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ABSTRACT

Plant diseases pose a significant threat to
agricultural productivity and global food
security, especially in developing countries
where timely diagnosis remains a challenge.
This study presents a deep learning-based
approach for automated plant leaf disease
detection  using  Convolutional  Neural
Networks (CNN). The proposed model is
trained on subsets of the PlantVillage dataset,
focusing on potato and tomato crops, covering
diseases such as Early Blight Late Blight
Bacterial Spot and Septoria Leaf Spot. The
methodology involves image preprocessing,
data augmentation, and CNN-based feature
extraction to enhance classification
performance. Experimental results
demonstrate that the proposed model
achieves high accuracy of 97.2% for potato
diseases and 94.8% for tomato diseases,
outperforming traditional machine learning
methods. Comparative analysis with existing
research  highlights the efficiency and
scalability of the proposed approach. The
study concludes that CNN-based models
provide a reliable and robust solution for plant
disease detection, with strong potential for
real-time agricultural applications.

Index Terms:—Plant Diseases, Deep Learning,
Convolutional — Neural  Networks, Deep
Learning, Transfer Learning preprocessing
data augmentation, comparative analysis.

I. INTRODUCTION

Plants play a vital role by generating revenue
in a growing economy and contributes
towards climatic change. Sudden climatic
fluctuations, rise of global warming are the
concerns which is being looked by different
countries. Many countries are implementing
on planting more trees to curb this effects and
to maintain a climatic balance. Recent studies
have shown that extinction of plants due to
industrial use has caused damage to the ozone
layer which results in rise in global warming.
Plants are valuable as they not only contribute
towards climatic change but also in the food
industry. Now like humans, plants also get
affected by certain diseases which needs to be
detected at the earliest otherwise it will
spread to other plants which would spoil the
crops and would result in crop shortage and
last but not the least will lead to food scrutiny.

[4]

Plant diseases are caused by fungi or fungal
like organisms, bacterial organisms, some of
the diseases maybe of spreadable nature and
hence they need to be taken care and
identified timely. It is a very challenging task
to detect diseases in plants in very early
stages. The common symptoms of disease in
plants include Leaf Rust, Stem Rust,
Sclerotinia, Powder mildew, Birds eye spot on
berries, Leaf Spot, Chlorosis. These diseases
are responsible for about 16-40 percentage of
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annual crop losses worldwide. In a agricultural
country like India, which has varying climatic
conditions and is mainly dominated by
smallholder farmers, has been severely
impacted. It has limited access to advanced
agricultural support systems and failure to
diagnose timely further worsens the situation.
Our study primarily focuses on common staple
crops such as paddy, cotton, grapes, and
pulses, where leaf diseases alone can reduce
yield. In recent years, deep learning especially
Convolutional Neural Networks (CNNs) has
transformed the way plant diseases are
detected. These models can automatically
learn patterns from raw leaf images, reducing
the need for manual inspection and expert
intervention. However, despite promising
results in controlled laboratory conditions real
world applicability is a challenge. Factors such
as varying lighting conditions, complex
backgrounds, limited computational
resources, and low technological accessibility
among farmers makes practical
implementation difficult. Additionally, India’s
agricultural diversity introduces a wide range
of crop types and disease variations, which
further complicates the development of a
robust and scalable detection system.[5]

II. PROPOSED METHODOLOGY

Deep Learning is a subset of machine learning
which has mitigated traditional approaches of
detecting leaf diseases. In this study we check
the applicability of deep learning to detect leaf
disease. The core of deep learning is Artificial
Neural Networks which determines how brain
processes information. The proposed system
adopts a deep learning-based framework
utilizing a Convolutional Neural Network
(CNN) for automated plant leaf disease
classification. The experimental dataset is
obtained from the PlantVillage (Color Images)
repository and is divided into two subsets: (i)
a potato leaf dataset comprising two classes—
Early Blight and Late Blight—with a total of
1962 images, and (ii) a tomato leaf dataset
comprising three classes—Late Blight,
Bacterial Spot, and Septoria Leaf Spot—with a

total of 3321 images. All images are organized
into class-specific directories and processed in
RGB format. In the preprocessing stage, raw
images are resized to a uniform spatial
resolution of 128 X 128 pixels to ensure
computational efficiency and consistency in
model input. Pixel intensity values are
normalized to the range [0,1] to facilitate
faster convergence during training.
Additionally, corrupted or unreadable images
are removed to maintain dataset integrity.[8]
To enhance generalization capability and
mitigate overfitting, data augmentation
techniques are applied, including random
rotation, horizontal flipping, zoom
transformations, and minor brightness
adjustments. These operations artificially
expand the training dataset and improve
robustness against real-world variations. The
dataset is partitioned into training and
validation sets using an 80:20 split.

Plantvillage
Dataset

Figure 1: Provides a description of image resizing,
processing of dataset

The classification model is built using a
sequential CNN architecture designed for
hierarchical feature extraction. The network
consists of multiple convolutional layers with
increasing filter sizes (e.g., 32, 64, and 128
filters) and a kernel size of 3x3, each followed
by Rectified Linear Unit (ReLU) activation to
introduce non-linearity. Max-pooling layers
with a 2X2 window are incorporated after
each convolutional block to reduce spatial
dimensions and computational complexity
while preserving salient features. The
extracted feature maps are then flattened and
passed through a fully connected dense layer
(typically 128 neurons) to perform high-level
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Figure 2: [llustrates about data augmentation of leaf
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A dropout layer with a rate of 0.5 is applied to
reduce overfitting by randomly deactivating
neurons during training. The final output layer
employs a Softmax activation function to
perform multi-class probability distribution
over the disease categories. Model training is
performed using the Adam optimizer due to its
adaptive learning rate capabilities, with
categorical crossentropy as the loss function
for multi-class classification. The model is
trained for 20-30 epochs with mini-batch
gradient descent, ensuring efficient weight
updates and convergence. During training,
both training and validation losses are
monitored to detect overfitting and optimize
performance. For evaluation, the trained
model is assessed using multiple performance
metrics, including accuracy, precision, recall,
and F1l-score, providing a comprehensive
measure of classification effectiveness.[2]
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Figure 3: Flowchart showing detailed classification of
plant diseases

The proposed CNN-based approach eliminates
the need for manual feature extraction, as
required in traditional machine learning
methods such as Support Vector Machines
(SVM), and demonstrates superior
performance due to its ability to learn complex
spatial and texture-based features directly
from image data.
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Figure 4: Provides insights about feature extraction and
classification of leaf

Clawified Ontpee bt

Figure 5: Provides a general architecture of CNN
network

III. RESULTS

The  performance of the  proposed
Convolutional Neural Network (CNN) model
was evaluated on two subsets of the
PlantVillage dataset, namely the potato leaf
disease dataset and the tomato leaf disease
dataset. The evaluation was conducted using
multiple performance metrics, including
accuracy, precision, recall, and F1l-score, to
ensure a comprehensive assessment of the
model's classification capability.[14] The
model was trained using an 80:20 train-
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validation split. The CNN architecture
consisted of three convolutional layers
followed by max-pooling layers, a fully
connected dense layer, and a dropout layer to
prevent overfitting. The training process was
carried out using the Adam optimizer with
categorical crossentropy as the loss function.
The model was trained for 20-30 epochs with
a batch size of 32.Data augmentation
techniques such as rotation, flipping, and
zooming were applied during training to
improve model generalization and robustness.
These techniques helped the model learn
invariant features from leaf images under
different orientations and lighting conditions.

Table 1: Performance of Proposed CNN

Model
Dataset |[No of | Accuracy |Precision |Recall |F1-
Classes Score
Potato |2 97.2% 97% 96.8% |96.9%
Tomato |3 94.8% 94.5% 94.2% |94.3%

The results indicate that the model performs
exceptionally well on the potato dataset,
achieving an accuracy of 97.2%. This high
accuracy can be attributed to the binary
classification problem, where the distinction
between classes is  relatively more
pronounced. In contrast, the tomato dataset
achieved slightly lower accuracy (94.8%),
which can be explained by the increased
complexity due to multi-class classification
and the presence of visually similar disease
patterns. During the training process, both
training and validation accuracy showed a
consistent upward trend, indicating effective
learning by the CNN model.[1] The validation
loss decreased steadily with increasing epochs,
demonstrating good generalization
performance. The inclusion of dropout and
data augmentation helped in reducing
overfitting, as there was no significant gap
observed between training and validation
accuracy curves. This confirms that the model
is not merely memorizing the training data but
is capable of learning generalized features
applicable to unseen data.

IV. COMPARATIVE ANALYSIS WITH
EXISTING RESEARCH

The proposed model was also compared with
existing deep learning-based approaches
reported in the literature.

Table 2: Comparison with Existing Research

Study Method Dataset Accuracy
Mohanty et | CNN(AlexNet/ |PlantVil- [99.35%
al GoogleNet) lage
Ferentinos |Deep CNN PlantVil- |99.53%
lage
Tooetal |Transfer Learn-|PlantVil- |[97-99%
ing lage
Proposed |CNN PlantVil- | 94-97%
Model lage

Although the proposed model achieves
slightly lower accuracy compared to state-of-
the-art models, it is important to note that
those studies utilize deeper architectures,
larger datasets, and transfer learning
techniques. The proposed model, on the other
hand, is computationally efficient and suitable
for real-time and resource-constrained
applications.[6]

V. DISCUSSION

The experimental results of the proposed CNN
-based model highlight several important
findings regarding its effectiveness in plant
leaf disease classification. Firstly, the model
demonstrates that Convolutional Neural
Networks are highly efficient in automatically
extracting hierarchical features from raw
image data, eliminating the need for manual
feature engineering as required in traditional
methods like SVM. This ability significantly
contributes to the improved classification
accuracy observed in both datasets. Secondly,
the results indicate that dataset complexity
plays a crucial role in model performance; the
potato dataset, involving binary classification,
achieved higher accuracy compared to the
tomato dataset, which involves multi-class
classification with visually similar disease
patterns. Furthermore, the application of data
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augmentation techniques such as rotation,
flipping, and zooming enhances the model’s
generalization capability by enabling it to
learn invariant features under different
conditions, thereby reducing overfitting. The
use of dropout layers further supports this by
preventing excessive reliance on specific
neurons during training. Additionally, the
minimal gap between training and validation
performance suggests that the model has
learned generalized patterns rather than
memorizing the dataset. Overall, these findings
confirm that the proposed CNN-based
approach is robust, scalable, and more suitable
for image-based plant disease detection
compared to conventional machine learning
techniques.

VI. FUTURE SCOPE

The proposed research can be further
extended in several directions to enhance its
applicability and performance in real-world
scenarios. One of the key areas for future work
is the integration of advanced deep learning
architectures such as transfer learning models,
including ResNet, VGGNet, and EfficientNet,
which can significantly improve classification
accuracy by leveraging pre-trained knowledge
from large-scale datasets. Additionally, the
current model can be extended to include a
wider variety of crops and diseases by
incorporating larger and more diverse
datasets beyond controlled environments,
thereby improving robustness under real-field
conditions. Another important direction is the
deployment of the model into mobile or web-
based applications for real-time disease
detection, enabling farmers to diagnose plant
diseases instantly using smartphone images.
Furthermore, incorporating image
segmentation techniques can help in
identifying the exact infected regions on
leaves, leading to more precise diagnosis.[11]
The integration of Internet of Things (IoT)
devices and smart sensors with the proposed
system can also facilitate automated crop
monitoring and early disease detection.
Finally, future research may focus on

optimizing the model for low-power devices to
ensure efficient performance in resource-
constrained environments, making the
solution more accessible and scalable for
practical agricultural use.[13]

VII. CONCLUSION

This study presented a comprehensive
approach for plant leaf disease detection by
transitioning from traditional machine
learning techniques to a more advanced deep
learning-based methodology using
Convolutional Neural Networks (CNN).
Beginning with the motivation of addressing
the limitations of manual and SVM-based
detection methods, the research utilized
subsets of the PlantVillage dataset comprising
potato and tomato leaf diseases. A structured
methodology involving data preprocessing,
augmentation, and CNN-based feature
extraction and classification was implemented
to improve model performance. The results
demonstrated that the proposed model
achieved higher accuracy and better
generalization compared  to existing
approaches, particularly due to its ability to
automatically learn complex image features.
The discussion highlighted the effectiveness of
CNNs in handling both binary and multi-class
classification problems, while also addressing
certain limitations such as dataset dependency
and real-world variability. Furthermore, the
study emphasized the potential for future
enhancements through advanced
architectures, real-time deployment, and
integration with smart agricultural systems.
Overall, this work concludes that deep
learning-based approaches provide a reliable,
efficient, and scalable solution for plant
disease detection, with significant potential to
contribute to modern precision agriculture
and crop management practices.[14]
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