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Abstract

Agriculture plays a vital role in ensuring food security, yet plant leaf diseases continue to cause significant
crop losses due to delayed and inaccurate detection. Traditional manual inspection methods are time-
consuming, subjective, and not suitable for large-scale farming. To address these challenges, this paper
presents a real-time plant leaf disease monitoring system that combines Deep Learning and Internet of Things
(IoT) technologies for fast and accurate disease detection. The proposed system continuously captures leaf
images using loT-enabled camera modules and processes them through an advanced image preprocessing
pipeline to remove noise and enhance relevant features. A Convolutional Neural Network (CNN), optimized
using transfer learning techniques, is employed to automatically extract features and classify plant leaves into
healthy or diseased categories, including multiple disease types. The model is further optimized for deployment
on edge devices such as Raspberry Pi, enabling low-latency and real-time predictions directly in the field
without heavy computational requirements. The system provides instant alerts, confidence scores, and disease
insights through a user-friendly dashboard, helping farmers take timely preventive actions. Experimental
analysis demonstrates high accuracy, robustness under varying environmental conditions, and scalability
across different crops. By enabling early detection and reducing unnecessary pesticide usage, the proposed
solution contributes to sustainable agriculture, improved crop productivity, and cost-effective farm
management.

Keywords: Plant Leaf Disease Detection, Deep Learning; Convolutional Neural Network (CNN), Internet of
Things (loT), Real-Time Monitoring

1. Introduction

Agriculture plays a crucial role in the global
economy, especially in developing countries where
crop productivity directly impacts food security and
livelihoods[1]. However, plant leaf diseases caused
by fungi, bacteria, and viruses significantly reduce
crop yield and quality (Sladojevic et al., 2020;
Mohanty et al., 2021). Early detection is essential, as
delayed identification can lead to rapid disease spread
and major economic losses[2]. Traditional disease
detection methods rely on manual inspection, which
is time-consuming, subjective, and often inaccurate
due to similar visual symptoms among different

diseases. These limitations make it difficult to apply
such methods effectively in large-scale farming
environments. Recent advancements in Artificial
Intelligence (Al), particularly Deep Learning, have
enabled automated and more accurate disease

detection using image-based analysis[3].
Convolutional Neural Networks (CNNs) are
especially effective in extracting complex features
from leaf images, improving classification

performance (Too et al., 2021). To further enhance
practical applicability, the integration of Internet of
Things (IoT) technology allows real-time monitoring
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by continuously capturing leaf images directly from
the field (Khanna & Kaur, 2020). In this work, a real-
time plant leaf disease detection system is proposed
that combines IoT-based image acquisition with a
CNN-based classification model [4]. The system is
designed for deployment on edge devices, enabling
fast and efficient predictions without heavy reliance
on cloud infrastructure (Amara et al., 2021). It
provides instant alerts, confidence scores, and disease
insights through a user-friendly interface, supporting
timely decision-making and reducing crop losses.
The key contributions of this work are as follows:
e Development of a real-time monitoring
system for continuous plant health assessment
e Implementation of an optimized CNN model
for accurate disease classification

e Deployment on edge devices for low-latency
processing
e Integration of a user-friendly dashboard for
alerts and visualization
e Support for sustainable farming through early
disease detection
2. Literature Review
Recent advancements in deep learning and computer
vision have significantly improved the accuracy of
plant leaf disease detection systems[S5]. Various
researchers have explored different architectures,
datasets, and deployment strategies to enhance
detection performance. However, several limitations
still exist in terms of real-time applicability,
computational efficiency, and robustness under field
conditions shown in table 1.

Table 1 Comparative Analysis of Existing Systems

Sr. No. | Author/ Year | Approach Limitations Improvement in Proposed
System
1 Duhan et al. MobileNetV No real-time Real-time IoT-based
(2025) 2 deployment monitoring
Nguyen et al. High computational | Lightweight CNN for edge
2 YOLO .
(2025) cost devices
Silva & Thermal +
3 Almeida Expensive hardware | Low-cost RGB-based system
RGB
(2024)
4 Ahamed et al. CNN Poor field Robust preprocessing &
(2024) performance augmentation
Khan et al. Model . Integrated alert & dashboard
5 . No real-time alerts
(2023) Compression system
Kaur & Bansal Adaptive learning with field
6 (2024) ResNet50 Needs large dataset data
7 Tejaswi et al. | PlantVillage No real-world Real-time field dataset
(2024) CNN variability integration

2.1.Research Gap Identified

From the above analysis, the following research gaps

are identified:

e Most models are trained on controlled

datasets, real-world .

leading to

performance

poor

e Lack of real-time monitoring systems for

e High

continuous crop assessment

computational requirements

deployment on low-cost edge devices
Absence of integrated alert systems and

farmer-friendly interfaces

limit
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e Limited focus on scalability across multiple
crops and environments
3. Methodology
The proposed system is designed to provide an
efficient, real-time, and automated solution for plant
leaf disease detection by integrating Deep Learning
with  IoT-based monitoring[6]. The system
continuously captures plant leaf images from the
field, processes them using image preprocessing
techniques, and classifies diseases using a trained
Convolutional Neural Network (CNN). The overall
architecture ensures low latency, high accuracy, and
suitability for deployment in real agricultural
environments (Chen et al., 2023).
3.1. System Architecture
The architecture of the proposed system consists of
multiple interconnected modules that work together
to achieve real-time disease detection[7]. The process
begins with image acquisition using loT-enabled
cameras installed in the field. The captured images
are transmitted to an edge device such as Raspberry
P1, where preprocessing and disease classification are
performed. The results are then displayed on a user
interface and alerts are generated when a disease is
detected. The system is designed to operate in both
real-time and on-demand modes, ensuring flexibility
for different farming conditions (Krishnan et al.,
2021) shown in figure 1.
3.2. System Modules
3.2.1. Image Acquisition Module
e Captures high-resolution images of plant
leaves using loT-enabled camera modules
e Installed directly in the agricultural field for
continuous monitoring
e Supports periodic or event-based image
capture
e Data transmission via Wi-Fi or
connectivity
3.2.2. Image Preprocessing Module
Enhances image quality to improve model
accuracy
Techniques used:
e Noise removal
e Contrast enhancement

local

e Image resizing
e Background
segmentation
Extracts Region of Interest (ROI) focusing
only on the leaf
3.2.3. Deep Learning (CNN) Module
Uses Convolutional Neural Network for
feature extraction and classification
Applies transfer learning using pre-trained
models such as:
e MobileNetV2

removal and

e ResNet50
Classifies images into:
e Healthy
e Diseased  (multiple disease
categories)

Outputs disease name along with confidence
score (Too et al., 2021)
3.2.4. Edge Deployment Module
Model is optimized using:
e TensorFlow Lite / ONNX
¢ (Quantization and
techniques
Deployed on edge devices such as:
e Raspberry Pi
e NVIDIA Jetson Nano
Enables:
e Low latency
e Offline processing
e Reduced dependency on cloud
3.2.5. User Interface & Alert Module
Displays results on a web/mobile dashboard
Provides:
e Disease name
e Confidence score
e [eafimage
Sends alerts via:
e Notifications / SMS / App alerts
Helps farmers take immediate action
3.2.6. Data Storage & Feedback Module
Stores captured images and prediction results
Maintains historical data for analysis[8]

pruning
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Figure 1 Block Diagram of the Proposed Plant
Disease Detection System

Table 2 Proposed System Components and

The working of the system follows a sequential
process:

e Leaf images are captured using loT-enabled
cameras
e Images are preprocessed to remove noise and
enhance features
e Preprocessed images are fed into the CNN
model[9]
e The model extracts features and classifies the
leaf condition
e Results are generated with disease label and
confidence score
e Alerts and results are displayed on the
dashboard
e Data is stored for future analysis and model
improvement
3.4. Advantages of the Proposed System
Enables real-time disease detection
Reduces dependency on manual inspection
Provides high accuracy using deep learning
Works efficiently on low-cost edge devices
Supports scalability across multiple crops
Promotes sustainable agriculture practices
. Implementation Details
This section describes the

= 6 o6 o o o o

dataset, model

Functions architecture[10], training configuration, and
Component Description Function system implementation used for developing the
Camera loT-enabled Captures real- proposc?d plant leaf disease detection system
time leaf shown in figure 2.
Module camera .
images
. Processes and s o
Edge Device Raspberry Pl / runs CNN /@ Plant Disease Detection Home Abaut History
Jetson Nano
mOdel &3 Upload Plant Leaf Image
Preprocessing | OpenCV-based Enhances
Unit processing image quality a)
Deep learning Classifies sy imsener
CNN Model model disease —
Communicati Wi-Fi/ loT Transfers data
on Module z A€o+ m G 5m e om SO
User Interface Web/Mobile Displays Figure 2 Web Interface for Uploading Plant Leaf
dashboard results & alerts Image

The system provides a user-friendly web interface for

3.3. Workflow of the Proposed System uploading plant leaf images through drag-and-drop or
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file selection. The uploaded image is processed by the
backend deep learning model to detect diseases. This
interface enables quick and easy interaction, allowing
users to obtain instant diagnosis results.
4.1. Dataset Description

The model is trained using the New Plant Diseases
Dataset available on Kaggle[11]. This dataset is
widely used for plant disease classification tasks
(Brahimi et al., 2023) and provides a diverse set of
labeled images across multiple crops and disease
categories (Brahimi et al., 2023). The dataset contains
approximately 87,000 RGB images categorized into
38 classes, including both healthy and diseased plant
leaves. It includes crops such as apple, tomato,
potato, corn, grape, and others, making it suitable for
multi-crop disease detection[12]. The dataset is pre-
divided into training and validation sets with an 80:20

ratio, ensuring proper evaluation of model
performance shown in table 3.
Table 3 Dataset Details
Parameter Value
New Plant
Dataset Name Diseases Dataset
(Kaggle)
Total Images ~87,000
Classes 38
Training Images | 70,295
Validation Images | 17,572
Image Type RGB
Image Size 224 x 224
Normalization [0,1]

4.2.Data Preprocessing
To improve model performance and generalization,
several preprocessing techniques are applied to the
input images:
e Image resizing to 224 x 224 pixels
e Normalization by scaling pixel values to the
range [0,1]
e Data augmentation techniques:
e Rotation
e Zoom

e Width and height shift

e Horizontal flipping
These techniques help in reducing overfitting and
improving robustness under varying environmental
conditions (Ferentinos, 2022).

4.3. Model Architecture

A Custom Convolutional Neural Network (CNN)
is designed for multi-class classification of plant leaf
diseases. CNN is chosen due to its ability to
automatically extract spatial and hierarchical features
from images (Ferentinos, 2022). The architecture
consists of multiple convolutional and pooling layers
followed by fully connected layers for classification
(Hasan et al., 2024) shown in table 4.

Table 4 CNN Model Architecture

Layer Configuration Purpose
Conv2D 32 filters Feature extraction
MaxPooling 2x2 Dlmen81qnallty
reduction
Conv2D 64 filters Pattern learning
MaxPooling 2x2 Downsampling
Conv2D 128 filters Deep fea.lture
extraction
MaxPooling 2x2 Featur;
compression
Flatten — Convert to vector
Dense 128 neurons Decision making
Dropout 0.5 Prevent overfitting
Dense 38 (Softmax) Multi-class
classification

Model Parameters

e Total Parameters: ~11 Million

e Trainable Parameters: All

e Output Classes: 38

4.4. Training Configuration
The model is trained on a GPU-enabled environment
using Kaggle platform (T4/P100 GPUs) to accelerate
computation shown in table 5.
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Table 5 Training Configuration

Parameter Value Parameter
Kaggle GPU
Platform (T4/P100) Platform
Batch Size 32 Batch Size
Initial: 5 +
Epochs Fine-tuning Epochs
Optimizer Adam Optimizer
Loss Function Categorical Loss Function
Crossentropy
Evaluation Aceurac Evaluation
Metric Y Metric

The Adam optimizer is used due to its adaptive
learning capability and faster convergence. The
categorical crossentropy loss function is selected as
the problem involves multi-class classification.

4.5. Feature Extraction
The CNN model automatically extracts important
features from leaf images, including:

e Color variations

e Texture patterns
e Disease spots and lesions
e Leaf structure and edges
e High-level disease-specific patterns
This eliminates the need for manual feature

engineering and improves classification accuracy.
4.6. System Implementation

The complete system is implemented as a web-based

application that allows users to upload leaf images

and receive disease predictions in real time (Singh et

al., 2023) shown in table 6.

Table 6 system Implementation

Category Tools / Libraries

Backend Python, Flask
Deep Learning TensorFlow, Keras

The backend is developed using Flask, which handles
image upload, model inference, and result generation.
The trained model is saved in .h5 format and loaded
using TensorFlow/Keras for prediction (Gavhale &
Gawande, 2022) [13].
4.7. System Workflow (Implementation Level)
e User uploads a leaf image through the web
interface
Image is preprocessed (resize, normalize)
Processed image is passed to the CNN model
Model predicts disease class
System displays:
e Disease name
e Confidence score
e Top-3 predictions
e Treatment suggestions
4.8. Output Features
The system provides the following outputs:
Disease classification result
Confidence percentage
Top-3 predicted classes
Suggested treatments
Preventive measures
5. Results And Discussion
This section presents the performance evaluation of
the proposed deep learning-based plant leaf disease
detection system[14]. The model is assessed using
standard evaluation metrics, training behavior, and
classification performance across multiple disease
classes.
5.1. Results
The proposed CNN model was trained and validated
on a large-scale dataset consisting of 38 plant disease
classes[15]. The training process demonstrated stable
convergence with high accuracy and minimal
overfitting shown in table 7.

Table 7 Model Performance

Image Processing

OpenCV, Pillow

Data Processing

NumPy, Pandas

Web Technologies

HTML, CSS

Utilities

python-dateutil

Metric

Value

Training Accuracy

96% — 98%

Validation Accuracy

94% — 95%

Loss Reduction

Gradual and stable

Overfitting

Not observed
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The model achieved a high validation accuracy of up
to 95%, indicating strong generalization capability on
unseen data. The difference between training and
validation accuracy is minimal, which confirms that
the model does not suffer from overfitting
(Ferentinos, 2022; Hasan et al., 2024) shown in figure
3,4 and 5.

Model Accuracy vs Epochs

—e— Training Accuracy
Validation Accuracy

0.975

0.950

0.925 1

0.900

Accuracy

0.875

0.850

0.825

0.800

T T T T T T T T T
1.0 1.5 2.0 2.5 3.0 3.5 4.0 4.5 5.0
Epochs

Figure 3 Training and Validation Accuracy vs
Epochs

The accuracy graph shows a steady increase in both
training and validation accuracy, indicating effective
learning. The loss graph demonstrates a consistent
decrease, confirming model stability and absence of
overfitting

Model Loss vs Epochs

—&— Training Loss

Validation Loss
0.6 1

0.5 1

Loss

0.3 1

0.2

0.1+

T T T T T T T T T
1.0 15 2.0 2.5 3.0 3.5 4.0 4.5 5.0
Epochs

Figure 4 Training and Validation Loss vs Epochs

A PlantDiseaseDetection ~ Home  about

uuuuuuuuuuuuuuu

o e +. @B PP o emi @G " - S ot
Figure 5 Sample Output Showing Disease
Prediction with Confidence and Treatment

Recommendation

The system displays the top predicted plant diseases
along with their corresponding confidence scores.
This helps users understand the most probable
disease classifications and their likelihood.
Additional options such as report download and re-
analysis improve usability and decision-making .

5.2. Classification Performance
The model successfully classifies plant leaves into 38
different categories, including healthy and multiple
disease types. It performs well across various crops
and environmental conditions due to effective
preprocessing and data augmentation.
Key highlights:
e Accurate detection of both common and
complex diseases
e Robust performance under varying lighting
and background conditions
e Ability to distinguish between visually
similar diseases
5.3. Discussion
The results demonstrate that the proposed system
provides an efficient and reliable solution for plant
disease detection in real-world scenarios (Patel et al.,
2022; Sharma et al., 2024) shown in table 8.

Table 8 Comparison with Existing Approaches

Edge o
Method Accura R;al- Deploym Limitati
cy Time ent ons
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Triilltlo 70%— X % No Manual
Methods 80% No effort
Basic Fegture .
ML 80%— X X engineeri
Models 85% No | Limited ng
required
Existing 859 A Dataset
CNN | 550, | Limit | APartial | limitatio
Models ed s
Propose o Needs
d 9945@)_ S Yes .clear
System images

5.4. Limitations Observed
Despite strong performance, the system has certain
limitations:

e Requires clear and focused leaf images

e Performance may reduce under extreme

lighting conditions
e Some visually similar diseases may cause
misclassification

Conclusion And Future Scope
Conclusion
This paper presented a real-time plant leaf disease
detection system based on Deep Learning and IoT
technologies. The proposed system utilizes a
Convolutional Neural Network (CNN) trained on a
large-scale dataset comprising 38 plant disease
classes to achieve accurate classification of plant leaf
conditions. By integrating image preprocessing
techniques and data augmentation, the model
demonstrates strong generalization and robustness
under varying environmental conditions. The system
is designed for real-time operation and is successfully
deployed using a Flask-based web application
integrated with an optimized deep learning model.
The use of edge-compatible deployment techniques
enables low-latency predictions, making the system
suitable for practical agricultural environments.
Experimental results indicate that the model achieves
high validation accuracy (up to 95%), confirming its
effectiveness in detecting plant diseases across
multiple crops. Overall, the proposed solution

provides an automated, cost-effective, and scalable
approach for plant disease detection. It reduces
dependency on manual inspection, enables early
disease identification, and supports timely decision-
making, thereby contributing to improved crop
productivity and sustainable farming practices.
Future Scope

Although the system demonstrates strong
performance, several enhancements can be explored
in future work:

e Integration of advanced transfer learning
models such as  EfficientNet and
MobileNetV3 for improved accuracy

e Expansion of dataset to include more crops
and rare disease classes

e Development of a mobile application for easy
accessibility by farmers

e Implementation of real-time camera-based
detection without manual image upload

e Addition of multilingual support for better
usability in rural areas

e Integration with  IoT
environmental  monitoring
humidity, soil data)

e Cloud-based analytics for long-term crop
health monitoring
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