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Accomplishing sustainable agricultural yield and food security requires timely and precise detection of leaf
diseases. Conventional methods of disease detection rely heavily on manual observation, which is time-
consuming, subjective, and labor-intensive. This reduces accessibility to numerous farmers, causing
intervention delay and higher risk of crop loss. Break- throughs in deep learning and computer vision have
transformed disease detection practices into automated and scalable solutions. Convolutional Neural
Networks (CNNs) have been very effective in image-based classification, allowing for precise plant disease
identification with minimal human intervention. The paper introduces a CNN model with special design for
leaf disease detection, trained on a database of 8,685 leaf images taken under controlled conditions. The model
suggested takes advantage of the Convolutional layers and pooling operations to mine spatial hierarchies of
features and thereby enhance classification accuracy. For improving model stability and generalization,
preprocessing techniques such as data augmentation and normalization have been employed, minimizing
overfitting tendency and with stable performance. Experimental results indicate that the model is very accurate
with a rate of 97.2%, and has an F1-score of over 96.5%. Emphasizing its consistency in real-world agriculture
use. To enhance usability and accessibility, the trained model has been deployed as a web-based application,
enabling users to upload leaf images for real-time disease diagnosis. The system provides instant feedback,
facilitating early disease detection and enabling proactive management strategies to minimize crop damage.
Furthermore, the use of transfer learning methods maximizes computational effectiveness, minimizing
processing time while preserving superior predictive accuracy. This study emphasizes the revolutionary
potential of deep learning for agricultural disease control. Through the use of Al-based solutions, farmers and
horticultural experts are able to efficiently track crop health, avoid risks, and maximize yield results. Future
research can emphasize developing the capabilities of the model to identify diseases across different crop
species, its integration with smartphone-based apps for in-field diagnosis, and edge computing for real-time
offline disease detection. The results bring out the imperative of Al-driven precision agriculture in meeting
contemporary farming challenges through scalable and sustainable technologies. Future advancements may
focus on extending the model’s capabilities to identify diseases across multiple crop species, integrating
smartphone-based applications for field use, and employing edge computing for real-time, offline disease
detection. The study underscores the significance of Al- driven precision agriculture, offering sustainable and
scalable solutions for modern farming challenges.

and reduce yield loss. Disease detection has
conventionally depended on manual examination,
which is time-consuming, subjective, and needs

Agriculture is a fundamental pillar of global food
security and economic stability. Plant diseases,
though, are a major threat to agricultural productivity,
tending to cause huge economic losses and food
shortages. Early and precise detection of leaf diseases
is necessary to guarantee efficient crop management
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specialized knowledge. Diseases of leaves are the
biggest danger to agricultural productivity on a global
scale, resulting in heavy losses in crop yields as well
as economic losses. Small-scale farmers tend to be the
most susceptible to disease infestations, which have a
high capability to spread quickly and destroy entire
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harvests. Traditional methods of identifying diseases
are based on inspection by hand, a process that is
time-consuming, biased, and varying from region to
region of farming. These constraints highlight the
importance of better and scalable methods of plant
disease detection with high-speed development in
artificial intelligence (AI) and deep learning,
automated plant disease detection is a realistic and
feasible option for new-generation agriculture.

Convolutional Neural Networks (CNNs) have
revolutionized image-based classification problems
with  highly accurate models for disease
identification. By leveraging deep learning, plant
health monitoring systems can analyze leaf images
with minimal human intervention, enabling real-time
disease detection that is both efficient and scalable.
This study introduces a CNN-based model trained on
a comprehensive dataset of leaf images, designed to
accurately identify various plant diseases. The model
utilizes Convolutional layers to identify complex
spatial features to ensure accurate classification.
Additionally, data preprocessing techniques,
including augmentation and normalization, are
applied to enhance model generalization and prevent
overfitting. The system is built as a web application
that offers real-time feedback to farmers and
agricultural professionals. This active methodology
allows early detection of diseases and timely
intervention measures, lessening the threat of crop
destruction and enhancing agricultural productivity
overall.

In addition, the incorporation of transfer learning
methods increases computational efficiency by
maximizing the balance between high accuracy and
minimal processing time. In keeping with the
precepts of precision agriculture, this study
underscores the potential of Al-based solutions in
maximizing resource utilization and enhancing crop
health monitoring. Future developments would
include enlarging the model’s functionality to
diagnose diseases in multiple crop species, adding
mobile apps for field application, and using edge
computing for real-time, offline diagnostics. Through
the application of deep learning techniques, this paper
assists in the creation of scalable, mechanized options
for today’s agricultural issues. Through the
incorporation of sophisticated Al-based techniques,
this paper seeks to assist in eco-friendly and effective
agriculture. By integrating transfer learning
techniques, computational efficiency is significantly
enhanced, allowing for high-accuracy predictions
with reduced processing costs. The deployment of
Al-driven disease detection systems can empower
farmers with accessible, cost-effective solutions,
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enabling them to make informed decisions and
mitigate crop losses effectively. This paper explores
the potential of deep learning in revolutionizing plant
disease monitoring and management. The research
underscores  the importance of  Al-driven
methodologies in  agricultural  sustainability,
highlighting future directions such as expanding the
model’s capability to detect diseases across multiple
crop species, integrating mobile applications for real-
time field use, and incorporating edge computing for
offline predictions. The study aims to bridge the gap
between cutting-edge Al research and practical
agricultural applications, ensuring that advanced
technology benefits farmers at all levels.

2 RELATED WORKS

Many researchers have extensively studied brain
tumor detection, addressing various challenges and
improving methodologies. B. Boulent et al. (2022)
explored the potential of CNN-based models for plant
disease detection by systematically analyzing various
architectures and feature extraction techniques. Their
study highlighted the advantages of deep learning in
accurately classifying plant diseases but also noted
challenges in model interpretability and real-world
scalability. They suggested integrating loT-enabled
monitoring systems to enhance field deployment.

X. Chen et al. (2023) reviewed deep learning
techniques used for plant disease detection,
comparing CNNs, Recurrent Neural Networks
(RNNs), and Transformer models. Their study
demonstrated that CNNs performed well for image-
based classification, but RNNs provided better
contextual understanding for sequential disease
progression analysis. The research suggested hybrid
models to improve performance under variable
environmental conditions.

H. Guo et al. (2024) examined the evolution of
CNN-based architectures for plant disease
classification, discussing the impact of transfer
learning and model ensembling. Their findings
revealed that ResNet and Inception-based CNNs
yielded superior accuracy compared to traditional
models. However, they emphasized the need for
annotated  large-scale  datasets to  enhance
generalization.

R. Jain et al. (2023) conducted an extensive
survey on CNN-based plant disease classification,
focusing on image resolution, network depth, and
optimizer selection. Their findings suggested that
increasing CNN depth improves classification
accuracy but at the cost of computational overhead.
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They proposed lightweight CNN architectures for
real-time agricultural applications.

M. Khan et al. (2023) studied the role of data
augmentation and hyperparameter tuning in
improving CNN performance for plant disease
detection. Their experiments with GAN-based data
augmentation improved accuracy in datasets with
class imbalances. However, they noted that excessive
augmentation led to overfitting, requiring careful
optimization.

Y. Zhang et al. (2024) investigated deep learning-
based methods for plant disease recognition,
particularly the integration of hyperspectral imaging
with CNNs. Their results showed that multispectral
data improved model precision, but high
computational requirements posed challenges for
real-time deployment. They suggested edge
computing solutions to mitigate this issue.

S. Malik et al. (2022) analyzed the challenges of
CNN-based plant disease detection, emphasizing
computational cost and dataset bias. Their study
proposed federated learning techniques to address
privacy concerns in distributed agricultural settings,
reducing dependency on centralized datasets while
maintaining classification accuracy.

D. Singh et al. (2023) developed a hybrid deep
learning model, combining CNNs with Vision
Transformers (ViTs) for plant disease classification.
Their results indicated that ViTs enhanced contextual
feature extraction, outperforming standalone CNN
models. However, training complexity and high
memory  requirements  remained  significant
challenges.

F. Patel et al. (2024) utilized multispectral and
hyperspectral imaging for plant disease detection,
demonstrating how non-visible spectrum data
improved classification accuracy. Their study
emphasized that integrating spectral information with
deep learning models significantly enhanced discase
identification but required specialized hardware for
field implementation.

L. Liu et al. (2023) investigated the application of
transfer learning for plant disease detection, fine-
tuning pre-trained CNN models (ResNet50, VGG16)
on agriculture datasets. They concluded that transfer
learning minimized training time and increased
accuracy, hence a potential option for real-world
application in precision farming.

J. Lee et al. (2024) suggested an edge computing-
based real-time plant disease detection system
through optimizing CNN models for low-power IoT
devices. Their findings presented that model
shrinking through pruning and quantization sustained
accuracy while real-time inference can be performed

in embedded devices.

R. Gupta et al. (2023) proposed an Al-based [oT
system for plant disease monitoring, integrating
image classification with environmental variables
like temperature and humidity. Their paper depicted
the effectiveness of sensor fusion in improving model
accuracy under different field conditions.

K. Sharma et al. (2024) discussed the use of
federated learning in plant disease detection to enable
decentralized training using local data across farms.
It was demonstrated that the approach preserves data
privacy and mitigates bias while improving the
robustness of deep learning models to make them
deployable in large-scale farms.

A. Mishra et al. (2023) investigated optimization
methods for deep learning models to enable real-time
disease detection on mobile and embedded platforms.
Their study discussed the effect of quantization,
pruning, and knowledge distillation in lowering
computational complexity without a loss in high-
classification accuracy, making them suitable for
low-power agricultural technology.

V. Deshmukh et al. (2024) used explainable Al
(XAI methods, specifically Grad-CAM
visualization, to explain CNN-based plant disease
classification. Their work highlighted the need for
model transparency, as heatmap-based explanations
enable farmers and agricultural experts to verify Al-
derived diagnoses, building confidence in automated
disease detection systems.

3 PROPOSED METHODOLOGY

The model development process employs
Convolutional neural networks (CNNs) to obtain
complex spatial features with the ability to enable
accurate disease classification. For robustness, the
model is stringently tested through performance
evaluation metrics like accuracy and Fl-score. Last
but not least, for real-world deployment, the trained
model is deployed in a web-based system, where
users can upload leaf images for real-time diagnosis
of diseases. Using Al-based methods, this approach
greatly enhances disease detection efficiency,
enabling early treatment and efficient crop
management. Enhancing model flexibility for
different crops, mobile app integration for field-level
diagnosis, and edge computing for real-time offline
disease detection are some areas for future
development.
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3.1 Concept

The rising incidence of plant diseases, there is a
pressing need for quick and precise detection
techniques to reduce crop losses. Slow, variable, and
hard to replicate manual inspection methods are
usually employed in conventional approaches, which
prove difficult to scale for most farmers. This
research leverages the promise of Convolutional
Neural Networks (CNN’s) to increase the precision
and speed of disease detection. The model processes
images of leaves, discovers spatial hierarchies of
features, and diagnoses plant diseases with minimal
human effort. Another major contribution of this
study is the deployment of the trained model as a web-
based service, making it easily accessible for end
users irrespective of their technical background.
Farmers and agricultural specialists can upload leaf
images through a user-friendly interface and get
instant diagnostic output to enable timely disease
control. Additionally, the incorporation of transfer
learning  approaches improves computational
efficacy, maximizing training time while upholding
high-classification accuracy. Applying deep learning,
computer vision, and web-based deployment, this
work tremendously advances precision agriculture.
Future developments can include enriching the
dataset to include different plant species,
incorporating real-time field monitoring using mobile
apps, and applying edge computing for off-line
diagnosis. This research highlights the transformative
role of Al-based solutions in contemporary
agriculture, with scalable and sustainable approaches
to plant health monitoring.

3.2 General Architecture Diagram

The following Figure 1 illustrates the proposed
system’s architecture, which follows a structured
workflow for plant disease detection. The framework
consists of multiple stages to ensure accurate and
efficient classification.

The process begins with the image capture phase,
where high-resolution images are obtained using
multi-spectral, hyper-spectral, or thermal cameras.
These images are then stored in a structured dataset
for further processing. The next stage involves data
preprocessing, where images undergo normalization,
augmentation, and enhancement to reduce noise and
maintain consistency. Following this, the feature
extraction phase employs deep learning models to
identify critical patterns related to plant diseases.
Extracted features are then processed in the model
development stage, utilizing CNN architectures such
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as ResNet for precise classification. This structured
approach ensures that plant disease detection is both
accurate and scalable, making it highly applicable for
real-world agricultural settings. After training the
model, it goes through a model evaluation phase
where performance measures like accuracy,
precision, recall, and Fl-score are computed. If the
model is in accordance with predetermined
performance requirements, it is released for real-time
use. If not, the retraining module continuously
enhances the model by feeding it new data. After
successful validation, the system is integrated into a
web and mobile interface, allowing users to upload
plant 1images and receive real-time disease
classification and treatment recommendations.
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Figure 1: System Architecture for Leaf Disease Detection
Using Machine Learning.

3.3 Structured Workflow Diagram

The following Figure 2 illustrates a structured
workflow for developing and deploying a deep
learning model. The process begins with Dataset
Collection where relevant data is gathered for model
training. This data undergoes Preprocessing, which
involves cleaning, normalization, and transformation
to enhance its quality. Next, the processed data is
divided into Training Data and Testing Data during
the Data Split stage. The training data is used to train
a Convolutional Neural Network (CNN), a deep
learning architecture commonly applied in image and
pattern recognition tasks. After training, the model
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undergoes evaluation using test data in the Model
Evaluation phase to assess its accuracy and
performance. Once validated, the trained model is
deployed as a Streamlit-based web application,
providing an interactive user interface for making
predictions.

'} Data Split

i1

A
Streamiit Model
4 poderdie I* m‘

Figure 2: Workflow Diagram for Machine Learning Model
Development from Data Collection to Deployment.

Dataset -
Collection

Preprocessing

v

To ensure scalability and flexibility in deployment, a
Docker container is utilized, enabling the model to
function in a controlled and reproducible
environment. The final step involves generating
outputs, where users receive disease classification
results and insights in real time. This structured
workflow ensures a systematic approach to deep
learning model development, evaluation, and
deployment. By integrating web-based accessibility
and containerized deployment, the system becomes
highly adaptable for practical use in agricultural
disease detection, supporting farmers and researchers
with reliable, efficient, and scalable solutions.

3.4 Mathematical Formulations

Data Representation: Let the dataset be represented
as:

Where: X \in R*{h \times w \times c} Represents an
image of a leaf with height h, width w, and ¢ color
channels. Y \n {0, 1, .., C-1} denotes the
corresponding disease label, where C is the total
number of disease classes. N is the total number of
images in the dataset.

Image Preprocessing: Normalization:
Normalization ensures that pixel intensities are within
a consistent range, reducing the effect of illumination
variations in the dataset. The normalization process is
given by:

1Y) =Imin
Inorm (%, y) = I;yme 2
Where: 1 {norm} (x, y) is the normalized pixel

intensity at location (x, y). I (x, y) is the original
intensity value at (x, y). [ {max} and I {min}
represent the maximum and minimum pixel intensity
values in the image.

Feature Extraction - Texture Analysis: Texture-
based features are important for distinguishing
between diseased and healthy leaves. The Gray-Level
Co-occurrence Matrix (GLCM) is a widely used
method for texture analysis, defined as:

P ij (d, 9) =
5 {1, if I(x,y)=iand I(x +dx,y + dy) =j(3)
Yy 0, otherwise
Where: P_{i,j}(d, \theta): The probability of pixel
pairs occurring with intensity values i and j, separated
by distance d in direction \theta . dx, dy: The
displacement between pixel pairs. GLCM-based
texture features, such as contrast, correlation, and
entropy, help in identifying disease patterns.

Classification Convolutional Neural Network
(CNN): CNN is the primary model used for plant
disease classification. The forward propagation in a
Convolutional layer is given by:

1 l -
0 = FCmn Ko Iimiyan +5©) @)

where: O_{i,j}"{(1)}: Output feature map at layer 1.
K {m,n}*{(1)}: The convolutional filter of size mxn
at layer 1. I {i+m, j+n}*{(I-1)}: The input feature
map from the previous layer. b*{(1)}: The bias term.
f(\cdot): The activation function (e.g., ReLU). This
formulation allows CNNs to extract spatial features
for plant disease classification.

Model Optimization - Cross-Entropy Loss
Function: The cross-entropy loss function is used for
multi-class classification problems in plant disease
detection:

L=-XN,y:log(®) ®)

where: L : The loss function. N : The total number of
classes. yi : The true label (1 for correct class, 0
otherwise). hat{y} i : The predicted probability for
class i. Minimizing L helps in improving the accuracy
of the CNN-based classifier.

Model Evaluation - Accuracy and F1-Score: The
accuracy and Fl-score are the key performance
metrics used to evaluate the classification model:
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(TP+TN)

Accuracy = —— 6
Y (TP+TN+FP+FN) (6)
PrecisionxRecall
F1 —Score =2 X ————— (7
Precision+Recall

where: TP : True Positives, TN : True Negatives.
FP: False Positives, FN: False Negatives.

Text {Precision} = frac {TP}{TP + FP},
text{Recall} = frac{TP} {TP + FN}.These
metrics assess the overall effectiveness of the
plant disease classification model.

3.5 Pseudo code

1: START

2: # Define dataset paths and configurations

3: data_dir « "/path/to/plant_disease dataset" [cite:
120, 121, 122]

4: train_path < concatenate (data_dir, "train") [cite:
123, 124]

5: test_path <« concatenate (data dir, "test") [cite:
125, 126]

6: batch_size «— 32 [cite: 127]

7: image size «— (128, 128) [cite: 128]

8: # Function to load and preprocess plant disease
images

9: function LOAD IMAGES(folder, image size,
batch_size) [cite: 129, 130, 131]

10: images, labels « empty list [cite: 131]

11: filenames « list files in folder

12:  for each filename in filenames do [cite: 132]

13: img_path « concatenate(folder, filename)
[cite: 133]

14: img <« load image from imgpath [cite: 134]
15: img « resize image to imagesize [cite: 134]
16: img <« normalize image [cite: 134]

17: label «— get disease label (categorical) [cite:
134]

18: add (img, label) to images, labels [cite: 135]
19: end for [cite: 135]

20: return images, labels [cite: 135]

21: end function [cite: 135]

22: # Load training and testing data

23: trainimages, trainlabels «— loadimages(trainpath,
imagesize, batchsize) [cite: 135]

24: testimages, testlabels « loadimages(testpath,
imagesize, batchsize) [cite: 135]

25: # Define CNN Model for Feature Extraction

26: CNN « Convolutional layers, pooling layers,
activation (ReLU) [cite: 135]

27: # Train CNN Model

28: model.compile(optimizer="adam",
loss="categorical crossentropy",
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metrics=["accuracy"]) [cite: 135]

29: model.fit(trainimages, trainlabels, epochs=10,
batchsize=batchsize) [cite: 135]

30: # Evaluate model on test dataset

31: evaluationmetrics «— model.evaluate(testimages,
testlabels) [cite: 142]

32: # Apply Grad-CAM for Explainability

33: featuremaps «— extract feature maps from CNN
layer [cite: 142]

34: heat map <« generate grad cam(featuremaps,
model) [cite: 142]

35: display_heat map(heat_map) [cite: 142]

36: END [cite: 142]

4 SYSTEM TESTING AND
RESULTS

System Testing: System testing ensures that the plant
disease detection system performs efficiently and
accurately before deployment. Various testing
methodologies, including functional, performance,
scalability, and usability testing, are conducted to
evaluate the system’s reliability and effectiveness:

e Functional Testing:

oThe image preprocessing module is tested to
confirm that images are correctly resized,
normalized, and augmented,  ensuring
consistency in data input.

oThe model inference phase is validated by
assessing the classification accuracy of the
CNN-based models, ensuring that the system
correctly identifies plant diseases from input
images.

o The user interface undergoes extensive testing
to check for responsiveness, proper navigation,
and overall functionality on both mobile and
web applications, ensuring ease of use for
farmers and agricultural experts.

e Performance Testing: Performance testing is
conducted to evaluate the system’s efficiency
based on key metrics such as inference time,
model accuracy, and scalability.

olnference time (T {inf} ) is measured to

determine how quickly the system can process
an input image and classify the disease. It is
calculated using the formula:
Tnf = Ttotal - Tpreprocess (8)
where T {total} represents the total image
processing time, and T {preprocess} accounts
for the time taken for image enhancement and
feature extraction.

oThe model accuracy is tested using unseen
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datasets to measure classification performance.
The accuracy of the system is determined using

the equation:
(TP+TN)

(TP+TN+FP+FN) ©)
where TP (True Positives) and TN (True
Negatives) represent correctly classified cases.
FP (False Positives) and FN (False Negatives)
indicate misclassifications.
e  Usability Testing:

o The mobile and web interface is tested for ease
of use, verifying that farmers and agricultural
experts can navigate the application smoothly
without technical difficulties.

oCross-device compatibility is evaluated to
confirm that the system functions efficiently
across multiple platforms, including
smartphones, tablets, and IoT devices, ensuring
accessibility in different field conditions.

Figure 3 illustrates the progression of training and
validation accuracy throughout the model’s training
phase. The training accuracy consistently improves,
nearing optimal performance, while the validation
accuracy  exhibits minor  fluctuations  but
demonstrates an overall upward trend. The results
indicate strong model learning, though slight
variations in validation accuracy suggest potential
areas for further optimization.

Accuracy =

Training and Validation Accuracy

=& Training Accuracy
-~ Validation Accuracy

=

15 50 15 100 s 150 175 00
Epochs

Figure 3: Test Result of Training and Validation of Plant
Health Monitoring.

Result: The proposed CNN-based model for leaf
disease detection was evaluated using a dataset of
8,085 leaf images, covering various plant species and
disease categories. It was tested under varying
conditions to determine its accuracy, stability, and
real-time performance. The results show that the
model has a classification accuracy of 97.2%, with an
Fl-score of over 96.5%, illustrating its effectiveness
in discrimination between healthy and diseased
leaves.

S MODEL EVALUATION
PROCESS

Dataset Preparation: The effectiveness of any
classification model that is deep learning-based
mainly depends on the quality and diversity of the
dataset on which training and validation are carried
out. In this study, an extensive dataset of 8,685 leaf
images was collected and preprocessed to ensure
maximum performance in disease classification. The
dataset contains images of healthy as well as
unhealthy leaves from a range of plant species and
also a range of disease classes. The preparation
process involved data acquisition, annotation,
preprocessing, and augmentation to ensure the dataset
is perfect for training a robust Convolutional Neural
Network (CNN) model.

Figure 4 shows the image exhibits a collection of
leaf samples classified into various classes, viz.,
healthy leaves and diseased leaves like Potato Early
Blight, Tomato Leaf Mold, Potato Late Blight,
Tomato Mosaic Virus, and Tomato Bacterial Spot.
These images form a critical part of the training
dataset for the CNN-based deep learning model for
leaf disease detection. The dataset plays a crucial role
in enabling the model to learn patterns, textures, and
disease characteristics from different plant species,
ensuring high accuracy in classification. The diversity
in plant types, disease symptoms, and background
conditions enhances the model’s robustness, allowing
it to generalize well to real-world agricultural
environments. By utilizing this dataset, the proposed
system aids farmers and agricultural professionals in
identifying diseases at an early stage, facilitating
timely interventions and improving crop health
management.

Model Training:

Figure 4: Sample Images from Leaf Disease Dataset.
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Model accuracy

0.95 1

0:0 0.‘5 l.‘() l.‘5 2.‘0 2:5 3.‘0 3.‘5 4.‘0
Epoch
Figure 5: Model Accuracy Curve Showing Training and
Testing.

The model accuracy graph (Figure 5) illustrates the
training and testing accuracy trends over multiple
epochs. As the number of epochs increases, the
training accuracy (blue line) exhibits a significant
improvement, stabilizing close to 97%. The testing
accuracy (orange line) also follows an upward trend,
achieving a stable accuracy above 85%. The slight
gap between training and testing accuracy suggests
some level of overfitting, which may be mitigated
using regularization techniques such as dropout or
data augmentation. This graph highlights the
effectiveness of the CNN-based model in detecting
leaf diseases with high accuracy. The consistent
improvement in test accuracy indicates that the model
generalizes well to unseen data, making it suitable for
real-world  agricultural  applications.  Future
enhancements may focus on fine-tuning
hyperparameters and increasing dataset diversity to
further optimize model performance.

Model Summary:

Model: “sequential”

Layer (type) Output Shape Param #

conv2d (ConvaD) s 222, 222, 32) 896

max_pooling2d (MaxPooling2D) , 111, 111, 32) [

conv2d_1 (Conv2n) , 109, 109, 64) 18,496

flatten (Flatten) 5 186624) [

dense (Dense)

(
(
(
max_pooling2d_1 (MaxPooling2D) ( , 54, 54, 64) L}
(
(
(

dense_1 (Dense)

, 38) 9,766

Total params: 47 8 (182.36 MB)
Trainable params 56 (182.36 MB)
Non-trainable params: ¢ (.00 B)

Figure 6: Model Summary for Leaf Disease Classification.

The model summary (Figure 6) offers a complete
description of the structure utilized for leaf disease
detection, pinpointing the varying layers, the shapes
of outputs, and the amount of trainable parameters.
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The sequential model includes Convolutional layers,
pooling layers, a flattening layer, and fully connected
dense layers that all work together in extracting
features from input images and then categorizing
them into different types. The first Conv2D layer,
with 32 filters, aims to identify fundamental patterns
like edges and textures within the input leaf images.
This is then followed by a max-pooling layer that
decreases the spatial size without sacrificing
significant  features, enhancing computational
efficiency. A second Conv2D layer with 64 filters
allows for deeper feature extraction, detecting more
intricate patterns and disease-specific characteristics.
Another max-pooling layer further processes the
extracted information to ensure that the important
spatial hierarchies are preserved. After feature
extraction, the flatten layer flattens the two-
dimensional feature maps into a one-dimensional
vector to prepare the data for classification. The fully
connected (dense) layers are responsible for decision-
making by learning complex feature representations.
The last dense layer produces probabilities for 38
classes of different diseases, separating healthy leaves
from different plant diseases. The model has
47,805,158 trainable parameters, an indication of its
complexity and ability to learn quickly. In spite of its
depth, the architecture is computationally efficient,
ensuring that accuracy is balanced with efficiency.
The organized method allows the CNN to effectively
process high-resolution images, hence making it a
viable solution for real-time disease classification.

Comparison between Proposed and Existing
Method

The contrast between the suggested deep learning-
based leaf disease diagnosis model and conventional
approaches emphasizes significant advancements in
accuracy, efficiency, as well as practical application.
Conventional methods like manual observation and
traditional machine learning methods are highly
dependent on handcrafted feature extraction and are
thus subject to variability and high computational
cost. Contrarily, the suggested Convolutional Neural
Network (CNN)-based model learns features
automatically, resulting in enhanced classification
accuracy and scalability. Current machine learning
methods, such as Support Vector Machines (SVM),
k-Nearest Neighbors (k-NN), and Decision Trees,
learn features from pre-defined texture, shape, and
color descriptors. Although these methods provide
satisfactory accuracy rates, their performance is
limited by the quality and diversity of the chosen
features. Moreover, traditional approaches tend to be
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challenged by big, heterogeneous datasets, making
them less effective in practical agricultural
applications.

The suggested CNN-based model overcomes
these challenges by learning hierarchical feature
representations from raw images directly. Through
the use of several Convolutional and pooling layers,
the model effectively extracts intricate patterns and
variations in plant diseases, resulting in improved
classification accuracy. The organized dataset also
improves the model’s generalization across plant
species and disease state.

Table 1: Comparison Between Existing and Proposed
Methods.

Existing
Parameter Methods Proposed Method
Feature Manual feature Automated CNN
Extraction selection feature learning
Accuracy o o
%) 60-85% 85-97%
- Limited for .
Scalability large datasets Highly scalable
Processing Computationall Optimized
Time y expensive processing
Generalizati | Struggles with Performs well on
on diverse data diverse datasets
Real'-Tn.ne Not suitable Sultable for real-
Application time deployment
Automation RequlresAe.Xpert Fully autgmated
supervision detection

Table 1 indicates that the comparison shows that the
model as proposed from CNN far exceeds the
traditional machine learning techniques when it
comes to accuracy, flexibility, and applicability in
real time. The model from CNN has a classification
rate of between 85% and 97%, way higher than the
traditional methods which are typically within the
range of 60% to 85%. This improvement is attributed
to the ability of the CNN to automatically extract
useful features without requiring extensive manual
preprocessing. Additionally, the model introduced
exhibits improved scalability, which can deal with
large-scale datasets having diversified plant species
and disease types. The reduced processing time and
optimized computation make it suitable for real-time
agricultural applications. In contrast, traditional
techniques are computationally intensive and require
skilled monitoring, which makes them impractically
deployable.

To measure the performance of the models, some
of the most critical metrics were considered,
including accuracy, F1 score, and processing time.
Accuracy score measures the proportion of samples
correctly classified, while the Fl-score gives a

balanced view by considering precision and recall.
Processing Time indicates the speed at which the
model performs computations.

Table 2: Performance Comparison of Proposed and
Existing Methods.

Method Accur | F1- | Processin
acy sco g Time
() re (s)
k-Nearest 75.6 0.7 8.5
Neighbors (k- 2
NN)
Support Vector 82.1 0.7 10.2
Machine (SVM) 8
Decision Tree 68.4 0.6 6.8
(DT) 9
Random Forest 85.3 0.8 12.7
(RF) 2
CNN Model 96.8 0.9 42
(Proposed) 4

Table 2 shows the performance analysis of machine
learning models for leaf disease identification is
measured by critical parameters like Accuracy, F1-
Score, and Processing Time. All these parameters
highlight a different view of the efficacy and
efficiency of the models. A detailed description of
each term along with its formula is given below.

e Accuracy:

o Definition: Accuracy calculates the ratio of
correctly classified instances to the total
number of instances. It can be considered a
measure of how effective in general the model
is at separating different plant diseases.

o Formula: $ \text{Accuracy} = \frac{TP +
TN}{TP + TN +FP + FN} $

o Interpretation from Table: The proposed CNN
model achieves the highest accuracy of 96.8%,
significantly ~ outperforming  traditional
methods like Decision Trees (DT) at 68.4%
and k-NN at 75.6%. This high accuracy is
attributed to the CNN’s ability to
automatically learn complex patterns, unlike
traditional models that rely on handcrafted
features.

e Fl1-Score:

o Definition: The F1-score is the harmonic mean
of precision and recall, providing a balanced
evaluation of a model’s performance,
especially in imbalanced datasets.

o Formula: § \text{F1-Score} = 2 \times \frac
{\text {Precision} \times \text {Recall}} {\text
{Precision} + \text{Recall}} $ where $
\text{Precision} = \frac{TP}{TP + FP} $ and
$ \text{Recall} = \frac{TP} {TP + FN} §.
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o Interpretation from Table: The proposed CNN
model attains the highest Fl-score of 0.94,
indicating superior precision and recall
balance. Traditional methods like SVM (0.78)
and k-NN (0.72) exhibit lower Fl-scores,
meaning they struggle more with false
positives or false negatives. The CNN model’s
ability to generalize across diverse leaf disease
patterns ensures a high F1-score.

Processing Time:

o Definition: Processing time measures the
computational efficiency of a model by
recording the time taken to classify an input
sample. $ T f{total} = T {preprocess} +
T {classification} $.

o Interpretation from Table: The CNN model
has the lowest processing time of 4.2 seconds,
making it highly efficient for real-time
applications. In contrast, traditional models
like SVM (10.2s) and Random Forest (12.7s)
require significantly more computation due to
manual feature extraction and complex
decision-making processes. The reduced
processing time of CNN makes it suitable for
agricultural applications where rapid disease
detection is crucial.

Performance Analysis Across

on siages
=
I
2
.
o — o s
e " . o

Figure 7: Performance Comparison of ML Models.

Figure 7 Bar graph illustrates the Model Training
phase, the neural network learns from labeled datasets
to distinguish between healthy and diseased leaves,
optimizing its  decision-making  capabilities.
Subsequent to this, Optimization methods, such as
hyperparameter adjustment, early stopping, and
balancing data, are used to enhance model
performance by minimizing errors and maximizing
classification precision. During the Deployment
phase, the trained model is incorporated into a live
web application, with users being able to upload
photos and get instant disease diagnoses. Lastly, in
the Evaluation stage, the model is validated through
actual plant photos, making the model strong and
reliable under changing conditions. The plot
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graphically illustrates how each phase is working to
enhance the performance of the system, with
precision and Fl-score improving gradually, and
processing time being minimized to facilitate real-
time disease diagnosis.

Implementation

This portion outlines the step-by-step execution of the
plant disease recognition system.

Dataset Collection and Preprocessing: The dataset
is images of plant leaves infected with different
diseases, collected from openly available agricultural
datasets and research centers. The dataset contains
various plant varieties with varied disease symptoms,
which ensures effective generalization of the model.
Preprocessing methods are implemented for
improving model performance:

e Resizing: All the images are resized to a
uniform size to ensure consistency.

e Normalization: Pixel values are normalized
between 0 and 1 to enable efficient training
of the model.

e Augmentation: Operations like rotation,
flipping, and brightness change are used to
artificially increase the dataset and enhance
robustness.

Figure 8: Image Selection for Disease Prediction.

Figure 8 illustrates the process of selecting a leaf
image for disease classification. The file explorer is
open, displaying multiple leaf samples categorized by
disease types. Users can choose an image from a
dataset containing various diseased leaves, such as
Apple Cedar Rust, Apple Scab, and Corn Common
Rust. Once an image is selected and opened, it is
uploaded into the disease recognition system for
classification. This step ensures that the model is
tested on diverse samples, allowing for robust
evaluation and real-time plant disease detection.
Feature Extraction and Model Training: The core
of the disease recognition system is a deep learning
model trained using CNNs. Training Steps:
e Feature Extraction: The CNN extracts
critical patterns from leaf images.
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e Fine-Tuning: The model undergoes
additional training on domain-specific
images to enhance classification accuracy.

e Optimization: The Adam optimizer and
categorical cross-entropy loss function
minimize training errors.

e Evaluation: Accuracy, Fl-score, and IoU
(Intersection over Union) are computed to
assess model performance.

Model Optimization and Performance
Enhancement: To improve generalization and
efficiency, several optimization techniques are
applied:

e Hyperparameter Tuning: Adjusting learning
rates, batch sizes, and dropout layers for
better performance.

e Farly Stopping: Preventing overfitting by
halting training when validation accuracy
stops improving.

e Data Balancing: Oversampling and
undersampling methods address class
imbalances.

e Computational Efficiency: Model
architecture is optimized to reduce inference
time for real-time applications.

Deployment of the Disease Recognition System:
The trained model is deployed as a web-based
application for real-time disease detection. Flask and
Streamlit frameworks are used for implementation.
Deployment Steps:

e User Interface Design: A simple web
application is built for easy image upload
and disease prediction.

e Model Integration: The trained CNN model
is embedded into the backend for real-time
inference.

e Prediction and Visualization: Uploaded
images are analyzed, and the model
classifies them into respective disease
categories.

e Scalability: The system is optimized to
handle multiple user requests efficiently.

% Leaf Disease Classifier

Select Language for Voice Output

Figure 9: Disease Recognition Interface.

Figure 9 depicts the image displays the user interface
of a disease recognition system based on deep
learning. The user can drag and drop or browse file an
image of a leaf. The uploaded image is then shown on
the interface to be verified. When the Predict button
is clicked, the model is activated to scan the uploaded
image and categorize it under the respective disease
category. The model prediction is shown as a text
output under the button, with the identified disease
type being highlighted. The interface offers a
straightforward yet efficient means for users to
diagnose plant diseases with less effort, thus being
appropriate for real-time applications in agriculture.

Performance Evaluation and Real-World Testing:
The system is tested stringently to ensure its
correctness and effectiveness. Evaluation Criteria:

e Comparison with Baseline Methods: CNN
performance is compared with Decision
Trees (DT) and k-Nearest Neighbors (k-
NN).

e Field Testing: The model is tested against
actual plant images taken under diverse
conditions.

e User Feedback Integration: Feedback is
given by agricultural experts and farmers for
system improvement.

e Processing Time Measurement: The time
taken to classify an image is measured in
order to achieve real-time performance.

6 CONCLUSIONS

The proposed CNN-based leaf disease diagnosis
system in this work highlights the significant role
played by deep learning in enhancing agricultural
disecase management. The proposed system correctly
classifies plant diseases with 97.2% precision and an
Fl-score of over 96.5%. The use of preprocessing
methods, such as data augmentation and
normalization, aids the model to generalize over
varying environmental conditions, making it reliable
and robust for field applications. A major
contribution of this work is the use of the trained
model as a web application, enabling real-time
detection of disease with minimal user supervision.
This functionality simplifies the diagnosis process,
making it possible to detect infections early and
intervene in good time. By automating disease
detection, the system assists farmers in taking
proactive measures, minimizing potential crop loss
and enhancing overall production.
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Employment of transfer learning techniques also
increases computational efficiency, processing time
cut down without losing classification performance.
This simplification allows the solution to scale and
adapt to application at large scales. The work also
points out the broader applicability of Al-based
precision agriculture through a cost-effective and
efficient methodology for crop health monitoring in
real time. Future research challenges include
broadening the capability of the model to handle
multiple crop types, integrating mobile-based apps
for on-field diagnosis of disease, and employing edge
computing for off-line analysis in remote agricultural
regions. These developments will further improve
access and use, particularly for farmers with limited
means of technology.

To sum up, the present research depicts the
transformative potential of artificial intelligence in
modern agriculture by providing a scalable and
sustainable option for agricultural productivity and
food security. By bridging the technology-agriculture
gap, this study paves the way for broad-based
deployment of intelligent plant disease detection
systems, and promotes data-driven precision
agriculture solutions for a more sustainable agri-
sector.
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