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Abstract

Plant leaf diseases have a major impact on agricultural productivity
worldwide and threaten food security. To address this challenge, this
paper presents a deep learning-driven technique for the automatic
Identifying and categorizing plant leaf diseases using CNN-based
models. The proposed model is trained on a diverse dataset comprising
images of both healthy and diseased leaves. with Image normalization
and augmentation strategies employed To optimize accuracy, robustness
As well as generalization. The CNN automatically extracts discriminative
features from input images, enabling accurate disease identification
without the need for manual intervention. Results indicate that the
proposed model successfully reaches a high level of accuracy is 98.71%
and outperforms conventional approaches, while maintaining efficiency
under varying environmental even under varying Under lighting and
background noise variations.. Furthermore, The system is lightweight
along with optimized for use On mobile and edge computing devices,
enabling in real-time disease monitoring directly On site. This makes the
approach practical and scalable,Enabling farmers to identify diseases
promptly, thereby reducing crop losses. and promote more sustainable
agricultural practices.

Introduction

The last decade has seen a surge in advancement

Agriculture lays the foundation of food security
across all nations, and to maintain yield and
quality; it is essential to keep crops healthy. Plant
leaf diseases, which spread quickly, are
detrimental to productivity and farmer's income.
Manual inspection has been a major and
traditional way for farmers to detect these
diseases; however, it is a slow process and often
requires labor time, such that The state of the leaf
can go unnoticed in big fields. Hence, delayed or
practically undetected leaf diseases ultimately
impact crop quality, causing economic losses and
threats to food supply.

© 2025 The Authors. Published by MRI INDIA.

of artificial intelligence, which fosters quicker
and more reliable ways of detecting diseases.
Deep learning approaches such as CNN estimates
have done wonders in analyzing images for
various purposes as well as automatically
learning disease patterns without manual feature
design. In this study, we introduce a
convolutional neural network (CNN)-based
system for identifying plant leaf diseases, trained
and tested using the PlantVillage open-source
dataset, which contains Thousands of leaf
images, both healthy and diseased, collected from
different plant species. The prepared dataset is
pre-processed and augmented for enhanced
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generalization of the model, enabling the system
to deal with wvariations of illumination,
background, and leaf isotropism.

A device that is light and easy to move around so
that the farmer can find the disease right away in
the field. This reduces crop loss and enhances
sustainable productivity through early and
appropriate interventions to identify and manage
the disease with accuracy and speed.

Literature Review

Sujatha et al. [1]Combining machine learning
with deep learning methods significantly
improves the accuracy of disease detection in
plant leaves.Their approach demonstrated that
hybrid methods can perform better in extracting
features and classifying as compared to classical
methods.

Rahman et al. [2] developed a real-time
monitoring framework using deep learning that
possessed the utmost confidence level in
detecting plant leaf diseases inside the field. This
early diagnosis was made even more practical in
terms of real agricultural applications.

Bouacida et al. [3] proposed a general deep
learning framework capable of cross-crop plant
disease detection that can detect unhealthy
leaves from different species without specific
retraining to the crop. Their model was less
sensitive to noise and hence very robust and far
exceeded the limitations of early CNN models
that were restricted to single-crop datasets.
Kaur et al. [4] Developed a hybrid CNN-based
model approach that improved both automation,
precision in classifying leaf diseases. By
combining multiple layers of feature extraction
and classification, their method achieved
improved accuracy over conventional CNN
architectures

Arshad et al. [5] developed PLDPNet, A hybrid
deep learning architecture created to accurate
prediction to potato leaf diseases.Their model
outperformed traditional approaches by
achieving higher classification accuracy and
demonstrating robustness in disease detection.
De Silva and Brown [6] conducted a detailed
review of deep CNN architectures implemented
in plant disease identification. They highlighted
the strength of CNNs in automatically extracting
features from raw leaf images and confirmed
their effectiveness in improving detection
accuracy, thereby  advancing  precision
agriculture practices.

Md. Chowdhury et al. [7] put forward a
methodology based on deep learning-based
approaches to detect and classify diseases
associated with the leaves of plants. The study
indicates that the CNN models are competent
enough to segregate leaves as healthy or diseased
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reflecting the efficacy of deep learning in the
management of agricultural diseases in areal-
world scenario.

In their research, Harakannanavar et al. [8]
studied detection of diseases and classification of
leaves using computer vision integrated with
machine learning. They emphasized
preprocessing,  feature  extraction, and
classifications as important for improving
accuracy and also raised issues concerning
variability of datasets and applicability in real
time.

Thakur et al. [9] This paper introduces PlantViT,
a Vision Transformer model designed specifically
for plant disease identification.that captures
fine-grained features from leaf images. Their
method  outperformed  traditional = CNN
approaches, achieving higher accuracy in
classification tasks.

Murk C. et al. [10] Introduced a CNN-based
framework designed to classify diseases affecting
plant leaves using the PlantVillage dataset with
image augmentation, achieving ~98% accuracy,
though evaluation was limited to curated data.
Earlier works and surveys confirm CNNs
outperform traditional methods but highlight
challenges such as dataset bias, poor cross-
domain generalization, and limited real-world
validation

S.D. M. [11] developed PomeNetV1, a CNN-based
model for detecting bacterial blight in
pomegranate leaves. The method achieved 99.8%
accuracy, demonstrating CNN'’s high effectiveness
for plant disease detection from images.

Proposed Methodology

The validation process for the proposed system
for plant leaf disease detection includes the
following steps.

Input Image Acquisition - Images of leaf samples
were obtained from the PlantVillage open-source
database, which contains many healthy and
diseased samples across different species of
crops.

Image Preprocessing -The process begins with
resizing,Preparing and enhancing raw images to
achieve consistency in quality and prepare them
for accurate feature extraction. CUDA light: To
render our model resilient to differences in
lighting on backgrounds . and orientation, we
must employ data augmentation strategies.
Feature Extraction: The convolutional layers of
CNN themselves suffice for the automatic
extraction of significant visual features, that
includes color pattern, texture pattern, and shape
pattern, which are quite useful for classification
purposes later on without manual feature design.
Classification Using CNN- After the feature
extraction, the input of the CNN is going through
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fully connected layers, in which the classification
is happened, that is healthy or disease specific
classes.

Leaf Disease Detection -The final stage classifies
leaves as healthy or diseased and further
identifies the specific type of disease present and
gives accurate and reliable results that could be
employed in the early intervention

A.Dataset

Images of plant leaf used for assessing model
performance were obtained from the
PlantVillage dataset, an open-access collection
available on the PlantVillage website
(www.plantvillage.org) [4]. The dataset contains
51,806 images belonging to 38 different
categories, including 12 for healthy leaf and 26
for diseased leaf.The diseases encompassed in
the database include major biotic stresses:
bacterial, viral, and fungal pathogens, as well as
abiotic stresses such as cold and heat stress,
nutrient deficiencies, limited water availability,
and moisture stress.

All datasets were gathered in a regulated
laboratory setting with a pristine backdrop at a
resolution of 256 x 256 pixels. The images used
in the experiment were split into training and
testing datasets in an 80:20 ratio.  The
distribution characteristics for each class are
listed in Table 2, while sample images depicting
both healthy and diseased leaves are shown in

Figure 1.
High integrity data acquisition is one of the
cornerstones of real-life agricultural

applications. Any fault in the gathered data may
degrade the final model performance or
trustworthiness. Therefore, it is fundamental to
define and apply a carefully-drafted data
acquisition protocol beforehand, to guarantee
sound and reproducible research outcomes.
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Table 2: Number of plant leaf disease data set

samples.
Dataset class name
Blueberry Healthy
Apple Cedar 2pele rust
Apple scab
Apple Black rot
Cherry Powdery midew
Orange Haunglongbing (Cltrus reening)
Corn Cercospora Jeaf spolGray leaf spot
Corn_ Cotmon_fust
Corn_ Norlhern Leaf Blight
Carn_healthy
Paach Bacterial spot
Peach Healthy
Grape_Leaf bilght (1sarlopss_ Leaf Spof)
Grape_Black rot
Grape_Esea Black Measles)
Grape_Healthy
Pepper_Bacteral spol
Pepper_Healthy
Potato Early blight
Potalo Late Blight
Potato Healthy
Rasgberry Healthy
Soybean Healthy
Squzsh Powdery mildew
Strawberry Leaf scorch
Strawberry Healthy
Tomato Seplorla Jeaf spat
Tomato_Bacterial spot
Tomato_Early bllght
Tomato Target Spat
Tomato_Late Blight
Tomato_masalc vinis
Tomato_Leaf Mold
Tomato_ Yellow_Leaf Curl Virus
Splder mites Two-spotted spider mite
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Figure 1: Sample input images of plant leaf

disease

B. Image Preprocessing

The initial process starts with the original leaf
images. This is scaled to a standard size for
feeding into the model.. To augment the data for
improved accuracy and resilience for the model,
augmenting data forms multiple copies of the
same leaf image through several techniques-
scaling, rotation, flip, or brightness changes-
before scaling.

Analysis

After all preprocessing stages, three-phase
analysis of the image takes place, which includes:
1.Crop Classification:

The system first determines the crop to which the
leaf belongs (bell pepper, potato, or tomato, for
example).

2.Disease Detection:

After confirming the crop identity, it checks
whether the leaf is healthy or diseased.

3.Disease Classification:

If there happens to exist a disease, then
classification is carried out. A second network
comes into play when working on chili peppers,
detecting and classifying diseases related to it.
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C. Convolutional Neural Network (CNN)
Convolutional Neural Networks (CNN) [10] They
are commonly employed for detecting plant leaf
diseases because of their superior performance
on image-based tasks compared to conventional
artificial neural networks (ANNs). CNN uses the
repeated patterns in images to successfully learn
discriminative  features. Two  primary
operations in CNN are convolution, which
extracts features including edges and patterns,,
followed by pooling layer, which reduces the
spatial dimensions while retaining essential
information. Common CNN architectures applied
to plant leaf disease detection include: (i) Simple
CNN, (ii) VGG, and (iii) InceptionV3. Model
training was conducted using Jupter Notebook
and the using the The Keras API of TensorFlow
serves as a high-level interface for building and
training deep learning models.

Fully

Convolution Connected

Pooli
Input ooling .

\ U

Feature Extraction

Figure 2: Schematic Diagram of a Basic CNN
Architecture

Classification

Convolutional layers: These are concrete parts
that make up a Deep CNN. They learn different
features from the data during training and
convert low-level information into higher-level
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patterns for classification. Pooling layers reduce
the data size, making it quick and efficient.[7]

Pooling layers: pool The spatial size of feature
maps is reduced, thereby decreasing the number

of parameters and computational
complexity.This process helps  prevent
overfitting and enhances computational

efficiency. Pooling scans the image using a small
window and compresses features—commonly
such as Max pooling selects the highest value
from a region, while average pooling computes
the average value. In this process, pooling helps
reduce the spatial dimensions of feature
maps.the model, 2x2 max pooling was used,
giving better precision. [7]

The Fully Connected layer: The Fully Connected
(FC) layer is applied subsequent to convolution,
pooling layers for transforming extracted
features into a vector. [7] It does the actual
classification, where all neurons are connected
and create an N-dimensional feature vector. The
last dense/FC layer outputs the image class. The
model is trained using the training dataset and
assessed on the test dataset based on key
performance indicators.

Data from CNN models for detecting plant leaf
diseases

ref | Specie | Data | Mode | Accura | Yea
# s sourc l cy r
e
[8] | Tomat | Self | CNN | 99.6% | 202
0 2
[5] | Potato | Self CNN | 98.66 | 202
% 3
[4] | Multip | Plant | CNN | 98.72 | 202
le villag % 3
e
Datas
et
[7] | multip | Onlin | CNN | 85.31 | 202
le e % 3
Datas
et
[2] | Peach Self | VGG1 | 100% | 202
6 5
[1] | Potato | Self | VGG1 | 97.2% | 202
9 5
[3] | Multip | Plant | CNN | 97.13 | 202
le villag % 5
e
Datas
et

D. Evaluation of Leaf Disease Detection
Performance:

Parameters such as Precision, Recall, and F-
measure [8] for the proposed model were
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calculated and are presented in the following
equations, where a, b, and c represent.

Precision Measure ( % )
True Positives

= X100 ..............a

~ True Positives + False Positive

True Positives
Recall Measure (% ) =

True Positives + False Negatives

2 * Precision * Recall
———— X100

Precision + Recall

Result And Conclusion

Results

The proposed CNN-based model was trained and
tested on the PlantVillage dataset. containing
diverse healthy as well as diseased leaf images.
After preprocessing and augmentation, the
model effectively distinguished between classes
by learning discriminative features automatically.
Experimental results showed a classification
accuracy of 98.71%, along with high precision
and recall, outperforming conventional machine
learning methods. The lightweight design
enabled efficient execution on mobile and edge
devices, while robustness was maintained under

varying lighting, background, and leaf
orientations, confirming suitability for real-
world applications.

Conclusion

A CNN-based system is proposed for the
detection of plant leaf diseases was developed,
achieving an accuracy of 98.71% on the
PlantVillage dataset. The model is capable of
running on mobile and edge devices supports
real-time field deployment, enabling early
detection and timely interventions.

The results confirm that CNN-based
architectures offer Provide a practical and
scalable approach to monitoring crop health,
helping reduce crop losses and improve
sustainable agriculture. Future work will focus
on expanding to real-world datasets and
integrating IoT-based solutions for precision
farming.
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