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Abstract—Leaf illnesses are a major global threat to food
security and agricultural output. Visual inspection is a
common component of traditional illness detection
techinques, but it might be labor-intensive and
subjective. In response, this work investigates integrative
methods for computerized leaf diseases identification
with processing of image and computer learning
methods. Our approach performs well in differentiating
between leaf illness such as fungal infections, viral
diseases, and physiological problems by utilizing models
for machine learning that were taught on a huge dataset
of photos of both well and sick people leaves.
Preprocessing methods like picture augmentation and
normalization improve the models’® accuracy and
generaliz ability, and complex algorithms for ML make
feature retriving and disease categorization -easier.
Furthermore to improving agricultural health
management, this research highlights how ML- driven
approaches have the power to completely transform
agricultural  decision making and leaf illness
surveillance.

Index Terms—Agricultural sector, Leaf diseases, Image
processing, Machine Learning, Convolutional Neural
Network

I. INTRODUCTION

The agricultural productivity is seriously threatened by leaf
diseases, which can result in lower crop quality and
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financial losses. To ensure that preserve healthy crops and
guarantee food security, prompt and precise identification of
these diseases is essential. Conventional methods for
detecting diseases are labor-intensive and prone to
inaccuracy since they depend on skilled manual inspection.
In this work, a CNNs based technique for identifying leaf
illness is presented. Our aim is to program the detection
process by utilizing CNNs, which will improve efficiency
and accuracy. Researchers and farmers can forecast leaf
diseases with great reliability regards to the model’s training
using the Keras library.

A. Objectives

The main aim of this investigation is to develop an effective
and automated approach for finding leaf diseases that uses
CNN, thereby replacing traditional, labor-intensive manual
inspection methods. This involves collecting and
preprocessing a comprehensive dataset of leaf photos that
encompass numerous diseases and conditions, making
certain that the training information for the model comes
from a diverse and representative sample. Another key
purpose is to construct and train the CNN configuration
using the Keras library, centering on the accurate feature
retrival and categorization from the leaf images. The
efficiency of the trained model using parameters like recall,
accuracy, precision and F1-score is required for validate its
effectiveness. Finally, the study aims to save the proficient
model for future use, enabling quick and efficient prediction
of leaf illness on new images, and explore its real world



International Journal of Engineering Applied Sciences and Technology, 2024
Vol. 9, Issue 02, ISSN No. 2455-2143, Pages 120-124
Published Online June 2024 in IJEAST (http://www.ijeast.com)

applicability, including deployment on 10T devices for real-
time monitoring and management in agricultural settings.

Il. RELATED WORKS

The section on related works reviews previous studies that
solve the hurdle of precisely recognizing and categorizing
plant illness by applying machine learning and image
processing methods. Several research studies have
recommended techniques for automating the detection od
leaf illness with advanced image classification algorithms
CNN.

The section on related works reviews previous studies that
address the challenge of accurately identifying and
classifying using ML approaches and image processing to
combat plant diseases. Numerous research have suggested
techniques for automating the identification of leaf illness
with advanced image classification algorithms, such as
convolutional neural networks (CNNs) [1].

The evaluation of leaf abnormalities is a critical component
of agricultural sectors’ economic prosperity, and this study
looks at it. The study examines research from 2010 to 2022
with a focus on leaf diseases, emphasizing the usage of
multispectral and hyperspectral imaging for disease
analysis. Leaf disease classifying frequently uses both DL
and ML models, such as CNN, VGG, ResNet, and SVM,
Random Forest, and Multiple Twin SVM (MTSVM). The
review high lights the effectivesness of CNN, VGG, and
ResNet in disease diagnosis and offers a workflow method
to support researchers. Researchers looking for effective
classifiers for leaf disease identification might gain
important information from performance evaluation metrics
including F1 score, accuracy, and precision [2].

This essay discusses the importance of effective disease
detection methods in agriculture also includes large
financial and productivity losses brought on by plant
diseases. Conventional techniques rely on the visual
inspections of experts, which take time and are less practical
for broad fields. This strategy tries to increase crop
productivity and enhance disease management techniques.
The study also contrasts the advantages and drawbacks of
several detection techniques [3].

Identifying and preventing crop diseases is important
concern for farmers in an agro-based economy such as
India. The significance of practical and efficient illness
detection techniques is emphasized in this essay. Strictly
depending on visual assessment is frequently inaccurate and
time-consuming. The study identifies and categorizes
agricultural produce as normal or impacted using criteria
related to color and texture. The precision of disease
identification is improved by these combined qualities. The
research offers a wuseful technique that significantly
increases how accurate automatic disease identification in
Malus Domestica (apples) by utilizing K means clustering,
color, and texture analysis [4].
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The country’s ability to grow economically is primarily
reliant on the amount and caliber of its crop output. Early
iliness detection can increase the rate of production. In the
last few years, numerous image processing-based techniques
for identifying illnesses of the leaves have been created.
This study offers a summary of various technologies for
identifying illnesses of the leaves through image processing,
categorizing based on the analysis tool and applications.
Most of the technologies now in use for identifying leaf
diseases systems are briefly reviewed and critically
analyzed, and a contrasting the various methods is looked at
and provided. The main problems and difficulties in
identifying leaf diseases are outlined. The reference list
includes a huge selection of publications, books, and
standards that are helpful to scholars both farmers and
agricultural policymakers [5].

The agricultural sector is the one on which the economy of
our country heavily depends. That’s why identifying
unhealthy leaves is the key to preventing a decline in crop
yield and production. It required a great deal of labor,
expertise in leaf diseases, and a significant amount of time.
As the outcome, processing of image approaches are used to
detect and find unhealthy plant leaves. Plant leaf illness
identification with an automated approach is helpful since it
reduces the load of work required for extensive farm
observation and can detect disease symptoms early on [6].
This study uses an image processing way to recognize the
illness known as leaf rot in betel vines (Piper betel L.). An
essential component of plant science research and its related
applications is the measurement of plant characteristics.
Particularly helpful are the applications of plant feature data
in agricultural research, plant growth modeling, and farm
output. There aren’t many techniques used to identify leaf
rot in betel vine leaves (Piper betel L.). Although time-
consuming, labor intensive, and inconvenient, traditional
direct measurement techniques are typically straightforward
and trustworthy. On the other hand, the suggested vision-
based techniques are effective in identifying and observing
the external signs of the condition [7].

Prompt detection of the illness is essential for high
agricultural yield. Crop yield loss could affect from the
disease if prompt identification is not considered. Therefore,
it can be difficult for agronomists and farmers to detect
diseases either early on or later on. Deep learning is crucial
in helping these staff identify disease symptoms in
contaminated plants. Also to save time, the machine-based
recognition system built on processing image is more
reliable and effective than manual assessment technique. It
supports growers in taking prompt action to treat leaf
diseases wisely to protect their crops [8].

To develop effective nutrition and illness management
techniques, rice-related institutions like the IRRI rely on
manual eyeball exercises to evaluate a rice plant’s health
through its leaves. This research presents an computerized
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approach that uses color image mapping to identify illnesses
on rice leaves. Using the histogram collision of test and
healthy rice leaf photos, the system first extracts the
exception region from an image of a rice leaf to be tested.
After the outlier has been identified, related regions are
organized into groups using a threshold-based K-means
clustering technique [9].

Significant losses are incurred by plant diseases in
agricultural product output, economics, quality, and
quantity. Plant disease losses must be managed because the
agricultural output of India accounts for 70% of the
country’s GDP. To prevent such diseases, plants must be
watched over from the very beginning of their life cycle.
Previously, monitoring was done through traditional
inspection, which is costly, time consuming, and needs a
high level of competence. Therefore, the illness
identification system needs to be automated in terms to
expedite this process. Image processing algorithms must be
developed for the illness detection system. Numerous
scientists have created systems based on different image
processing approaches [10].

Recognition of patterns approaches are widely used in
agricultural research, and they are highly perceived,
specifically in the farm of plant protection, which ultimately
leads to crop management. Our proposal involves the usage
of processing image techniques to automatically identify
and chategorize illnesses affecting sugarcane leaves through
artificial intelligence. Digital cameras where used to take
pictures of the affected sugarcane leaves. To identify the
infected areas of the leaves, preprocessing techniques such
as image histogram equalization, filtering, color
modification, and segmentation are included to the images.
After that, a SVM classifier was used to classify the
diseased leaf. This can be achieved by segmenting the leaf
area and afflicted area by obtaining the illness portion of a
leaf using the K means clustering approach [11].

India’s fast population expansion and rising food
consumption make agriculture a vital sector of the country.
Consequently, crop yield needs to grow. Diseases brought
on by bacteria, viruses, and fungi are a significant factor in
reduced crop yields. Methods for identifying plant disease
can be relied to avoid it. Because machine learning
techniques focus on the results of specific tasks and
primarily apply to data, they can are used to detect diseases.
The steps of a general plant illness identification system are
provided in this research, along with a comparison of ML
classification techniques for plant illness detection. In
Relation to this survey, CNN identify more illness in a
variety of crops with a high accuracy [12].

One essential component of describing plants for plant
growth monitoring is plant phenotyping. This research
presents an effective method that uses processing of image
and ma chine learning approaches to distinguish between
healthy and damaged or infected leaves. Numerous illnesses
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cause the chlorophyll in leaves to be damaged, resulting in
dark or black spots on the leaf surface. Grey Level Co-
occurrence Matrix (GLCM) is relied for feature extraction.
One ML approach used for categorization is SVM. In
contrast to the SVM method, the CNN produced better
recognition accuracy [13].

I1l. PROPOSED SYSTEM

The suggested approach involves the evolution of a CNN
based system for the finding of leaf diseases, ensuring an
extensive dataset of a leaf pictures encompassing a wide
variety of diseases was collected from multiple sources.
Iterations of the dataset for testing and training were
separated to evaluate model performance. Data preparation
was a critical step, enhancing the standard of raw images by
resizing them to a standard size, normalizing pixel values to
a range of 0 to 1, and using methods for data augmentation
like rotation, flipping, and zooming to prevent overfitting
and increase training data diversity.

The CNN framework built using the Keras package, em
ploys a series of pooling and convolutional layers to
automatically extract pertinent characteristics from input
images. These layers detect patterns indicative of various
leaf dis eases, including edges, textures, and shapes. The
architecture consists of multiple convolutional layers
activated by ReLU, max-pooling layers to reduce
dimensionality, and completely connected layers to classify
the retrieved features into specific disease categories. The
model was instructed utilizing the preprocessed dataset with
appropriate loss functions and optimizers. Once trained, the
model was kept for later use, enabling quick and efficient
disease prediction on new leaf images without the
requirement for retraining.

The implement of the saved model in various applications
can achieve real-time disease diagnosis. Here is how the
CNN contributes:

¢ Feature Extraction: The architecture includes
convolutional, Pools and layers with full connectivity.
These strata are effective at extracting hierarchical
information from images, necessary for differentiating
between various leaf diseases.

* Data Augmentation: Methods like as rotation, flipping,
and zooming enhance the diversity of training data, im
proving model generalization and preventing over fitting.

* Training and Fine-tuning: The model was trained and fine-
tuned on the preprocessed dataset, with the final layers
optimized to capture specific patterns associated with
different leaf diseases.

¢ Classification Accuracy: The architecture’s ability to ex
tract complex information from images results in high
classification accuracy. The model outputs probabilities or
labels for each disease category, enabling accurate and
efficient real-time disease detection.
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IV. METHODOLOGY

The method used for creating an automated leaf illness
identification mechanism that utilizes CNN involves several
crucial steps to ensure accuracy and efficiency. This process
utilizes cutting-edge methods for the preprocessing of
images and ML to improve the detection and categorization
of leaf illness.

The following essential components are part of the
procedure for creating an automated leaf illness detection
system:

» Dataset Collection: Start by compiling an extensive
dataset of leaf photos from multiple sources, covering a
large variety of illness and healthy leaves. Ensure the
dataset includes diverse textures, colors, and orientations to
improve model robustness.

* Preprocessing: Resize all images to a consistent size
suitable for the CNN configuration input (e.g., 224x224
pixels). Normalize pixel values to a standard range (e.g., O-
1) and perform necessary preprocessing operations such as
centering and standardization.

» Data Augmentation: To prevent overfitting and enhance
diversity, augment the dataset using methods like flips,
shifts, zooms, and rotations. This creates new training
examples without the additional data collection.

« Splitting Data: Divide the dataset into training, validation,
and test sets. The training set is is used to instruct the model,
the validation set monitors performance and adjusts
hyperparameters, and the test set is reserved for the last
evaluation.

* Model Selection: Select an appropriate CNN architecture
for image classification. Use a pre-trained model, such as
VGG16, which is originally trained on a big dataset like
ImageNet but without the top (fully connected) layers.

* Transfer Learning: Implement transfer learning by
initializing the CNN with pre-trained weights from
ImageNet. Freeze the convolutional base layers to preserve
learned features, and only train the newly added dense
layers specific to leaf illnesses classification.

* Model Architecture: Add new dense layers on top of the
pre-trained CNN base for leaf illness -classification.
Experiment with different architectures and activation
functions (such as ReLU and softmax) to achieve optimal
performance.

* Training: Compile the model using suitable optimizers
(e.g., Adam) and loss functions (e.g., categorical cross
entropy).Educate the model using the training information
and adjust hyperparameters based on validation set
performance. Monitor evaluators such as accuracy,
precision, recall, and F1-score throughout training.

* Evaluation: Evaluate the model’s generalization ability
utilizing the test set. Analyze metrics and compile a
confusion matrix to understand classification performance
across different leaf disease categories.

* Deployment: Integrate the proficient model into a real
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time illness identification system. Provide an interface
allowing users to capture leaf images using cameras and
input them within the framework for quick classification.
Continuously monitor system performance and make
necessary adjustments to maintain optimal results.

V. RESULTS AND CONCLUSION

The way in which the trained CNN model was analyzed
using measurements like accuracy, precision, recall, and F1-
score on the testing dataset. The findings indicate that the
suggested method significantly improves the precision of
leaf illnesses identification compared to ancient methods.
The model demonstrated a high accuracy rate, effectively
distinguishing between affected and healthy leaves. The
CNN’s quantity to automatically extract and learn patterns
from pic tures contributed to its excellent performance. Data
augmen tation strategies enabled the template for generalize
well and maintain consistent performance across various test
scenarios and types of diseases.

This research proposes an effective approach utilizing the
Keras toolkit and CNN for leaf illnesses detection. The
automated detection process offers a rapid and accurate alter
native to manual examination, presenting significant
benefits to farmers and agricultural researchers owing to the
model’s high accuracy and robustness. Future research will
concentrate on enhancing the model’s scalability and
practicality, which includes increasing the dataset’s
diversity and size to improve the model’s generalization
capabilities, implementing the model on 10T devices such as
smartphones and drones for real-time disease monitoring
and management, and developing the model to detect
multiple  diseases  simultaneously  and provide
comprehensive diagnostic information. By expanding and
refining this approach, we can advance precision agriculture
and support sustainable farming practices.
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