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Abstract. Plant disease is still a big challenges in agricultural production across the
world. Manual examination alone can be time-consuming, labour-intensive, and error-
prone, and is hard to be extended to large- scale cultivation. To overcome these con-
straints, we propose a CNN-based method for automated early detection of plant diseases.
The model is trained on a large-scale dataset of more than 87000 images of 38 classes of
healthy and infected plant leaves. Prior to training, a structured preprocessing pipeline in-
cluding resize, normalize, and data augmentation on images to increase variability within
samples and reduce the risk of overfitting is applied to all images.

The CNN model consists of convolution and pooling layers with a final fully connected
layer and the optimization is performed with Adam optimizer. Experimental results demon-
strate that the proposed method yields an accuracy of 96%. As consequence of the com-
prehensive augmentation strategy, the model is also extended to unsee samples and ob-
tains better performance than other famous architectures like AlexNet and VGG16. These
results underscore the ability of deep learning to facilitate precision agriculture through
early disease detection, which allows farmers to make better management decisions and
improve yield and farm sustainability.

Keywords: Smart Farming, Plant Disease Detection, Deep Learning, Convolutional Neural
Networks (CNNs), Image Classification.

1 INTRODUCTION

Plant pathogens represent a significant challenge to agriculture today and, being unnoticed in
the early stages they can cause a substantial disruption of food production [1]. Early diagnosis
is important to limit the spread of infection and it is mandatory for good farm management.
Consequently, the detection of the plant diseases has become a salient point in agricultural
research. Visible traces Most plant diseases have visible signs — such as spots, discoloration or
texture changes — on the surface of the plant particularly on leaves. Because leaves are the
most common part of plants showing signs of diseases [2].

© The Authors, published by EDP Sciences. This is an open access article distributed under the terms of the Creative Commons Attribution License 4.0
(https://creativecommons.org/licenses/by/4.0/).


mailto:vswapnakmec@gmail.com
mailto:chsushma86@gmail.com
mailto:bhavani.kmec@gmail.com
mailto:mamathabontha@gmail.com
mailto:kantale.vishwambari@gmail.com

ITM Web of Conferences 86, 01003 (2026)

ICCRET-2026

Famers and specialists typically just trust manual inspection in order to detect these symp-
toms. But the process is slow and subjective, and it's nearly impossible to apply it uniformly to
such large swaths of farmland and rangeland. As well, amateur growers may misidentify dis-
eases leading to bad choices and more chemicals than necessary. The impact of such errors
is a reduced quality and quantum of the

crops, a higher environmental pollution and an increased cost of production. These chal-
lenges have steered researchers towards automated methods, image based disease detection
being one of the best and effective solutions.

Fig [1] This is a diverse set of images for plant leave samples with healthy and diseased
leaves. Each type of leaf is clearly labeled by the crop and disease. The dataset consists of
several plants including apple, cherry, blueberry, corn, grape, peach, pepper, soybean, squash,
strawberry, potato and tomato. Visual differences — spots, color differences, texture differ-
ences, mold growth, rust patterns and blight symptoms are all clearly visible. It also includes
healthy samples to enable the differentiation of normal leaf from diseased leaf. This diversity
of manifestations exemplifies why the accurate diagnosis of plant diseases by visual observa-
tion alone is so challenging.

Fig.[1] is a representative subset of the images of the plant disease dataset applied in this
work. It is a collection of leaf images of certain major commercial crops for healthy as well as
heterogeneous disease affected conditions. Different classes have distinctive shape and ap-
pearance; for instance, fungal diseases (rust, mildew, blight etc.) manifest as irregular spots or
discolor patches whereas bacterial diseases bring about water-soaked lesions and wilt mar-
gins
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Some of the leaves have early-stage symptoms, whilst others are at late stages; this provides
significant variability for recognition. This diversity is especially useful for the development of
deep learning models since plant diseases can be very subtly different across species and
growing conditions.
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2 Literature Review

Recent developments in computer vision and machine learning methodologies have consider-
ably enhanced the capacity for plant leaves detection and crop diseases identification. Previous
methods based on classical machine learning models such as Artificial Neural Networks
(ANNSs), Support Vector Machines (SVMs) and K-Nearest Neighbours (KNN) have also con-
tributed to early agricultural automation. Nevertheless, the rise of deep learning has revolution-
ized the field by making the reliance on handcrafted feature extraction obsolete.

Deep neural networks allow for end-end learning where models can be trained directly from
raw leaf images to predict disease classes. Among them, CNNs attracted most attentions owing
to its hierarchical architecture that can learn features ranging from low-level simple edges to
high-level complex textures. Meanwhile, as the depth of CNN architecture increases, the more
latent subtle disease features can be learned, so that the recognition performance by CNNs for
difficult agricultural images tend to be higher. When they are trained on a large enough and more
complex data-set, CNNs can learn subtle visual information that can help in higher accurate
disease classification. The convergence of artificial intelligence (Al), computer vision (CV) and
Internet of Things (loT) technologies is gradually transforming traditional agriculture into smart,
data-driven provenance agriculture.

Traditional drone-based tools are incompatible with this methodology as they do not provide
high- resolution aerial imagery of the kind that can be processed by Al to monitor crop fields in
an automated manner at scale. Al algorithms analyze these images to monitor plant growth,
identify early signs of disease or stress, and provide actionable recommendations. This tech-
nological combination minimizes manual labor, improves decisions, and leads to better man-
aged crops.

3 Methodology

This work uses CNN which has been introduced in the previous chapter for detection of
diseases from plant. Instead of traditional machine learning algorithms that use hand-crafted
features, CNNs learn representations and relevant features from raw data (images) which
makes the detection more accurate and efficient.
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Fig 2: Architecture Diagram
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The above diagram Fig [2] explains the complete work frame of the proposed methodology
Convolutional Neural Network (CNN)—based plant disease detection system.
Input Layer:
Our model accepts an RGB leaf image of size 224 x 224 x 3. This standardized input di-
mension ensures uniform processing across all image samples in the dataset.
Preprocessing and Data Augmentation:
Before feature extraction, images undergo:
e Rescaling (1/255 normalization) to bring pixel values into the range [0,1]
e Data Augmentation including rotation, zooming, and flipping
This step improves generalization and reduces overfitting, especially important when han-

dling real-world agricultural variability such as lighting and orientation differences.

3.1 Data Preprocessing

Resize and Rescale: The raw leaf images were resized to a fixed size (e.g., 224x224 pix-
els), which is necessary due to the constraint of processing one image per batch in our model.
For better convergence and more stable training, their pixel values were normalized to [0,1].

I
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3.2 Feature Extraction (CNN)
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Fig 3 : Plant Disease Detection Workflow Using CNNs

The above workflow diagram Fig [3] describes the complete pipeline of the proposed CNN-
based Plant Disease Detection System, starting from data acquisition and ending with plant
disease prediction. The process is structured into five major stages data collection, data pre-
processing, CNN model training, model evaluation, disease prediction, each logically con-
nected to ensure systematic model development and evaluation.

3.2.1 Data Collection:
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This is the initial stage of the workflow.
« Leaf images are collected from a structured dataset (e.g., Kaggle
PlantVillage dataset).
o The dataset contains healthy and diseased leaf images across multiple
plant categories.
e Images are organized into class-specific folders representing different
disease types.
This stage ensures the availability of labeled data required for supervised learn-

ing.

Convolution is a math operation which is very much used in image processing:
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Here, 'f' represents the image we start with, and 'g' is the kernel, also

Activation Function (ReLU):.
f(x) =max (0, x)

Pooling (Max Pooling):

y =max (x1, x2, ... .. xn)
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Fig. 4. Contribution analysis of layers

In this collection there are about 87k images of both healthy and unhealthy plant leaves. It
consists of 38 classes (different plant species and disease type). For the model training and
development, the dataset was stratified into 80% for training and 20% for validation while the
original folder structure was maintained to keep classes consistent. Also, a new folder was
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made for testing the trained model with unseen samples. The contribution as showed in figure

4.

Metric H Value
Accuracy H 96.0%
Precision (Macro Avg) H 95.8%
Recall (Macro Avg) || 95.6%
F1-Score | 95.7%

Table 1: Overall Performance Metrics

The model achieved 96% accuracy indicating good performance in detecting plant
diseases when tested on an independent test set as showed in Figure 5. While this is a
great result, further improvement is possible.

| Disease Category H Precision || Recall || F1-Score ‘
| Healthy Leaves || 97% | 98% || 975% |
| Bacterial Diseases || 95% | 94% | 945% |
| Fungal Diseases || 96% | 95% || 955% |
| Viral Diseases || 94% | 93% || 935% |

Table 2: Class-wise Performance Evaluation
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Fig. 5. Model performance comparision

Positive developments may arise from additional experimentation with more complex archi-
tectures, more features information, different training strategies, or transfer learning, which can
enhance accuracy and robustness even more.

Study/Model Dataset Technique Accuracy
Xu et al. (2022) HLNet Lightweight CNN ~98.5%
Memon et al. (2022) Cottor;g(;,:)% im- Meta Deep Learning 98.53%
Mohanty et al. (2016) PlantVillage AlexNet/GooglLeNet | 99.35% (GooglLeNet)
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Ma et al. (2018) Cucumber leaves Deep CNN 93.4%
Kawasaki et al.
Viral pl NN 4.99
(2015) iral plant dataset C 94.9%
Kaggle Plant . o
Proposed System Dataset Sequential CNN 96%

Table 3. Comparative Analysis

As showed in Table 1 proposed CNN model achieves 96% accuracy, competitive with state-
of-the-art works. Unlike earlier studies limited to small or crop-specific datasets, our model
generalizes across 38 plant classes.
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5 Conclusion

This work illustrates the high promise of deep learning, in particular of the Convolutional Neural
Networks (CNNs), in automation of plant disease detection. Aiming on large, diverse dataset
and applying augmentation, the proposed system attained an = 96% accuracy which is suffi-
cient to reliably classify a number of different crop types. Although some more sophisticated
designs (e.g., GooglLeNet) could potentially achieve slightly better accuracy on a controlled
testing set, our model provides a good tradeoff between accuracy, scalability and adaptability.
These factors combined contribute to the suitability of our system for practical agricultural use,
as environmental field conditions, lighting, and leaf form may differ significantly.
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