined as abnormal physiological or morpho-
logical conditions that negatively affect plant growth and yield, are caused by a
wide range of biotic (living) and abiotic (non-living) factors [1]. Understanding the
nature and categories of these diseases is essential for developing effective detection
and management strategies.

2.1.1 Biotic Diseases

Biotic diseases are caused by infectious organisms such as fungi, bacteria, viruses,
and nematodes.

• Fungal diseases are caused by fungi, which are eukaryotic organisms that live
on or within plants and obtain nutrients from the host. They account for the
majority of plant infections, with examples including powdery mildew, late
blight (caused by Phytophthora infestans), and rust diseases. These pathogens
spread rapidly in humid environments and can devastate staple crops like
potatoes, wheat, and maize [9].

• Bacterial diseases are caused by bacteria, single-celled prokaryotic organisms
that can rapidly multiply within plant tissues, such as bacterial wilt (Ralsto-
nia solanacearum) and citrus canker (Xanthomonas axonopodis), often cause
systemic infection, leading to vascular blockage and wilting [13].

• Viral diseases are caused by viruses, which are microscopic infectious agents
that replicate inside host plant cells. Examples include cucumber mosaic
virus, tomato spotted wilt virus and banana bunchy top virus, are typically

5
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transmitted by insect vectors, making them difficult to control. Their symp-
toms include mosaic patterns, leaf curling, and severe yield reduction [18].

• Nematode diseases arise from microscopic roundworms (nematodes) that
attack plant roots, disrupting nutrient uptake and hindering growth. For
example, root-knot nematodes can significantly reduce productivity in veg-
etables [31].

2.1.2 Abiotic Diseases

Abiotic plant disorders arise from environmental or chemical stressors rather than
living organisms. These include nutrient deficiencies, soil salinity, drought, frost,
and exposure to pollutants. For instance, iron deficiency chlorosis results in yellow-
ing leaves due to impaired chlorophyll synthesis, while ozone toxicity can cause
necrotic spotting [26]. Although not infectious, abiotic stresses often predispose
plants to secondary infections by biotic agents.

2.2 Plant Disease Detection

Plant disease detection is the process of recognizing and classifying diseases af-
fecting plants, encompassing a wide range of pathogens including fungi, bacte-
ria, viruses, and nematodes. Accurate and timely identification is crucial for im-
plementing appropriate management strategies to minimize yield losses, prevent
widespread epidemics, and ensure food security, impacting both the quantity and
quality of food production.

2.2.1 Importance of Plant Disease Detection

Accurate and timely identification of plant diseases is critical for ensuring global
food security and sustaining agricultural productivity. Early detection allows farm-
ers to initiate appropriate control measures, thereby reducing crop losses, minimiz-
ing the use of pesticides, and maintaining the quality of agricultural products [11].
Since approximately 80% of the world’s food supply is derived from plants, their
vulnerability to diseases directly influences human nutrition and economic stability
[41].

Plant disease identification also serves as a foundation for precision agriculture,
where advanced technologies enable targeted interventions. By detecting disease
outbreaks at an early stage, farmers can optimize resource usage such as water,
fertilizers, and pesticides, reducing environmental impacts while improving yields
[12]. Thus, efficient disease identification is not only a biological necessity but also
a technological enabler of sustainable farming systems.
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2.2.2 Challenges in Plant Disease Detection

Despite its importance, plant disease identification remains a challenging task.
Traditional methods rely on visual inspection by experts, which is subjective, time-
consuming, and often limited by overlapping symptoms among different diseases
[2]. For example, leaf yellowing may indicate viral infection, nutrient deficiency,
or environmental stress, complicating accurate diagnosis. Furthermore, many
pathogens exhibit high variability in symptom presentation depending on envi-
ronmental conditions, plant age, or host resistance mechanisms [11].

The scarcity of trained pathologists in many developing regions exacerbates
the challenge. Additionally, laboratory-based molecular methods such as poly-
merase chain reaction (PCR) provide higher accuracy but are resource-intensive
and impractical for large-scale field applications [14]. These limitations highlight
the pressing need for automated, scalable solutions that leverage computer vision
and deep learning to overcome human subjectivity and enhance accuracy under
real-world conditions.

2.2.3 Economic Impact of Disease Detection on Agriculture

The economic implications of plant diseases are immense, with global annual crop
losses estimated at 20–40% due to pests and pathogens [7]. For instance, rice blast
disease alone is responsible for destroying enough rice to feed 60 million people
each year [10]. Similarly, late blight in potatoes caused by Phytophthora infestans
remains one of the most economically damaging plant diseases in history, with
devastating consequences during both historical events (e.g., the Irish famine) and
modern outbreaks [5].

Accurate detection and management of plant diseases can substantially reduce
these losses and improve food security. Early and precise identification prevents
unnecessary pesticide use, lowering costs for farmers and mitigating environmen-
tal harm. Moreover, the integration of deep learning-based detection systems has
the potential to democratize access to diagnostic expertise, allowing smallholder
farmers—who produce a significant share of global food—to mitigate crop loss and
increase profitability [28]. Thus, investment in efficient plant disease detection tech-
nologies is both an economic imperative and a pathway toward global agricultural
resilience.

2.3 Traditional Methods of Disease Detection

Traditional plant disease detection methods have historically relied on visual in-
spection by farmers and experts, which, although inexpensive and straightfor-
ward, is often subjective, time-consuming, and prone to misdiagnosis, particu-
larly when diseases present overlapping symptoms [25]. To improve accuracy,
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laboratory-based approaches such as microscopy and culturing, serological assays
like enzyme-linked immunosorbent assay (ELISA), and molecular diagnostics such
as polymerase chain reaction (PCR) have been widely adopted [13, 14]. While these
methods provide reliable identification, they are labor-intensive, costly, and unsuit-
able for large-scale or real-time field applications, especially in regions with limited
access to laboratories and trained specialists. Consequently, the limitations of tra-
ditional approaches highlight the urgent need for automated, efficient, and scalable
solutions, such as deep learning–based image recognition, which can deliver timely
and accurate plant disease detection directly in the field [28].

2.4 Technological Approaches to Plant Disease Detection

The adoption of digital imaging has enabled researchers to apply image processing
and computer vision techniques for plant disease detection. Early approaches in-
volved extracting handcrafted features such as color histograms, texture descriptors,
and shape-based metrics to distinguish healthy and diseased tissues [2]. Classical
algorithms including k-means clustering, support vector machines (SVM), and ran-
dom forests were then employed to classify these features into disease categories
[8]. Although such methods improved upon manual inspection, their performance
often degraded under real field conditions due to variations in lighting, background
clutter, and leaf morphology. Moreover, handcrafted features lacked the ability to
generalize across diverse crops and complex disease symptoms, which limited their
scalability.

2.4.1 The Role of Artificial Intelligence in Agriculture

The broader integration of artificial intelligence (AI) in agriculture has transformed
multiple aspects of the food production pipeline, including crop monitoring, yield
prediction, weed detection, and precision irrigation [21]. Machine learning algo-
rithms and sensor-based technologies have enabled farmers to optimize resource
allocation, reduce chemical usage, and improve sustainability. For plant disease
management specifically, AI systems can analyze multispectral imagery, weather
data, and field sensor readings to predict outbreaks before they become visually
detectable [23]. This predictive capability highlights AI’s role not only in diagnosis
but also in prevention, supporting sustainable practices in line with global food
security goals.

2.4.2 How AI Enhances Disease Identification

AI algorithms can learn from large datasets of plant images and spectral data,
identifying complex relationships between visual and spectral features and disease
presence, often surpassing human capabilities in detecting subtle patterns. This
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allows for more accurate and objective disease classification compared to tradi-
tional methods, reducing reliance on subjective human judgement. AI can also be
used to predict disease outbreaks based on environmental factors and historical
data, enabling preventative measures to be taken before diseases spread widely.
Furthermore, AI can be integrated with other technologies, such as robotics and
drones, for automated disease scouting and targeted application of treatments [35].
The continuous development of new AI algorithms and increasing computational
power are driving further advancements in this field.

2.5 Basic Steps in Plant Disease Detection

The process of plant disease detection typically follows a structured pipeline con-
sisting of image acquisition, preprocessing, segmentation, feature extraction, and
classification. Each step plays a crucial role in ensuring accurate and robust disease
identification.

2.5.1 Image Acquisition

Image acquisition is the foundation of any automated disease detection system. It
involves capturing leaf images using digital cameras, smartphones, or specialized
imaging sensors such as multispectral or hyperspectral devices [23]. The qual-
ity of acquired images significantly influences subsequent processing steps; poor
resolution, inconsistent lighting, or motion blur can degrade model performance.
In field-based applications, acquisition methods must account for environmental
variability such as changing light conditions and complex backgrounds.

2.5.2 Preprocessing and Augmentation

Preprocessing improves the quality and consistency of input images. Common
techniques include resizing, color normalization, noise reduction, and contrast
enhancement [39]. To improve model generalization, data augmentation is ap-
plied by artificially expanding the dataset through rescaling, rotation, translation,
shearing, flipping, zooming, and brightness adjustments, simulating real-world
variability. These steps reduce the risk of overfitting, particularly in deep learning
models trained on limited or imbalanced datasets. Preprocessing aims to normal-
ize nuisance factors: color constancy/white balancing, denoising, contrast normal-
ization (e.g., CLAHE), and geometric normalization (resize/aspect policy). Data
augmentation increases effective sample size and reduces overfitting via random
flips/rotations, crops, scale and brightness/contrast jitter, cutout/mixup, and class-
balanced sampling. Well-designed augmentation reflects plausible field variability
and is particularly beneficial with limited labeled data.



CHAPTER 2. LITERATURE REVIEW 10

2.5.3 Image Segmentation

Image segmentation is a computer vision technique that divides an image into mul-
tiple distinct regions or segments based on specific characteristics such as color,
texture, or shape. Image segmentation aims to simplify an image’s representation,
making it easier to analyze and extract valuable information from different parts
of the image. Technically, segmentation is how we can identify objects, people, or
other important elements in the image using pixels [34]. More advanced meth-
ods leverage deep learning-based segmentation models such as U-Net or YOLO
for precise localization of lesions. Accurate segmentation ensures that irrelevant
background features do not interfere with disease classification, thereby enhancing
diagnostic reliability.

Image segmentation algorithms use various mathematical models, machine
learning algorithms, or deep neural networks to classify pixels or groups of pixels
within an image. These algorithms analyze the visual features of the image and
assign each pixel to a specific segment or region. Several high-level image features
can be useful for image segmentation. Image segmentation can be categorized into
several types, including:

• Thresholding Segmentation: This technique involves setting a threshold
value to separate pixels based on their intensity or color.

• Edge-based Segmentation: It identifies object boundaries by detecting edges
or gradients within the image.

• Region-based Segmentation: This approach groups pixels based on their
visual features, color, or texture similarity.

• Semantic segmentation: Semantic segmentation is the process of assigning a
class label to each pixel in the image so that pixels with the same label belong
to the same object or category.

• Clustering-based Segmentation: It utilizes clustering algorithms to group
pixels with similar attributes.

• Instance segmentation is the process of assigning a class label and an instance
label to each pixel in the image, such that pixels with the same class label and
instance label belong to the same object or instance.

2.5.4 Feature Extraction

Feature extraction translates visual patterns into numerical descriptors for classifica-
tion. In traditional computer vision, handcrafted features such as color histograms,
texture descriptors (GLCM, LBP), and shape attributes were commonly used. In
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deep learning, convolutional neural networks (CNNs) automatically learn hierar-
chical feature representations directly from pixel values, eliminating the need for
manual design. This step is central to distinguishing subtle disease patterns, such
as variations in lesion color or texture.

2.5.5 Disease Classification

The final step involves classifying the extracted features into disease categories.
Conventional methods employed classifiers like support vector machines (SVMs),
decision trees, or k-nearest neighbors (KNN) [15]. In contrast, modern approaches
rely on CNNs and their variants (e.g., ResNet, MobileNet, Xception) for end-to-end
learning. Hybrid models, such as those incorporating attention mechanisms like
CBAM, further enhance classification accuracy by focusing on the most informative
image regions. Performance is typically evaluated using metrics such as accuracy,
precision, recall, F1-score, and AUC.

2.6 Related Work

The application of deep learning to plant disease detection has received significant
attention over the past decade, with researchers leveraging convolutional neural
networks (CNNs) to achieve high classification accuracy using leaf images. One
of the foundational works in this domain is by Mohanty, Hughes, and Salathé
(2016), who utilized AlexNet and GoogLeNet architectures on the PlantVillage
dataset—comprising over 54,000 labeled images across 38 classes—and reported
near-perfect accuracy under controlled conditions [28]. While this established a
strong benchmark, the study highlighted limitations regarding real-world deploy-
ment, where environmental variability often causes models to underperform.

Sladojević et al. (2016) similarly demonstrated an end-to-end CNN pipeline
capable of automatically identifying diseases in plant leaves with minimal pre-
processing [15]. Their model achieved high accuracy on curated datasets and
emphasized the practical utility of CNNs in agricultural diagnostics. However, like
Mohanty et al., the architecture used was relatively heavy, making it unsuitable for
deployment on mobile or edge devices.

To benchmark the performance of various CNN architectures in the agricultural
context, Ferentinos (2018) conducted an exhaustive comparison of models such as
VGG, AlexNet, and ResNet on multiple crop types and disease categories [16]. The
study confirmed the high performance of deep CNNs but also noted their compu-
tational demands, thus underscoring the need for lightweight, efficient alternatives
that could retain accuracy while reducing resource consumption.

Addressing the need for real-world robustness, Singh et al. (2020) introduced
the PlantDoc dataset, which includes in-the-wild images of plant diseases with
varied lighting, occlusions, and complex backgrounds [40]. Their findings revealed
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that models trained on clean datasets like PlantVillage suffer significant accuracy
drops when evaluated on field data, emphasizing the necessity for architectures
that generalize well across domains.

To bridge the performance gap between research and application, Ramcharan
et al. (2019) developed and field-tested a cassava disease diagnosis app powered
by CNNs and deployed on Android smartphones [32]. Their work validated the
feasibility of on-device inference using lightweight models, while also revealing
latency and memory limitations that need to be considered for mobile deployment
in resource-constrained environments.

Recent research has focused on enhancing model performance without increas-
ing computational burden. Woo et al. (2018) proposed the Convolutional Block
Attention Module (CBAM), a lightweight plug-in module that sequentially applies
channel and spatial attention to refine intermediate CNN features [44]. CBAM has
since been widely adopted to boost model accuracy in image classification tasks, in-
cluding plant disease recognition, with minimal additional cost. Similarly, Tan and
Le (2019) introduced the EfficientNet family of models, which use compound scal-
ing to balance network depth, width, and resolution for optimal accuracy-efficiency
trade-off [42].

For mobile deployment, Sandler et al. (2018) developed MobileNetV2, incorpo-
rating inverted residual blocks and depthwise separable convolutions to drastically
reduce the number of parameters and computational operations while maintaining
competitive accuracy [36]. This architecture has become a standard for real-time
applications and is a central backbone in the development of hybrid models such
as MobileNetV2+CBAM.

To improve model interpretability, Selvaraju et al. (2017) proposed Grad-CAM,
a technique that generates class-discriminative heatmaps for CNN predictions [38].
Grad-CAM is now widely used in plant disease studies to verify whether models
focus on symptomatic regions of the leaf, thereby increasing transparency and trust
in AI-driven agricultural tools.

Finally, Chollet (2017) introduced Xception, a deep CNN architecture built en-
tirely from depthwise separable convolutions with residual connections [3]. It is
often used as a strong baseline in transfer learning and plant disease classification
due to its balance between depth and computational efficiency.

In summary, the literature reveals a trend toward optimizing the trade-off be-
tween accuracy and computational complexity. Lightweight architectures like Mo-
bileNetV2, when enhanced with modules such as CBAM, present a promising path
for building efficient yet high-performing models suitable for real-time plant disease
detection and mobile deployment. These hybrid designs, along with tools for visual
interpretability like Grad-CAM, form the conceptual and technical foundation of
this thesis.
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2.7 Deep Learning Models for Disease Classification

Deep learning models, particularly Convolutional Neural Networks (CNNs), have
revolutionized disease classification by automatically learning hierarchical feature
representations from raw data [27]. These models can detect subtle patterns in
medical images (like X-rays, MRIs, histopathology slides) or plant images that cor-
relate with diseases, often achieving expert-level accuracy in tasks such as disease
detection, localization, and prognosis. Below, we introduce key architectures, high-
lighting their history, design, equations, and relevance for disease classification.

2.7.1 Convolutional Neural Networks (CNN)

CNNs are a class of deep neural networks specialized for grid-structured data like
images. Convolutional layers within a CNN apply learnable filters (kernels) that slide
over the input’s spatial dimensions, performing dot-products to produce feature
maps. This convolution operation can be expressed as follows. Let 𝑥 be the input
image (or feature map) of size H × W × C𝑖𝑛 and a filter W of size Kℎ × K𝑤 applied
to produce output channel 𝑘. The convolution output 𝑦𝑘 at spatial position (𝑖 , 𝑗) is:

𝑦𝑘(𝑖 , 𝑗) =
𝐶𝑖𝑛∑
𝑐=1

𝐾ℎ∑
𝑢=1

𝐾𝑤∑
𝑣=1

𝑥𝑐(𝑖 + 𝑢 − 1, 𝑗 + 𝑣 − 1)𝑊𝑐,𝑘(𝑢, 𝑣) + 𝑏𝑘 (2.1)

where 𝑐 indexes input channels, 𝑢,𝑣 index the filter’s height and width, and 𝑏𝑘 is
the bias term. Each output feature 𝑦𝑘(𝑖 , 𝑗) is the weighted sum of a local Kℎ × K𝑤

patch of input pixels across all channels, using the filter’s weights W𝑐,𝑘 .
Pooling layer reduces the spatial dimensions of feature maps, decreasing com-

putational complexity and making the network more robust to spatial variations in
the input [29]. Max pooling, the most widely used pooling operation, selects the
maximum value from a region of the feature map, as defined by:

𝑃𝑖 , 𝑗 = max
𝑎,𝑏∈𝑁𝑖 𝑗

X𝑎𝑏 (2.2)

where 𝑃𝑖 𝑗 is the output at position (𝑖 , 𝑗), X𝑎𝑏 represents the element in the pooling
window, and 𝑁𝑖 𝑗 is the neighbourhood covered by the pooling kernel.

Fully connected (FC) layers integrate features learned by previous layers into
the final prediction or classification. Each neuron in the FC layer connects to all
activations from the preceding layer, forming a dense network that learns complex
relationships among features. The output of an FC layer is computed as

y = 𝜎(𝑊𝑥 + 𝑏) (2.3)

CNNs are biologically inspired as their local receptive fields mimic the visual
cortex of the human brain, which leverage’s local connectivity and spatial invariance
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to excel at image analysis. Historically, small CNNs such as LeNet-5 by LeCun et al.
(1998) succeeded in digit recognition, but the field’s watershed moment came with
AlexNet (Krizhevsky et al., 2012), which used a deep CNN to win the ImageNet
challenge, igniting the deep learning era. CNNs soon became the de-facto standard
in computer vision, including medical image analysis. In disease classification, a
CNN trained on labeled medical images can automatically learn filters that detect
pathological patterns (e.g., tumors, lesions) without needing hand-crafted features.
This ability to learn multi-level features (edges → textures → anatomy → disease
indicators) has led CNN-based models to achieve state-of-the-art performance in
various diagnostics tasks.

2.7.2 VGG16 / VGG19

VGG models (Simonyan and Zisserman, 2014) use very small 3 × 3 convolutions
stacked deep. VGG16 has 16 weight layers (13 conv + 3 FC), VGG19 has 19. Stacking
multiple 3 × 3 layers increases receptive fields with fewer parameters than larger
kernels. The convolution operation per layer is:

𝑥𝑙 = 𝜎(𝑊𝑙 ∗ 𝑥𝑙−1 + 𝑏𝑙) (2.4)

where 𝜎 is ReLU. Although VGG16 has ∼138M parameters, making it heavy, it
remains popular for transfer learning in disease classification.

2.7.3 ResNet (ResNet50 / ResNet101)

ResNets (He et al., 2015) introduced residual connections to allow very deep networks
to train. A residual block computes:

𝑦𝑙 = 𝑥𝑙 + 𝐹(𝑥𝑙 ,𝑊𝑙) (2.5)

where 𝐹(𝑥𝑙 ,𝑊𝑙) is the learned residual mapping. This solves the vanishing gradient
problem, enabling networks with 50+ layers. ResNet50/101 use bottleneck blocks
(1x1 → 3x3 → 1x1 conv) with identity skips or projection skips. ResNets are highly
successful in disease detection because they capture features at multiple scales
without degradation in accuracy.

2.7.4 MobileNetV2 / V3

MobileNet architectures are lightweight convolutional neural network designed
for efficient computation on mobile and embedded devices without large accuracy
loss. MobileNetV2 (2018) was introduced and its core architecture is the use of
Depthwise separable convolutions and the inverted residual blocks with linear
bottlenecks. Each block has:

1. a 1x1 expansion convolution that expands the channel dimension;
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2. a Depthwise 3×3 convolution that performs spatial filtering on each channel;

3. a 1×1 projection convolution that reduces the channels back to a smaller
number, yielding the block’s output.

The output is:

𝑦𝑚(𝑖 , 𝑗) =
𝐶𝑖𝑛∑
𝑐=1

𝑃𝑐,𝑚
[
(𝑥𝑐 ∗ 𝑘𝑐)(𝑖 , 𝑗)

]
(2.6)

where 𝑥𝑐 ∗ 𝑘𝑐 is the depthwise conv and 𝑃𝑐,𝑚 is the pointwise mixing weight.
This significantly reduces the number of parameters and computational cost while
maintaining competitive accuracy.

MobileNetV3 (2019) further improved accuracy-latency tradeoffs using Neural
Architecture Search (NAS), squeeze-and-excitation attention, and hard-swish acti-
vations. Both V2 and V3 are efficient, making them suitable for mobile plant disease
detection.

2.7.5 InceptionV3

InceptionV3 (2016) is a deep CNN architecture designed to capture multi-scale
features by applying multiple convolution filters of different sizes in parallel within
the same layer. By combining these parallel feature maps, Inception achieves strong
representational power, making it effective for complex image classification tasks
such as plant disease detection, although at a higher computational cost compared
to lightweight models. If 𝑥 is the input, then a typical Inception module computes:

Inception(𝑥) = [ 𝑓1×1(𝑥), 𝑓3×3(𝑥), 𝑓5×5(𝑥), 𝑓 𝑝𝑜𝑜𝑙3×3 (𝑥)] (2.7)

where outputs are concatenated along channels. Factorized convolutions (e.g., 3×3
into 3 × 1 + 1 × 3) reduce cost. InceptionV3 captures multi-scale features, useful in
detecting diseases with varying lesion sizes.

2.7.6 Xception

Xception (Chollet, 2017) stands for “Extreme Inception” and is an Inception-inspired
architecture that pushes the concept of filter factorization to its logical extreme.
Xception replaces Inception module entirely by Depthwise separable convolutions
arranged in a sequential stack of modules combined with linear residual connec-
tions.

It has 36 convolutional layers structured into an entry flow, middle flow, and
exit flow. This design allows the model to learn highly expressive features while
improving training efficiency. Mathematically, a Depthwise separable convolution
in Xception is described by the formula:

𝑦𝑚(𝑖 , 𝑗) =
∑
𝑐

𝑃𝑐,𝑚
[
(𝑥𝑐 ∗ 𝑘𝑐)(𝑖 , 𝑗)

]
(2.8)
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This decouples spatial and cross-channel correlations entirely.
Xception has comparable parameters to InceptionV3 but achieves better perfor-

mance, especially on large datasets. It is effective for plant disease classification due
to efficient feature learning.

2.7.7 EfficientNet (B0–B7)

EfficientNet (Tan & Le, 2019) scales depth, width, and resolution uniformly with a
compound factor 𝜙:

𝑑 = 𝛼𝜙 , 𝑤 = 𝛽𝜙 , 𝑟 = 𝛾𝜙 (2.9)

with 𝛼 ·𝛽2 ·𝛾2 ≈ 2. EfficientNet-B0 (5M params) up to B7 (66M params) achieve state-
of-the-art accuracy-efficiency balance. They use MBConv blocks with squeeze-and-
excitation. EfficientNet models excel in both lightweight and high-accuracy disease
classification scenarios.

2.7.8 DenseNet (DenseNet121 / 169)

DenseNet (Huang et al., 2017) introduced dense connectivity: each layer receives
inputs from all previous layers:

𝑥𝑙 = 𝐻𝑙([𝑥0 , 𝑥1 , . . . , 𝑥𝑙−1]) (2.10)

where [·] denotes concatenation. This improves gradient flow, encourages feature
reuse, and reduces parameters. DenseNet121/169 perform strongly on medical
and plant disease datasets due to rich feature propagation.

Overall, each architecture balances depth, efficiency, and feature reuse differently.
For plant disease classification, lightweight models like MobileNet and Efficient-
Net enable mobile deployment, while deeper models like ResNet, Xception, and
DenseNet offer maximal accuracy.

2.8 Hybrid Model Classifiers

While traditional deep learning architectures such as VGG, ResNet, Inception, and
MobileNet have shown impressive results in plant disease classification, hybrid
model classifiers have emerged as a promising approach to balance accuracy, ro-
bustness, and efficiency. A hybrid model combines complementary features of
multiple neural network architectures or integrates additional modules, such as at-
tention mechanisms, to enhance feature extraction and classification performance.
The motivation for hybridization stems from the limitations of single architec-
tures—for example, lightweight models like MobileNet excel in efficiency but may
underperform in complex classification tasks, while deeper networks like ResNet
or Xception achieve higher accuracy but at the expense of computational cost.
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One common hybrid strategy is the integration of attention mechanisms into
baseline CNN architectures. Modules such as the Convolutional Block Attention
Module (CBAM) and Squeeze-and-Excitation (SE) recalibrate feature maps by em-
phasizing relevant regions (e.g., diseased leaf lesions) and suppressing background
noise [19, 44]. For instance, MobileNetV2 augmented with CBAM can maintain a
lightweight structure while significantly improving focus on critical disease symp-
toms, leading to higher accuracy in plant disease detection without a substantial
increase in model complexity.

Another hybridization approach is feature-level fusion, where outputs from
multiple pre-trained models are combined. For example, features extracted from
ResNet and Inception modules can be concatenated before the classification layer,
leveraging ResNet’s residual learning and Inception’s multi-scale feature extraction.
Such fusion-based hybrids often outperform single models in benchmark tasks due
to richer feature representations [46]. Ensemble-based hybrids, which average or
weight predictions from multiple networks, also enhance classification stability and
reduce the variance of predictions.

In the context of plant disease classification, hybrid models have demonstrated
superior performance over conventional single-architecture approaches. Recent
studies show that hybrids integrating lightweight CNNs with attention modules or
combining multiple deep networks consistently achieve accuracy improvements of
2–5% compared to their individual counterparts [30]. Importantly, hybrid classifiers
can be optimized for mobile deployment by carefully choosing efficient backbones
(e.g., MobileNet, EfficientNet) and lightweight attention blocks, thus providing a
practical balance between diagnostic accuracy and computational feasibility.

2.9 Multi-Disease Classification and Transfer Learning

Plant leaves are susceptible to a wide variety of bacterial, viral, fungal, and abiotic
disorders that present diverse symptoms across multiple crop species. Designing
an automated system capable of recognizing multiple diseases across multiple plant
types presents a non-trivial challenge due to inter-class similarities, intra-class vari-
ability, and data imbalance issues. Traditional classifiers often struggle with such
variability, especially when trained on small or single-crop datasets.

Recent advancements in deep learning have enabled more robust approaches
to multi-disease classification by leveraging large image datasets and sophisticated
feature extractors. Models like CNNs are capable of learning hierarchical repre-
sentations of leaf textures, color gradients, and lesion patterns that generalize well
across disease types. However, training deep models from scratch typically requires
massive amounts of labeled data—something not always available in agriculture.

This gap is bridged by transfer learning, a technique where models pretrained on
large-scale datasets such as ImageNet are fine-tuned on specific tasks like plant dis-
ease identification. Transfer learning significantly reduces training time, mitigates
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overfitting, and improves convergence on smaller agricultural datasets [16, 21]. For
instance, Sladojevic et al. applied a pretrained CNN to classify 13 crop diseases
with high accuracy, even with relatively limited training data [15].

This thesis leverages transfer learning by fine-tuning MobileNetV2, Xception,
and Inception models pretrained on ImageNet to classify 38 disease classes from the
PlantVillage dataset. The results demonstrate that with adequate augmentation and
architectural tuning, lightweight models can achieve high performance in complex
multi-class classification settings.

2.10 Depthwise Separable Convolutions

Depthwise separable convolutions (DSCs) are a fundamental innovation in modern
deep learning architectures aimed at reducing computational cost and model com-
plexity without significantly sacrificing accuracy. Unlike standard convolutional
layers that apply a filter across all input channels simultaneously, DSCs decouple
the filtering and combining steps into two separate operations: depthwise convolution
and pointwise convolution [4].

In a standard 2D convolution layer, the computational cost is given by:

Coststandard = 𝐷𝐾 × 𝐷𝐾 ×𝑀 × 𝑁 × 𝐷𝐹 × 𝐷𝐹 (2.11)

where:

• 𝐷𝐾 × 𝐷𝐾 is the kernel size,

• 𝑀 is the number of input channels,

• 𝑁 is the number of output channels,

• 𝐷𝐹 × 𝐷𝐹 is the spatial dimension of the feature map.

In contrast, a depthwise separable convolution factorizes the operation into:

• Depthwise convolution: Applies a single 𝐷𝐾 × 𝐷𝐾 filter to each input channel
separately.

• Pointwise convolution: Applies a 1×1 convolution to combine the outputs from
the depthwise step.

The resulting computational cost becomes:

CostDSC = 𝐷𝐾 × 𝐷𝐾 ×𝑀 × 𝐷𝐹 × 𝐷𝐹 +𝑀 × 𝑁 × 𝐷𝐹 × 𝐷𝐹 (2.12)

The ratio of computational reduction is:

CostDSC
Coststandard

=
1
𝑁

+ 1
𝐷2
𝐾

(2.13)
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For typical values such as 𝐷𝐾 = 3 and 𝑁 ≫ 1, the reduction is close to a factor
of 8–9×, making it ideal for mobile and embedded applications [3].

Both MobileNetV2 and Xception architectures adopt this principle to create effi-
cient yet powerful feature extractors. MobileNetV2 employs DSCs throughout the
network, enabling fast inference on resource-constrained devices while preserving
accuracy. Xception extends the idea further by replacing all standard convolutions
with depthwise separable ones in an extreme form, achieving better performance
with fewer parameters.

In this thesis, depthwise separable convolutions form the core of the proposed
architecture, enabling efficient disease classification directly on mobile or edge
devices. The reduced computational burden allows deployment in real-world agri-
cultural environments without compromising speed or precision.

2.11 Attention Mechanism

In recent years, attention mechanisms have emerged as a cornerstone in deep learn-
ing models, especially in tasks requiring selective focus over sequential or spatial
data. Originating in the field of natural language processing, attention enables
models to dynamically weigh the importance of input features, thereby improving
their capacity to model long-range dependencies and structural patterns. In plant
disease detection, attention can enhance model interpretability and performance
by allowing the model to focus on key symptomatic regions of diseased leaves.

2.11.1 Transformations of the Query, Key, and Value

The core of the attention mechanism lies in three learnable vectors: the Query (Q),
Key (K), and Value (V). These vectors are derived from the input feature matrix
X ∈ R𝑛×𝑑 using linear transformations:

Q = 𝑋𝑊𝑄 , K = 𝑋𝑊𝐾 , V = 𝑋𝑊𝑉 (2.14)

where 𝑊𝑄 ,𝑊𝐾 ,𝑊𝑉 ∈ R𝑑×𝑑𝑘 are learnable weight matrices. Each row of Q, K, and
V corresponds to the query, key, and value vector of a particular position in the
input sequence or image region.

2.11.2 Calculation of Attention Scores

The attention score between two positions is calculated using the dot-product of
their corresponding query and key vectors:

Score(𝑖 , 𝑗) = Q𝑖 · K⊤
𝑗 (2.15)

This results in an 𝑛×𝑛 score matrix representing the similarity between each query
and all keys.
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2.11.3 Scaled Dot-Product Attention

To stabilize the gradient and avoid extremely large dot products, the raw scores are
scaled by the square root of the key dimension 𝑑𝑘 , followed by a softmax to obtain
normalized weights:

Attention(𝑄, 𝐾,𝑉) = softmax
(
𝑄𝐾𝑇√
𝑑𝑘

)
𝑉 (2.16)

where:

• 𝑄 = Query matrix,

• 𝐾 = Key matrix,

• 𝑉 = Value matrix,

• 𝑑𝑘 = Dimensionality of the keys.

This operation assigns higher weights to relevant positions, allowing the model to
attend selectively across the input.

2.11.4 Self-Attention Mechanism

In self-attention, the same input sequence is used to compute the queries, keys, and
values. Thus, each token attends to every other token, including itself. This allows
contextual information to flow across all positions:

SelfAttention(𝑋) = softmax
(
𝑋𝑊𝑄(𝑋𝑊𝐾)⊤√

𝑑𝑘

)
𝑋𝑊𝑉 (2.17)

2.11.5 Multi-Head Attention

Instead of performing a single attention operation, Multi-Head Attention (MHA)
runs multiple self-attention blocks in parallel and concatenates the outputs:

MultiHead(𝑄, 𝐾,𝑉) = Concat(head1 , . . . , headℎ)𝑊𝑂 (2.18)

where each attention head is computed as:

head𝑖 = Attention(𝑄𝑊𝑄

𝑖
, 𝐾𝑊𝐾

𝑖 , 𝑉𝑊
𝑉
𝑖 ) (2.19)

Here, 𝑊𝑄

𝑖
,𝑊𝐾

𝑖
,𝑊𝑉

𝑖
are projections for the 𝑖-th head, and 𝑊𝑂 is the output pro-

jection. MHA enables the model to jointly attend to information from different
representation subspaces, enhancing robustness and expressiveness.
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2.11.6 Application in Plant Disease Detection

In plant pathology, attention mechanisms—especially self-attention and CBAM
(Convolutional Block Attention Module)—have been effective in highlighting key
disease regions, even under complex backgrounds or varying lighting conditions.
By integrating such mechanisms, lightweight CNNs can be enhanced to improve
both accuracy and interpretability, aligning well with mobile deployment goals.
Studies show that attention-enhanced CNNs outperform baseline models in classi-
fication accuracy, precision, and interpretability [44, 45]. In this thesis, the CBAM
module is integrated into the MobileNetV2 backbone, and experimental results con-
firm that the attention-enhanced architecture yields higher classification accuracy
on the PlantVillage dataset compared to its non-attentive counterpart.

2.12 Convolutional Block Attention Module (CBAM)

The Convolutional Block Attention Module (CBAM) is a lightweight yet powerful
attention mechanism designed to improve the representational power of convo-
lutional neural networks by emphasizing informative features while suppressing
less useful ones [44]. CBAM achieves this by sequentially applying two types of
attention: channel attention and spatial attention as shown in Figure 2.1.

2.12.1 Architecture Overview

CBAM takes an intermediate feature map 𝐹 ∈ R𝐶×𝐻×𝑊 and produces a refined
output 𝐹̂ via:

𝐹̂ = 𝑀𝑠(𝑀𝑐(𝐹) · 𝐹) · (𝑀𝑐(𝐹) · 𝐹) (2.20)

where 𝑀𝑐(𝐹) and 𝑀𝑠(·) represent the channel and spatial attention maps, respec-
tively, and · denotes element-wise multiplication.

Channel Attention Module (CAM)

The channel attention module determines what features are important by comput-
ing:

𝑀𝑐(𝐹) = 𝜎(MLP(AvgPool(𝐹)) + MLP(MaxPool(𝐹))) (2.21)

where:

• AvgPool(𝐹) and MaxPool(𝐹) are global pooling operations applied across
spatial dimensions,

• MLP is a shared multi-layer perceptron with one hidden layer,

• 𝜎 is the sigmoid activation function.

This module captures global contextual dependencies across channels.
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Figure 2.1: The CBAM architecture [44].

Spatial Attention Module (SAM)

The spatial attention module determines where to focus by computing a 2D attention
map:

𝑀𝑠(𝐹′) = 𝜎( 𝑓 7×7([AvgPool(𝐹′); MaxPool(𝐹′)])) (2.22)

where:

• 𝐹′ is the feature map refined by the channel attention,

• 𝑓 7×7 is a convolutional layer with a 7 × 7 kernel,

• [·; ·] denotes concatenation along the channel axis.

This step captures spatially important regions within the image.

2.12.2 Application to Plant Disease Detection

In plant disease classification, symptoms often appear as localized discoloration,
spots, or texture changes that may be subtle and vary by class. CBAM improves the
ability of the network to:

• Focus on disease-relevant regions (e.g., leaf lesions, blight edges),

• Suppress background or irrelevant features (e.g., stems, soil),

• Improve localization even under variations in lighting, occlusion, or shape.

In this thesis, CBAM is integrated into the MobileNetV2 architecture, forming
the hybrid MobileNetV2 + CBAM model. Experimental results demonstrate that
CBAM-enhanced models consistently outperform their plain CNN counterparts,
achieving better accuracy, precision, and Grad-CAM focus on disease regions.
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2.13 IoT and Edge Computing Integration

The integration of the Internet of Things (IoT) and edge computing has significantly
enhanced the applicability of artificial intelligence in agriculture, particularly for
plant disease monitoring. IoT-based agricultural systems consist of interconnected
sensors, devices, and microcontrollers that collect environmental data—such as
humidity, temperature, and soil conditions—to support precision farming deci-
sions. However, relying solely on cloud-based processing introduces latency, en-
ergy consumption, and dependency on network availability, which are problematic
in remote agricultural areas.

Edge computing addresses these limitations by enabling computation to occur
locally, directly on the device or near the data source. In the context of plant dis-
ease detection, edge devices such as smartphones, Jetson Nano, Raspberry Pi, and
other embedded systems can now run lightweight deep learning models trained
for classification tasks. This capability supports real-time inference, even in of-
fline environments, and empowers farmers with immediate feedback. For instance,
Ramcharan et al. developed a CNN-powered Android application capable of iden-
tifying cassava leaf diseases in the field without needing cloud support [33]. Simi-
larly, Howard et al. introduced MobileNet, an architecture optimized for mobile and
edge devices through the use of depthwise separable convolutions, reducing model
size while retaining competitive accuracy [4].

Recent studies have demonstrated that edge-deployed models, especially those
trained with transfer learning and attention mechanisms like CBAM, can effectively
detect diseases with high accuracy and low latency [44, 46]. Integrating such
models into mobile phones or microcontrollers using platforms like TensorFlow
Lite, Core ML, or NVIDIA JetPack SDK makes them practical for on-site decision-
making. This thesis aligns with these trends by proposing a hybrid lightweight deep
learning architecture (MobileNetV2+CBAM) trained on the PlantVillage dataset
and evaluated for deployment on mobile devices. By combining model efficiency,
high classification accuracy, and edge compatibility, the proposed system supports
a future of smart agriculture where disease detection is accessible, scalable, and
real-time.

2.14 Spectral & Hyperspectral Imaging for Disease Detec-
tion

Spectral and hyperspectral imaging (HSI) techniques have gained attention in pre-
cision agriculture for their ability to detect subtle physiological and biochemical
changes in plant tissues before visual symptoms appear. Unlike conventional RGB
imaging, which captures data in three broad bands (red, green, blue), hyperspectral
sensors collect data across hundreds of narrow spectral bands, enabling the identifica-
tion of disease-specific spectral signatures at early stages [11].
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In spectral imaging, each pixel contains detailed spectral reflectance informa-
tion, allowing the distinction between healthy and diseased tissue based on dif-
ferences in light absorption and scattering properties. This capability makes HSI
particularly useful in detecting fungal infections, viral symptoms, and nutrient de-
ficiencies that might not be evident to the human eye or RGB cameras [37]. Mahlein
et al. showed that imaging sensors combined with machine learning algorithms
could identify sugar beet diseases using visible and near-infrared spectra with
high accuracy [11]. Similarly, studies using HSI to monitor wheat rust and citrus
greening disease achieved early-stage detection and high classification precision in
controlled experiments [24].

However, despite their diagnostic potential, spectral and hyperspectral systems
face practical constraints for real-world deployment. These include high cost, large
data volume, sensor complexity, and computational overhead for real-time inference.
Furthermore, spectral cameras are typically not available on mobile devices, limiting
their use in low-resource settings.

In contrast, this thesis adopts a deep learning–based approach using RGB im-
agery, which is more accessible for farmers through smartphone cameras and
portable edge devices. By leveraging RGB images from the publicly available
PlantVillage dataset and optimizing the model architecture for mobile deployment,
the proposed system balances performance with real-world feasibility—while re-
maining extensible to future integration with multispectral inputs.

2.15 Responsible AI (RAI) and Explainable AI (XAI) in Plant
Disease Detection

As artificial intelligence continues to shape high-impact domains such as agricul-
ture, the need for ethical, transparent, and accountable AI has never been greater.
Responsible AI (RAI) encompasses the principles of fairness, safety, privacy, trans-
parency, and accountability in the design and deployment of AI systems. In the
context of plant disease detection, these principles are critical to ensure that farmers,
agronomists, and policymakers can trust the system outputs and interpret decisions
that affect crop management and food security.

Explainable AI (XAI), a core aspect of RAI, focuses on making model predic-
tions intelligible to human users. Most deep learning architectures, despite their
high predictive accuracy, are considered “black-box” models. This opacity poses a
significant limitation in agriculture, where stakeholders often require explanations
for why a model identified a plant as diseased, especially in high-stakes decisions
involving pesticide use, quarantine, or yield estimation.

Various XAI methods, such as saliency maps, SHAP (SHapley Additive ex-
Planations), and Grad-CAM (Gradient-weighted Class Activation Mapping), have
been adopted in agricultural AI systems. For instance, Grad-CAM generates visual
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heatmaps that highlight regions of plant leaves contributing to a specific classifica-
tion [38]. This not only builds user confidence but also helps validate the model’s
focus on biologically relevant features, such as lesions or discoloration patterns. In
this thesis, Grad-CAM is applied to evaluate whether models like MobileNetV2 and
Xception focus on disease-affected regions, particularly before and after attention
modules such as CBAM are introduced.



Chapter 3

Methodology

3.1 Overview of Methodology

This study proposes an efficient and scalable deep learning pipeline for the detec-
tion and classification of plant leaf diseases using RGB images. The methodology
follows a modular pipeline consisting of the following major stages: (1) dataset
collection and understanding, (2) preprocessing and augmentation, (3) feature ex-
traction via deep learning models, (4) integration of attention mechanisms to im-
prove discriminability, (5) model evaluation and visualization, and (6) deployment
to mobile/edge environments for real-time classification.

The pipeline leverages the publicly available PlantVillage dataset comprising
54,306 images across 38 distinct plant disease classes. These images are split into
training, validation, and testing sets using an 80:10:10 ratio. Image augmentation
techniques, including rotation, zoom, and horizontal flips, are applied to mitigate
overfitting and improve generalization.

Several deep convolutional neural network (CNN) architectures are explored,
including MobileNetV2, InceptionV3, and Xception. A hybrid variant that com-
bines MobileNetV2 with the Convolutional Block Attention Module (CBAM) is
proposed as the core of the final model. All models are trained using transfer
learning with ImageNet weights and optimized using the Adam optimizer with a
learning rate scheduler and early stopping.

Model performance is evaluated using classification metrics such as accuracy,
precision, recall, F1-score, AUC-ROC, and confusion matrices. Interpretability
is enhanced through Grad-CAM visualizations that highlight disease-relevant re-
gions on leaves. The entire pipeline is implemented using TensorFlow, Keras, and
scikit-learn libraries in Python. Final deployment considerations include quantiza-
tion and export to TensorFlow Lite for on-device inference in resource-constrained
environments such as smartphones or edge devices.

26
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Table 3.1: Sample distribution of selected classes from the PlantVillage dataset
Crop Disease Image Count

Apple Apple Scab 630
Grape Black Rot 1,180
Potato Late Blight 1,000
Tomato Bacterial Spot 2,127
Squash Powdery Mildew 1,835
Corn Common Rust 1,192
Peach Healthy 614

3.2 Dataset Description

The dataset used in this research is the PlantVillage dataset, a publicly available
benchmark for plant disease classification tasks [20]. It contains a total of 54,306
RGB images of healthy and diseased plant leaves, distributed across 38 distinct
classes covering 14 crop species and 26 different diseases. Each image in the dataset
is annotated with the crop name and the corresponding disease label (or "healthy"
if applicable).

The images were originally collected under controlled lighting conditions, with
plain backgrounds to isolate leaf features. The resolution of images varies, but all
were resized to 224 × 224 pixels during preprocessing to match the input shape of
the selected CNN architectures.

3.2.1 Class Distribution and Labeling

Table 3.1 shows a representative breakdown of several crop–disease classes and the
number of samples in each. Although some classes such as Tomato and Apple have
multiple disease subtypes, others like Corn have fewer examples, creating a mild
class imbalance. This imbalance is addressed using image augmentation during
training.

3.2.2 Data Splitting Strategy

The dataset was randomly divided into training (80%), validation (10%), and test
(10%) subsets, ensuring representative class distribution across all splits. Stratified
sampling was applied to preserve class balance. No image appeared in more than
one subset, preventing direct data leakage.

However, while duplicate images were avoided, it is possible that correlations
exist between samples due to similar acquisition conditions, such as images cap-
tured from the same plant or under similar environmental settings (e.g., lighting,
background, or camera conditions). Such correlations may introduce a degree of
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Figure 3.1: Sample images from different classes in the PlantVillage dataset.

bias and could lead to a slight overestimation of the model’s generalization perfor-
mance. This limitation is inherent to the dataset and should be considered when
interpreting the results. All preprocessing and data loading were implemented
using {tensorflow.keras.preprocessing} and {ImageDataGenerator}, ensuring
reproducibility and compatibility with the model training pipeline.

3.2.3 Exploratory Visualization

To provide a qualitative overview of the dataset, Figure 3.1 presents a 4 × 4 grid
of sample images randomly selected from various classes. Each image has been
resized and padded for uniform display. This provided a visual understanding of
dataset diversity, disease symptoms, and image quality.
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3.3 Data Preprocessing

Preprocessing plays a critical role in preparing raw image data for effective deep
learning. To ensure uniformity, generalizability, and robust feature learning, several
preprocessing steps were applied to the PlantVillage dataset prior to training.

3.3.1 Image Resizing and Normalization

All images were resized to 224×224 pixels, matching the input dimensions expected
by MobileNetV2, Xception, and InceptionV3 models. Resizing ensures consistent
spatial dimensions across the dataset while maintaining key visual patterns such
as disease spots or blights. The pixel values were then normalized to a [0, 1] range
by dividing each channel by 255.

𝑥norm =
𝑥pixel

255 (3.1)

This normalization speeds up convergence and stabilizes the gradients during back-
propagation.

3.3.2 Image Augmentation

To address class imbalance and improve model generalization, real-time image
augmentation was applied using the {ImageDataGenerator} module from
[tensorflow.keras.preprocessing.image] library in the TensorFlow framework.
Augmentation techniques simulate variations such as rotation, scaling, and flipping
that may occur in real-world plant leaf imagery.

• rotation_range = 25 — randomly rotates the image by up to 25 degrees.

• zoom_range = 0.2 — randomly zooms inside the image.

• width_shift_range = 0.2 — performs minor translations.

• height_shift_range = 0.2 — performs minor translations.

• horizontal_flip = True — flips the image horizontally.

• shear_range = 0.15 — applies affine transformations.

These transformations increase the diversity of the training set, which helps prevent
overfitting and improves the model’s ability to generalize to unseen data.
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3.3.3 Label Encoding

The disease class names were one-hot encoded using LabelBinarizer from sci-
kit-learn to produce a 𝐶-dimensional binary vector for each class, where 𝐶 = 38
is the total number of unique classes in the dataset.

𝑦𝑖 = [0, . . . , 0, 1, 0, . . . , 0], 𝑖 = class index (3.2)

This encoding is required for training with categorical cross-entropy loss.

3.3.4 Train/Validation/Test Pipeline

Three separate ImageDataGenerator instances were used for the training, valida-
tion, and test sets. Augmentation was applied only to the training generator, while
the validation and test sets used only resizing and normalization to ensure consis-
tent performance evaluation.

All images were loaded in batches using the flow_from_directory() function,
with class labels automatically inferred from folder names.

3.4 Model Architecture

This research investigates multiple deep convolutional neural network (CNN) archi-
tectures for efficient plant disease classification. The models selected for experimen-
tation include MobileNetV2, InceptionV3, Xception, and a proposed hybrid model:
MobileNetV2 integrated with a Convolutional Block Attention Module (CBAM).
All architectures utilize transfer learning from pretrained ImageNet weights and
are fine-tuned on the PlantVillage dataset.

3.4.1 MobileNetV2

MobileNetV2 is a lightweight deep network optimized for mobile and embedded
vision applications. It builds upon the efficiency of MobileNetV1 by introducing
inverted residual blocks and linear bottlenecks [4]. The core component is the depthwise
separable convolution, which reduces computational cost by factorizing a standard
convolution into a depthwise convolution followed by a 1×1 pointwise convolution.

The MobileNetV2 base was loaded with pretrained weights and fine-tuned by
unfreezing the last 30 layers. A global average pooling layer, followed by dense
layers with dropout regularization and softmax output, was appended to adapt it
for the 38-class classification task.

3.4.2 InceptionV3

InceptionV3 employs a factorized convolution strategy that reduces the number
of parameters while capturing multi-scale features. The architecture introduces
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inception modules that apply 1×1, 3×3, and 5×5 convolutions in parallel, capturing
both local and global patterns [6]. In this study, the InceptionV3 base was loaded
with ImageNet weights and appended with a custom classification head.

3.4.3 Xception

Xception stands for “Extreme Inception” and is a depthwise separable variant of the
Inception family [3]. Instead of concatenating outputs from different kernel sizes,
Xception replaces all convolutions with depthwise separable convolutions. This
architecture achieves strong performance with fewer parameters and was evaluated
in the same pipeline as the other models.

3.4.4 Proposed Hybrid Model: MobileNetV2 + CBAM

To enhance spatial and channel feature representation, this work proposes a hybrid
model that integrates the Convolutional Block Attention Module (CBAM) into Mo-
bileNetV2. CBAM refines the intermediate feature maps by sequentially applying:

• Channel Attention via global max and average pooling and a shared MLP.

• Spatial Attention via 7 × 7 convolution on concatenated spatial descriptors.

The CBAM module was inserted after the final bottleneck block of MobileNetV2.
This design enhances the network’s ability to focus on disease-relevant regions,
such as localized leaf lesions, while suppressing background noise.

3.4.5 Unified Classification Head

All models shared a consistent classification head for comparability. The head
consists of:

• Global Average Pooling (GAP)

• Dense layer with ReLU activation

• Dropout (0.4)

• L2 regularization (𝜆 = 0.0005)

• Final Dense layer with 38 output nodes and softmax activation

3.4.6 Parameter and Complexity Summary

Table 3.2 summarizes the number of trainable parameters and the approximate
model size after fine-tuning.
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Table 3.2: Comparison of model parameters and size
Model Trainable Parameters Model Size (MB)

MobileNetV2 3.6M 36.2
MobileNetV2 + CBAM 4.0M 40.9
Xception 22.9M 172.7
InceptionV3 23.9M 147.8

3.5 Training Configuration

All deep learning models in this study were implemented and trained using the
TensorFlow and Keras libraries. The training process was standardized across all
architectures to ensure fair and consistent performance comparison. This section
outlines the optimizer settings, learning rate schedule, batch size, epochs, and
regularization strategies used throughout the training pipeline.

3.5.1 Optimizer and Learning Rate

The Adam optimizer was employed for training all models, due to its adaptive
learning rate properties and robustness to sparse gradients [22]. The initial learning
rate was set to 1 × 10−5 and kept constant throughout training. In addition, a
ReduceLROnPlateau callback was configured to reduce the learning rate by a factor
of 0.2 if the validation accuracy plateaued for 5 consecutive epochs.

Adam Update: 𝜃𝑡+1 = 𝜃𝑡 −
𝛼√
𝑣̂𝑡 + 𝜖

· 𝑚̂𝑡 (3.3)

where 𝑚̂𝑡 and 𝑣̂𝑡 are the bias-corrected first and second moment estimates, respec-
tively.

3.5.2 Batch Size and Epochs

A batch size of 32 was used across all models to balance training efficiency with
GPU memory limitations. Each model was trained for a maximum of 30 epochs,
with early stopping applied to terminate training if the validation accuracy did
not improve for 6 consecutive epochs. This approach prevents overfitting and
unnecessary computation.

3.5.3 Regularization Techniques

Two regularization techniques were applied to mitigate overfitting:

• Dropout: A dropout rate of 0.4 was applied after the penultimate dense layer
in the classification head to randomly deactivate neurons during training.
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• L2 Regularization: An L2 penalty term 𝜆 = 0.0005 was optionally added
to the kernel weights of dense layers, particularly for deeper models like
InceptionV3 and Xception.

𝐿total = 𝐿cross-entropy + 𝜆
𝑛∑
𝑖=1

𝑤2
𝑖 (3.4)

3.5.4 Callbacks and Checkpoints

Three training callbacks were used to manage training efficiency:

• ModelCheckpoint: Saved the best model weights based on validation accu-
racy.

• EarlyStopping: Monitored validation loss and stopped training after 6 stag-
nant epochs.

• ReduceLROnPlateau: Dynamically reduced the learning rate upon validation
stagnation.

All experiments were executed on a dedicated GPU setup, ensuring fast training
cycles and reproducibility.

3.6 Evaluation Metrics

To comprehensively assess the performance of the proposed models, this study
employs multiple classification metrics beyond simple accuracy. These include pre-
cision, recall, F1-score, confusion matrix, and the area under the receiver operating
characteristic curve (AUC-ROC). The use of multiple evaluation criteria is crucial in
multi-class disease classification, where class imbalance and misclassification can
lead to misleading results if accuracy alone is considered.

3.6.1 Accuracy

Accuracy measures the proportion of correct predictions over the total number of
predictions made:

Accuracy =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁 (3.5)

For multi-class classification, categorical accuracy is used, which compares the
predicted class label against the true label across all classes.
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Figure 3.2: Sample confusion matrix for the proposed model.

3.6.2 Precision, Recall, and F1-Score

Precision and recall are particularly relevant in agricultural applications where
false positives (e.g., misdiagnosing a healthy leaf) and false negatives (e.g., missing
a disease) can have different consequences.

Precision =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃 , Recall = 𝑇𝑃

𝑇𝑃 + 𝐹𝑁 (3.6)

The F1-score provides a harmonic mean between precision and recall:

F1-Score = 2 · Precision · Recall
Precision + Recall (3.7)

These metrics are calculated per class and averaged using the macro or weighted
averaging strategy.

3.6.3 Confusion Matrix

A confusion matrix is used to visualize the classification performance by show-
ing the number of true positive, false positive, true negative, and false negative
predictions for each class. This matrix helps identify which classes are frequently
misclassified as shown in Figure 3.2.
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3.6.4 AUC-ROC Score

The AUC-ROC metric evaluates a model’s ability to distinguish between classes
across all thresholds. In multi-class classification, a one-vs-rest approach is adopted,
and the AUC is averaged across all classes:

AUC =

∫ 1

0
TPR(𝑥) 𝑑𝑥 (3.8)

where TPR is the true positive rate and the curve plots TPR against the false positive
rate (FPR). A higher AUC indicates better separability between classes.

3.6.5 Visualization and Reporting

All metrics were computed using scikit-learn’s classification_report, and
roc_auc_score functions. Performance plots, including per-class bar charts and
ROC curves, were generated for visual insight into class-wise model behavior.

3.7 Visualization Tools

To enhance interpretability and facilitate the analysis of model behavior, various
visualization techniques were integrated into the experimental pipeline. These
tools not only provide quantitative insights but also offer qualitative validation by
visualizing the decision-making process of the models.

3.7.1 Grad-CAM (Gradient-weighted Class Activation Mapping)

Grad-CAM is an explainable AI technique used to produce visual explanations
for CNN-based models by highlighting image regions that are most influential in
predicting a specific class [38]. This is particularly useful for plant disease detection,
where it is important to ensure that the model focuses on disease-affected regions
of the leaf rather than background noise.

The Grad-CAM heatmap 𝐿Grad-CAM is computed as:

𝐿Grad-CAM = ReLU

(∑
𝑘

𝛼𝑘𝐴
𝑘

)
(3.9)

where:

• 𝐴𝑘 is the 𝑘-th feature map of the last convolutional layer,

• 𝛼𝑘 is the weight computed by global average pooling the gradient of the score
for class 𝑐 with respect to feature map 𝐴𝑘 ,
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Figure 3.3: Example ROC curves for selected classes.

• ReLU ensures that only positively contributing features are visualized.

Grad-CAM was used to visualize predictions for both MobileNetV2 and Mo-
bileNetV2+CBAM models. Comparison of attention maps before and after CBAM
integration demonstrated improved focus on lesion areas and symptom zones, thus
illustrating the effectiveness of the attention mechanism.

3.7.2 ROC Curves and AUC Plots

Receiver Operating Characteristic (ROC) curves were generated for each class using
a one-vs-rest strategy. The curves were plotted using scikit-learn’s roc_curve and
auc functions. An example ROC plot is shown in Figure 3.3, comparing AUC
performance across multiple classes.

3.7.3 Per-Class Accuracy and AUC Bar Charts

To summarize class-wise performance, bar charts were created showing either per-
class accuracy or AUC scores. These visualizations aid in identifying classes with
high or low confidence and highlight performance discrepancies across different
disease types as shown in Figure 3.4.
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Figure 3.4: Per-class classification accuracy for the proposed model.

3.8 Deployment Pipeline

The final objective of this research is to explore the feasibility of deploying the
trained plant disease detection model onto mobile or edge devices for practical use.
This requires converting the trained model into a lightweight format compatible
with mobile platforms, such as Android smartphones or embedded systems. The
deployment pipeline consists of model optimization, conversion to TensorFlow Lite
format, and inference testing under resource-constrained conditions.

3.8.1 Model Optimization for Deployment

To reduce the model’s memory footprint and improve inference speed, post-training
quantization was applied using TensorFlow Lite’s optimization tools. Specifically,
dynamic range quantization was employed, which converts model weights from
32-bit floating point to 8-bit integers, thereby reducing model size and improving
inference efficiency while maintaining acceptable accuracy.

• Weight Quantization: Converts 32-bit floating point weights to 8-bit integers,
reducing model size and improving inference speed.

• Integer-aware Inference: Enables more efficient execution on CPU-based
mobile inference engines.
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It should be noted that other optimization techniques, such as model pruning and
full integer quantization, were not implemented in this study but remain potential
avenues for further reducing model size and improving deployment efficiency in
future work.

3.8.2 TensorFlow Lite Conversion

The optimized model was converted to TensorFlow Lite format using the following
steps:

1. Save the trained Keras model in .h5 format.

2. Load the model and convert to .tflite using the TensorFlow Lite Converter:

model = t f . keras . models . load_model ( model_path )
conver ter =

t f . l i t e . TFLiteConverter . from_keras_model ( model )

3. Transfer the converted model to the target device for testing.

3.8.3 Mobile Inference and Testing

The exported TensorFlow Lite model was deployed on an Android smartphone
using TensorFlow Lite’s Android support library. Inference was performed on test
images using the device camera or file picker. A lightweight mobile interface was
created with a simple user experience for selecting images and viewing predictions.

3.9 Summary

This chapter has presented a comprehensive overview of the methodology adopted
for building an efficient and deployable deep learning system for plant disease
classification. The proposed pipeline began with the acquisition and exploratory
analysis of the PlantVillage dataset, followed by rigorous preprocessing steps in-
cluding resizing, normalization, augmentation, and label encoding.

Multiple deep learning architectures namely, MobileNetV2, Xception, Incep-
tionV3, as well as a hybrid model combining MobileNetV2 with CBAM were im-
plemented and evaluated. Each model was fine-tuned using transfer learning and
trained for 30 epochs with the Adam optimizer and a low learning rate to ensure
convergence. Regularization techniques such as dropout and L2 penalties were in-
corporated to mitigate overfitting, while callbacks like early stopping and learning
rate reduction helped optimize training efficiency.

Performance evaluation relied on robust metrics such as accuracy, precision,
recall, F1-score, AUC-ROC, and confusion matrices. Advanced visualization tools
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like Grad-CAM and per-class bar charts provided interpretability and transparency
to model decisions. Finally, the most efficient model was optimized and converted
to TensorFlow Lite format for mobile deployment, demonstrating real-world feasi-
bility and high accuracy with minimal computational footprint.

This methodological framework sets the stage for detailed experimental analysis
in the next chapter, where comparative results, error analysis, and insights into
model behavior will be explored.



Chapter 4

Experimental Results and Analysis

4.1 Experimental Setup

This section outlines the hardware, software, and configuration details used during
the model training and evaluation process. All experiments were conducted on a
local workstation equipped with the following specifications:

• GPU: NVIDIA GeForce RTX 3050 Ti Laptop GPU (4 GB VRAM)

• CPU: Intel Core i7, 11th Gen (8 cores)

• RAM: 16 GB DDR4

• Operating System: Windows 11 Pro

• Frameworks: Python 3.10, TensorFlow 2.13, Keras 2.13, scikit-learn 1.3

Model development, training, and evaluation were performed using Jupyter note-
books in a TensorFlow-based environment. GPU acceleration was enabled via
CUDA and cuDNN backends to speed up the training process, particularly for
larger architectures such as Xception and InceptionV3.

All models were trained using the same hyperparameters for comparability:

• Epochs: 30

• Batch Size: 32

• Optimizer: Adam (learning rate = 1 × 10−5)

• Loss Function: Categorical Cross-Entropy

• Callbacks: EarlyStopping, ReduceLROnPlateau, ModelCheckpoint

40
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Table 4.1: Model performance comparison on test set
Model Accuracy Precision Recall F1-Score AUC
Inception
(CONE)

0.9156
± 0.003

0.9225
± 0.004

0.9156
± 0.003

0.9160
± 0.003

0.9912
± 0.001

MobileNetV2
(RHOMBUS)

0.9692
± 0.002

0.9707
± 0.002

0.9692
± 0.002

0.9689
± 0.002

0.9984
± 0.001

MobileNetV2+CBAM
(CUBE)

0.9732
± 0.002

0.9747
± 0.002

0.9732
± 0.002

0.9731
± 0.002

0.9987
± 0.001

Xception
(PRISM)

0.9830
± 0.002

0.9833
± 0.002

0.9830
± 0.002

0.9830
± 0.002

0.9995
± 0.0005

Performance plots for each model were saved and analyzed using Matplotlib and
Seaborn. Grad-CAM visualizations were generated using TensorFlow’s gradient
tape API to highlight attention focus regions during classification.

All four models—MobileNetV2, InceptionV3, Xception, and the proposed Mo-
bileNetV2 + CBAM—were trained using identical data splits and evaluation metrics
for fairness.

4.2 Performance Metrics Summary

This section summarizes the key performance metrics for all four models trained
and evaluated in this study: MobileNetV2 (RHOMBUS), MobileNetV2 + CBAM
(CUBE), Xception (PRISM), and InceptionV3 (CONE). Each model was trained for
30 epochs using identical configurations. To provide a more reliable evaluation,
model performance is reported as the mean and standard deviation across multiple
independent training runs. The models were assessed using five core metrics:
Accuracy, Precision, Recall, F1-score, and AUC Score.

4.2.1 Model Comparison Table

Table 4.1 presents the comparison of classification metrics for each model, reported
as mean ± standard deviation over multiple runs. This provides an estimate of
variability and allows a more reliable interpretation of performance differences
between models.

The standard deviation provides an estimate of variability across runs. While
the MobileNetV2+CBAM model shows improved performance compared to the
baseline MobileNetV2, the observed differences are relatively small and fall within
overlapping ranges of variability. Therefore, the improvement can be interpreted
as a modest enhancement rather than a substantial performance gain.
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Table 4.2: Experimental results reported by Mohanty et al. [28] for deep learning-
based plant disease detection
Model Image Type Accuracy Precision Recall F1-Score

AlexNet
Color 0.9928 0.9928 0.9927 0.9927
Grayscale 0.9725 0.9728 0.9727 0.9726
Segmented 0.9892 0.9893 0.9891 0.9891

GoogleNet
Color 0.9935 0.9935 0.9935 0.9934
Grayscale 0.9798 0.9804 0.9801 0.9800
Segmented 0.9924 0.9925 0.9925 0.9925

4.2.2 Model Comparison with Related Work

The experimental results reported by Mohanty et al. [28], summarized in Table 4.2,
present a benchmark evaluation of deep convolutional neural networks for plant
disease classification using the PlantVillage dataset. Their study evaluates archi-
tectures such as AlexNet and GoogLeNet across different image configurations,
including color, grayscale, and segmented images, achieving high classification ac-
curacy under controlled conditions. These results provide a strong reference point
for comparing the performance of the models proposed in this study.

A comparison of classification accuracy between the models evaluated in this
study (Table 4.1) and the results reported by Mohanty et al. [28] (Table 4.2) shows
that the highest accuracy achieved in this work is 98.30% using the Xception model,
while the MobileNetV2 + CBAM (CUBE) model achieved 97.32%. In contrast,
Mohanty et al. reported higher accuracies of up to 99.35% using GoogLeNet on
color images from the PlantVillage dataset. This difference in performance may
be attributed to variations in experimental setup, model architectures, and training
configurations, as well as the inherent characteristics of the dataset, which consists
of images captured under controlled conditions.

Despite the slightly lower accuracy compared to the results of Mohanty et al., the
models proposed in this study, particularly the MobileNetV2-based architectures,
offer a significant advantage in terms of computational efficiency and suitabil-
ity for resource-constrained environments. The integration of CBAM provides a
modest improvement over the baseline MobileNetV2 model while maintaining its
lightweight nature. Therefore, the contribution of this work lies not in surpassing
the highest benchmark accuracy, but in achieving a strong balance between per-
formance and efficiency, which is essential for practical deployment in real-world
agricultural applications.

As shown in Table 4.3, while the models in this study achieve slightly lower
accuracy than those reported by Mohanty et al., they provide a more favorable
balance between performance and computational efficiency.



CHAPTER 4. EXPERIMENTAL RESULTS AND ANALYSIS 43

Table 4.3: Comparison of classification accuracy with Mohanty et al. [28]
Study / Model Configuration Accuracy

This Work

Xception (PRISM) Color Images 0.9830 ± 0.002
MobileNetV2 + CBAM (CUBE) Color Images 0.9732 ± 0.002
MobileNetV2 (RHOMBUS) Color Images 0.9692 ± 0.002
InceptionV3 (CONE) Color Images 0.9156 ± 0.003

Mohanty et al. (2016)

GoogLeNet Color Images 0.9935
AlexNet Color Images 0.9928
GoogLeNet Segmented Images 0.9924
AlexNet Segmented Images 0.9892

Table 4.4: Training duration of models (30 Epochs)
Model Codename Training Time (HH:MM:SS)

MobileNetV2 RHOMBUS 01:56:05
MobileNetV2 + CBAM CUBE 01:56:49
Xception PRISM 02:09:26
InceptionV3 CONE 04:09:26

4.2.3 Training Duration

The total training time for each model over 30 epochs was recorded on a system
equipped with an NVIDIA GeForce RTX 3050 Ti GPU and 16GB RAM. Table 4.4
summarizes the training duration for each model.

As shown in Table 4.4, the MobileNetV2 and MobileNetV2+CBAM models ex-
hibit comparable training times, indicating that the integration of the CBAM mod-
ule introduces only a minimal computational overhead. In contrast, the Xception
and InceptionV3 models require longer training durations due to their increased
architectural complexity and higher number of parameters.

4.2.4 Bar Chart Visualizations

To provide visual clarity on model performance, Figures 4.1, 4.2, and 4.3 present
bar charts comparing Accuracy, F1-Score, and AUC Score across the four models.

The visualizations and tabular results indicate that the MobileNetV2 + CBAM
(CUBE) model demonstrates improved performance over the baseline MobileNetV2
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Figure 4.1: Comparison of test accuracy across all models

Figure 4.2: Comparison of test F1-score across all models

architecture, with comparable training efficiency. However, while it performs com-
petitively among lightweight models, the Xception model achieves the highest
overall performance across evaluation metrics. These findings suggest that atten-
tion mechanisms such as CBAM can provide a modest enhancement to feature
representation within lightweight architectures.

4.3 Comparative Model Evaluation

This section analyzes and interprets the learning behavior of each model by review-
ing the training and validation curves for Accuracy, Loss, and AUC Score. These
plots provide insights into the convergence behavior, generalization capability, and
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Figure 4.3: Comparison of test AUC score across all models

overfitting tendencies of the models under consistent experimental conditions.
For consistency across models, the reported Precision, Recall, and F1-score

values are computed as macro-averaged metrics across all classes. Macro-averaging
assigns equal weight to each class, making it particularly suitable for multi-class
classification tasks where balanced evaluation across disease categories is required.

All models were trained under a consistent set of hyperparameters to ensure a
fair comparison. While this approach enables direct comparison across architec-
tures, it does not account for model-specific hyperparameter tuning, which may
further influence performance. A more detailed exploration of hyperparameter
sensitivity is left for future work.

4.3.1 RHOMBUS (MobileNetV2)

MobileNetV2 demonstrates a strong upward trend in both training and validation
accuracy, with low loss and high AUC score, stabilizing around epoch 20. The
model converges quickly, confirming its lightweight yet efficient architecture based
on depthwise separable convolutions as shown in Figure 4.4.

4.3.2 PRISM (Xception)

The Xception model shows a steady improvement in AUC and accuracy, although
it requires more training time. Its performance plateaued earlier than CUBE, sug-
gesting slightly limited generalization in this setting as shown in Figure 4.5.

4.3.3 CONE (InceptionV3)

While the Inception model required the most training time, its learning curve sug-
gests slower convergence but robust final performance. Despite slight fluctuations,
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Figure 4.4: RHOMBUS (MobileNetV2): Training vs validation
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Figure 4.5: PRISM (Xception): Training vs validation
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it maintained stable AUC and F1-score values near the end of training as shown in
Figure 4.6.

4.3.4 CUBE (MobileNetV2 + CBAM)

The hybrid model incorporating CBAM achieves slightly faster convergence and im-
proved accuracy across all metrics, confirming the effectiveness of attention mech-
anisms in enhancing feature refinement as shown in Figure 4.7.

4.3.5 Summary

From these comparisons, it is evident that the proposed hybrid model MobileNetV2
+ CBAM (CUBE) demonstrates stable convergence behavior and achieves improved
performance over the baseline MobileNetV2 model. While the Xception model
attains the highest overall classification performance across evaluation metrics, the
CUBE model provides a favorable balance between accuracy and computational
efficiency. The observed improvements from the integration of CBAM are modest
and should be interpreted within the context of lightweight model enhancement.

Furthermore, although the results indicate strong performance on the PlantVil-
lage dataset, which consists of images captured under controlled conditions, the
generalization capability of the model to real-world agricultural environments re-
quires further validation. Therefore, the findings suggest that the proposed ap-
proach is promising for resource-constrained applications, but its practical deploy-
ment should be considered with appropriate limitations.

4.4 Model Per-Class Classification Evaluation

To provide a detailed assessment of model classification performance beyond ag-
gregate metrics, a per-class evaluation was conducted for each of the 38 classes in
the PlantVillage dataset. Table 4.5, Table 4.6, Table 4.7 and Table 4.8 presents the
class-wise classification performance of the MobileNetV2 (RHOMBUS) model in
terms of Accuracy, Precision, and Recall.

4.4.1 MobileNetV2 (RHOMBUS)

The per-class evaluation reveals that the RHOMBUS model achieves consistently
high performance across the majority of classes, with many disease categories ex-
hibiting precision and recall values above 0.95. Classes such as Grape___healthy,
Apple___Cedar_apple_rust, and Orange___Haunglongbing achieve near-perfect classi-
fication performance, indicating strong feature separability for these categories.

However, certain classes demonstrate comparatively lower recall values, sug-
gesting challenges in correctly identifying all instances of those diseases. For exam-
ple, Tomato___Early_blight shows a recall of 0.66, indicating that a significant number
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Figure 4.6: CONE (InceptionV3): Training vs validation
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Figure 4.7: CUBE (MobileNetV2 + CBAM): Training vs validation
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of samples are misclassified, likely due to visual similarity with other tomato dis-
eases. Similarly, Corn___Cercospora_leaf_spot and Potato___healthy exhibit reduced
recall, reflecting potential overlap in visual characteristics with other classes.

In contrast, some classes display high recall but slightly lower precision, such as
Tomato___Target_Spot, suggesting that while most true instances are correctly iden-
tified, there is some confusion with other classes. Overall, these results indicate that
while the model performs strongly across most categories, performance variability
exists among visually similar disease classes, highlighting opportunities for further
refinement in feature discrimination.

Table 4.5: Per-class classification performance of MobileNetV2 (RHOMBUS)

Class Accuracy Precision Recall

Apple___Apple_scab 0.99 0.91 0.99
Apple___Black_rot 0.99 0.98 0.99
Apple___Cedar_apple_rust 1.00 1.00 1.00
Apple___healthy 0.99 0.98 0.99
Blueberry___healthy 0.99 1.00 0.99
Cherry_(including_sour)___Powdery_mildew 0.97 0.99 0.97
Cherry_(including_sour)___healthy 1.00 1.00 1.00
Corn_(maize)___Cercospora_leaf_spot
Gray_leaf_spot 0.82 0.89 0.82
Corn_(maize)___Common_rust 1.00 0.98 1.00
Corn_(maize)___Northern_Leaf_Blight 0.92 0.91 0.92
Corn_(maize)___healthy 0.98 1.00 0.98
Grape___Black_rot 0.98 0.98 0.98
Grape___Esca_(Black_Measles) 0.99 0.99 0.99
Grape___Leaf_blight_(Isariopsis_Leaf_Spot) 1.00 1.00 1.00
Grape___healthy 1.00 1.00 1.00
Orange___Haunglongbing_(Citrus_greening) 1.00 1.00 1.00
Peach___Bacterial_spot 1.00 0.99 1.00
Peach___healthy 0.96 0.93 0.96
Pepper,_bell___Bacterial_spot 0.99 0.97 0.99
Pepper,_bell___healthy 0.99 0.99 0.99
Potato___Early_blight 1.00 0.94 1.00
Potato___Late_blight 0.93 0.99 0.93
Potato___healthy 0.87 0.95 0.87
Raspberry___healthy 1.00 1.00 1.00
Soybean___healthy 1.00 0.99 1.00
Squash___Powdery_mildew 0.99 1.00 0.99
Strawberry___Leaf_scorch 1.00 0.99 1.00

Continued on next page
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Table 4.5 continued from previous page
Class Accuracy Precision Recall

Strawberry___healthy 1.00 1.00 1.00
Tomato___Bacterial_spot 0.93 0.95 0.93
Tomato___Early_blight 0.66 0.95 0.66
Tomato___Late_blight 0.96 0.94 0.96
Tomato___Leaf_Mold 0.81 1.00 0.81
Tomato___Septoria_leaf_spot 0.97 0.88 0.97
Tomato___Spider_mites
Two-spotted_spider_mite 0.90 0.96 0.90
Tomato___Target_Spot 0.93 0.79 0.93
Tomato___Tomato_Yellow_Leaf_Curl_Virus 0.98 1.00 0.98
Tomato___Tomato_mosaic_virus 0.93 0.98 0.93
Tomato___healthy 0.99 0.89 0.99

4.4.2 MobileNetV2 + CBAM(CUBE)

The per-class evaluation of the CUBE model indicates consistently strong classifica-
tion performance across the majority of plant disease categories, with many classes
achieving precision and recall values above 0.95. Classes such as Apple___healthy,
Peach___Bacterial_spot, and Orange___Haunglongbing demonstrate near-perfect pre-
cision and recall, indicating clear feature separability and effective attention-guided
feature refinement.

Compared to the baseline MobileNetV2 model, several classes show slight
improvements in recall, suggesting that the integration of CBAM enhances the
model’s ability to correctly identify disease-affected regions. However, perfor-
mance variability is still observed in certain visually complex classes. For instance,
Tomato___Early_blight exhibits a relatively low recall of 0.69, indicating difficulty
in capturing all true instances, likely due to similarity with other tomato diseases.
Similarly,
Corn___Cercospora_leaf_spot and Potato___healthy present lower recall values, reflect-
ing overlapping visual patterns with other categories.

In contrast, some classes such as Tomato___Target_Spot demonstrate high recall
but comparatively lower precision, suggesting that while most true cases are de-
tected, there is some misclassification with similar disease classes. Overall, these
results indicate that the CUBE model maintains strong and consistent performance
across most categories, with modest improvements over the baseline model, while
still facing challenges in distinguishing visually similar disease patterns.
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Table 4.6: Per-class classification performance of MobileNetV2 + CBAM (CUBE)

Class Accuracy Precision Recall

Apple___Apple_scab 0.96 0.93 0.96
Apple___Black_rot 1.00 0.98 1.00
Apple___Cedar_apple_rust 0.98 1.00 0.98
Apple___healthy 1.00 0.99 1.00
Blueberry___healthy 0.99 1.00 0.99
Cherry_(including_sour)___Powdery_mildew 0.98 0.99 0.98
Cherry_(including_sour)___healthy 1.00 1.00 1.00
Corn_(maize)___Cercospora_leaf_spot
Gray_leaf_spot 0.86 0.89 0.86
Corn_(maize)___Common_rust 1.00 0.96 1.00
Corn_(maize)___Northern_Leaf_Blight 0.91 0.94 0.91
Corn_(maize)___healthy 0.99 1.00 0.99
Grape___Black_rot 0.97 0.99 0.97
Grape___Esca_(Black_Measles) 1.00 0.98 1.00
Grape___Leaf_blight_(Isariopsis_Leaf_Spot) 1.00 1.00 1.00
Grape___healthy 1.00 1.00 1.00
Orange___Haunglongbing_(Citrus_greening) 1.00 1.00 1.00
Peach___Bacterial_spot 1.00 1.00 1.00
Peach___healthy 1.00 0.95 1.00
Pepper,_bell___Bacterial_spot 0.95 0.98 0.95
Pepper,_bell___healthy 1.00 0.97 1.00
Potato___Early_blight 1.00 0.94 1.00
Potato___Late_blight 0.93 1.00 0.93
Potato___healthy 0.87 0.95 0.87
Raspberry___healthy 1.00 1.00 1.00
Soybean___healthy 1.00 0.99 1.00
Squash___Powdery_mildew 0.99 1.00 0.99
Strawberry___Leaf_scorch 1.00 0.99 1.00
Strawberry___healthy 1.00 1.00 1.00
Tomato___Bacterial_spot 0.95 0.95 0.95
Tomato___Early_blight 0.69 0.96 0.69
Tomato___Late_blight 0.97 0.95 0.97
Tomato___Leaf_Mold 0.87 0.97 0.87
Tomato___Septoria_leaf_spot 0.95 0.95 0.95
Tomato___Spider_mites
Two-spotted_spider_mite 0.94 0.96 0.94
Tomato___Target_Spot 0.96 0.76 0.96

Continued on next page
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Table 4.6 continued
Class Accuracy Precision Recall

Tomato___Tomato_Yellow_Leaf_Curl_Virus 0.99 1.00 0.99
Tomato___Tomato_mosaic_virus 0.98 0.96 0.98
Tomato___healthy 0.96 0.95 0.96

4.4.3 Xception(PRISM)

The per-class evaluation of the PRISM (Xception) model demonstrates consistently
high classification performance across nearly all plant disease categories, with the
majority of classes achieving precision and recall values close to or equal to 1.00.
This indicates strong feature representation and effective class discrimination capa-
bilities of the model.

Several classes including Apple___Black_rot, Grape___healthy, and Soybean___heal-
thy, achieve near-perfect precision and recall, reflecting clear separability of these
categories. Compared to the lightweight models, PRISM shows improved recall
in many classes, suggesting a stronger ability to correctly identify true instances
across the dataset.

However, some classes still exhibit relatively lower recall or precision. For exam-
ple, Apple___Apple_scab shows a recall of 0.94, while Corn___Northern_Leaf_Blight
and Tomato___Early_blight demonstrate moderate recall values, indicating occa-
sional misclassification. Additionally, classes such as Corn___Cercospora_leaf_spot
exhibit lower precision, suggesting confusion with visually similar disease patterns.

Overall, these results indicate that the PRISM model achieves the highest and
most consistent per-class performance among the evaluated architectures, although
minor variability remains in classes with similar visual characteristics.

Table 4.7: Per-class classification performance of Xception (PRISM)

Class Accuracy Precision Recall

Apple___Apple_scab 0.94 1.00 0.94
Apple___Black_rot 1.00 1.00 1.00
Apple___Cedar_apple_rust 1.00 1.00 1.00
Apple___healthy 1.00 0.97 1.00
Blueberry___healthy 1.00 1.00 1.00
Cherry_(including_sour)___Powdery_mildew 0.99 0.99 0.99
Cherry_(including_sour)___healthy 1.00 1.00 1.00
Corn_(maize)___Cercospora_leaf_spot
Gray_leaf_spot 0.91 0.80 0.91
Corn_(maize)___Common_rust 0.99 0.99 0.99

Continued on next page
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Table 4.7 continued
Class Accuracy Precision Recall

Corn_(maize)___Northern_Leaf_Blight 0.87 0.94 0.87
Corn_(maize)___healthy 1.00 1.00 1.00
Grape___Black_rot 0.99 0.99 0.99
Grape___Esca_(Black_Measles) 1.00 0.99 1.00
Grape___Leaf_blight_(Isariopsis_Leaf_Spot) 1.00 0.99 1.00
Grape___healthy 1.00 1.00 1.00
Orange___Haunglongbing_(Citrus_greening) 1.00 1.00 1.00
Peach___Bacterial_spot 1.00 1.00 1.00
Peach___healthy 1.00 0.98 1.00
Pepper,_bell___Bacterial_spot 1.00 1.00 1.00
Pepper,_bell___healthy 1.00 1.00 1.00
Potato___Early_blight 1.00 0.98 1.00
Potato___Late_blight 0.99 0.98 0.99
Potato___healthy 0.91 1.00 0.91
Raspberry___healthy 1.00 1.00 1.00
Soybean___healthy 1.00 1.00 1.00
Squash___Powdery_mildew 1.00 1.00 1.00
Strawberry___Leaf_scorch 0.99 1.00 0.99
Strawberry___healthy 1.00 1.00 1.00
Tomato___Bacterial_spot 0.98 0.96 0.98
Tomato___Early_blight 0.89 0.89 0.89
Tomato___Late_blight 0.95 0.97 0.95
Tomato___Leaf_Mold 0.91 0.99 0.91
Tomato___Septoria_leaf_spot 0.96 0.96 0.96
Tomato___Spider_mites
Two-spotted_spider_mite 0.94 0.97 0.94
Tomato___Target_Spot 0.94 0.90 0.94
Tomato___Tomato_Yellow_Leaf_Curl_Virus 0.99 1.00 0.99
Tomato___Tomato_mosaic_virus 1.00 0.93 1.00
Tomato___healthy 1.00 0.98 1.00

4.4.4 Inception (CONE)

The per-class evaluation of the CONE (Inception) model demonstrates strong over-
all classification performance, with many classes achieving precision and recall
values above 0.95. Classes such as Blueberry___healthy, Grape___healthy, and Soy-
bean___healthy exhibit near-perfect performance, indicating effective feature extrac-
tion for clearly distinguishable categories.
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However, compared to the PRISM and CUBE models, greater variability is ob-
served in certain disease classes. For instance, Potato___healthy shows a relatively
low recall of 0.78, indicating difficulty in correctly identifying all healthy samples.
Similarly, Tomato___Early_blight and Tomato___Leaf_Mold exhibit reduced recall val-
ues, suggesting confusion with visually similar disease conditions.

In some cases, higher recall is accompanied by lower precision, such as
Corn___Cercospora_leaf_spot, indicating that while many true instances are detected,
misclassification with other classes still occurs. Overall, the results indicate that
while the CONE model performs well across most categories, its performance is
slightly less consistent compared to higher-performing architectures, particularly
in classes with subtle visual differences.

Table 4.8: Per-class classification performance of Inception (CONE)

Class Accuracy Precision Recall

Apple___Apple_scab 0.91 0.97 0.91
Apple___Black_rot 0.99 1.00 0.99
Apple___Cedar_apple_rust 1.00 0.98 1.00
Apple___healthy 0.99 0.97 0.99
Blueberry___healthy 1.00 1.00 1.00
Cherry_(including_sour)___Powdery_mildew 0.99 0.99 0.99
Cherry_(including_sour)___healthy 1.00 1.00 1.00
Corn_(maize)___Cercospora_leaf_spot
Gray_leaf_spot 0.95 0.75 0.95
Corn_(maize)___Common_rust 0.99 0.97 0.99
Corn_(maize)___Northern_Leaf_Blight 0.81 0.97 0.81
Corn_(maize)___healthy 0.99 1.00 0.99
Grape___Black_rot 0.97 0.96 0.97
Grape___Esca_(Black_Measles) 0.98 0.98 0.98
Grape___Leaf_blight_(Isariopsis_Leaf_Spot) 0.99 0.99 0.99
Grape___healthy 1.00 1.00 1.00
Orange___Haunglongbing_(Citrus_greening) 1.00 1.00 1.00
Peach___Bacterial_spot 0.99 0.99 0.99
Peach___healthy 0.98 0.96 0.98
Pepper,_bell___Bacterial_spot 0.97 0.97 0.97
Pepper,_bell___healthy 0.99 0.99 0.99
Potato___Early_blight 0.99 0.97 0.99
Potato___Late_blight 0.95 0.95 0.95
Potato___healthy 0.78 0.95 0.78
Raspberry___healthy 1.00 0.98 1.00
Soybean___healthy 1.00 1.00 1.00

Continued on next page
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Table 4.8 continued
Class Accuracy Precision Recall

Squash___Powdery_mildew 0.99 1.00 0.99
Strawberry___Leaf_scorch 1.00 1.00 1.00
Strawberry___healthy 1.00 1.00 1.00
Tomato___Bacterial_spot 0.93 0.95 0.93
Tomato___Early_blight 0.83 0.87 0.83
Tomato___Late_blight 0.92 0.95 0.92
Tomato___Leaf_Mold 0.83 0.93 0.83
Tomato___Septoria_leaf_spot 0.94 0.89 0.94
Tomato___Spider_mites
Two-spotted_spider_mite 0.92 0.95 0.92
Tomato___Target_Spot 0.89 0.86 0.89
Tomato___Tomato_Yellow_Leaf_Curl_Virus 1.00 0.99 1.00
Tomato___Tomato_mosaic_virus 0.95 0.87 0.95
Tomato___healthy 0.97 0.94 0.97

4.5 Grad-CAM Visualizations

To provide interpretability into the decision-making process of the trained deep
learning models, Gradient-weighted Class Activation Mapping (Grad-CAM) was
employed. Grad-CAM generates visual explanations by highlighting regions of the
input leaf image that contribute most to the model’s prediction. These visualizations
offer qualitative insights into model behavior but should not be interpreted as
definitive evidence of model correctness.

4.5.1 Interpretability Through Visual Attention

Grad-CAM visualizations were generated for correctly classified images from each
model to examine attention patterns. The activation maps provide an indication of
where the model focuses when making predictions, such as whether attention is
directed toward disease-affected regions or extends to surrounding areas. However,
these observations are illustrative in nature and do not guarantee that the model’s
reasoning aligns perfectly with the true underlying disease features.

4.5.2 Model-Specific Observations

• MobileNetV2 (RHOMBUS): The RHOMBUS model generally exhibited broa-
der activation patterns across the leaf surface. In some cases, attention ap-
peared to extend beyond the primary lesion regions, suggesting a more diffuse
focus.
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Figure 4.8: Grad-CAM visualization comparison for example leaf images across
RHOMBUS, PRISM, CONE, and CUBE

• MobileNetV2 + CBAM (CUBE): The CUBE model often produced more lo-
calized activation patterns compared to the baseline MobileNetV2 model. The
integration of CBAM appears to influence the spatial distribution of attention;
however, these visualizations should be interpreted as qualitative indicators
rather than conclusive evidence of improved model reasoning.

• Xception (PRISM): The PRISM model demonstrated a combination of lo-
calized and distributed attention patterns. Grad-CAM maps frequently high-
lighted lesion-centered regions, though some activation in non-diseased areas
was also observed.

• Inception (CONE): The CONE model showed relatively focused activation in
certain cases, with attention appearing concentrated around lesion regions.
However, as with other models, these observations are qualitative and may
vary across samples.

4.5.3 Sample Visualizations

Figure 4.8 presents sample Grad-CAM outputs across the four models for selected
input images. While differences in attention patterns can be observed between
models, these visualizations are intended to provide illustrative examples of model
behavior rather than definitive comparisons of performance or correctness.
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Table 4.9: Model performance metrics on test set
Model Accuracy Precision Recall F1-Score AUC

Inception (CONE) 0.9156 0.9225 0.9156 0.9160 0.9912
MobileNetV2 (RHOMBUS) 0.9692 0.9707 0.9692 0.9689 0.9984
MobileNetV2 +
CBAM (CUBE) 0.9732 0.9747 0.9732 0.9731 0.9987
Xception (PRISM) 0.9830 0.9833 0.9830 0.9830 0.9995

4.6 Statistical Discussion & Observations

To critically assess the performance of each model, a comprehensive statistical
comparison was conducted across five key metrics: Accuracy, Precision, Recall,
F1-Score, and AUC. Table 4.9 summarizes the evaluation results obtained from the
test set for all four models.

4.6.1 Performance Observations

• Xception (PRISM) demonstrated the highest performance across all evalua-
tion metrics, achieving 98.30% accuracy and the highest AUC score (0.9995),
suggesting strong discriminatory power and generalization capability.

• MobileNetV2 + CBAM (CUBE) closely followed with high precision (0.9747)
and an AUC score of 0.9987, indicating that the integration of attention mech-
anisms improves model sensitivity and focus on disease regions.

• MobileNetV2 (RHOMBUS) maintained a strong balance between accuracy
and computational efficiency, validating its architectural strength using Depth-
wise Separable Convolutions (DSC).

• Inception (CONE), although achieving respectable results, trailed behind
in all metrics, particularly with the lowest accuracy (91.56%) and F1-score
(91.60%), which may be attributed to its heavier architecture and longer infer-
ence time.

4.6.2 Trade-Offs and Implications

While Xception emerged as the statistically superior model, the marginal gains
in accuracy over the MobileNet-based models come at the cost of increased com-
putational complexity and training time. On the other hand, MobileNetV2 and
its CBAM-enhanced variant provided a near-optimal balance between performance
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Table 4.10: Quantized model deployment metrics on mobile device
Model Model Size (MB) Avg. Inference Time (ms)

RHOMBUS (MobileNetV2) 3.7 156.0
CUBE (MobileNetV2 + CBAM) 4.1 186.6
PRISM (Xception) 22.5 291.7
CONE (Inception) 23.0 334.9

and efficiency, making them well-suited for deployment on edge devices and mobile
applications.

Therefore, in environments constrained by power, memory, or latency (e.g.,
farms or rural areas), MobileNetV2 + CBAM is preferred, while Xception is ideal
in cloud-based or high-performance inference scenarios.

4.7 Deployment Performance on Mobile

This section evaluates the deployment performance of the trained models when
converted to a mobile-compatible format. In addition to inference speed and model
size, this analysis considers the effects of post-training optimization and the practical
constraints of edge-device environments.

4.7.1 Deployment Setup

All trained models were converted to TensorFlow Lite (.tflite) format using post-
training dynamic range quantization. Deployment testing was carried out on an
Android device equipped with a Snapdragon processor and 6GB RAM, represent-
ing a typical mid-range mobile platform.

4.7.2 Performance Metrics

Inference times were benchmarked over multiple test samples, and average latency
per image was recorded. Table 4.10 summarizes the model size and inference
performance for each model after quantization.

4.7.3 Post-Quantization Observations

The application of dynamic range quantization significantly reduced model sizes
while maintaining functional inference capability on mobile hardware. Although
classification accuracy after quantization was not extensively re-evaluated in this
study, prior research suggests that dynamic range quantization typically results in
minimal accuracy degradation. A more systematic evaluation of post-quantization
accuracy remains an important direction for future work.
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4.7.4 Discussion and Trade-Offs

The results indicate that MobileNet-based models, particularly RHOMBUS and
CUBE, are more suitable for mobile deployment due to their smaller model sizes
and lower inference latency. While PRISM (Xception) achieves higher classification
accuracy in the benchmark setting, its increased computational cost and memory
requirements limit its practicality in resource-constrained environments.

The CUBE model introduces a moderate increase in inference time compared to
the baseline MobileNetV2 model, reflecting the additional computational overhead
of the CBAM module. However, this increase remains within acceptable bounds
for real-time inference on mobile devices.

It is important to note that deployment performance may vary across different
hardware configurations, operating systems, and inference engines. Therefore, the
reported results should be interpreted as indicative rather than universally repre-
sentative. A more comprehensive deployment analysis across multiple device types
and conditions would provide a deeper understanding of real-world performance
variability.

Overall, the findings suggest that lightweight architectures offer a practical bal-
ance between performance and efficiency for mobile-based plant disease detection,
although further validation is required to assess robustness across diverse deploy-
ment environments.



Chapter 5

Conclusion and Future Work

5.1 Conclusion

This research presented a comprehensive approach to the detection and classifi-
cation of plant diseases using hybrid deep learning models. By leveraging the
strengths of convolutional neural networks (CNNs) and attention mechanisms such
as the Convolutional Block Attention Module (CBAM), the proposed approach
aimed to improve classification performance while maintaining computational ef-
ficiency suitable for resource-constrained environments.

Among the evaluated architectures — MobileNetV2 (RHOMBUS), MobileNetV2
+ CBAM (CUBE), Xception (PRISM), and Inception (CONE) — the results summa-
rized in Table 4.1 indicate that the Xception model achieved the highest overall
classification performance across evaluation metrics. The MobileNetV2 + CBAM
(CUBE) model, however, demonstrated a favorable balance between accuracy and
computational efficiency, achieving an AUC score of 0.9987 and an accuracy of
97.32% while maintaining a relatively small model size and efficient inference time.
The integration of the CBAM module provided a modest improvement over the
baseline MobileNetV2 model within the class of lightweight architectures, rather
than outperforming higher-capacity models such as Xception. Additionally, Grad-
CAM visualizations provided qualitative insights into the regions of interest learned
by the model, but these should be interpreted as illustrative rather than definitive
evidence of model correctness.

This work demonstrates that lightweight models such as MobileNetV2, when
enhanced with attention mechanisms and efficient convolutional operations, can
achieve strong performance on benchmark datasets such as PlantVillage. However,
since the evaluation is conducted on images captured under controlled conditions,
the results should be interpreted within the context of benchmark performance.
While preliminary deployment experiments using TensorFlow Lite on Android
devices indicate the feasibility of on-device inference, further validation on real-
world field data is required to fully assess generalization and practical deployment
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readiness in agricultural environments.

5.2 Research Contributions

This research contributes to the development of efficient deep learning approaches
for automated plant disease detection. Specifically, the study proposes a hybrid
deep learning framework that integrates lightweight convolutional neural network
architecture MobileNetV2 with the Convolutional Block Attention Module (CBAM)
to enhance feature extraction and improve classification performance. The research
also investigates the effectiveness of transfer learning and attention-based feature re-
finement for identifying subtle plant disease patterns using the PlantVillage Dataset.
Furthermore, the study provides a comparative evaluation of the proposed hybrid
model against baseline deep learning models in terms of classification accuracy and
computational efficiency. The findings contribute to the growing field of precision
agriculture by demonstrating the potential of lightweight, attention-enhanced deep
learning models for practical plant disease detection systems.

5.3 Future Work

Future research may focus on extending the proposed framework to handle more
complex and realistic agricultural environments. One potential direction is the
incorporation of real-world leaf images captured under diverse field conditions, in-
cluding variations in lighting, background clutter, noise, and occlusion. Such data
would enable the development of models that are more robust and better suited
for practical deployment in real farming scenarios. Future studies may also explore
the development of multi-disease detection models capable of identifying multiple
infections within a single plant sample. Since crops are often affected by more
than one disease simultaneously, such models would provide a more comprehen-
sive diagnostic tool for farmers and agricultural practitioners. Furthermore, the
application of federated learning techniques could be investigated to enable collab-
orative model training across distributed agricultural datasets while preserving the
privacy of farmer data. Finally, future work may focus on implementing a complete
end-to-end mobile or edge-based system with an intuitive user interface and offline
capabilities, allowing farmers to perform real-time disease diagnosis directly in the
field.
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