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Abstract:

The accurate and timely detection of plant leaf
diseases is crucial for maintaining crop health and
maximizing agricultural yield. Traditional manual
monitoring is labor-intensive, time-consuming, and
often error-prone.

In this research, we propose a deep learning-based
solution for the automatic detection and classification
of leaf diseases across multiple crops, primarily
focusing on grapes and cotton. Using Convolutional
Neural Networks (CNN), our system processes image
data to identify diseases from various leaf samples
with high accuracy and robustness. The models are
trained and validated on diverse datasets obtained
from Kaggle.

The research demonstrates promising results in
classifying leaf conditions such as healthy, powdery
mildew, and downy mildew in grape leaves, as well as
disease categories in cotton leaves.

The system can be integrated into smart farming
technologies to provide real-time diagnosis and assist
farmers in taking corrective actions. The proposed
approach contributes significantly toward precision
agriculture by automating disease identification and
ensuring better crop management.
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1. Introduction:

The agriculture industry forms the backbone of many
economies, and ensuring crop health is essential for
sustainable development. Among the major
challenges faced by farmers is the timely and accurate
identification of plant diseases. Traditionally, this
process involves manual inspection of leaves and
stems, which is time-consuming and often subjective.
In recent years, automation using computer vision and
machine learning has shown great potential in
revolutionizing disease detection in crops.

Leaf disease detection systems use image
classification techniques to detect visual symptoms on
the leaves. With the growing availability of plant
disease image datasets and advancements in
computational power, deep learning approaches,
especially Convolutional Neural Networks (CNNs),
have proven effective in solving this problem. They
can automatically learn discriminative features from
raw image data without manual feature engineering.
In this research, we develop a CNN-based model
trained on publicly available datasets of cotton and
grape leaves. The proposed model classifies various
leaf conditions such as healthy, powdery mildew,
downy mildew, and cotton diseases. The paper
presents the system design, methodology, dataset
details, and evaluation metrics to demonstrate the
model's efficacy and practicality in real-time
agricultural applications.

2. Literature Survey:

The application of Convolutional Neural Networks
(CNNs) in agricultural disease detection has been
extensively explored in recent years. A. Mohanty et al.
(2016) made significant progress using the
PlantVillage dataset, achieving over 99% accuracy
across 38 crop disease categories. Similarly, S.
Sladojevic et al. (2016) employed a deep learning
approach to detect 13 plant diseases, paving the way
for mobile-based diagnosis systems. Ferentinos
(2018) further validated the strength of CNNs by
successfully classifying diseases from over 87,000
images with high accuracy, showing promise for
automated greenhouse monitoring systems.

Subsequent studies explored the integration of transfer
learning and hybrid networks. Brahimi et al. (2017)
demonstrated the benefits of fine-tuning pretrained
models like AlexNet for tomato disease classification.
Liu et al. (2019) enhanced model focus through
attention mechanisms, enabling accurate localization
of diseased areas in leaf images. Singh et al. (2020)
introduced a hybrid CNN-LSTM framework to
account for time-series data, particularly useful for
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monitoring the progression of grape leaf diseases.
Fuentes et al. (2017) applied object detection
algorithms such as Faster R-CNN to accurately detect
disease regions on bell pepper plants, emphasizing
spatial localization.

Diverse imaging technologies and lightweight models
were also investigated. Rumpf et al. (2010) pioneered
hyperspectral imaging coupled with SVM to detect
early-stage infections. Picon et al. (2019) designed a
real-time classification system based on MobileNet,
suitable for smartphones and UAVs in smart farming.
Chen et al. (2021) addressed data imbalance using
GAN-based augmentation, which boosted model
robustness. Narinder and Sharma (2021) proposed an
ensemble of ResNet and DenseNet architectures to
improve classification accuracy across multiple crops.
Hasan et al. (2020) showed how image enhancement
techniques prior to CNN input could significantly
improve recognition under poor lighting conditions.
Early machine learning approaches remain relevant
for comparison. Meunkaewjinda et al. (2008)
demonstrated one of the first uses of k-means
clustering and SVM in grape leaf disease
classification. Zhang et al. (2021) proposed a
ResNeXt-based network using feature fusion for high-
accuracy grape disease detection. Meanwhile, Patil
and Kumar (2021) explored real-time cotton disease
detection with CNN and OpenCV on Raspberry Pi,
highlighting the potential for affordable hardware-
based solutions. Atila et al. (2021) implemented a
YOLOv4-based model for UAV deployment to detect
grape leaf diseases in real-time field scenarios.
Recent research has shifted toward enhancing model
interpretability and robustness. Tang et al. (2019)
presented a multi-scale CNN that performed well
across leaves of varying shapes and disease intensities.
Zhou et al. (2020) introduced a residual attention
network to make deep learning models more
interpretable for disease analysis. Voulodimos et al.
(2018) offered a comprehensive survey on deep
learning techniques in agriculture, identifying
challenges and datasets useful for disease
classification. Finally, Lu et al. (2017) emphasized the
importance of severity grading and proposed deep
regression CNNs for estimating disease progression in
rice plants.

3. Cotton Disease Dataset:

This dataset includes 1,959 images of cotton plant
leaves categorized as "diseased cotton leaf", "fresh
cotton leaf", "diseased cotton plant"”, and "fresh cotton
plant”. Images are high-resolution, well-labeled, and

diverse in lighting and backgrounds.
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4. Grape Leaf Disease Dataset:

Contains thousands of labeled images across various
grape leaf disease classes like "Grape Esca", "Grape
Black Measles”, "Grape Leaf Blight", and "Healthy
Grape Leaf".

5. Proposed Methodology:

The methodology begins by collecting and organizing
the dataset into training and validation sets. Each
category of leaf image is resized to 150x150 pixels for
uniformity.

A CNN model is constructed using multiple
convolutional layers followed by max pooling, batch
normalization, and dense layers.

The CNN extracts spatial features such as disease
patterns, texture, and color variations. The output of
the convolutional layers is flattened and passed to
dense layers that predict the class label.

The softmax activation is used for multiclass
classification.

To enhance generalization, dropout layers are applied
to prevent overfitting. The model is compiled with the
Adam optimizer and categorical cross-entropy loss.
Data augmentation is applied during training to
simulate different environmental conditions and
increase robustness.

The model is trained over multiple epochs until
convergence.

Accuracy, precision, recall, and confusion matrix are
used to evaluate the system.Finally, the trained model
is tested on unseen images to verify real-world
performance.

6. Model Architecture:
Model Architecture-
The CNN consists of the following architecture:

Input Layer (150x150x3)

Conv2D (32 filters, 3x3) + ReLU + MaxPooling2D
Conv2D (64 filters, 3x3) + ReLU + MaxPooling2D
Dropout (0.3)

Flatten

Dense Layer (128 units, ReL.U)

Dropout (0.5)

Output Layer (Softmax)
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7. Results and Evaluation:
The model achieved:

Training Accuracy: 97.5%

Validation Accuracy: 95.6%

Test Accuracy: 94.1%

Confusion matrices showed minimal misclassification
among classes. The model generalizes well across
different types of grape and cotton leaf images.
Visualizations:

Accuracy & Loss plots show smooth convergence.
Predicted vs Actual class images confirm reliability.
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8. Conclusion:

The proposed CNN-based approach for leaf disease
detection proves to be highly effective in classifying
diseases in grape and cotton crops. The use of deep
learning eliminates the need for manual feature
engineering and provides high accuracy with minimal
human intervention. The model demonstrates strong
potential for integration into smart agriculture
systems.

9. Future Scope:

Future work can involve:

Integrating mobile or drone-based live diagnosis.
Expanding the system to include more crop varieties.
Enhancing robustness using ensemble or attention-
based CNNs.

Using hyperspectral or thermal imaging for early-
stage detection.
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