Conference Proceedings: “Sustainability Through Digital Transformation: Insights from Management,
Humanities, and Sciences” SDT- Insights 2026, Organized by- The Ashoka Institute of Technology and
Management, Varanasi (30-31 January 2026) In IJRT ISSN: 2321-7529

A Systematic Analysis on Enhancing Plant Disease Detection with Deep
Learning

IShubhi Saxena, 2Dr. Jyoti Agarwal*, 3Sandeep Kumar, *Arpit Singh Yadav, °Dr.
Sarika Shrivastava
IM.Tech. (11 year), 2Associate Professor, 3Assistant Professor, “Research Scholar, °Director
Y2Dept. of CSE at Shri Ram Murti Smarak College of Engineering & Technology, Bareilly,
3Dept. of ECE at Ashoka Institute of Technology & Management, Varanasi, *“ECE Dept. at
11T, Guwahati, Assam, °Ashoka Institute of Technology & Management, Varanasi
lsaxenashubhi488@gmail.com, 2*Jyoti.agarwal @srmscet.edu,
3sandeepmishra120986@gmail.com, “arpit.ecOk13@gmail.com, ®sarikashri@yahoo.com
https://doi.org/10.64882/ijrt.v14.iS1.1108

Abstract

Early and accurate detection of plant diseases is crucial for ensuring agricultural productivity
and food security. Traditional methods of disease identification often rely on manual
inspection, which can be time-consuming, error-prone, and require expert knowledge. Recent
advancements in deep learning, particularly Convolutional Neural Networks (CNNs) and other
neural network architectures, have significantly improved the accuracy and efficiency of plant
disease detection. CNNs are especially effective in image-based classification tasks due to their
ability to automatically extract relevant features from leaf images without the need for manual
pre-processing. This approach not only enhances the precision of disease classification but also
reduces the dependency on domain expertise. Integrating deep learning techniques with neural
networks allows for robust modelling of complex patterns associated with various plant
diseases, surpassing the capabilities of traditional machine learning methods. This study
explores the application of CNNs and deep learning frameworks in detecting and classifying
plant diseases, demonstrating their potential to transform agricultural diagnostics through
automation and high-accuracy prediction

Keywords- Plant disease, CNN, Deep learning, Neural networks, Image classification, Feature
extraction, Automation, Accuracy

Introduction:

Agricultural biodiversity is essential for ensuring food security and economic resilience.
However, plant diseases—caused by pathogens such as fungi, bacteria, and nematodes, as well
as environmental factors like soil pH, temperature, and humidity—pose a major threat to crop
yield and quality. Traditional methods of disease detection, which rely on manual inspection,
are often inefficient, error-prone, and labour-intensive, resulting in significant productivity
losses.
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Fig. 1 Factors responsible for plant diseases
To address these challenges, automated approaches using Artificial Intelligence (Al), Machine
Learning (ML), and Deep Learning (DL) have emerged as effective tools for early and accurate
plant disease detection. Advances in computer vision and image processing have enabled the
use of techniques such as Convolutional Neural Networks (CNNs), Gray-Level Co-Occurrence
Matrix (GLCM), and k-Nearest Neighbour (KNN) to identify diseases from leaf images.
Among DL models, EfficientNetV2S has shown exceptional performance, achieving accuracy
rates of up to 95.01% even under noisy, real-world conditions. These technologies significantly
reduce the need for manual intervention, improve diagnostic precision, and facilitate large-
scale crop monitoring.
Despite these advancements, key challenges remain, including limited availability of labelled
datasets, high computational demands, and poor model generalizability across diverse
environments. To overcome these issues, researchers are exploring methods such as transfer
learning, data augmentation, and ensemble learning to enhance model robustness and
adaptability.
This paper presents a comprehensive review of current ML and DL techniques for plant disease
detection, evaluates their performance, and proposes optimized solutions for real-time
agricultural deployment. The main contributions of this study include:

o A comparative analysis of ML/DL methods for multi-class plant disease classification.

o ldentification of optimal CNN architectures (e.g., EfficientNetV2S) for improved

accuracy and computational efficiency.

« Techniques to mitigate challenges related to dataset scarcity and environmental variability

(e.g., shadows, low-resolution images).

o Recommendations for real-time, scalable deployment in precision agriculture systems.
The findings highlight the transformative potential of Al in reducing crop losses, enhancing
productivity, and securing global food systems. Future work will focus on developing
lightweight models suitable for mobile platforms and expanding datasets to cover a wider range
of crops and disease conditions.

Literature Review
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Agriculture plays a critical role in human civilization by supporting both food supply and
economic growth. However, plant leaves and crops are susceptible to various diseases during
cultivation, which can hinder their growth and cause significant crop loss. Early and accurate
detection of these diseases is essential to prevent further damage and maintain productivity.
Traditional manual methods used by farmers for disease detection are often tedious, error-prone,
and inefficient.

To address these limitations, researchers have explored automated image processing
techniques for disease detection and classification using images of infected plant leaves. While
several machine learning (ML) and deep learning (DL) approaches have been applied—such
as K-means clustering, Naive Bayes, SVM, KNN, ANN, and fuzzy logic—Convolutional
Neural Networks (CNNs) have emerged as a preferred choice due to their ability to
automatically extract relevant features and understand spatial patterns in images.

Despite notable progress, challenges remain, including performance variability across different
datasets and the need for large amounts of data and computational resources for DL methods.
The choice between traditional ML and DL approaches depends on the specific problem
context, data availability, and hardware capabilities. This paper provides a comprehensive
review of previous techniques, performance evaluations, and results to assist future researchers
in developing more effective and robust solutions for plant disease detection and classification.
The study by D. Tejaswi et al. (2024) presents a mobile application for detecting plant diseases
in potato, tomato, and corn crops. The app uses a convolutional neural network (CNN) trained
via Teachable Machine and deployed with TensorFlow Lite for Android devices. Users can
capture or upload leaf images, which the app analyzes in real time to classify them as healthy or
diseased. If diseased, it provides the disease name, symptoms, and treatment suggestions. This
tool aims to help farmers and agricultural officers detect diseases early, improving crop health
and yield.

Bahaa S. Hamed et al. (2023) emphasize the importance of early plant disease detection to
support agricultural development and global food security. The study proposes using pre-trained
convolutional neural network (CNN) models, specifically fine-tuning EfficientNetV2S, to
detect plant diseases under challenging conditions such as low-resolution images, complex
backgrounds, and variable lighting. By modifying and introducing noise into the Plant Diseases
Dataset (comprising 38 classes of healthy and infected leaves), the researchers aimed to improve
the model’s adaptability and robustness in real-world scenarios. This approach highlights the
significance of dataset optimization in enhancing the performance of deep learning models for
reliable plant disease detection.

Shoib M. et al. (2023) review recent advancements in using Machine Learning (ML) and Deep
Learning (DL) for plant disease detection, covering studies from 2015 to 2022. The paper
highlights the effectiveness of these technologies in improving the accuracy and efficiency of
early disease identification compared to traditional manual methods. It also discusses key
challenges, such as limited data availability, poor image quality, and difficulty distinguishing
between healthy and diseased plants. The study offers insights into current research trends,
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outlines the strengths and limitations of ML/DL approaches, and suggests solutions to enhance
their practical implementation in plant disease management.

Saurabh Sharma and Prashant Giridhar (2023) focus on automating plant disease detection to
improve crop yield and reduce waste, especially in a densely populated country like India.
Traditional disease detection methods are time-consuming and costly, relying on expert
intervention. To address this, the authors developed a deep learning-based system using
EfficientNet-BO with k-fold cross-validation to detect diseases in cassava plants—a crop whose
leaves are also consumed. EfficientNet-B0, known for its scalability and speed, achieved a high
accuracy of 96.68% on a Kaggle dataset. The study demonstrates that deep learning models
outperform traditional machine learning approaches in terms of both accuracy and efficiency
for plant disease classification.

Osim Kumar Pal, M.F. Mrodha et al. (2023) proposed a deep ensemble model named Planted
for early and accurate detection of plant diseases, focusing on five common rice leaf diseases
and two categories of betel leaf health. The model integrates InceptionResNetV2,
EfficientNetV2L, and Xception architectures to address issues of underfitting and overfitting,
particularly in datasets with varied backgrounds and limited samples. Planted incorporates
advanced techniques such as data augmentation, Global Average Pooling, Dropout, Batch
Normalization, L2 regularization, and PReLU activation to enhance robustness. It achieved
superior performance on the Rice Leaf dataset with an accuracy of 98.53% and also
outperformed existing models on the Betel Leaf dataset. Additionally, Grad-CAM and Score-
CAM were used for model interpretability, with Score-CAM showing better localization. This
study highlights the effectiveness of ensemble deep learning approaches for complex and
diverse plant disease datasets.

M. Raja Babu, A. Lakshmanarao et al. (2022) address the importance of accurate plant disease
detection for agricultural growth, emphasizing the limitations of traditional methods like manual
inspection, which are time-consuming, subjective, and labor-intensive. To overcome these
challenges, the study applies convolutional neural networks (CNNs) for detecting and
classifying plant leaf diseases. Using the Plant Village dataset from Kaggle, which includes
images from potato, pepper, and tomato plants across 15 disease classes, the authors trained
separate CNN models for each crop. The models achieved high accuracies of 98.3% (potato),
98.5% (pepper), and 95% (tomato), demonstrating the effectiveness of CNN-based approaches
in enhancing the speed and accuracy of plant disease detection.

Sanju Tiwari, Somnath Dey et al. (2021) propose a Grape Leaf Disease Detection Network
(GLDDN) to address the early identification and classification of grape plant diseases, which
are crucial for improving crop productivity and preventing plant loss. The study highlights the
limitations of traditional methods such as classical computer vision technigques and regression-
based object detection using UAV imagery, which are time-consuming and costly. GLDDN
leverages dual attention mechanisms to enhance feature extraction, enabling more accurate
detection and classification of grape leaf diseases. The approach aims to reduce diagnosis time
and improve treatment effectiveness, offering a more efficient solution for managing multi-
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symptomatic plant diseases. However, the paper contains significant portions of uncredited
content from a prior IEEE publication, indicating issues with originality.

Ramesh Babu et al. (2020) and Gautam Kaushal & Rajni Bala (2017) explored the use of GLCM
(Gray-Level Co-occurrence Matrix) for texture feature extraction and KNN (K-Nearest
Neighbors) for classification in plant disease detection. GLCM effectively captures spatial pixel
intensity relationships, providing texture features like contrast, energy, correlation, and
homogeneity. Ramesh Babu et al. applied this approach to detect fungal, bacterial, and viral
diseases, achieving up to 75% accuracy. Gautam Kaushal and Rajni Bala improved multi-class
classification performance by replacing SVM with KNN, highlighting KNN’s effectiveness in
handling diverse plant disease datasets. These studies underscore the potential of combining
GLCM with KNN for efficient plant disease classification.

Kulkarni et al. (2021) demonstrated the effective integration of image processing techniques
with machine learning, specifically using Convolutional Neural Networks (CNNs), for the
detection of multiple plant diseases. Their approach achieved a high accuracy of 93%,
showcasing the superior performance of deep learning models in plant disease image
classification tasks. This study highlights the potential of neural networks in enhancing the
accuracy and efficiency of automated plant disease detection systems.

The study highlights the critical role of agriculture in human civilization and emphasizes the
growing need for accurate and early detection of plant diseases, which significantly affect crop
yield and economic stability. Traditional manual methods used by farmers for identifying plant
diseases are often error-prone and inefficient. To address this, researchers have increasingly
adopted image processing and various machines learning (ML) and deep learning (DL)
techniques. Methods such as K-Means Clustering, Naive Bayes, SVM, KNN, Genetic
Algorithms, and especially Convolutional Neural Networks (CNNs) have shown promising
results in disease detection and classification. CNNs are particularly preferred for their ability
to automatically learn relevant features and spatial hierarchies from images. However, the
choice between ML and DL depends on the specific problem, data availability, and
computational resources. The paper aims to guide future researchers by providing insights into
the performance, evaluation metrics, and limitations of previously implemented techniques in
plant disease detection.

The study emphasizes the critical role of agriculture, particularly in countries like India, where
over 70% of the population depends on it. One of the major challenges affecting crop yield and
quality is plant disease. Early detection is essential to prevent agricultural losses. The aim of the
project is to develop a software-based solution for the automatic detection and classification of
plant diseases using image processing techniques. The process involves steps such as image
loading, preprocessing, segmentation, feature extraction, and classification. By analyzing leaf
images, the system can effectively identify diseases, making image processing a valuable tool
in agricultural disease management.

This study addresses the challenge of crop disease detection, a time-consuming task that
typically requires skilled labor. It proposes an efficient and intelligent system that utilizes
computer vision and machine learning techniques to automate the detection process. The system
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is capable of identifying 20 different diseases across 5 common plant types with an accuracy of
93%, demonstrating its potential as a reliable tool for modern agricultural practices.

Shruti et al. (2014) investigated the detection of "Cercospora Leaf Spot,” a fungal disease
affecting tomato crops that leads to discoloration and often kills young seedlings. The fungus
spreads through the air, making regular monitoring essential. The paper proposes a novel
technique that analyzes plant growth from the stem and identifies the type of fungal infection
based on parameters like color depth, fungus size, location, and its position on the leaves. This
method helps in assessing crop quality and disease severity more precisely.

Rani Pagariya et al. (2014) presented a survey focused on plant disease detection using neural
network techniques, with a particular emphasis on cotton crops. The paper highlights image
processing as a modern and effective approach for identifying plant diseases that can hinder
crop growth. It reviews several classification methods including k-means, k-Nearest Neighbor
(KNN), Genetic Algorithm, Probabilistic Neural Network (PNN), Support Vector Machine
(SVM), Principal Component Analysis (PCA), and neural networks. The paper also discusses
how the choice of technique depends on the input data, offering a comparative overview of
classification methods used in plant disease detection.

S. Arivazhagan et al. (2013) proposed an automated method for detecting and classifying plant
leaf diseases using image processing techniques. The approach involves four key steps:
capturing RGB images for color transformation, applying threshold-based segmentation,
masking and removing green pixels, and extracting texture features from the segmented regions.
These features are then classified to identify the disease. The proposed method achieved a high
accuracy of 94%, demonstrating its effectiveness and efficiency in plant disease detection.
Prof. Sanjay B. Dhaygude et al. (2013) presented a method for plant disease detection and
prevention, focusing on diseases caused by bacteria, viruses, and fungi—particularly identifying
fungi through their morphological and reproductive structures. The proposed image processing
technique includes four key steps: transforming the RGB image to HSI for better color analysis,
masking and removing green pixels using a defined threshold, segmenting the image to isolate
useful regions, and computing texture features using SGDM matrices. This method effectively
identifies the presence of diseases in plants through precise image analysis.

Smita Naikwadi et al. (2013) proposed a technique for the classification and detection of plant
diseases, emphasizing the limitations of insecticides, which may harm birds and disrupt natural
food chains. The method enhances the disease detection process by adding two steps after
segmentation: first, identifying predominantly green pixels, and second, applying Otsu's method
to mask these green regions. Subsequently, infected areas identified through red, green, and
yellow color-based pixel clustering are isolated. Experimental results indicate that the proposed
technique is effective for accurate plant disease detection.

Haiguang Wang et al. (2012) proposed a plant disease recognition technique using image
processing combined with Back Propagation (BP) neural networks. The study focused on
disease identification in two grape and two wheat plant species. Principal Component Analysis
(PCA) was applied to reduce the feature dimensions, improving model efficiency. The BP
networks achieved high accuracy, with grape disease prediction accuracy reaching 97.14% and
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wheat disease prediction and fitting accuracy both attaining 100%. The results confirmed the
effectiveness of BP networks for plant disease classification.

Despite notable progress in automated plant disease detection, many current methods still face
critical challenges that limit their effectiveness in real-world agricultural scenarios. Manual
inspection remains time-consuming, subjective, and impractical for large-scale
implementation, particularly in resource-limited regions. Traditional image processing and
machine learning methods—such as SVMs and other basic classifiers—often fall short when
dealing with complex disease patterns and noisy data, resulting in reduced accuracy and
generalization.

While deep learning models like CNNs have achieved impressive classification results, their
high computational requirements restrict their deployment in rural or under-resourced areas.
Additionally, many of these models are not resilient to variations in environmental factors such
as lighting, shadows, and diverse background conditions, which are typical in open-field
farming environments.

Another significant limitation is the lack of diverse, high-quality datasets that capture a wide
range of plant species and disease symptoms. This shortage hinders the development of
adaptable and reliable detection systems. Moreover, many current tools are not designed with
usability and affordability in mind, making them less accessible to smallholder farmers and
local agricultural workers.

To overcome these limitations, there is a clear need for a hybrid, resource-efficient framework
that integrates texture-based methods like GLCM, lightweight and accurate classifiers such as
KNN, and adaptive deep learning architectures. Such an approach can enhance detection
accuracy, improve robustness under varying field conditions, and ensure scalability and
usability for broader agricultural communities, ultimately contributing to more sustainable and
inclusive farming practices.

Methodology

The methodology for developing a deep learning-based plant disease detection system involves
several critical steps, ranging from data acquisition to deployment. The approach ensures the
model's robustness and accuracy in real-world conditions, addressing the challenges associated
with plant disease identification.

1. Data Collection and Preprocessing

Data is the foundation of any deep learning model. The steps involved in this phase are:

Data Collection

Datasets: Collect high-quality images of plant leaves, both healthy and diseased, from publicly
available sources like Plant Village, Kaggle, or self-generated datasets.

Diversity: Include images captured under various conditions (e.g., different lighting, shadows,

textures, and backgrounds) to improve model generalization.
Annotations: Label each image with the corresponding disease or as healthy, ensuring
accuracy.

Data Preprocessing
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Normalization: Scale image pixel values to a uniform range (e.g., 0-1) to optimize model
performance.
Resizing: Resize images to a standard input size compatible with the deep learning model (e.g.,
224x224 pixels for most CNN architectures).
2. Model Selection and Architecture
Deep learning models, particularly Convolutional Neural Networks (CNNs), are well-suited
for image classification tasks. The following steps are undertaken:
Model Selection
Pre-trained Models: Use pre-trained architectures like Efficient Net V2, Res Net, Mobile Net,
or Dense Net to leverage transfer learning and reduce training time.
Model Adaptation: Fine-tune the pre-trained models to adapt them to the specific plant disease
dataset.
Model Architecture
Input Layer: Accepts pre-processed images.
Convolutional Layers: Extract features such as edges, textures, and patterns.
Pooling Layers: Reduce spatial dimensions to focus on significant features.
Fully Connected Layers: Classify images into healthy or specific disease categories.
Output Layer: Uses soft max activation to predict probabilities for each class.
3. Training the Model
The training phase involves optimizing the model to minimize errors in prediction.
Training Steps
e Splitting the Dataset: Divide the dataset into training, validation, and testing sets (e.g.,
70%, 20%, and 10%).
e Loss Function: Use categorical cross-entropy as the loss function for multi-class
classification.
e Optimization Algorithm: Use optimizers like Adam or SGD (Stochastic Gradient
Descent) to update model weights.
e Batch Size and Epochs: Determine optimal batch size (e.g., 32 or 64) and epochs (e.g.,
50 or 100) to balance performance and computational efficiency
e Performance Metrics: Monitor metrics like accuracy, precision, recall, F1-score, and
loss during training to ensure the model is learning effectively
4. Validation and Testing
Evaluate the trained model on unseen data to assess its performance.
Validation
e Use the validation set to fine-tune hyper parameters and prevent over fitting.
e Perform k-fold cross-validation for robustness.
Testing
e Evaluate the model on the testing set to measure its real-world performance.
e Metrics: Accuracy, confusion matrix, ROC curve, loU (Intersection over Union), and
DSC (Dice Similarity Coefficient).
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5. Deployment
Prepare the model for real-world usage by integrating it into an accessible system.
Deployment Pipeline
e Model Conversion: Convert the trained model to a lightweight format, such as Tensor
Flow Lite, for deployment on mobile devices
« Integration: Embed the model into an application with an intuitive user interface for
farmers and agricultural officers.
System Testing
« Test the application under various environmental conditions to ensure robustness.
o Collect user feedback for iterative improvements
6. Challenges Addressed
e Handling Noisy Data: Trained the model with augmented noisy images to improve
robustness.
e Low-Resolution Images: Pre-trained models and fine-tuning techniques mitigate issues
with image quality.
e Over fitting: Use of dropout layers, regularization, and extensive augmentation to
reduce over fitting.
7. Future Enhancements
e Expand datasets with additional crops and diseases.
e Integrate multi-modal data sources (e.g., weather data, soil health).
e Improve deployment for edge devices in low-resource environments.
This methodology ensures the development of an accurate, scalable, and user-friendly deep
learning system for plant disease detection, contributing to sustainable agriculture and global
food security
Result:
1. Improved Accuracy: The use of CNN & Deep Learning and neural networks enhances
classification accuracy beyond traditional methods.
2. Scalability: The proposed system is computationally efficient, making its callable for large
datasets.
3. Cost-Effectiveness: Reduces dependency on manual labor and expert intervention, thereby
lowering operational costs.
Conclusion: In conclusion, the integration of CNNs and deep learning frameworks offers a
powerful and efficient solution for plant disease detection, enabling automated, accurate, and
scalable diagnostics. This advancement holds significant promise for enhancing agricultural
productivity, minimizing crop losses, and supporting farmers with timely and reliable disease
identification.
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