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Abstract: The agricultural sector faces significant challenges owing to crop diseases, resulting in economic losses and re-
duced yields. Traditional manual inspection methods for disease detection are subjective, time-consuming, and inadequate
for meeting the growing global food demand. This study aims to develop an automated, scalable, and accurate plant disease
detection system using Convolutional Neural Networks (CNNSs). Utilizing the PlantVillage dataset with over 54,000 images
of various crops and diseases, the model employed convolutional layers for feature extraction, pooling layers for spatial
dimension reduction, and fully connected layers for classification. Data augmentation technigues, such as rotation and flip-
ping, enhance model robustness. The performance of the system, evaluated through accuracy, precision, recall, and F1-score,
demonstrates a detection accuracy of up to 97%, outperforming traditional methods and other models, such as Atrtificial
Neural Networks (ANNSs). However, the accuracy of the model was influenced by environmental conditions, indicating the
need for further refinement. The study concluded that CNNs offer an effective solution for early and real-time plant disease
detection, potentially reducing crop loss by up to 30% annually and improving yields by 20-25%. Integration into cloud-
based platforms can make the system accessible to farmers and promote sustainable agricultural practices. Future work will
focus on improving adaptability to diverse crops and conditions, using transfer learning and incorporating additional data
sources to enhance prediction accuracy.

Key words: - loT-driven model, urban wildlife monitoring, real-time data processing, smart cities, predictive analytics,
environmental monitoring, sustainability

1. Introduction these methods are effective to some degree, they suffer from
subjectivity, human error, and the time-consuming nature of
physical inspection. As global food demand grows, it has
become crucial to explore advanced technological solutions
for plant disease detection and classification. Technologies
such as image processing, artificial intelligence (Al), and
deep learning, particularly Convolutional Neural Networks
(CNN), have emerged as promising tools for enhancing de-
tection accuracy and speed in identifying plant diseases.
Researchers [1] have conducted extensive surveys on
image processing techniques in agriculture, underscoring
the potential of these technologies to revolutionize farming
practices. Despite progress in agricultural technology, the
challenge remains to develop an automated, scalable, and
highly accurate system capable of detecting plant diseases
across different crops and environmental conditions. This
study aimed to address this gap by presenting a deep

Agriculture has long been recognized as the corner-
stone of human civilization, providing essential resources
such as food, raw materials, and economic sustenance for
millions of people worldwide. However, the agricultural
sector is facing unprecedented challenges that threaten
global food security. The intensification of agricultural ac-
tivities exposes crops to various diseases, pests, and unfa-
vorable environmental conditions. The combination of these
factors has led to significant crop losses, affecting farmers'
livelihoods, market stability, and the food supply chain.
Crop diseases are one of the most devastating challenges
and are often difficult to detect in their early stages. Once
detected, the damage may already be irreversible.

Historically, plant disease identification has largely re-
lied on manual methods, in which farmers or agricultural
experts visually inspect plants for signs of disease. Although

—(D@@
his is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/) 1



http://creativecommons.org/licenses/by-nc-nd/4.0/
https://doi.org/10.22362/ijcert/2024/v11/i9/v11i901

Poreddy Ishika Reddy et al. / Int. J. Comput. Eng. Res. Trends, 11(9), 1-10, 2024

learning-based system using CNNs for the early detection
and classification of plant diseases. This system can analyze
leaf images, detect abnormalities, and classify diseases, en-
abling farmers to promptly take corrective actions.

As agriculture continues to evolve, so do the challenges
are associated with ensuring healthy crops. Crop diseases
remain one of the most pressing problems, contributing to
substantial economic losses and reducing overall yield. Ac-
cording to [2], quantitative virulence in crop pathogens,
such as Zygospore tritici in wheat, can be accurately meas-
ured using high-throughput image analysis, but challenges
remain in scaling this to other crops and diseases. Image-
based plant disease detection, although promising, faces
several challenges.

e Lack of Standardized Data: A key challenge in the
application of image processing for plant disease detec-
tion is the lack of standardized high-quality datasets
across various plant species and disease types. As plant
leaves are exposed to diverse environmental condi-
tions, their appearance can vary significantly, compli-
cating the task of developing a generalized model that
works across different regions and crop types.

o Complexity of Plant Diseases: Plant diseases are
caused by a range of factors including bacteria, viruses,
fungi, and environmental stress. Each of these factors
may manifest differently on the plant surface, making
it difficult to develop a single solution that accurately
classifies all types of plant diseases. As indicated in [5],
even with access to large datasets, classifying plant dis-
eases requires sophisticated models capable of handling
complex visual patterns.

o Time-sensitive Detection: Early detection of plant dis-
eases is critical for mitigating damage. However, the
traditional methods of plant inspection are slow and la-
bor-intensive. Although automated image processing
can speed up this process, real-time detection systems
remain a challenge owing to the computational de-
mands of deep learning models.

o Generalizability Across Different Crops: While
Models such as those developed by [3] using deep
CNNs have shown exceptional accuracy in tasks such
as object recognition; applying these models to plant
disease detection requires additional training and opti-
mization. Models need to be robust enough to handle
variations in leaf shape, size, texture, and environmen-
tal factors, such as lighting and background noise.

e Adoption of Technology in Farming: Although ad-
vanced deep learning models exist, one of the primary
challenges is the integration of these technologies into
practical farming scenarios. Many small-scale farmers
lack the technological infrastructure that is required to
implement Al-based solutions. This requires the devel-
opment of mobile- or cloud-based platforms that are ac-
cessible to non-expert users.

The global agricultural sector faces significant threats
from crop diseases, with millions of dollars lost annually
owing to infections that could have been prevented with
early detection. Traditional plant disease detection methods
are no longer sufficient to meet the growing needs of mod-
ern agriculture. Current methods lack scalability, accuracy,
and efficiency for identifying diseases across different plant

species. Moreover, there is a pressing need for automated
systems that can identify and classify plant diseases using
real-time image analysis.

This study sought to address this problem by develop-
ing an automated, scalable, and highly accurate plant dis-
ease detection system based on deep learning models, spe-
cifically CNNs [4]. This system will enable early detection
and classification of plant diseases through image analysis,
allowing farmers to respond quickly to infections, reduce
crop loss, and improve overall agricultural productivity.

The motivation for developing an advanced plant dis-
ease detection system is driven by the need to enhance agri-
cultural productivity, ensure food security, and reduce eco-
nomic loss. Key factors include rising global food demand,
with the population projected to reach 9.7 billion by
2050[5], necessitating efficient food production through
early disease detection. Technological advancements in Al
and deep learning, particularly the success of CNNs in im-
age classification, have enabled automation in agriculture.
Automated systems also reduce farmers’ costs by providing
timely and accurate crop health assessments and minimizing
the need for widespread pesticide use, which supports envi-
ronmental sustainability. Additionally, crowdsourced data
and open-access repositories enhance the robustness and ac-
curacy of the system, allowing it to adapt to diverse condi-
tions over time.

Key Contributions

This study makes several key contributions to plant dis-
ease detection and classification.

1. Automatic Disease Detection: The system uses

deep learning to automatically find and identify
plant diseases from pictures of leaves, making the
process faster and more accurate.

2. Instant Results: The system provides quick feed-
back on plant health, helping farmers take imme-
diate action to protect their crops.

3. Easy to Use and Accessible: The system works for
different crops and can be used by farmers through
mobile apps or websites, even in remote areas.

The remainder of this paper is organized as follows:

Section 1 introduces CNNs for early plant disease detection
in agriculture. Section 2 reviews related models and ap-
proaches and identifies existing gaps. Section 3 presents the
proposed CNN-based system, emphasizing on real-time de-
tection and cloud integration. Section 4 discusses perfor-
mance metrics, such as accuracy and precision, while Sec-
tion 5 compares the results across crops and models, such as
ANN and GAN-augmented CNN. Section 6 concludes with
a summary and suggests future improvements in adaptabil-
ity and transfer learning.

2. Related Work

In recent years, advancements in technology have ena-
bled the development of automated systems for plant dis-
ease detection, significantly improving traditional methods.
[6] introduced an innovative approach using thermal and
stereo visible light images to detect diseases in tomato plants,
with their system achieving up to 30% faster detection
compared to manual inspections. This combination of
thermal and visible light imaging enhances the ability to
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detect early stage diseases by capturing depth and
temperature variations in plant health. Similarly, [7]
proposed an approach using self-organizing maps (SOMs)
and a Bayesian classifier to segment diseased plants in
uncontrolled environments. This method proved particularly
useful in challenging environments, where it achieved a
segmentation accuracy of approximately 85%, thereby
demonstrating the robustness of the approach across varying
field conditions.

Visible-near infrared (VNIR) spectroscopy for detecting
huanglongbing (HLB) in citrus orchards achieved an
impressive accuracy of 91%. Their research highlighted the
importance of early detection and the use of spectral data to
identify diseases before visible symptoms appeared [8].
Building on this, [9] conducted a comparative study using
computer vision and fluorescence imaging spectroscopy to
detect HLB across different regions, achieving over 95%
detection accuracy. In [10] reimagined the inception
architecture for computer vision was reimagined, making
deep learning models more efficient in processing large
amounts of image data. This improvement in architecture
facilitates the development of more accurate plant disease-
detection models. These advancements have illustrated the
growing potential of advanced imaging techniques and deep
learning for early and precise disease detection in real-world
agricultural scenarios.

As this field has evolved, deep learning techniques have
become increasingly popular for plant disease detection. [12]
employed Convolutional Neural Networks (CNNs) for
image-based plant disease detection, achieving detection
accuracies of up to 98%. This approach was groundbreaking
as it leveraged the power of deep learning to extract complex
features from plant images, leading to more accurate disease
classification. [13], while using Artificial Neural Networks
(ANNSs), a slightly lower classification accuracy of 80% was
achieved. To address this, [14] proposed a combined CNN
and Generative Adversarial Network (GAN) approach that
improves the accuracy to over 92% by generating synthetic
images to augment the training dataset. A study by [15] pro-
vided valuable insights into the use of CNNs for disease de-
tection. Their study demonstrated a high classification accu-
racy of 95%, further confirming the effectiveness of deep
learning in agricultural applications. This study focused on
multiple plant diseases and successfully applied CNN mod-
els to differentiate between healthy and diseased plants,
making the detection process more efficient and reliable.
This approach is particularly valuable because it enables the
detection of diseases at various stages, from early infection
to more advanced disease states, thereby allowing timely in-
terventions.

Further advancements in plant disease detection have
resulted in the application of deep learning models focused
on specific features, such as texture and segmentation. [16]
focused on detecting unhealthy regions of plant leaves using
texture features, achieving a 94% accuracy. Similarly, [17]
developed an improved segmentation approach combining
deep learning with thresholding and morphological
operations, achieving 99.25% accuracy in isolating the
diseased regions. [18] in a historical context, documented
early field diagnosis methods for groundnut diseases,
highlighting the limitations of manual techniques that lacked
precision[19]. However, the integration of modern
technologies, such as deep learning and computer vision, as

shown in [20], enabled rice plant disease classification with
an impressive accuracy of 97.5 %. These systems represent
significant advancements in making disease detection faster,
more accurate, and more scalable across various crops and
regions.

2.1 Research Gap

The following points highlight the research gaps
identified in existing studies:

e Models often focus on specific crops, which limits
their use across various plants.

e Many systems do not provide instant disease
detection for quick actions.

e Environmental changes, such as light and weather,
affect the model accuracy.

e Transfer learning is not fully used to enhance the
model efficiency.

e Methods for improving the dataset augmentation
and segmentation require further development.

3. Proposed Model

3.1 New Plant Diseases Dataset: Description and Study
Involvement

The New Plant Diseases Dataset from Kaggle, often re-
ferred to as the PlantVillage dataset, is a large, diverse col-
lection of images used for training machine-learning models
in plant disease detection. This dataset contains 54,303 im-
ages of both healthy and diseased plant leaves from 38 dif-
ferent classes, covering various crops, such as potatoes, to-
matoes, and peppers(Kaggle) [21].

The images in the dataset are categorized by species and
specific diseases, making them ideal for applications in deep
learning, particularly with CNNs, to detect and classify plant
health conditions. The dataset includes a wide variety of
plant diseases such as

e Tomato: Bacterial spot, Early blight, Late blight,
and Leaf mold

1) Tomato Bacterial b) Tomato Elrl\ ¢) Tomato Healthy ) Tnmln I.nlt ¢) Tomato Leal
spol Mold
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1) Tomato Septoria b) Tomato Target
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Figure 1: Tomato Leaf Disease

e Potato: Early blight, Late blight, and Healthy
leaves
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making them ideal for image classification problems, such

brly_bth Early_blight
A v as detecting diseases in plant leaves.

Late_blight Late_biight Late_blight

Figure 2. Potato Leaf Disease

o Bell pepper: Bacterial spot and Healthy leaves

Bell pepper bacterial spot

i we e

Figure 3. Bell Pepper Leaf Disease

The diversity of crops and diseases in the dataset pro-
vides a rich resource for training models that can be general-
ized across different types of plants and environments. High-
quality images allow deep learning models to learn the visual
distinctions between healthy and diseased plants, improving
classification accuracy in real-world applications.

This dataset, which is widely used in research and com-
petition, supports various approaches, including CNNs,
GAN-augmented models, and real-time detection systems.
The large volume and variety of labeled images make them
highly suitable for tackling the challenges of plant disease
detection and classification, allowing researchers to develop
scalable and accurate solutions for the agricultural sector.

3.2 Deep Learning Model (CNN)

The Convolutional Neural Network (CNN) architecture
used for plant disease detection was designed to efficiently
process and classify images of plant leaves into various dis-
ease categories. CNNs are particularly well suited for this
task because they excel at recognizing visual patterns,

Figure 4. Deep Learning

3.2.1 CNN Architecture Details

Input Layer: The input to the CNN consists of raw
images of the plant leaves. Each image was typi-
cally resized to a fixed dimension, such as 224 x
224 or 256 x 256 pixels, to standardize the input
across the network.

Convolutional Layers: These layers constitute the
core of a CNN. Each convolutional layer applies a
set of filters (kernels) to the input image to detect
features, such as edges, textures, and shapes. As the
image passes through multiple convolutional lay-
ers, the network learns more complex features such
as disease-specific patterns on the leaves. Common
filter sizes are 3 x 3 or 5 x 5, and the number of
filters increases as the number of layers increases.

Activation Function: After convolution operation,
the activation function is applied to introduce non-
linearity into the model. The rectified linear unit
(ReL.U) function is commonly used for this pur-
pose because it helps the model learn complex pat-
terns by allowing positive values to pass through
while zeroing negative values.

Pooling Layers: Pooling layers such as max pool-
ing are used to reduce the spatial dimensions of the
feature maps generated by the convolutional layers.
This helps lower the computational cost and pre-
vent overfitting by summarizing the most important
features from the previous layer. Typically, x 2x2
max pooling is applied, which maintains the high-
est value in a 2 x 2 region, reducing the size of the
feature map.

Fully Connected Layers: After several convolu-
tional and pooling layers, the feature maps are flat-
tened into a 1D vector, which is then passed
through one or more fully connected (dense) layers.
These layers perform the final classification based
on the features extracted from previous layers. Each
neuron in the fully connected layer was connected
to every neuron in the previous layer, allowing the
network to make predictions.
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6. Output Layer: The final layer of the network is
typically a softmax layer that outputs the probabil-
ities for each class (disease type). The class with the
highest probability is selected as the predicted dis-

ease.
PLANTDOCTOR  DISEASE CLASSIFIER ~ DEEP CNN
User Launches
1 ' Auto-classify image with
The user takgs PICUTES Ly trained CNN model to get
&uploads them. disease type.

l N

Get assistance from an

agricultural expert to
classify images.

|

Store image, metadata

Training DB (Image &
metadata e.g., iImage,
disease type, location)

Show discase type Generate disease density
& disease density  |«—1 maps from disease type,
maps to the user. location.

Retrain the CNN model
with new images.

Figure 5 System Architecture

Fig. 5 illustrates a deep learning-based plant disease de-
tection and classification system using a Convolutional Neu-
ral Network (CNN). The process starts when a user, typically
a farmer or an agricultural expert, captures images of plant
leaves and uploads them through the system. The uploaded
image was automatically processed using a trained CNN
model to classify disease types. The results were displayed
if the disease classification accuracy exceeded a predefined
threshold. If the accuracy was below the threshold, an agri-
cultural expert assisted in the classification process. The sys-
tem then stores the image and metadata (e.g., disease type
and location) in a database for reference. In addition, the sys-
tem generates disease density maps based on the identified
disease and location data. These maps provide insights into
the spread of the disease. The system also retrained the CNN
model with new images to improve its accuracy over time.
This feedback loop ensures that the model evolves and re-
mains effective in disease detection.

3.2.2 Training Process:

e Data Augmentation: To increase the variety and
robustness of the training dataset, data augmenta-
tion techniques, such as rotation, flipping, zooming,
and cropping, are applied to the input images. This
helps to prevent overfitting and ensures that the
model generalizes well to new, unseen data.

e Loss Function: The categorical cross-entropy
loss function is typically used in multiclass classi-
fication problems, such as plant disease detection.

This function measures the difference between the
predicted probability distribution and the actual
class distribution.

e  Optimizer: A popular optimizer, such as Adaptive
Moment Estimation (Adam), is used to update the
weights of the network during training. Adam com-
bines the advantages of both momentum and
RMSProp optimizers, making it well suited for
problems with large datasets, such as plant disease
detection.

e Epochsand Batch Size: The model was trained for
a specific number of epochs (e.g., 50-100), with
each epoch representing a full pass through the
training data. The batch size (e.g., 32 or 64) deter-
mines how many samples are processed before the
weights of the model are updated.

CNNs are ideal for plant disease detection because of
their ability to automatically learn relevant features from in-
put images such as texture and color variations in diseased
leaves. Unlike traditional machine-learning algorithms,
which require manual feature extraction, CNNs can learn
these features directly from raw images through convolu-
tional layers. This leads to more accurate predictions and al-
lows the model to generalize better for unseen data.

Moreover, CNNs handle spatial hierarchies effectively,
meaning that they can detect small, localized disease spots
as well as larger patterns across the leaf. The use of multiple
convolutional layers helps the network to build up from basic
shapes to more complex disease patterns, making CNNs
highly effective for image-based classification tasks.

YES No Unauthorized
user

Upload plant Image

/

Logout \

‘ -,| End process

Figure 6. Data Flow Diagram

The data flow diagram (DFD) shown here provides a
simplified representation of how the system processes input
data (plant images) and generates the output (classification
of the plant's health status). The process begins when a user
uploads a plant image to the system. The system first checks
whether the user is authorized. If the user is unauthorized,
the process ends. For authorized users, the system proceeds
to upload the image, and the user can log it out afterward.
The uploaded plant image is then processed by the system,
and the output, whether the plant is diseased or healthy, is
generated. This flow captures the sequence of steps, ensuring
that only valid users can submit data, which then undergo
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analysis and classification, thereby ensuring efficient pro-
cessing and system integrity.

3.3 Data Preprocessing

Resizing and Normalization: All images are resized to a
consistent dimension (e.g., 256 x 256 pixels) to ensure uni-
formity in the input data size. Each pixel value was also nor-
malized (scaled between 0 and 1) to aid in the convergence
of the model during training. Each image is resized to a con-
sistent size, typically h x w pixels, ensuring uniform input
to the CNN. Then, pixel values are normalized to fall within
the range [0, 1], using:
X—

=— @

Where x is the pixel intensity, u is the mean, and o is the
standard deviation of the dataset. This normalization helps
achieve faster convergence.

anI‘m

Data Augmentation: Augmentation was used to increase
the effective size of the dataset.

e Rotation: Each image is rotated by an angle 8,
where 6 is randomly chosen within a specified
range, say 6 € [—30°,30°].

e Zoom and Crop: Zoom in by a factor z and then
randomly crop the image to the original size.

e Flips and Shifts: These operations modify the im-
age but preserve the spatial structure, which helps
to generalize the model.

Augmentation can be represented as a transformation T,
applied to an input image x, producing T (x). If x;, x5, ..., Xy
are the original images, augmentation increases this to:

T(x1), T(x2), ..., T (xy) (2)

3.4 Splitting Dataset: The dataset is typically split into
training and validation sets with a ratio of 80:20. If the total
dataset has N samples, then the training set has 0.8N sam-
ples, and the validation set has0.2N.

CNN Architecture: The architecture typically includes
multiple layers of convolutions, pooling, and fully connected
layers. For instance, a convolution operation is defined as:

k-1 k-1
My = f (Z D Whatlzh e+ bl> 3)

m=0 n=0
Where:
. hf-‘]- is the output at position (i, j) in layer [,
e f() isan activation function (e.g., ReLU),
e wy,, are the convolutional weights,

-1

®  Xiimj+n IS the input from the previous layer, and

e blisthe bias term.

The most used activation function is ReLU (Rectified
Linear Unit), which is:

f(x) = max(0,x) 4

This helps to introduce nonlinearity into the model.

3.5 Training Process

Training involves minimizing a loss function, such as the
cross-entropy loss for multiclass classification.

N C
1 o
=5, D, viclog() ©

i=1 c=1

Where:
e N is the number of training samples,
e  ( isthe number of classes,

e ;. is the true label (1 if the sample i belongs to
class c, otherwise 0),

e ;. is the predicted probability for class c by the
model.

The model parameters (weights and biases) are updated
using backpropagation with the Adam optimizer, which up-
dates the parameters 8 according to:

my

Joete

Oep1=6r—1- (6)

Where:
e 7 isthe learning rate,

e m; and v, are moving averages of the gradients and
squared gradients respectively, and

e ¢ isasmall constant for numerical stability.

Validation Process: During validation, the trained
model is evaluated on the validation set. The validation ac-
curacy A, is calculated as:

Correct predictions on validation set
b=

Total validation samples

Early stopping can be used to prevent over fitting if the
validation loss L,, does not decrease over a few epochs:

1 A
Ly = =% Bor Yiclog Oic) Y]
Where N,, is the number of validation samples.

4. Model Evaluation

4.1 Experimental Setup

The experimental setup for the plant disease-detection
model relies on a combination of robust hardware and
software infrastructure. The system is designed to take
advantage of GPUs such as NVIDIA's RTX 3090 for high-
performance processing, supported by an Intel i7 or AMD
Ryzen CPU, and a minimum of 16GB RAM for smooth data
handling. This ensures that a large dataset that includes high-
resolution plant disease images can be processed efficiently.

On the software side, the implementation is performed
using Python 3.7 with essential libraries like TensorFlow,
Keras, NumPy, and Pandas. These libraries help build, train,
and evaluate deep-learning models. Data augmentation
techniques were integrated using Python-based libraries to
improve model generalization and avoid overfitting. Jupyter
Notebook is used for conducting experiments interactively,
providing a flexible environment for model training and
adjustments.
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The dataset employed for the experiment was the
PlantVillage dataset, which features more than 54,000
images of various crops and plant diseases. The dataset was
divided into training (80%) and validation (20%) subsets,
and preprocessing techniques, such as image scaling,
rotation, and flipping, were applied to enhance the
performance of the model. This setup ensures that the deep
learning model can learn the essential features for accurately
identifying plant diseases [21].

4.2 Performance Metrics

Several performance metrics were utilized to evaluate the
effectiveness of the plant disease detection model. These
metrics provide insight into the predictive power of the
model and its ability to generalize to unseen data.

1. Accuracy: This measures the proportion of
correctly classified plant images among the total
images in both training and validation sets. It is
computed as:

TP+ TN 8
TP+TN +FP +FN ®

where TP, TN, FP, and FN refer to the true positives, true
negatives, false positives, and false negatives, respectively.

Accuracy =

2. Precision: Precision focuses on the accuracy of
positive predictions, indicating how many of the
predicted diseases are correct. It is calculated as:

Precisi P 9
reécision = TP + FP ( )

High precision indicates a low false-positive rate, which

is essential in applications where misidentifying healthy
plants as diseased could lead to unnecessary interventions.

3. Recall (sensitivity): This metric measures the
ability of the model to correctly identify diseased
plants from all actual cases of plant diseases. It is
given by:

TP
TP+FN

Recall is crucial for ensuring that the model identifies as
many diseased plants as possible, especially in agricultural
scenarios where missing a diseased plant can have
significant consequences.

Recall =

(10)

4. F1-Score: The F1-score is the harmonic mean of
precision and recall, offering a balance between the
two, particularly when dealing with imbalanced
datasets. It is expressed as:

Precision - Recall
F1=2

' Precision + Recall a1

A high F1-score indicates that the model performs well
in identifying diseased plants and in minimizing false
positives.

5. Evaluation and Results

5.1 Evaluation Metrics

The evaluation of the deep learning model in this plant
disease-detection task revolves around several critical
performance metrics. These metrics aim to provide a
comprehensive understanding of how well the model can
generalize and identify plant diseases using new data.

Accuracy remains a fundamental metric, offering a general
view of the number of correct classifications made by the
model considering both healthy and diseased plants. While
accuracy provides an overall measure, it may not always
reflect the model's true performance, especially when
dealing with imbalanced datasets.

Precision, another key metric, focuses on the correctness
of positive predictions made by the model. It evaluates the
number of instances predicted as diseased that were
genuinely diseased, thus minimizing the occurrence of false
positives. This is particularly important in agriculture, where
the false identification of diseases could lead to unnecessary
treatments and increased costs for farmers.

Recall or sensitivity sheds light on the ability of the
model to detect actual diseased plants within the dataset. A
high recall score ensures that the model captures the most
diseased cases, reducing the chances of missing out on
significant disease instances that could harm crops if left
untreated.

The F1-score, as a balanced metric, combines both
precision and recall, providing a single score that considers
both false positives and false negatives. This metric is useful
for balancing the need to correctly identify diseased plants
while minimizing incorrect classifications of healthy plants,
ensuring that both errors are addressed appropriately. These
metrics collectively offer a comprehensive view of the
performance of the model, enabling effective tuning and
adjustment for real-world agricultural applications.

5.2 Performance Analysis

Table 1 lists the performance under various conditions,
such as balanced vs. imbalanced datasets, image quality, and
application of data augmentation techniques. Each condition
affected the accuracy, precision, recall, and F1-score
differently. For example, in high-noise environments,
performance decreases, whereas applying data augmentation
improves the overall scores.

Table 1: Performance Evaluation Summary

Ac- Pre- Re- F1-
Condition cu- ci- call Scor

racy | sion e
Balanced Dataset 0 0 97 | 95.50
(equal classes) 9% | 94% % %
Imbalanced Dataset 0 0 90 0
(healthy > diseased) | 227 | 88% | o | 89%
High Noise in Images 85% | 82% (?/(? 81%
Low-Resolution Images | 80% | 78% Z/f ;?'50
Data Augmentation Ap- 0 0 98 | 96.50
plied 97% | 95% % | %

. 89 | 88.50
0, 0

No Data Augmentation | 90% | 88% % %
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Figure 7. Training and validation Accuracy

The training and validation accuracy curves provide a
clear view of the learning progress of the model over time.
In the initial epochs, both the training and validation
accuracy gradually improved as the model started learning
the underlying features in the plant disease images. By
around the 10th epoch, the accuracy stabilized, with the
training accuracy reaching 95% and the validation accuracy
at 88%. This indicates that the model learns well from the
training data and generalizes to unseen validation data,
although a slight gap between the two suggests potential
overfitting, which can be mitigated with techniques such as
data augmentation or regularization.

The real-time detection performance graph shows how the
processing time increases as the batch size of the images
increases. For smaller batches of 10 or 50 images, the model
processed the data quickly, in just a few seconds. However,
as the batch size reached 500 or 1000 images, the processing
time increased significantly, reflecting the computational
load associated with larger datasets. This analysis is crucial
for understanding the scalability and efficiency of the model
in practical applications, where handling large volumes of
data in a timely manner is essential for real-time plant
disease monitoring.
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Figure 8. Real Time Detection Performance

Table 2: Model Performance Comparison Across Different

Crops
. F1-
Crop AO\ccuracy F:)recmon Roecall Score
(%) (%) ) | o)
Tomato | 95 94 96 95
Potato 93 92 91 91.5

The comparison of model performance across different
crops revealed some variations in accuracy, precision, recall,
and F1-score. The model performed best on tomato images,
achieving 95% accuracy, with high precision and recall rates
of 94% and 96%, respectively. Potatoes also showed strong
performance, although slightly lower, with 93% accuracy
and an Fl-score of 91.5%. For bell pepper, the model’s
performance drops slightly, with an accuracy of 90% and an
F1-score of 88.5%, indicating that the model may have more
difficulty identifying diseases in bell pepper than in other
crops. This suggests that while the model is effective overall,
it may benefit from further optimization or additional
training data for crops such as bell peppers.

Table 3: Performance Comparison of CNN, ANN, and
GAN-Augmented CNN Models

Accu- F1-
racy Preci- Recall | Score

Model (%) sion (%) (%) (%)

CNN 95 94 96 95

ANN 89 87 85 86

GAN-Aug-

mented

CNN 97 96 98 97

Table 4: Impact of Environmental Factors and
Generalization Challenges on Model Accuracy

Impact on
Condition Accuracy I\t/ilgrc:ellqﬁia;f’);g—
(%) i
. Increase Image
Low Light -10 Augmentation
High Noise -8 Apply Noise Re-
duction
Varying Weather Use Weather Data
. -12
Conditions as Input
Cross-Crop General- Additional Train-
o -15 ing on Diverse
ization
Crops

A comparison of different models, including CNN, ANN,
and GAN-augmented CNN, reveals distinct performance
differences. The GAN-augmented CNN outperformed both,
achieving 97% accuracy, with precision and recall rates of
96% and 98%, respectively, while the CNN model followed
closely with 95% accuracy. However, the ANN model lags
behind, with an accuracy of 89%, indicating that it is less
effective for plant disease detection. In terms of limitations,
environmental factors such as low light and high noise
reduced the model accuracy by 10% and 8%, respectively.
Additionally, varying weather conditions and cross-crop
generalization challenges had a more significant impact,
reducing the accuracy by 12% and 15%, respectively. To
address these issues, methods such as increased image
augmentation, noise reduction, and incorporating weather
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data into the model are recommended to improve the
performance.

5.3 Discussion

5.3.1 Implications for Agriculture

The deployment of deep-learning-based plant disease
detection systems has the potential to significantly impact
modern farming by improving efficiency and reducing crop
loss. For example, early detection of plant diseases can
reduce crop loss by as much as 30% annually, allowing
farmers to intervene before the disease spreads. This early
intervention can enhance crop yield by 20-25%, leading to
better financial outcomes for farmers. Cloud-based
solutions, such as those integrated into this detection system,
enable scalability, allowing even small-scale farmers to
access these technologies without the need for high-end
computing hardware. With cloud computing, farmers can
upload images of their crops and receive disease predictions
in real time, ensuring that timely actions are taken. By
reducing pesticide overuse through the targeted treatment of
diseased plants, this system also supports more sustainable
farming practices, lowers chemical costs, and promotes
environmental health. In a world in which agricultural
productivity must increase by 60% by 2050 to meet global
food demands, such technologies play a vital role in ensuring
food security.

5.3.2 Technological and Practical Challenges

However, there are several challenges associated with
implementing these systems in real-world agricultural
environments. One major challenge is access to technology,
particularly in rural areas where farmers may lack high-
speed internet and modern devices needed to use cloud-
based platforms. Data variability across different regions,
crop species, and environmental conditions also affect model
accuracy, sometimes reducing it by 10-15%. To address this,
robust data augmentation techniques and cloud-based model
retraining can be applied regularly to ensure that the system
adapts to new conditions. Another significant barrier is the
cost of adopting such a technology, particularly for
smallholder farmers in developing countries. Although
cloud-based platforms reduce upfront hardware costs,
subscription fees or data-usage charges may still be
prohibitive. Furthermore, the success of these tools relies on
the farmers’ ability to use them effectively, requiring
ongoing education and training initiatives. Without proper
training, even the most advanced systems can be
underutilized or misinterpreted, reducing their impact. In the
coming years, collaboration between governments, tech
providers, and agricultural extension services will be crucial
to address these gaps and drive the widespread adoption of
plant disease detection systems.

5.4 Strengths and Limitations of the Model

The plant disease detection model has several strengths,
including high accuracy rates of up to 97%, early disease
detection capabilities, real-time processing through cloud
platforms, and scalability across multiple crops, such as
tomatoes and potatoes. The use of data augmentation
techniques enhances its generalization, making it a versatile
tool in diverse farming environments. However, the model
has limitations, particularly in its sensitivity to
environmental conditions such as low light or high noise,
which can reduce the accuracy by 10-15%. Additionally, the

model faces challenges in generalizing across crops that are
not well represented in the training data and are heavily
dependent on the quality and quantity of the dataset.
Technological barriers, such as reliance on cloud-based
services and high-performance hardware, limit accessibility
for farmers in rural areas, whereas the need for farmer
education in system use and result interpretation presents
further practical challenges.

6. Conclusion and Future Work

The findings of this study highlight the effectiveness of
Convolutional Neural Networks (CNNs) in detecting plant
diseases with accuracy rates reaching up to 97%, particularly
when augmented with GAN techniques. The model has
proven to be a valuable tool for early detection, identifying
diseases at early stages, and providing real-time feedback
through cloud-based platforms, which are essential for large-
scale farming. The ability to process images quickly and
offer immediate insights could reduce crop loss by as much
as 30% annually, significantly improving yields by 20-25%
in modern farming systems. However, limitations such as
sensitivity to environmental factors, including low light and
high noise conditions, affect the model accuracy by 10-15%,
emphasizing the need for further improvement in
adaptability. In addition, generalization across crops remains
a challenge, particularly for crops underrepresented in the
training data, suggesting that the model could benefit from
more diverse datasets.

In terms of future work, several avenues are worth
exploring. First, improving the adaptability of the model to
environmental changes, such as varying weather conditions
or extreme lighting, could enhance its reliability in real-
world farming scenarios. Second, leveraging transfer
learning could be beneficial, allowing the model to apply
learned knowledge from one crop or disease to another, thus
improving the performance in underrepresented crops.
Moreover, expanding this system to support a broader range
of crops, including those from different geographical
regions, would make it more universally applicable. The
integration of additional data sources, such as weather
patterns or soil health, could further improve prediction
accuracy and offer more comprehensive farming insights.
These improvements, along with ongoing advancements in
cloud computing and mobile technology, could make plant
disease detection systems more accessible to smallholder
farmers worldwide by 2030, fostering more sustainable
agricultural practices.
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