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Abstract

This review paper presents a comprehensive cotton leaf disease dataset designed to enhance detection and
classification models using deep learning. The dataset comprises over 50,000 high-resolution images
across seven classes: Bacterial Blight, Curl Virus, Herbicide Growth Damage, Leaf Hopper Jassids, Leaf
Reddening, Leaf Variegation, and Healthy Leaves. Images were captured in diverse environments and
growth stages to facilitate the development of robust, scalable convolutional neural network (CNN)
models. We review prior datasets, highlighting limitations in class diversity, environmental inconsistency,
and image quality, and demonstrate how our dataset addresses these challenges. The dataset construction
methodology is detailed, from multi-modal data acquisition and expert labeling to augmentation and
preprocessing techniques. We explore the biological basis and visual patterns of each disease class,
enabling both human and algorithmic recognition. State-of-the-art CNN architectures like ResNet,
DenseNet, and MobileNet are benchmarked, with a focus on explainable Al techniques like Grad-CAM
for decision transparency. The integration of multispectral and hyperspectral imaging is shown to enhance
classification performance. Deployment strategies for mobile and edge Al systems are discussed, along
with challenges in rural connectivity and user adoption. Future research directions include addressing
dataset biases, cross-regional validation, and extending to pest and weed detection. This work establishes
a new standard for data-driven plant pathology, empowering farmers with timely, accurate, and scalable
disease diagnostics.

Keywords: Cotton leaf disease, Dataset, Deep learning, Classification, Convolutional neural network
(CNN), Bacterial Blight, Leaf Curl Virus, hyperspectral imaging.

1. Introduction

1.1 Background on Cotton and Economic Impact

Cotton (Gossypium spp.) stands as a vital cash crop worldwide, extensively cultivated across more than
80 countries, with substantial contributions to both textile and agro-industrial economies. Globally, cotton
supports over 250 million people across the supply chain. In India alone, more than 6 million farmers are
engaged in cotton farming, making it a cornerstone of rural livelihoods and income generation.
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Despite technological advancements, cotton production is severely impacted by a host of biotic and abiotic
stresses, of which leaf diseases pose a significant threat. Pathogens and pest infestations can affect crop
quality, reduce yield, and increase production costs due to pesticide dependency. Prominent cotton leaf
diseases include Bacterial Blight, Cotton Leaf Curl Virus (CLCuV), Herbicide Growth Damage, Leaf
Hopper Jassids, Leaf Reddening, and Leaf Variegation, each contributing to varying degrees of
economic damage.

According to recent studies, diseases like CLCuV alone have led to annual losses exceeding 20-30% in
parts of South Asia and Africa. Infected plants often exhibit chlorosis, necrosis, and wilting, adversely
impacting photosynthesis and boll formation. Quantitatively, economic losses can be estimated using:
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Figure 1: Cotton Leaf Diseases and Associated Economic Losses

Table 1: Estimated average annual economic loss (sample data based on regional surveys):
Disease Type Estimated Loss Contribution (%)
Bacterial Blight 20%
Cotton Leaf Curl Virus  25%
Herbicide Growth Damage 10%

Leaf Hopper Jassids 15%
Leaf Reddening 12%
Leaf Variegation 8%

Other Factors 10%

1.2 Importance of Disease Detection
Early detection of leaf diseases is critical in managing outbreaks and ensuring healthy crop development.
Timely identification allows for localized pesticide application, targeted nutrient management, and
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mitigation of pathogen spread. As pathogens can manifest rapidly across large field areas, especially under

favorable conditions, manual scouting is increasingly inadequate.

Furthermore, disease misdiagnosis or late diagnosis often results in overuse of agrochemicals, negatively

affecting both crop health and the environment. Precision agriculture technologies, including automated

disease detection systems, offer the potential to replace subjective human observation with objective,

data-driven assessments.

The growing scale of cotton cultivation, coupled with labor shortages and rising costs, emphasizes the

need for high-throughput, automated disease detection systems that are accurate, scalable, and

adaptable to diverse agro-climatic conditions.

1.3 Existing Approaches: Manual vs. Al-Based

Manual Methods

Conventional disease detection methods involve physical inspections by farmers or trained agronomists.

These methods rely heavily on human expertise, which can vary significantly depending on regional

knowledge, crop familiarity, and disease stage. Although cost-effective in small plots, this method is:

e Time-intensive and laborious.

e Prone to misidentification in early stages.

o Infeasible for large-scale monitoring or real-time intervention.

Al-Based Techniques

In recent years, Artificial Intelligence (AI) and particularly Deep Learning (DL) have gained attention

for automating agricultural tasks such as crop classification, yield prediction, and disease detection. CNNs

(Convolutional Neural Networks), trained on annotated image datasets, have demonstrated superior

performance in detecting plant diseases across multiple crops, including cotton.

Studies using VGG16, ResNet, MobileNet, and EfficientNet have shown classification accuracies

exceeding 90% when trained on high-quality datasets. Furthermore, with advancements in mobile

computing and edge Al, these models are now deployable on handheld devices or UAVs (Unmanned

Aerial Vehicles), enabling real-time disease surveillance.

However, the performance of these models critically depends on the quality and comprehensiveness

of the training datasets. Datasets must cover all major disease classes, account for environmental

diversity, and be annotated correctly. Existing cotton disease datasets often fall short in this regard,

affecting the generalization ability of deployed models.

1.4 Motivation for a Standardized Dataset

Despite the success of CNNs in plant disease classification, there is a distinct lack of a comprehensive,

labeled, and publicly available dataset specifically for cotton leaf diseases. Most available datasets

suffer from one or more of the following limitations:

o Limited class diversity: Only a few disease categories are covered (e.g., PlantVillage has minimal
representation for cotton diseases).

o Controlled environment biases: Images are often taken in lab conditions, lacking background
complexity and lighting variations.

o Low-resolution or synthetic images: Some datasets use synthetic backgrounds or resized images,
making them less reliable for real-world applications.

¢ Class imbalance and annotation errors: Some classes dominate the dataset, while others are
underrepresented or mislabeled.
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To ensure robust Al models capable of performing across multiple geographical regions and
environmental conditions, we require a standardized, real-world dataset that captures diverse disease
manifestations across seasons, cotton varieties, and field conditions.
1.5 Objectives and Contributions
This review paper presents a comprehensive image dataset designed to address the limitations outlined
above, enabling enhanced detection and classification of cotton leaf diseases. The dataset covers seven
major categories, including six disease types and one healthy control class. It is designed for training,
validation, and benchmarking of deep learning models across various deployment scenarios.
The major contributions of this work are summarized below:
1. Dataset Compilation:
Creation of a real-world, high-resolution dataset containing over 50,000 images across 7 well-defined
classes. Each image is manually validated by plant pathology experts.
2. Disease Diversity Coverage:
The dataset includes classes that are often underrepresented or completely absent in previous works—
such as Leaf Variegation, Reddening, and Herbicide Damage.
3. Augmentation and Preprocessing:
Implementation of data augmentation techniques including rotation, zoom, flips, and brightness
adjustments to increase variability and reduce overfitting.
4. Benchmark Evaluation:
Comparison of state-of-the-art CNN architectures on the dataset using standard evaluation metrics like
accuracy, precision, recall, and F1 score.
5. Explainable AI (XAI):
Integration of visualization techniques such as Grad-CAM to interpret model predictions and enhance
trust among stakeholders.
6. Public Accessibility and Licensing:
Plans to publish the dataset under an open-access license, enabling researchers and developers
worldwide to contribute and benefit from it.
7. Integration with Advanced Imaging:
Incorporation of spectral imaging experiments to explore improvements beyond RGB modalities.
In sum, this dataset and review are expected to serve as a standard benchmark for future research in
cotton disease detection and as a foundation for real-world precision agriculture systems.

2. Review of Existing Datasets and Limitations

2.1 Public Agricultural Datasets Overview

In the realm of precision agriculture and plant pathology, image-based datasets have become foundational
resources for training deep learning (DL) models to perform automated disease diagnosis. These datasets
vary considerably in terms of quality, diversity, resolution, annotation accuracy, and real-world
applicability. The success of convolutional neural networks (CNNs) in plant disease classification heavily
relies on the availability of such large-scale, labeled datasets.

A number of agricultural datasets have been published over the past decade, with PlantVillage being one
of the earliest and most influential. While it sparked interest in Al-based disease detection for multiple
crops, the dataset’s limitations, especially for field applicability, soon became evident.
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For cotton specifically, publicly available datasets remain sparse, fragmented, and often unsuitable for

robust model generalization. Existing datasets are either limited in the number of disease classes they

cover or fail to represent real-world environmental variability. Moreover, image resolutions are frequently
constrained due to platform limitations or compression artifacts, further affecting training efficacy.

Some notable datasets include:

o PlantVillage Dataset: Developed by Penn State University, this dataset comprises over 54,000 plant
images across 14 crops and 26 diseases. However, only a small fraction pertains to cotton, and most
images are captured under controlled lab conditions with uniform backgrounds.

o Kaggle Cotton Disease Dataset: Created by the MachineHack platform, this dataset includes images
for three cotton leaf diseases. Despite moderate usage in academic projects, it suffers from inconsistent
labeling, class imbalance, and varied resolutions.

e ICRISAT Plant Stress Dataset: A collaborative effort to compile field images of multiple crops
under different stresses, including pest infestations and drought. Though valuable, it offers limited data
specific to cotton leaves.

The gap between laboratory datasets and field-ready datasets remains a significant barrier to deploying Al

in large-scale agriculture. This necessitates the development of a new generation of high-resolution,

diverse, and expert-annotated datasets that capture the variability of cotton leaf diseases under real-world
field conditions.

2.2 Limitations: Resolution, Disease Diversity, Class Imbalance

Despite the promising results of deep learning in controlled settings, its real-world deployment is severely
hampered by issues rooted in dataset design and curation. The three most critical limitations identified
across existing datasets are discussed below.

2.2.1 Image Resolution and Quality

Most publicly available datasets feature image resolutions in the range of 128%128 to 256x256 pixels,
which, while computationally efficient, limits the level of visual detail that CNNs can extract. Many
disease indicators—such as lesions, chlorosis patterns, or fungal spots—may be subtle and require high-
resolution input for accurate classification.

The PlantVillage dataset, for instance, downsamples many of its images to 256x256, reducing texture
fidelity. Moreover, compression and image augmentation without proper normalization can distort critical
features.

In contrast, field-acquired datasets, particularly those meant for drone-based or mobile device
deployment, demand resolutions of 512x512 or higher to maintain robustness in non-uniform lighting,
shadows, and occlusions.

2.2.2 Disease Diversity and Class Coverage

Many cotton disease datasets are narrow in scope, typically covering only 2—4 disease types, thus
neglecting the full spectrum of biotic and abiotic disorders observed in the field. The Kaggle Cotton
Disease Dataset, for example, includes only three classes—Leaf Curl, Fungal Infection, and Healthy
Leaf—ignoring important categories such as Herbicide Growth Damage, Jassid Attacks, Leaf
Reddening, and Variegation.

A comprehensive dataset must cover the diversity seen across geographies, cotton genotypes, and seasonal
patterns. Without such diversity, models trained on limited classes often fail to generalize when deployed
in heterogeneous farming environments.
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2.2.3 Class Imbalance and Labeling Errors

An equally pressing issue is class imbalance—where some disease types are overrepresented while others
have minimal examples. This causes skewed model training, resulting in poor recall for rare but critical
classes. Mislabeling due to untrained annotators or use of crowd-sourced data also adds noise, further
degrading model accuracy.

Datasets must ensure:

o Equal class distribution or use of augmentation techniques for minority classes.

o Expert validation from plant pathologists.

e Proper documentation of environmental metadata (lighting, temperature, cultivar type).

The proposed dataset introduced in this paper explicitly addresses these issues by offering:

e High-resolution (512x512) images.

o Balanced representation of seven key categories, including healthy leaves.

o Real-field samples under diverse agro-climatic conditions.

o Expert-reviewed and annotated images.

2.3 Comparative Summary Table
Table 2: Summary of Existing Cotton Leaf Datasets

I Di
Dataset mage 1sease Resolution Year Limitations

Count Types

thetic back d -cott
PlantVillage 54,303 General  256x256 2015 >Ynthetic backgrounds, non-cotton
focused
Kaggle Cotton . o . .
. 4,000 3 \Y 2020 Low d ty, tent label

Disease arying ow diversity, inconsistent labeling
Proposed Dataset 50,000+ 7 512x512 2025 High-quality real-world data

Discussion of Table 2

» PlantVillage, while extensive, provides limited support for cotton and relies heavily on lab conditions
with plain white or black backgrounds. This restricts its usefulness for real-world inference, especially
in the presence of background noise (e.g., soil, other plants, shadows).

o The Kaggle dataset, despite its recent publication, lacks proper validation. Disease categories are
ambiguously defined, and resolution varies between 128%128 and 512x512 depending on the
contributor. This results in dataset inconsistency and poor reproducibility in academic experiments.

o The Proposed Dataset, introduced in this paper, addresses these gaps by compiling expert-curated,
field-acquired images spanning all major cotton leaf diseases. Its systematic sampling methodology,
rigorous quality control, and metadata tagging make it ideal for model training, testing, and
benchmarking.

Conclusion of Section 2

A thorough analysis of existing datasets reveals critical shortcomings that hinder progress in automated

cotton disease detection. These include low-resolution imagery, narrow disease class coverage, and

significant data imbalance. While datasets like PlantVillage pioneered public image collection, their utility
for cotton-specific disease classification is limited.
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The newly proposed dataset, presented in this paper, offers a paradigm shift—balancing real-world
complexity with annotated ground truth and high-resolution inputs. As the next sections will detail, this
dataset not only improves classification performance but also facilitates model interpretability, cross-
environment validation, and application in edge Al systems for smart agriculture.

3. Dataset Construction Methodology

3.1 Data Acquisition (Cameras, Drones, Mobile Imaging)

The reliability and applicability of any machine learning system in agriculture fundamentally depend on

the quality and diversity of the data collected. In constructing our proposed dataset, a multi-modal

acquisition strategy was implemented to ensure maximum variance in imaging conditions, devices, and
field scenarios. This not only enhances the robustness of the deep learning models trained on the dataset
but also ensures adaptability across diverse real-world deployments.

Devices Used

To capture data that spans a wide range of environmental conditions and resolutions, we employed:

o High-Resolution DSLR Cameras: For controlled close-up imaging, we used Canon EOS 90D (32.5
MP) and Nikon D7500 (20.9 MP), which enabled detailed capture of leaf venation, lesion patterns,
and discoloration.

o Consumer-Grade Mobile Phones: Mid-range Android and 10S devices with 12-48 MP cameras
were used to simulate real-world end-user conditions, particularly for mobile-based disease
identification applications.

e Drones and UAVs: DJI Phantom 4 Pro and DJI Mavic 2 Enterprise drones equipped with RGB
cameras were flown at low altitudes (1-3 m above plants) to collect top-view imagery across large
cotton plots.

This diverse acquisition ensured the dataset incorporates both macro and micro leaf features, image

noise due to motion, varying lighting, and natural backgrounds (soil, sky, other plants).

Resolution Standardization

All images were resized and padded to a standardized dimension of S12x512 pixels, balancing quality

retention with computational feasibility for CNN training. Higher-resolution images were preserved in the

raw dataset to support future research in super-resolution and spectral analysis.

3.2 Field Sampling Strategy (Locations, Seasons, Varieties)

To ensure that the dataset accurately represents geographic, seasonal, and genotypic variability, a well-

planned field sampling strategy was adopted.

Sampling Locations

Field sampling was conducted across seven major cotton-growing zones in India, including:

e Maharashtra (Nagpur, Akola)

o Telangana (Adilabad, Warangal, Karimnagar)

e Punjab (Ludhiana)

e Tamil Nadu (Salem)

e Gujarat (Surat)

e Madhya Pradesh (Khandwa)

e Andhra Pradesh (Guntur)

These regions cover varying agro-climatic zones, soil types, and pest pressures, enabling diverse

manifestations of each disease.
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Temporal Variation

Image collection was done across three major cotton-growing seasons:

e Kharif (July—October)

e Rabi (October—February)

e Zaid (March—June)

This allowed the capture of disease progression stages under different weather and humidity conditions.

Cotton Varieties

At least 12 commercially grown cotton varieties (e.g., Bt-Cotton hybrids, Desi varieties, and drought-

resistant strains) were included. This variation was necessary because morphological leaf differences can

affect model generalization if training data is biased toward a single genotype.

3.3 Labeling and Validation with Agronomists

Accurate and reliable labeling is non-negotiable in datasets meant for scientific modeling and real-time

inference. To ensure correctness, a three-tier annotation pipeline was implemented.

Stage 1: Preliminary Tagging

Initial image tagging was done using a custom-built Android application, where farmers and field

assistants labeled images during capture using dropdown disease categories. Metadata such as location,

GPS coordinates, crop stage, and device model were auto-logged.

Stage 2: Expert Review

A team of certified agronomists and plant pathologists from affiliated agricultural universities (e.g.,

PJTSAU, UAS Bangalore, and TNAU Coimbatore) reviewed 100% of the images using a web interface

built on Label Studio and CVAT tools.

Label categories:

o Bacterial Blight

e Cotton Leaf Curl Virus (CLCV)

e Herbicide Growth Damage

o Jassids (Leaf Hopper)

o Leaf Reddening (Physiological/Abiotic)

o Leaf Variegation

o Healthy Leaf

Stage 3: Inter-Annotator Agreement

To assess labeling consistency, we employed the Cohen’s Kappa Score (k). A value of 0.89 was

achieved, indicating near-perfect agreement among annotators. Discrepancies were resolved via consensus

meetings and cross-verification using disease textbooks and literature .

3.4 Augmentation and Preprocessing

To improve model generalization and address class imbalance, data augmentation techniques were

applied to the training set. The goal was to synthetically increase dataset diversity while maintaining the

semantic integrity of disease patterns.

Augmentation Techniques Used

e Geometric Transformations: Random rotations (+30°), horizontal/vertical flipping, and zooming
(£20%).

e Color Jittering: Random changes in brightness, contrast, saturation, and hue to simulate different
lighting conditions.
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e Blur and Noise Injection: Application of Gaussian blur and salt-and-pepper noise to mimic motion
blur and sensor imperfections.

e CutMix and MixUp: Modern augmentation techniques for CNNs that combine multiple images to
create hybrid training samples.

Formula 2: Augmented Dataset Size

Augmented Size = NX (1 + 7fi;p + Trotate T Tzoom

Where:

e N=Original dataset size

» Ty = Proportion of data augmented via flipping.

e Trotate = Proportion of data augmented via rotation.

e T,00m = Proportion of data augmented via zooming.

Example:

N=50,000; 713 = 0.5; Trorare=0.25

= Augmented Size = 50,000%(1+0.5+0.5+0.25)=112,500 images

Preprocessing Steps

o Resizing: All images resized to 512x512 with bilinear interpolation.

o Normalization: Pixel intensities scaled to [0,1][0,1] or standardized to [—1,1][-1,1] using dataset mean
and standard deviation.

o Histogram Equalization: Applied selectively to enhance contrast in underexposed samples.

o Label Encoding: Disease class labels were one-hot encoded for multiclass classification tasks.

Figure 2: Sample Images from Each Disease Class

Bacterial Blight Curl Virus Herbicide Growth
Damage

L

Jassid Attack

Leaf Reddening Leaf Variegation
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Healthy Leaf
Figure 2 presents one representative image from each of the seven classes:
1. Bacterial Blight
2. Curl Virus
3. Herbicide Growth Damage
4. Jassid Attack
5. Leaf Reddening
6. Leaf Variegation
7. Healthy Leaf

Conclusion of Section 3

The construction of a robust, balanced, and validated dataset is the cornerstone of deep learning-based
cotton disease detection. Through careful selection of imaging devices, scientific sampling strategies, and
meticulous annotation by experts, the proposed dataset offers a reliable foundation for research and
deployment. By incorporating modern augmentation techniques and diverse data acquisition methods, we
ensure that trained models will generalize well across regions, crop varieties, and real-world constraints.
In the following section, we delve into the design and evaluation of CNN models trained on this dataset
and how they benefit from its diverse structure.

4. Disease Characteristics and Visual Patterns

An accurate and nuanced understanding of disease-specific symptoms and visual cues is crucial for

designing reliable Al-based detection systems. This section presents an in-depth analysis of the

symptoms, biological mechanisms, morphological patterns, and severity stages of the seven cotton

leaf conditions captured in the dataset.

4.1 Symptoms and Biological Basis of Each Disease

1. Bacterial Blight (Xanthomonas axonopodis pv. malvacearum)

o Symptoms: Small, water-soaked angular lesions between leaf veins that become dark brown with
yellow halos. Advanced stages lead to wilting and necrosis.

o Biological Basis: Bacteria enter through stomata or wounds and produce extracellular polysaccharides
that clog xylem vessels.

e Transmission: Rain splash, insect vectors, contaminated seeds.

o Impact: Reduces photosynthetic area and increases boll drop, reducing yields by up to 25%.

2. Cotton Leaf Curl Virus (CLCuV)

e Symptoms: Upward or downward curling of leaves, vein thickening, enations on the underside of
leaves, and reduced internodal distance.

o Biological Basis: Single-stranded DNA virus from the Begomovirus genus. Replicates in phloem and
interferes with plant hormone transport.

e Transmission: Whitefly (Bemisia tabaci).
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o Impact: Severe yield losses up to 70%, especially in North India and Pakistan.

3. Herbicide Growth Damage

o Symptoms: Leaf distortion, stunted growth, chlorosis, necrosis at leaf margins, and cupping.

o Biological Basis: Caused by misuse of post-emergence herbicides like glyphosate and 2,4-D that
interfere with auxin signaling and cell elongation.

e Transmission: Not infectious; results from spray drift or over-application.

e Impact: Can mimic viral symptoms, complicating diagnosis.

4. Leaf Hopper (Jassid) Infestation

e Symptoms: V-shaped yellowing at leaf tips, cupping, bronzing of leaf margins, and eventual
scorching.

o Biological Basis: Insects (Amrasca biguttula biguttula) puncture phloem, leading to toxic saliva
accumulation and reduced turgor pressure.

e Transmission: Spread via adult hopping insects between plants.

o Impact: Reduction in photosynthesis and leaf surface area. Severe infestation causes up to 30% yield
loss.

5. Leaf Reddening (Physiological Disorder)

e Symptoms: Uniform reddening of leaves from margins inwards. Often mistaken for nutrient
deficiency.

o Biological Basis: Triggered by potassium deficiency or cool temperatures, leading to anthocyanin
accumulation.

e Transmission: Abiotic in nature.

o Impact: Disrupts chlorophyll function and boll formation. Associated with drought-stressed fields.

6. Leaf Variegation

e Symptoms: Irregular patches of yellow and green pigmentation, often symmetrical along veins.

o Biological Basis: Mutation or viral infection affecting chloroplast development. Sometimes heritable
in certain cultivars.

o Transmission: Often genetic, but can be induced by mosaic viruses or herbicides.

o Impact: Mild physiological stress; not typically yield threatening but complicates visual diagnosis.

7. Healthy Leaf

e Characteristics: Uniform green pigmentation, prominent veins, symmetrical shape, no signs of
necrosis, chlorosis, or deformation.

o Biological Basis: Full photosynthetic capacity, normal nutrient and water uptake.

o Importance: Serves as a baseline class for CNN-based binary and multi-class disease detection.

4.2 Morphological and Colorimetric Analysis
Leaf Morphology Metrics
To support CNNs in distinguishing between conditions, we analyzed key morphological features:

Feature Relevance Examples

Leaf Margin Curling Viral diseases like CLCuV Curled vs. flat edges

Lesion Shape Differentiates bacterial vs. fungal damage Angular (Blight), circular (spots)
Leaf Cupping Herbicide or insect attack Upward/downward deformation

Venation Disruption Characteristic of variegation and viral infection Vein thickening or distortion
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Colorimetric Signatures
Pixel-wise color distributions were analyzed in HSV and LAB color spaces. Each disease displays distinct
spectral signatures, particularly in hue and saturation:

Disease Dominant Hue Range (°) Saturation Level RGB Pattern

Bacterial Blight  25-40 (brown) Medium Dark spots with yellow halos
CLCuV 50-70 (light green) High Vein-highlighted bright green
Herbicide Damage 10-30 (yellow-orange)  Variable Patchy chlorosis

Jassids 45-60 (yellow) Medium Yellow “V” at leaf tips
Reddening 330-360 (red) High Uniform magenta tint
Variegation 60—100 (green-yellow)  Alternating Mottled appearance

Healthy 90-120 (green) Medium-High ~ Uniform green tone

4.3 Disease Severity Staging
Accurate staging of disease progression helps in early intervention, yield prediction, and targeted
spraying. Our dataset includes labels for severity stages based on expert grading scales.
Severity Levels
Severity scores were assigned based on visible area affected (% of leaf surface):

Stage Description Area Affected
Stage 0 Healthy 0%

Stage 1 Mild 1-20%

Stage 2 Moderate  21-50%

Stage 3 Severe 51-80%

Stage 4 Critical >80%

Each class includes a balanced distribution of severity levels, especially in Bacterial Blight, CLCuV, and

Jassid images, which exhibit a full range from early signs to critical damage.

Annotation Approach

e Annotators used bounding polygons and heatmaps to mark lesion zones.

e A semi-automated mask scoring tool was built using OpenCV to estimate lesion coverage area.

o Severity labels were cross-validated against ground-truth measurements from field notebooks and
digital leaf area meters.

Table 3: Severity Distribution for Bacterial Blight Images

Stage Number of Images Percentage
Stage 1 (Mild) 2,000 25%

Stage 2 (Moderate) 2,500 31.25%
Stage 3 (Severe) 2,300 28.75%
Stage 4 (Critical) 1,200 15%
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This granular data enables models to be trained not only for classification but also for quantitative
disease estimation.

The deep visual and biological understanding of disease symptoms is vital for building explainable and
accurate detection systems. This section outlines how disease biology translates into observable
patterns, and how color, morphology, and severity can be encoded in models. These patterns are used
to train Al systems to replicate expert judgment at scale and speed.

In the next section, we explore how deep learning models like ResNet, EfficientNet, and MobileNet
leverage this dataset to classify diseases with high accuracy.

5. Deep Learning Approaches in Classification
The advent of Convolutional Neural Networks (CNNs) has significantly enhanced the precision
and scalability of plant disease classification systems. This section provides a technical overview of the
CNN architectures used in the classification of cotton leaf diseases, transfer learning strategies, and
evaluation protocols adopted for performance benchmarking.
5.1 CNN Architectures: LeNet, AlexNet, VGG, ResNet, DenseNet
Convolutional Neural Networks are hierarchical models that extract spatial and structural patterns from
images using convolutional layers, pooling operations, and fully connected decision layers. Below, we
review the evolution and relevance of key CNN models for disease detection tasks.
5.1.1 LeNet-5
e Introduced: 1998 by LeCun et al. for digit recognition.
e Structure: 2 convolutional layers — 2 pooling layers — 2 fully connected layers.
o Strengths: Lightweight, fast inference on small datasets.
o Limitation: Shallow; fails to capture complex features in high-resolution images.
o Use Case: Used as a baseline for small-scale classification tasks in early agricultural vision papers.
5.1.2 AlexNet
e Introduced: 2012; winner of ImageNet Challenge.
e Structure: 5 convolutional layers — 3 fully connected layers.
o Innovations: ReLU activation, dropout, and GPU training.
e Relevance: First deep network to outperform traditional methods in large image datasets.
o Use Case: Performs well on medium-resolution cotton leaf datasets, especially when transfer learning
is applied.
5.1.3 VGGNet (VGG16/VGG19)
e Introduced: 2014 by Simonyan and Zisserman .
e Structure: 13—16 convolutional layers with 3x3 filters.
e Advantages: Deep, modular, highly transferable.
o Challenges: High computational cost.
o Use Case: Used extensively in plant disease detection tasks where high accuracy is required, e.g., in
hyperspectral image settings.
5.1.4 ResNet (Residual Networks)
Introduced: 2015 by He et al.
Structure: 34—152 layers using residual connections (identity skip connections).
Strengths: Solves vanishing gradient problem in deep networks.
Variants: ResNet18, ResNet34, ResNet50, ResNet101.
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o Use Case: Highly effective in cotton disease classification with complex visual cues; supports fine-
grained classification.

5.1.5 DenseNet

e Introduced: 2017 by Huang et al.

e Structure: Dense connectivity between layers — each layer receives all previous outputs as input.

o Advantage: Feature reuse, efficient parameterization.

e Use Case: Performs well with fewer training samples; used for disease staging and spectral image

fusion.
Table 4: Comparison of CNN Models for Cotton Leaf Classification
A
Model Year Depth Parameters ( o/cc)uracy Pros Cons
(1]
LeNet 1998 7 ~60K 82.4 Fast, simple Too shallow
AlexNet 2012 8 ~60M 89.6 ReLU, GPU, dropout Large model size
D high f High
VGGl6 201416 ~138M 918 cep, Mg cature Hig memoty
resolution usage
ResNet50 2015 50 ~25M 94.2 Residual learning, deep Slower training
DenseNet121 2017 121 ~8M 94.8 Fewer params, accurate Dense computation

5.2 Transfer Learning and Pretraining on ImageNet

Overview

Transfer learning involves taking a model pretrained on a large dataset (like ImageNet) and fine-tuning it

for a target task (e.g., cotton disease classification). It mitigates the need for extensive labeled agricultural

data while boosting performance.

ImageNet Pretraining

o Dataset: Over 1.2 million images, 1,000 object categories.

o Transfer Strategy: Freeze early convolutional layers (low-level edge features), fine-tune later layers
to capture disease-specific textures.

Approaches

e Feature Extraction: Use CNN as a fixed feature extractor with a new classifier head.

o Fine-tuning: Retrain deeper layers to adapt to leaf-specific patterns.

e Hybrid Models: Combine spectral inputs with RGB fine-tuned models.

Advantages

e Requires fewer training samples.

e Reduces overfitting on small datasets.

e Enables rapid prototyping of CNN pipelines.

Example Application

In our experimental setup:

e A ResNet50 pretrained on ImageNet achieved 94.2% accuracy on the proposed 7-class cotton disease
dataset after fine-tuning the last 10 layers.
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Figure 4: Training Accuracy vs. Epochs for Transfer Learning vs. Training from Scratch

Figure 4: Training Accuracy vs. Epochs

tor Transfer Learning vs. Training from Scratch

— Transfer Learning

- e TJraining from Scratch

0.9

o
©

- — -
_‘.—_.—-—"_
-
-
P
-
-
-
-
-
-
-
-
-

o
~l

o
o

Training Accuracy

o
wn

0.4

0.3

0 10 20 30 a0 50
Epochs
5.3 Training and Evaluation Metrics
Robust evaluation of CNN models for disease classification requires not only accuracy, but class-wise
metrics and confidence estimation.

Metrics Used
Metric Formula Purpose
TP + TN _y
Accuracy Overall prediction correctness
TP + TN + FP + FN
. TP . oy
Precision —_— Correctness of positive predictions
TP + FP
e TP . o
Recall (Sensitivity) —_— Ability to detect positives
TP + FN
F1-Score w Balance between precision and recall
Precision+Recall
AUC-ROC Area under ROC curve Measures model’s ability to distinguish

Confusion Matrix Tabular visualization of TP, FP, FN, TN Class-specific performance visualization
Table 5: Confusion Matrix for ResNet50 on 7-Class Test Set

BBlight CurlV HerbD Jassid Redden Varieg Healthy

BBlight 765 15 12 9 4 7 2
CurlV 10 810 5 6 7 6 4
HerbD 11 6 740 20 14 7 2
Jassid 7 9 19 755 6 8 6
Redden 5 5 12 7 770 13 8
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BBlight CurlV HerbD Jassid Redden Varieg Healthy

Varieg 6 8 6 9 11 775 10
Healthy 3 4 5 6 8 7 790
Observations
o Highest misclassification occurs between Herbicide Damage and Jassid, due to similar yellowing
patterns.

e Variegation was the most difficult to classify due to inter-class pattern overlaps.

This section demonstrates how a suite of deep learning architectures can be applied to cotton leaf disease
detection. CNNs like ResNet and DenseNet, when combined with transfer learning, enable robust
classification even in data-limited agricultural scenarios. The comprehensive use of evaluation metrics
ensures interpretability and reliability—both critical for real-world deployment.

6. Explainability and Interpretability

As deep learning models gain prominence in plant disease detection tasks, a critical concern arises: Can
we trust the model’s decisions? While CNNs offer high classification accuracy, their black-box nature
limits transparency—especially when deployed in sensitive agricultural environments. This section
discusses techniques such as Grad-CAM and saliency mapping that illuminate the inner workings of CNNs
and enhance the interpretability of disease classification results.

6.1 Grad-CAM and Saliency Mapping
6.1.1 The Need for Explainability
Despite their accuracy, CNN models often provide little insight into why a specific prediction was made.
In agricultural settings, farmers and agronomists need to validate not just what the model predicted—but
why. Explainability tools enable model validation, bias detection, and actionable insights for precision
agriculture.
6.1.2 Saliency Maps
e Concept: Saliency maps visualize the pixels that influence the model’s prediction the most.
e Method: Compute the gradient of the output class score with respect to input image pixels.
o Interpretation: High-gradient pixels indicate regions most influential in the prediction.
Example: For a leaf classified with Bacterial Blight, the saliency map highlights brown necrotic spots as
key features.
6.1.3 Grad-CAM (Gradient-weighted Class Activation Mapping)
Grad-CAM is a widely used method that provides class-specific heatmaps for image classification tasks.
Algorithm Overview:
e Obtain the gradients of the target class with respect to the feature maps of the final convolutional layer.
o Compute a weighted combination of feature maps using global average pooling of the gradients.
e Apply ReLU to highlight only the features that have a positive influence on the class of interest.
Formula: Let A* be the kth feature map and y* the class score for class ¢, then
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Where

 af: Important of feature map k for class c
e Z: Number of pixel in the feature map

Figure 4: Heatmap of Detected Disease Regions Using Grad-CAM
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6.2 Feature Localization Across Classes

Understanding which parts of the leaf a model focuses on during prediction can aid agronomic decisions.
CNNs exhibit class-wise attention localization, which can be grouped into spatial and spectral focus
patterns.

6.2.1 Spatial Attention Patterns

o Bacterial Blight: Focus on brown, necrotic lesions near margins.

e Curl Virus (CLCuV): Emphasis on leaf edges where curling is prominent.

o Herbicide Damage: Wide focus across interveinal chlorosis zones.
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o Jassid Attack: Localized attention on pale patches caused by sap-sucking.
e Leaf Reddening: Uniform red zones near venation pathways.

e Variegation: Diffuse attention over mosaic patterns.

o Healthy Leaves: Uniform texture with no intense focus regions.

Model Confidence (%)

96

94

92

90

88

86

84
Bacterial  Curl Virus  Herbicide Jassids Reddening Variegation Healthy
Blight Damage

Graph 2: Model Confidence Scores per Class

6.2.2 Cross-Class Heatmap Comparison

By comparing Grad-CAM outputs across classes, we gain insights into how models differentiate visually

similar diseases. For instance:

o Herbicide Damage and Jassids both involve yellowing, but differ in spatial density and edge activation.

o Reddening and Variegation may overlap in color, but the model uses textural distribution to distinguish
them.

Table 6: Key Discriminative Features Learned per Class

Disease Class Key Visual Cues Learned by CNN Dominant CAM Zones
Bacterial Blight Brown necrotic spots Margins and midrib
Curl Virus (CLCuV) Rolled edges, vein thickening Leaf perimeter
Herbicide Damage Yellowing between veins Broad center region
Jassids Pale spots and bite marks Edge and midrib zones
Leaf Reddening Uniform red pigmentation Vein and lamina zones
Variegation Mosaic patterns, discoloration Random leaf surfaces
Healthy Consistent green texture Uniform, low-activation

6.3 Heatmaps for Disease Zones

Grad-CAM not only offers interpretability but also facilitates automated disease zoning on leaves. These
heatmaps can be segmented to guide:

o Disease progression tracking
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e Precision pesticide spraying

o Field-level disease severity mapping

Use Case: Severity Estimation

By quantifying heatmap intensities across temporal images, a CNN can help model the progression of
disease.

Severity Index Formula (adapted from intensity segmentation):

N
1
S=NZH(Hi> 7)
i=

Where:

e H;: Heatmap intensity of pixel i

e 1: Threshold value for 'diseased' classification

e N: Total number of pixels

This index allows disease severity to be quantified over time, replacing manual scoring.

Integration with GIS and Field Maps

When heatmaps are combined with GPS coordinates, they provide valuable spatial overlays of disease
incidence, enabling targeted field treatment.

Explainability is a non-negotiable aspect of modern Al systems deployed in agriculture. Grad-CAM and
saliency methods help demystify CNN predictions by visually explaining what the model has learned.
They increase transparency, facilitate trust among stakeholders, and even enhance disease management
workflows through zonal severity estimation. As explainable Al (XAI) tools evolve, their integration into
cotton disease detection pipelines will be central to building interpretable and actionable systems.

7. Multispectral and Spectral Imaging Integration

Deep learning models for cotton leaf disease detection have traditionally relied on RGB images. However,
recent advances in multispectral and hyperspectral imaging have revolutionized plant phenotyping by
capturing subtle variations in reflectance patterns—often imperceptible to the human eye. This section
explores the comparison of different imaging modalities, methods for data fusion, and quantitative
evidence of performance improvements when integrated with deep learning models.

7.1 RGB vs. Multispectral vs. Hyperspectral Imaging

7.1.1 RGB Imaging

RGB (Red, Green, Blue) imaging captures visible-spectrum color information, typically using consumer-

grade cameras or smartphones.

o Advantages: Cost-effective, accessible, high throughput.

o Limitations: Lacks spectral resolution to detect biochemical stress indicators like chlorophyll or water
content.

7.1.2 Multispectral Imaging

"Multispectral imaging captures discrete spectral bands beyond the visible range (e.g., NIR, Red Edge),

often using 5—12 bands.

o Advantages: Enables detection of early-stage disease stress, pigment degradation, and leaf water
status.

o Typical Sensors: Micasense RedEdge, Parrot Sequoia.
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o Applications: Differentiation of similar diseases via pigment absorption.
7.1.3 Hyperspectral Imaging

Hyperspectral imaging captures hundreds of contiguous spectral bands across visible, NIR, and sometimes
SWIR (short-wave infrared) ranges.

e Advantages:

o Ultra-fine spectral resolution.

o Captures full spectral signatures of biophysical and biochemical plant traits.
e Challenges:

o Expensive equipment.

o High dimensionality and large storage requirements.

o Complex preprocessing and calibration.

Table 7: Comparison of Imaging Modalities

Feature RGB Multispectral Hyperspectral

Bands 3 5-12 100—-400+

Resolution High Medium to High Varies (High-Spectral, Low-Spatial)
Cost Low Medium High

Spectral Depth Low Moderate High

Disease Differentiation Limited Good Excellent

Equipment DSLR, Phone Drone-mounted sensors Laboratory, UAV systems

7.2 Data Fusion Techniques
To leverage both spatial and spectral information, fusion of RGB with multispectral or hyperspectral data
has become increasingly popular. This enables CNN models to learn from both texture and chemical traits
of diseased leaves.
7.2.1 Early Fusion (Data-Level)
o Stacks RGB and spectral channels into a single tensor.
e Input is fed directly into the CNN.
o Limitation: Requires dimensional alignment and normalization.
Ifusea=[IrGB,IMmsI]
7.2.2 Mid-Level Fusion (Feature-Level)
o Extracts features separately from RGB and spectral streams.
o Combines embeddings using concatenation or attention mechanisms.
o Advantage: Allows independent optimization of modality-specific features.
7.2.3 Late Fusion (Decision-Level)
e Independent models process RGB and spectral data.
o Final decision is made by averaging or voting on predictions.
e Robust to modality failure or missing channels.
Example: A mid-level fusion CNN that extracts features using ResNet (RGB) and a 3D-CNN (HSI)
showed a 6—-12% accuracy improvement over RGB-only baselines (Sun et al., 2019).
7.2.4 Hybrid Attention Fusion
Recent work integrates attention layers that selectively weigh important spectral channels or spatial featu
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res.
e Channel Attention: Learns which spectral bands are most informative.
o Spatial Attention: Emphasizes lesion zones while suppressing background.

7.3 Performance Improvement Metrics

The integration of spectral imaging leads to significant improvements in disease classification
performance.

7.3.1 Accuracy and F1-Score

Accuracy (%)
96
94 =t
92
90
88
86
84
CNN (RGB only) CNN (RGB + MSI) CNN (RGB + HSI)

Graph 3: Accuracy Comparison Across Modalities

Model Type Accuracy (%)
CNN (RGB only) 87.5
CNN (RGB + MSI) 92.8

CNN (RGB + HSI) 94.1

The table indicates that spectral information complements RGB inputs, especially for visually similar
disease classes (e.g., Reddening vs. Herbicide Damage).

7.3.2 Class-wise Confusion Reduction

By integrating hyperspectral data, misclassification rates between spectrally similar classes were
significantly reduced.

e Herbicide Damage vs. Curl Virus confusion dropped by 18%.

e Reddening vs. Variegation confusion dropped by 12%.

7.3.3 Robustness in Field Conditions

Multispectral and hyperspectral models proved more robust in:

e Low-light imaging

o Partial occlusions

e Varying crop maturity stages

7.3.4 Generalizability

Models trained on RGB+HSI fusion showed better transfer learning performance across different cotton
varieties and geographies.
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7.4 Practical Considerations and Limitations
While spectral imaging enhances accuracy, there are implementation challenges:

Constraint Impact Mitigation Strategies

Cost and Accessibility Hyperspectral sensors are expensive ~ Use multispectral as middle ground

Data Size Hyperspectral images are large Dimensionality reduction (PCA, t-SNE)
Calibration Sensor drift and ambient lighting issues Use reference panels and normalization
Complexity Need for model redesign Use modular, plug-in architectures

The integration of multispectral and hyperspectral imaging into cotton disease detection workflows
provides a leap in precision and early diagnosis capabilities. Fusing spectral data with CNN architectures
via early, mid, or hybrid fusion strategies allows deep learning models to detect disease-specific
biochemical markers beyond the visible range. As sensor costs decline and UAV-based deployment
becomes standard, spectral imaging will become a mainstay in smart agriculture applications.

8. Deployment in Field and Mobile Apps

Deploying cotton leaf disease detection systems beyond the laboratory is essential to deliver tangible value
to farmers, agronomists, and agricultural extension workers. Real-time detection tools integrated with
mobile apps and Internet of Things (IoT) devices enable disease surveillance at scale. This section explores
the architecture and challenges of deploying deep learning models in rural and field conditions.

8.1 Integration with IoT Devices and Edge Al

8.1.1 IoT in Smart Agriculture

The Internet of Things (IoT) facilitates the seamless collection, transmission, and analysis of agricultural

data through connected sensors and devices. In cotton farming, IoT nodes can consist of:

e Leaf imaging units (RGB/multispectral)

o (GPS-tagged environmental sensors (humidity, temperature, light)

e Soil moisture probes

e Drones/UAVs for aerial leaf inspection

These devices form a wireless sensor network (WSN) connected to a cloud-based or edge-based

intelligence platform.

8.1.2 Edge AI for On-Site Inference

Edge Al enables deep learning models to run on local hardware without relying on high-speed internet or

cloud access. Common edge devices include:

e NVIDIA Jetson Nano/Xavier

e Raspberry Pi 4 + Coral TPU

¢ Qualcomm Snapdragon AI Engine

This minimizes latency, preserves data privacy, and allows offline operation—ideal for low-connectivity

rural areas.

Deployment Flow:

1. Leaf image captured via phone or camera.

2. Image fed to local Al model (on edge or mobile device).

3. Prediction displayed with actionable recommendations (e.g., “Blight detected: Apply copper
fungicide”).
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4. Result uploaded to cloud dashboard (if internet available).

8.2 Real-Time Classification Systems

To be viable in the field, classification systems must be optimized for:

e Speed (sub-second predictions)

e Storage (compressed models)

o Battery Efficiency (low power inference)

e Model Size (<10 MB for mobile deployment)

8.2.1 Mobile App Architecture

Most mobile-based disease detectors follow a hybrid model:

e Front-end: Android/iOS app with camera access.

e Back-end: Embedded CNN model (TensorFlow Lite, ONNX, or PyTorch Mobile).
e Optional: Cloud backup for predictions and images.

8.2.2 Supported Models

Models like MobileNetV2, EfficientNet-lite, and ResNet-18 quantized are widely used due to their:
e Small parameter size

e High accuracy-to-compute ratio

e Support for hardware acceleration (e.g., GPU, NPU, or DSP)

Table 8: Real-Time Deployment CNN Models

Model Size (MB) Inference Time (ms) Accuracy (%) Device Tested
MobileNetV2 9.5 76 89.2 Android Snapdragon
EfficientNet-lite 15.0 83 91.4 Jetson Nano
ResNet-18 (QAT) 12.3 92 90.5 Raspberry Pi + TPU

8.2.3 Model Optimization

e Quantization-aware training (QAT) and post-training quantization (PTQ) are essential to reduce
model size and compute load.

e Pruning and knowledge distillation techniques further shrink models without a major drop in
performance.

8.3 Challenges in Rural Connectivity

Despite promising technologies, field deployment faces logistical and infrastructure-related barriers:
8.3.1 Limited Network Access

e Remote cotton-growing regions may lack 4G/5G connectivity.

o Uploading large image datasets to cloud servers becomes infeasible.

e Mitigation: Offline-first design, sync-on-connection, and edge inference.

8.3.2 Device Cost and Maintenance

e Cost of edge hardware and drones is prohibitive for smallholder farmers.

e Devices must be ruggedized for heat, dust, and field conditions.

o Mitigation: Government/public sector subsidies, shared community hardware models.
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8.3.3 User Training and Adoption

e Many farmers lack experience with Al or smartphone technology.

e Apps must support vernacular languages, voice guidance, and simplified Uls.

Case Study: A pilot program in Maharashtra, India, deployed an app trained on the proposed dataset.
Results showed:

e 72% correct identification rate by farmers using the mobile app.

e 85% user satisfaction when the app included voice guidance in Marathi.

Deploying cotton leaf disease detection tools via IoT and mobile platforms bridges the gap between
research and real-world impact. Edge Al and mobile inference allow for real-time, offline diagnosis in
resource-constrained settings. Though challenges in rural connectivity and user education remain, scalable
solutions—combined with robust datasets and lightweight models—are paving the way for smart, Al-
powered agriculture.

9. Challenges and Future Scope

While the proposed dataset and associated deep learning models offer a powerful solution for cotton leaf

disease detection, several challenges remain. These include dataset biases, limited geographic

generalization, and the need for broader agricultural applications such as pest and weed detection. This

section discusses these challenges and outlines opportunities for future research.

9.1 Dataset Bias and Generalization

9.1.1 Sampling Bias

Even with over 50,000 labeled images in the proposed dataset, biases can emerge due to:

e Over-representation of specific leaf types, sizes, or backgrounds.

e Collection from only a few geographic regions or crop varieties.

e Uniform lighting or image capture conditions.

These biases reduce the model's ability to generalize to unseen field scenarios. For instance, if the model

predominantly learns features under optimal lighting, it may fail to perform under cloudy or dusk

conditions.

9.1.2 Visual Biases in Deep Learning Models

Deep learning models often overfit to:

e Background textures or soil color instead of leaf features.

o Leaf shape instead of disease-specific texture or pigmentation.

Example: A CNN trained without background normalization might learn to associate a disease with dry

soil instead of actual symptoms.

9.1.3 Remedies and Techniques

To address dataset bias:

e Include background augmentation (e.g., synthetic overlay of various soils and sky types).

e Apply domain randomization by simulating varying lighting, angles, and occlusions.

o Use adversarial training to force models to ignore background cues.

e Leverage domain adaptation techniques to train models across varying conditions.
LosStota=L0SStask A LOSSdomain

Where A lambda balances classification accuracy with domain invariance.
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9.2 Need for Cross-Regional Validation

9.2.1 Regional Variation in Disease Expression

Cotton leaf diseases do not express identically across regions. Environmental variables such as:

e Soil pH and mineral content

o Rainfall and humidity

e Varietal resistance

e Pesticide exposure

can affect disease morphology and color.

Example: Bacterial blight in Gujarat may appear more chlorotic than necrotic compared to similar

infections in Punjab.

9.2.2 Importance of Multi-Location Testing

Deep learning models need rigorous cross-validation on geographically diverse datasets to:

e Reduce overfitting to local image features.

e Ensure applicability in new cotton-growing zones (e.g., Africa, the US, China).

9.2.3 Recommended Strategy

e Create multi-regional consortiums for dataset expansion.

o Share data using federated learning, allowing multiple regions to train a global model without sharing
raw images.

e Implement LOCO-CV (Leave-One-Country-Out Cross-Validation) to evaluate generalization.

Table 9: Accuracy Drop in Cross-Region Testing
Training Region Testing Region  Accuracy (%)
India (Punjab)  India (Tamil Nadu) 91.4
India (Punjab)  Nigeria 78.2
India (Punjab)  USA (Texas) 69.5

These drops highlight the need for geographically inclusive training data.

9.3 Future Inclusion of Additional Pests and Weeds

Cotton yield losses are not limited to leaf diseases. A comprehensive agricultural support system should
also recognize:

9.3.1 Pests

e Whiteflies: Vector for leaf curl virus, damaging both leaves and bolls.

o Aphids: Sap-sucking insects that weaken plants.

e Bollworms: Attack bolls and severely reduce yield.

Models trained only on leaf images may fail to identify these threats unless explicitly included in future
datasets.

9.3.2 Weed Detection

e Weeds like Parthenium and Amaranthus compete for nutrients and water.

o UAV-based weed recognition can help optimize herbicide use via precision spraying.

9.3.3 Multi-Task Learning

Future systems can adopt a multi-task CNN architecture that simultaneously performs:

o Disease classification
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o Pest detection
e Weed localization
LOSSmuItiftask:(l'LOSSdisease+B'LOSSpest+Y'LOSSweed

Where a,f3,y are weights based on task importance or prevalence.
9.3.4 Dataset Expansion Strategy
To support multi-threat identification:
e Annotate new datasets with bounding boxes for pests and weed regions.
e Use semi-supervised learning to label unannotated images at scale.
o Leverage YOLOVS or Faster-RCNN for real-time object detection tasks.
Addressing challenges like dataset bias, limited generalization, and exclusion of other threats is vital for
the future of smart cotton farming. As deep learning models mature, the next generation of detection
systems should be robust across regions, inclusive of all yield-reducing factors, and validated in the field
under variable conditions. This calls for collaborative research, larger and diverse datasets, and continued
integration with real-world deployment platforms.

10. Conclusion

Cotton continues to play a critical role in the global agricultural economy, particularly in regions where
millions of livelihoods depend on its production. However, disease outbreaks—such as Bacterial Blight,
Cotton Leaf Curl Virus, Herbicide Growth Damage, Leaf Hopper Jassids, Leaf Reddening, and
Variegation—pose persistent threats to crop yield, quality, and farmer income. Timely, accurate, and
scalable disease detection is vital for effective crop protection and resource management.

In this review paper, we presented a comprehensive, high-resolution cotton leaf disease dataset that
surpasses existing public repositories in terms of volume, disease diversity, and real-world imaging
conditions. The dataset includes over 50,000 annotated images across seven major classes, captured
using a multi-source imaging approach (including mobile, drone, and stationary cameras). Through
collaboration with agronomists, the labeling and validation process ensures biological accuracy and
contextual relevance.

We discussed the construction methodology in detail—from data acquisition and sampling strategies to
preprocessing and augmentation techniques—to ensure reproducibility and transparency. The paper also
outlined the morphological and spectral signatures of each disease, enabling both visual and algorithmic
recognition. Key deep learning models, such as ResNet, DenseNet, and MobileNet, were reviewed in the
context of this dataset, showing promising classification performance when benchmarked under standard
and mobile-optimized conditions.

A notable contribution of this work lies in integrating explainable AI (XAI) techniques like Grad-CAM
and saliency maps, which reveal decision-making transparency and build trust among end-users,
especially in agricultural settings. Moreover, the dataset has been shown to be extensible to spectral
imaging modalities (multispectral and hyperspectral), further enhancing model performance and
robustness under varying field conditions.

In terms of deployment, we highlighted a practical pathway to edge-based and mobile inference systems,
enabling farmers and agronomists to use real-time, offline disease detection tools in rural environments.
Challenges such as dataset bias, regional generalization, and rural connectivity were addressed, with future
scope focused on cross-regional validation, multi-task learning for pests and weeds, and federated
dataset collaborations.
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Recommendations for the Research Community

o Adoption: Researchers and developers are encouraged to use this dataset as a benchmarking standard
for cotton disease detection, especially for mobile and field-deployable applications.

o Extension: The dataset is open for community contributions in the form of additional images,
annotations for pest/weed detection, and metadata such as GPS, weather, and soil conditions.

e Collaboration: We propose the formation of a Cotton AI Consortium that connects academic
institutions, government bodies, and agricultural extension services to ensure sustained improvement
and usage of this resource.

o Standards and Ethics: All contributions should follow FAIR (Findable, Accessible, Interoperable,
Reusable) principles and be accompanied by proper consent and privacy safeguards.
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