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Abstract: Rapid advances in agricultural technology
created opportunities for machine learning (ML)
applications to detect plant diseases. The proposed
framework implements an efficient scalable approach
to plant disease detection by using machine learning
algorithms which focus on image-based analysis.
Through a diverse leaf image plant dataset conduct
evaluations of supervised learning systems that
combine Support Vector Machines (SVMs), Random
Forests and Convolutional Neural Networks (CNNS).
A new system was developed to detect strong features
and precisely diagnose the plant disease among
different plant varieties using a CNN detection system
with  several convolutional layers. Contrast
adjustment reductions and data augmentation
preprocessing techniques were used to boost system
performance, because they assisted in models
generalizing on unobserved data. We show our study
that the CNN model gives out excellent 96.8%
accuracy superior to the conventional algorithms in
all performance metrics such as precision, recall and
Fl-score. It is a system for an early accurate and
economically feasible disease detection that would
support precision farming by keeping the crops safe
and the food supply steady. Field level disease
surveillance is implemented with an investigation of
real-time deployment strategies that use loT and edge
computing technologies. Results from this articulated
framework are shown to have great potential for
converting agricultural operations to sustainable
farming practices.
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1. INTRODUCTION

It is important to note that Agriculture plays both
food security and economic power at national level
where a given community’s income depends on
farming. Diseases are still significant challenges for
plant health due to the rapid growth of diseases
under favourable conditions that result in huge
losses to farmers and numerous adverse effects to
the environment. However, while quick detection
processes combined with quick intervention apply
the historical strength of plant disease control
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measures such methods of detection have a number
of major challenges.

Manual inspection of plant disease by farmers and
experts is expensive and takes a long time as well
as provides imprecise results due to human error
and varied experience. The large extent of the plant
quantity does not allow independent inspection in
large scale agriculture. The major limitation
indicate that there is a crucial requirement of an
automated system that can flexibly increase its
range and is able to give out precise results of the
disease diagnosis.

Current advancement in machine learning reveals
that most of the challenges facing agriculture can
be solved to a very high degree. The advancement
of the convolution neural networks in image
processing makes it possible to implement
automated feature extraction that results in high
level classification. Here, automated systems are
superior in analyzing disease indicators which are
hard to be detected by human since they do not fall
within the realm of normal human observation.

Hybridization of machine learning with advanced
picture repositories creates powerful ways to
diagnose plant diseases at the preliminary level.
The proposed machine learning models make it
easier and efficient in categorizing large sets of
plant images due to the comparison between the
time taken by the models and traditional techniques
and the ability to classify them correctly. Farmers
who apply the loT-smart devices get real-time
information on the field that enables them to assess
the situation and decide on the actions to take
concerning their crops.

The current research produces a comprehensive
plant disease recognition system which employs
advanced machine learning algorithms to identify
and classify diseases through leaf image analysis.
The study investigates multiple image-based
disease detection systems starting with CNNs and
enhancing understanding with evaluations of
Support Vector Machines (SVMs) and Random
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Forests performance. Through this updated
methodology human intervention will be reduced
while delivering essential support to both precision
farming and sustainable agriculture methodologies.

This study examines essential aspects of machine
learning model scalability for agricultural use and
analyzes preprocessing methods to gauge their
effect on efficiency which leads to exploring ways
to deploy models in agricultural contexts with
limited resources. The research results create
important ~ connections  between  scientific
development and practical utility to provide
farmers with resources for improving crop health
and increasing agricultural production.

Il. RELATED WORKS

Machine learning methods generate substantial
interest for plant disease detection which leads and
transforms modern agricultural practices. The study
by Mohanty et al. [1] proves that CNNs can detect
multiple plant diseases via analysis of leaf images.
The method attained fantastic  accuracy
performance  which proved deep learning
methodologies surpass conventional evaluation
techniques. Camargo with Smith recognized
handcrafted features of both texture and color to
direct the training of traditional machine learning
models including SVMs and Random Forests. The
examined solutions effectively handled small
datasets but showed inadequate performance with
large and varied data collections.

From Zhang et al. [3] came a lightweight CNN
architecture built to run efficiently on mobile
systems. The developed system highlighted the
importance of designing efficient computational
solutions for real-world implementation. Brahimi et
al. [4] implemented transfer learning methods
through their use of pre-trained models termed
AlexNet and ResNet while benefiting from reduced
training duration and strong accuracy performance.

An additional main research direction focuses on
resolving issues related to multiclass classification
tasks. A deep learning pathway established by
Sladojevic et al. [5] allowed simultaneous detection
of various diseases across different environmental
circumstances. The combination of traditional
feature engineering methods with deep learning led
to better accuracy and robustness according to
Ferentinos in his study [6].

American scientists Lu et al. [7] applied data
augmentation methods that included rotation and
scaling as well as flipping to make their models
more generally applicable while lowering chances

of overfitting. The practical side of disease
detection employs device and drone combinations
to obtain real-time field measurements according to
Ramcharan et al. [8] alongside Li et al.'s [9] system
which uses edge-based disease processing to
decrease latency.

The access to extensive large datasets accelerated
multiple advancements in plant disease research.
PlantVillage dataset from Hughes and Salathé [10]
serves as the reference standard for model training
and assessment regarding plant disease detection.
The research published by Behmann et al. [11]
demonstrated how hyperspectral imaging combined
with early disease detection represents possible
trends in non-visible spectral analysis.

Grad-CAM by Selvaraju et al. [12] developed a
visualization technique for CNN predictions that
focuses on relevant areas thereby establishing
trustworthiness in automated systems. The research
by Pantazi et al. [13-16] demonstrates how to
merge these technologies into precision agriculture
systems so they can optimize resources through
automated decision protocols.

Research conducted in this field creates substantial
knowledge but this work focuses on resolving
scalability and real-time delivery and adaptability
issues.

3. METHODOLOGY

The methodology involves several key stages: data
collection, preprocessing, model design, training,
evaluation, and deployment shown in the Figure 1.

3.1 Data Collection

The research data originates from plant leaf photo
repositories where the PlantVillage dataset serves
as the main collection source. The widely used
dataset acts as a benchmark for plant disease
detection research through its 54,000 images which
cover 14 plant species and 38 different diseases.
The study expanded disease identification
robustness through integration of data sources that
included field images, aerial images captured by
drones and real-time sensory data from loT
platforms. The collected images were categorized
into three major groups: Our data collection
included three distinct groups: healthy plant leaves
with normal appearance and diseased plant leaves
alongside  ambiguous samples  subject to
environmental influences that might compromise
plant wellness. Multiple data preconditioning
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techniques were employed during preprocessing to
optimize dataset quality through 224 x 224 pixel
resizing and [0,1] normalization alongside
Gaussian and median filtering to reduce noise. The
Adaptive Histogram Equalization (AHE) method
added contrast enhancement to improve
observation of features. The dataset enhancement
process included using data augmentation
mechanisms among random rotations together with
horizontal flip operations and vertical flip
operations and scaling and cropping and brightness
modifications and Gaussian noise injection. By
applying these transformations to the images the
approach could generate various lighting scenarios
together with scale changes and position alterations
to minimize the possibility of model overfitting.
Appropriate model training alongside evaluation
was feasible through the allocation of 80% data to
training purposes while combining smoking
processes assigned 10% to validation and testing
[17-19]. Certified agricultural experts manually
examined each dataset image to provide explicit
disease classification. Without expert annotations
the research combined semi-supervised learning
techniques with crowdsourcing during the data
labeling stage. Structured organization was
executed on the final dataset providing capabilities
for model development and deployment into real-
time agricultural systems

Data Collection
Data Preprocessing

!

Model
Design

l

Model Training

!

Evaluation Metrics

Figure 1: Proposed Architecture

3.2 Preprocessing

The requirement for preprocessing in plant disease
detection through the use of machine learning is
paramount as its duty lies in creating clean
standardized images suitable for deep learning
models. The research preprocessing pipeline is
constructed upon several critical preprocessing
stages that perform image resizing combined with
normalization, noise reduction, and contrast
enhancement using data augmentation to increase
the quality and variety of a dataset.

The preprocessing starts with image resizing where
all image is resized to a standard 224 x 224 pixels
based on the required CNN execution.
Furthermore, standardization enhances the model
efficiency, moreover creating a consistent input
dimension framework. Through pixel value scaling
to a constant [0,1] interval, model training
stabilization is achieved by normalizing image
feature to prevent divergent pixel intensity
fluctuations.

Gaussian filtering and median filtering techniques
gives the image quality a good extra margin. In
addition to sensor induced imperfections, the
methods help remove artificially derived artifacts in
the environment, enabling the model to discover
authentic image features. Adaptive Histogram
Equalization (AHE) is the next important milestone
reached by image preprocessing through the
application of contrast enhancement methods.
Image contrast is expanded by AHE refocusing
brightness values throughout pixel spaces making
diagnostic characteristics more noticeable.

Data augmentation has two fold benefits of
improving the model generalization and reducing
outcomes of overfitting. We used multiple data
augmentation techniques, from random rotations at
every 0 to 360 degrees and vertical and horizontal
flips, to random crop and zoom and brightness
controls and addition of Gaussian noise. The
dataset transformations bring artificial variation
into the dataset which allows the model to learn
persistent features fit for deployment to the real
world.

A handful leverage background segmentation to
remove unwanted image components so that
servers zero in on plant leaves for superior disease
identification. Background removal leads to
considerable improvement of model accuracy in
realistic field conditions which might introduce
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other types of noise elements coming from the soil
or water drops or neighbor plants.

This combination of methods is leveraged in
producing the optimized dataset so that deep
learning models can efficiently detect plant
diseases.

3.3 Model Design

The Convolutional Neural Network (CNN) system
performs automatic feature extraction to achieve
classification through its design. The system has
various convolutional layers followed by max
pooling layers and the output layers include fully
connected layers..

CNN Architecture:
o Input layer: 224x224x3
e Convolutional layer (Convl): Wlxl+bl

e Max-pooling layer (Pooll): Reduces
spatial dimensions

o Fully connected layer: Converts features
into class probabilities using a Softmax
function.

Convolution Operation: The convolution operation
is defined as:

ylijl =2k -k Zﬁ:—k x[i + m,j+n]-wlmn] +
b -1

where:
o X]i,j] is the input pixel at position (i,j),

e w[m,n] is the kernel weight at position
(m,n),

e Dbisthe bias term.

Softmax Function: The final output layer computes
probabilities for each class:

P(cklx)= £ 9

Y €7
3.4 Model Training

The detection model's execution path includes four
decisive stages: From this paper, the process is
described in a step-by-step manner from the data
set creation to the model selection, then the
parameter tuning and finally the performance
evaluation. During the training phase the model
acquires adequate learning features from the data

set and other improvements that enhance the
process of avoiding over fitting thus attaining good
generalization when it comes to real plant disease
identification.

The dataset, preprocessed as described in the
previous section, is split into three subsets: The
splitting of data is in the ratio of four-fifths for
training consumption, one-fifth for validation
testing, and one fifth for final testing. The model
gets the parameters update from the training set and
then the hyperparameters of the model are tuned as
the validation set is processed and finally the model
is evaluated with the help of the test data. It is
understood that visualization transformation of the
training data such as rotation, flipping sequences
and brightness adjustment enhance learning
performance.

Convolutional Neural Networks (CNN) serve as the
chosen architecture for training since they
demonstrate  powerful  features for image
classification. A CNN model contains several parts
which start with convolutional layers and include
max-pooling layers followed by fully-connected
layers and terminate with an output Softmax layer.
ReLU (Rectified Linear Unit) activation functions
enable hidden layers to gain non-linearity yet batch
normalization provides stability benefits with faster
convergence capabilities. In the output Softmax
layer the function determines how probabilities are
distributed across several different disease
categories.

Each model parameter receives learning rate
adjustments through the implementation of the
Adam optimizer. The learning rate (n) begins at
0.001 until the scheduler reduces it step by step.
The model is trained using the categorical cross-
entropy loss function, given by:

L ==Xk yilog(y)-—4
where:

e Cisthe number of classes,

e Vi represents the true class label (one-hot
encoded),

e yMiisthe predicted probability for class i.

During training dropout regularization (0.5
probability) actively deactivates neurons from fully
connected layers to boost model generality and
minimize overfitting. The model stops training
through early stopping when the validation loss
maintains stability for a predetermined number of
training cycles.
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On-the-fly data augmentation occurred throughout
50 epoch training with a 32 sample batch size. The
training process tracks key performance metrics
such as accuracy and precision and recall and F1-
score together with learning curve analysis done
through loss and accuracy plots.

3.5 Evaluation Metrics

The performance assessment of the plant disease
detection model utilizes multiple essential
evaluation metrics. Measurement data reveals how
accurately the model differentiates between
unhealthy and healthy plant leaves. The main
evaluation tools employed in this investigation
consist of accuracy, precision, recall, Fl-score,
confusion matrix and area under the ROC curve
(AUC-ROC).

Accuracy

A fundamental measure of model prediction quality
called accuracy determines how much information
is successfully predicted. It is defined as the ratio of
correctly classified samples to the total humber of
samples:

TP+TN
Accuracy=________ ___§

TP+TN+FP+FN

where:

e TP (True Positives): Correctly predicted
diseased samples.

e TN (True Negatives): Correctly predicted
healthy samples.

o FP (False Positives): Healthy samples
incorrectly classified as diseased.

e FN (False Negatives): Diseased samples
incorrectly classified as healthy.

Although accuracy is a useful metric, it may not be
sufficient for imbalanced datasets where one class
dominates the other.

Precision (Positive Predictive Value)

Precision measures how many of the positively
predicted instances are actually correct. It is
defined as:

Precision =

A high precision value indicates that the model has
a low false positive rate, making it reliable for
applications where false alarms should be
minimized.

Recall (Sensitivity or True Positive Rate)

Recall evaluates the model’s ability to detect actual
diseased samples. It is calculated as:

TP
Recall =

TP+FN

A high recall score is crucial in plant disease
detection, as missing diseased samples can lead to
the spread of plant infections, causing severe
agricultural losses.

F1-Score (Harmonic Mean of Precision and
Recall)

F1-score is the harmonic average of Precision and
Recall and hence, it is a balanced measure. It is
particularly useful when working with a dataset
that has a different number of classes.

PrecisionxRecall

F1-Score = 2 x Precision+Recall

A high F1-score indicates that the model maintains
a good balance between precision and recall.

The confusion matrix can be used to show the
accuracy of the model as it will show the number of
correct and incorrect predictions for each class.

Table 1: Analysing the confusion matrix

Predicted Predicted
Healthy Diseased
Actual TN FP
Healthy
Actual FN TP
Diseased

Table 1 helps identify specific misclassifications
and areas where the model needs improvement.

Area Under the ROC Curve (AUC-ROC)

The Receiver Operating Characteristic (ROC)
curve plots the true positive rate (recall) against the
false positive rate (1 - specificity). The AUC-ROC
score quantifies the model’s ability to distinguish
between classes:

AUC = [ TPR d(FPR)--9

A strong and effective model for leaf disease

classification  produces high AUC  values
approaching 1 as it demonstrates robust
discriminatory capacity to distinguish healthy from
diseased leaves. Model stability and generalization
capabilities are confirmed by applying k-fold cross-
validation technique at k=5 to validate model
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stability. The selected final model achieves the
peak performance using Fl-score and AUC-ROC
measures for evaluation.

4. RESULTS AND DISCUSSION

The performance of the proposed plant disease
detection model was evaluated using multiple
metrics, including accuracy, precision, recall, and
Fl-score. A comparative analysis was conducted
between the CNN-based model, Support Vector
Machine (SVM), and Random Forest classifiers.

Table 2: Model Performance Comparison

Healthy

Actual 3 42
Diseased

Model Accuracy | Precision | Recall
(%) (%) (%)

CNN 96.8 97.2 96.5

(Proposed)

SVM 89.5 88.9 90.1

Random 85.7 86.0 85.4

Forest

The CNN-based model significantly outperforms
traditional machine learning models, achieving an
accuracy of 96.8%, followed by SVM (89.5%) and
Random Forest (85.7%). The CNN model also
achieved the highest F1-score (96.8%), indicating a
well-balanced model in terms of precision and
recall.

Mexted

Figure 2: Model Performance Comparison

Table 3: The confusion matrix provides a
detailed view of the model’s classification
performance:

Predicted Predicted
Healthy Diseased
Actual 50 5

[JNRD2504447

Confusion Matrix

50

30

Actual Label

Diseased

*10

Healthy Diseased
Predicted Label

Figure 3: Confusion Matrix

Minimum misidentification occurs because the true
positive rate achieves high accuracy in disease leaf
classification. The model effectively identifies
diseased leaves because it produces extremely low
numbers of false negative classifications.

V. CONCLUSION

Plant disease detection using machine learning
frameworks depends on Convolutional Neural
Networks (CNNs) to examine images which leads
to proper classification. The proposed CNN-based
model outperformed traditional machine learning
approaches consisting of Support Vector Machines
(SVM) and Random Forest by producing increased
accuracy and precision as well as recall and F1-
score values. Plant disease identification
capabilities shown by CNN yielded unprecedented
results with an accuracy rate reaching 96.8%.

Results emerged from research how effectively
processed data with deep learning techniques and
data augmentation methods produce substantial
enhancements in plant disease detection capacities
and operational dependability levels. The combined
use of Plant Village data and in-field collected
imagery improved model generalization enabling it
to process real-world situations including lighting
variations and orientation adjustments as well as
background noises.

reation procedures improve model generalization
capabilities according to testing data while
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simultaneously illustrating ~ CNNs'  feature
extraction benefits beyond standard methods and
documenting upcoming applications of machine
learning with loT devices for in-field sickness
detection. Analysis through confusion matrices
proved the proposed system reliable due to minimal
counts of false positives and false negatives.
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