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ABSTRACT

Tomato is one of the world's most
consumed crops and highly profitable.
However, its production process is affected
by several leaf diseases leading to low
quality and yield. It is important to detect
these diseases at an earlier stage to
minimize losses and boost productivity.

The study focuses on building an automatic
plant disease detection system based on
deep learning. CNN algorithms are used in
analyzing images of tomatoes' leaves and

classifying them to specific types of plant
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diseases like bacterial spots, early and late
blights, leaf mold, and also healthy leaves.
Annotated images are fed into the machine
to enable it to classify the input into one of
these types with accuracy. Resizing,
normalizing, and augmentation procedures
are carried out on image data for increased
effectiveness and precision. The resulting
model classifies leaf images with very high
accuracy and minimal human effort.
Experiment results prove that the suggested
model outperforms other traditional
machine learning models in terms of

efficiency and accuracy of prediction. Such
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a model can be useful for farmers in disease
detection while minimizing dependence on
manual diagnosis and improving farming
practices. In general, the study advances

technology in smart agriculture.
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I. INTRODUCTION

Growing tomatoes is one of the essential
economic activities worldwide since it
offers significant economic value and
nutrients. Although tomato farming plays a
crucial role in the world's economy,
tomatoes tend to be susceptible to various
diseases such as early blight, late blight,
bacterial spot, and leaf mold. Diseases can
lead to devastating consequences if left
undetected. However, disease identification

can often be subjective and inaccurate.

Manual inspection of crops remains the
traditional means for detecting diseases.
Such techniques are wusually time-
consuming, subjective, and less efficient in
large-scale farm setups. The increasing
interest for automation has thus led to more
research in finding automatic solutions to

this problem.
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Artificial intelligence technologies such as
deep learning have made it possible to
develop automatic models. CNN is among
the algorithms best suited for image
classifications because of their

effectiveness in extracting features from

visual input data.

In this study, we propose a CNN-based
system that can detect and classify tomato
leaf diseases from image data. The process
involves 1image preprocessing, feature
extraction, and classification. Through
proper training on image databases, the
proposed algorithm can accurately detect

different disease types.

Such an innovative tool will provide
farmers with fast, reliable, and affordable
means of disease identification that would
help them minimize crop loss and improve

efficiency in their farming operations.

II. LITERATURE REVIEW

Image processing for plant disease
recognition  has  been  extensively
researched by many scholars. Initial
methods used conventional machine
learning algorithms like SVM, KNN, and
decision trees. These approaches depended
on hand-crafted features such as color and

texture, making them ineffective.
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Recent advancements have seen the Current research projects strive to solve
development of automated feature these problems by designing superior
extraction using deep learning algorithms architectures and incorporating them in loT
like CNNs. In one case study by Mohanty systems and Explainable AI models.

et al.,, deep learning models, such as

AlexNet and GooglLeNet, attained III. METHODOLOGY

impressive  accuracies on  datasets

. : 1. Data Collection
containing plant diseases.

Subsequent research has explored transfer A dataset of tomato leaf images is collected
: . ) . from public sources and field data. The
learning, which involves adapting pre-

trained models like ResNet, VGG, and dataset includes:Healthy leaves

MobileNet to specific domains. This « Bacterial Spot

o Early Blight
o Late Blight
e Leaf Mold

approach ensures that learning times are
reduced while performance is optimized,

especially when there is insufficient data.

The current focus of studies revolves Fach image is labeled according to its

around implementing practical disease category, forming the foundation

applications, involving deployment of for supervised learning

models on mobile or web platforms. Other
approaches used include data augmentation 2. Data Preprocessing
and preprocessing techniques to manage

variations in light sources, backgrounds, To ensure consistency, images undergo

and image resolutions. preprocessing.

o Resizing: All images are resized to

a fixed dimension (e.g., 224x224

Although considerable improvements have

been witnessed, there are still gaps that

require further exploration. For instance, pixels)

more diverse datasets should be collected to + Normalization: Pixel values are

facilitate model generalization, while scaled (01 range)

reliable model performance must be « Noise Removal: Basic filtering

established in real farm settings. techniques applied if needed
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This step ensures uniform input for the deep

learning model.

3. Data Augmentation

To improve generalization and avoid

overfitting:

e Rotation
o Flipping (horizontal/vertical)
e Zooming

o Brightness adjustment

This helps the model generalize better to

real-world conditions.

4. Model

Architecture)

Selection (CNN

A Convolutional Neural Network (CNN) is
used for feature extraction and
classification. Two approaches can be

followed:

e Custom CNN model (built from
scratch)

e Transfer Learning using

pretrained models like ResNet or

MobileNet

The CNN automatically learns important
features such as leaf texture, color

variations, and disease patterns.

5. Model Training

Vol. 22, No. 2(1), 2026

The dataset is split into:

e Training set (=70%)
e Validation set (<15%)
e Testing set (=15%)

Training involves:

o Forward propagation

e Loss calculation (e.g., categorical
Cross-entropy)

e Backpropagation and  weight

updates using optimizers like Adam
6. Model Evaluation

After training, the model is evaluated using:

e Accuracy
e Precision
e Recall

e Fl-score

o Confusion Matrix

These metrics measure how well the model
distinguishes between different disease

classes.
7. Prediction System

The trained model is integrated into an

application (GUI/Web):

e User uploads or captures a leaf
image
o Image is preprocessed

e Model predicts disease class
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8. Deployment Smrcin
The final system can be deployed using: i asesgavesd TR e

e Web frameworks (Flask/Django)
e Mobile apps

o Edge devices for real-time detection

IV. SYSTEM ARCHITECTURE

Web / Mobile Interface
(image Upload)

Image Preprocessing Module
(Resize, Normalize, Augmentation)

Dee earning Model (CN
(Plant Disease Classi lﬁ-:aﬂon)

Prediction Engine
(Disease Name)

Recommendation System
(Pesticide / Treatment Suggestion)

Result Display to User

Disease: Blight

V. RESULTS & DISCUSSION

The developed system was tested using
tomato leaf images consisting of both
healthy and diseased samples. The model
demonstrated strong performance in

identifying different disease categories.

The system begins with a secure login
interface, followed by a user-friendly home
page where images can be uploaded for

analysis.
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Fig. 5: User Login Interface

After logging in, users are directed to the
main page where they can upload leaf

images for prediction.

Why Detect Plant Prevent Plant
Disease? ile Disease:

Plant diseases affect crop 1. Use clean tools
yield and quality. Early and 2. Inspect plants regularly
accurate detection enables 3. Use quality soil and
timely treatment, saving o fle hosen fertilizers
resources and maximizing 4. Ensure good air
productivity. Simply upload your plant's circulation

eaf ima 5. Remove infected leaves

Translate Page
More Info
Select Lang waa v
« Transiate
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Fig. 6: Image Upload Interface

Once the image is uploaded, it is processed
through resizing and normalization before

being given to the model.
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co age® - o
° tn G S— Jrem—
why Deleﬂ Plant Prevent Plant
Disease? Choose or Drag File Disease:
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rate detectior 3. Use quality soil and
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Fig. 7: Image Preprocessing Stage
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The trained CNN model achieved an
accuracy between 95% and 98%, showing
its effectiveness in classification. Precision,
recall, and Fl-score values were also
consistently  high, indicating reliable

performance.

The system then displays the prediction

result along with confidence level.

#a Auos.cBdux@

Fig. 8: Disease Prediction

In addition to prediction, the system
provides detailed information about the
detected disease, including preventive

measures and suggested treatments.

The model performed well in most cases,
with only minor confusion between visually
similar diseases. Training results indicate

stable learning with minimal overfitting.

However, real-world factors such as
lighting conditions, background noise, and
image quality may slightly affect

performance.

VI. CONCLUSION

A new deep learning framework that
recognizes and categorizes the diseases of
tomato leaf is presented. The model utilizes
CNN s to accurately recognize the diseases
with minimum manual intervention and has
shown excellent results under various
metrics, allowing for early disease

identification.

The framework provides contributions
toward minimizing crop losses, effective
pesticide usage, and increasing productivity
within agriculture. While the framework
has its advantages, improvements can be
made by expanding data sets and ensuring
better practicality. Potential future research
directions involve the application of mobile

and IoT technologies.

Overall, the results support sustainable

agriculture and smart farming.
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