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Abstract—A Convolutional Neural Network (CNN) is used in this study, "Machine Learning Technology for
Classification of Diseases in Oranges,” to automatically identifyorangedisorders.Fourclassesofimages—
Blackspot, Canker, Fresh, and Greening—are used to train the model.
Thesystemcorrectlyclassifiesphotosintovariouscategories byutilizingdeeplearningandimageprocessing,
whichhelps with early detection and minimizes manual effort. Orange photographs can be uploaded through an
easy-to-use Streamlit interface, and they  are instantly processed and classed
withhighconfidencescores.Thegoalofthissolution is to help farmers and other agricultural stakeholders minimize
crop loss, ensure prompt action, and identify diseases swiftly. The studyshows how machine learning can be
used to solve practical agricultural problems, increase productivity, and promote sustainable farming methods.
Keywords— Orange Disease, CNN, Blackspot, Canker, Greening, Image Classification, Streamlit, Agricultural
Technology, Sustainable Farming
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I. INTRODUCTION

The use of technology in agriculture has advanced
significantlyinrecentyears,especiallyintheareasofdisease
managementanddetection. Thepromptandprecisedetection of diseases like Blackspot, Canker, and Greening—
which can result in significant crop losses and degrade produce quality—is a significant obstacle for orange
growers. Conventional illnessdetection techniquesfrequentlydepend on visual inspection, which is time-
consuming, labor- intensive, and prone to human mistake. This study uses machine learning technology to
effectively classify orange disorders and offer preventive advice in order to overcome these constraints.

A Convolutional Neural Network (CNN), a deep learning
modelcreatedespeciallyforimagerecognitionapplications, forms the basis of this system. The CNN can
accurately detect four categories—Blackspot, Canker, Fresh, and Greening—after being trained on a varied
dataset of orange photos. A Streamlit-based interface has also been created to improve the system's usability and
accessibility.  Orange photos can be uploaded by users, and the system provides
personalizedadviceformanagingandpreventingthedisease in addition to real-time disease classification. By
enabling farmerstotakepromptaction,thisfeaturereducescroplosses and preserves the health of their orchards.

The goal of this project is to transform the management of orange disease by fusing deep learning
capabilities with agriculturalknowledge.Itprovidesascalableanduseful solution by bridging the gap between
technology and conventional farming methods. In addition to disease identification, the inclusion of practical
suggestions encourages environmentally friendly methods, sustainable farming, and a decrease in the excessive
use of chemical treatments. This invention demonstrates how machine learning may turn agriculture into a
proactive, data-driven, and efficient sector.

Il. LITERATUREREVIEW
Orangecropdiseasedetectionhasattractedalotofattention, andresearchersareusingdeeplearningandmachinelearning
approaches to improve disease management and classification accuracy. The effectiveness of deep neural
networks in detecting diseases like Huanglongbing (HLB) andother
commonproblemsinorangetreesisdemonstrated by studies like [1] and [6]. These methods have achieved good
classification performance by combining pre-trained models and transfer learning, which lessens the demand for
big datasets. In a similar vein, Arifin et al. [2] investigated the use of CNN-extracted features in conjunction
with conventional classifiers, showing increased efficacy in detecting conditions such as Canker and Blackspot.
These papers highlight how deep learning and conventional
machinelearningcanbecombinedtoprovidereliabledisease classification.
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A possible way to increase classification accuracy and computing efficiency is using hybrid models. In order to
classifyorangediseases,forexample,CNNisintegratedwith SVMand RandomForest
models,respectively,asdiscussed in [8] and [10]. These hybrid strategies take advantage of CNNs' capacity for
feature extraction and machine learning algorithms' effectiveness in generating decisions. Furthermore, studies
like [14] and [11] highlight how pre- trained models like VGG16 and EfficientNetB3 can help
overcomethedifficultiescausedbysparsedatasets,allowing for accurate multi-
classclassificationofleafdiseases. These resultsemphasizehowcrucialfeatureengineeringandmodel optimization
are for agricultural applications.

Additionally, methods for classifying orange disorders using texture and hyperspectral image analysis have
been investigated. While [12] used hyperspectral dimension reduction techniques for illness identification, [4]
presenteda texture-based neural network algorithm for identifying surface defects in oranges. These studies
show how  sophisticated algorithms and a variety of data  modalities  supportall-
encompassingdiseasemanagement.Furthermore, practical uses like [13] and [7] highlight the significance of
user-friendlysystemsthatletfarmersdetectdiseaseswith mobile-friendly platforms and visible-range photos.
Together,theseresearchoffer asolidbasisforourinitiative, which uses a simplified user interface to combine CNN-
based classification with suggestions for illness prevention.

SUMMARYOFLITERATURE SURVEY.

NumerousstudieshaveshownthepotentialofConvolutional Neural Networks (CNNs) for precise
classification, and the use of deep learning and machine learning for  disease
detectioninorangecropshasexpandedquickly. CNNshave beensuccessfullyemployedbyresearcherssuchasHuanget
al. [1] and Arifin et al. [2] to detect common diseases in orangetrees,suchasHuanglongbing(HLB),Blackspot,and
Canker. These techniques improve illness classification accuracy while lowering the requirement for sizable
labeled datasetsbyutilizingdeepneuralnetworks,transferlearning, and feature extraction. In similar situations, pre-
trained models like VGG16 have also been investigated; these models have been demonstrated to greatly
enhance classification performance with fewer data inputs, particularly in difficult agricultural settings.

In order to increase classification accuracy and efficiency, a number of studies have also concentrated
on integrating CNNswithconventionalmachinelearningtechniques.CNN in conjunction with Random Forest or
Support Vector Machines (SVM) are examples of hybrid models that have demonstrated efficacy in utilizing
both the decision-making capabilitiesofconventionalmodelsandthefeatureextraction capabilities of CNNSs.
Examples of models that have been successful in improving disease diagnosis and offering a more reliable
framework for disease identification include CNN-SVM[8JandCNN-RandomForest[10].Byincreasing
generalization and processing efficiency, these hybrid techniques help overcome the drawbacks of single-model
systemsandarehenceappropriateforlarge-scaleagricultural applications.

111. PROPOSEDMETHODOLOGY
A.  ProblemStatment
With a focus on four main illnesses—Blackspot, Canker, Fresh,andGreening—
theprojectseekstoprovideamachine learning-basedmethodforthedetectionandcategorizationof

diseasesinorangecrops.Topreciselyidentifyandcategorize these diseases, the system will examine photos of
orange trees using Convolutional Neural Networks (CNNs). The project will also offer practical suggestions for
preventing illness, enabling farmers to safeguard their crops in a timely and knowledgeable manner. The system
aims to increase overallproductioninorangefarming,decreasecroploss,and improve disease management by
incorporating cutting-edge machine learning techniques.

B.  Objectives

1. DiseaseClassification

Thisproject'smaingoalistocreateastrongmachinelearning model for the categorization of four important orange
crop diseases:Greening,Canker,Fresh,andBlackspot. Themodel will betaughttoexaminephotos of
orangetrees,identify outward symptoms of various illnesses, and correctly categorize them using Convolutional
Neural Networks (CNNs). The research aims to improve illness detection accuracyby utilizing deep learning
techniques in contrast to more conventional approaches like manual inspection.

2. DiseasePreventionRecommendations

In addition to classifying diseases, the project seeks to offer practical advice on illness prevention. The
technology will producepersonalizedrecommendationsonhowtopreventor lessen the sickness after identifying
one in the orange crops. Information about soil health management, irrigation techniques, pesticide application,
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and environmental modifications may fall under this category. By providing useful, scientifically supported
advice, the project not only aids in disease detection but also equips farmers with the knowledge they need to
proactively manage and safeguard their crops, thereby lessening the negative effects of these illnesses on crop
yields and farm productivity.

3. User-FriendlylInterface

Farmers willbeableto simply upload photosoftheir orange trees and receive real-time disease classification
findings because to the project's development of a Streamlit-based user interface (Ul). No sophisticated
technological knowledgewillbeneededtousethisinterfacebecauseitwill be simple and easy to use. All users need
to do is wupload an image, and the model will identify the illness and provide a
listofpreventativesuggestions. Theobjectiveistodevelopa field-use tool that would assist farmers and agricultural
specialists in making prompt decisions regarding disease control, particularly in isolated locations where access
to professional services may be restricted.

4. ModelOptimizationandPerformance

Making sure the disease categorization model operates at its
bestinavarietyofactualagriculturalenvironmentsisanother important goal. This entails consistently enhancing the
model's precision, effectiveness, and capacity for generalization.Themodelwillbetrainedonabroadrangeof
cropconditionsanddiseasesymptomsthankstomethodslike
dataaugmentation(e.qg.,rotating,flipping,orresizingphotos) that increase the diversity of training data.
Additionally, by experimenting withvariousarchitectures,learningrates,and hyperparameters,the  model
willbeimproved.Tomakesure the system can reliably identify illnesses in a variety of lighting and environmental
circumstances, extensive testing and validation will be done on a range of datasets.

C. DataAcquisition

1. ImageDataCollection

Images of orange trees and their leaves, representing differentstagesofdiseaseprogression, makeuptheproject's
main dataset. These photos are critical for training the machinelearningmodeltodistinguishpatternssuggestiveof
diseases such as Blackspot, Canker, Fresh, and Greening. Citrus plant disease research studies, public
agricultural picturedatabases,oragriculturalfarmswithrecordeddisease cases will be the sources of the
photographs. To account for differencesinsymptoms,thegatheredphotosshoulddepicta
rangeofgeographicallocations,seasons,andclimatic circumstances. Maintaining this diversity is essential for
attaining high disease classification accuracy since it improves the model's ability to generalize and identify
disease patterns in many real-world contexts.

2. DataAnnotation

For a machine learning model to accurately classify orange illnesses, accurate annotation is essential.
Depending on the obvioussymptoms,eachimageinthedatasetwillbeassigned theappropriatediseasecategory,
suchasBlackspot,Canker, Fresh, or Greening. To ensure that the labels accurately depict the type of illness
present in each photograph, these annotations will be carried out either manually by agricultural specialists or
semi-automatically. Since the model uses these labeled images to identify the unique characteristics of each
disease, proper data annotation is crucial for supervised learning. The model's capacity to
correctlyclassifydiseasesinnovel,unseenphotosisstrongly impacted by the dependability of these annotations.

3. DataPreprocessing

For a machine learning model to accurately classify orange illnesses, accurate annotation is essential.
Depending on the obvioussymptoms,eachimageinthedatasetwillbeassigned theappropriatediseasecategory,
suchasBlackspot,Canker, Fresh, or Greening. To ensure that the labels accurately depict the type of illness
present in each photograph, these annotations will be carried out either manually by agricultural specialists or
semi-automatically. Since the model uses these labeled images to identify the unique characteristics of each
disease, proper data annotation is crucial for supervised learning. The model's capacity to
correctlyclassifydiseasesinnovel,unseenphotosisstrongly impacted by the dependability of these annotations.

4. DataAugmentation

One essential method for increasing the dataset's diversity and the machine learning model's resilience is data
augmentation. Rotation, rotating, zooming, cropping, and other changes allow us to replicate a variety of real-
world situations that might not be depicted in the original photos. By doing this, overfitting—a situation in
which the model forgets the training data and is unable to generalize to new data—is avoided. The model
becomes more adaptive to various environmental conditions when the dataset is
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supplementedbyvariationsinthephotos,suchaschangesin lighting, orientation, and scale. By successfully
expanding thedataset,thesemethodsimprovethemodel'saccuracyand generalizability while also offering a more
reliable training procedure.

IV. PROPOSEDWORKFLOW

1. DataAcquisition

Acrucial firststep in guaranteeing thecaliber and varietyof thedatasetusedtotrainthemodelisdatacollecting.Inorder
to represent various real-world situations, photos of orange tree illnesses including Blackspot, Canker, Fresh,
and Greening must be gathered for this project from a varietyof
sources.Farmsurveys,publiclyaccessibleagricultural datasets,andexpertcontributionsareafewexamplesofthese
sources. A diverse variety of photos should be taken, taking into account changes in lighting, tree development
stages, angles, and disease severity. The model's ability to handle variousscenarios willincrease
withthediversityofthedata. Building a trustworthy model requires accurate and consistent data annotation.

2. DataPreprocessing

The next crucial stage after obtaining the data is preprocessing, which makes sure the pictures are in an
appropriateformatformodeltraining. Toprovideuniformity andfacilitateeffectivetraining,allphotos
mustberesizedto acommonsize,usually256x256pixels.Byscalingthepixel values to a uniform range (often 0 to 1),
data normalization enhances the model's capacity for convergence during training. Rotation, flipping, zooming,
and shifting are examples of data augmentation techniques used to improve the dataset and avoid overfitting.
These changes aid in simulating variances that the model may experience under actual circumstances. After that,
the labeled photos are divided into test, validation, and training sets.

3. ModelDevelopment

Because it can automatically extract and learn spatial hierarchies of characteristics from images, a
Convolutional Neural Network (CNN) is the best option for the disease classification problem. CNNs are ideal
for image classification jobs because of their ability to recognize patterns and structures. To further improve
classification  accuracy, a hybrid technique may be used in  this project by
mergingCNNswithadditionalmachinelearningmodelslike Random Forest or Support Vector Machines (SVM).
For transfer learning, pre-trained models like VGG16 or ResNet50 canbeutilized. Byloweringtherequirement for
a sizabledataset,thismethodenablesthemodeltobenefitfrom insights gained from extensive image datasets,
enhancing training effectiveness and performance.

4. ModelTrainingandValidation

The CNN model is fed the preprocessed picture data during model training, and its weights are modified in
response to thediscrepancybetweenthepredicted andactuallabels. The validation set keeps an eye on the model's
performance to prevent overfitting, while the training set is used to instruct it. Prediction errors are measured
using a loss function, like categorical cross-entropy, and the model's efficacy s
evaluatedusingmeasureslikeaccuracy,precision,andrecall.
Thevalidationsetkeepsthemodelfromlearningthetraining data bygivingit feedback on how well it generalizes to
new data. After training is finished, the model's performance on unknown data is assessed in the real world
using a different test set.

5. DiseasePreventionRecommendations

In addition to identifying illnesses, the initiative will give consumers practical prevention advice specific to the
illness thatwasidentified.Aseriesofsuggestionsaimedatreducing
orstoppingtheillness'sspreadwillbetriggeredoncethe model has classified the ailment (for example, Blackspot,
Canker,Fresh,orGreening).Thesesuggestions mightcover particular treatments like chemical sprays, natural
cures, or customs like pruning and watering changes. In order to reduce the recurrence of diseases, the model
will also offer recommendations for environmental conditions and pest control. Byaddingcarefullychosen
preventative advice, the systemturnsintoausefulresourceforfarmers,assistingthem in properly identifying and
managing illnesses to enhance crop output and health.

V. TECHNOLOGY
A. LibrariesandFrameworks
Python:Datascienceandmachinelearningmakesubstantial use of Python, a flexible programming language.
Python is the main language used in this project to construct the complete solution. It is perfect for quick
development because it offers a large library and an easy-to-understand syntax. Python is appropriate for
creating intricate models like convolutional neural networks(CNNSs) since itsupports deep learning frameworks
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like TensorFlow. Its widespread use in the machine learning field guarantees effective development, debugging,
and tool integration.

TensorFlow and Keras:Building and implementing machinelearningmodelsismadeeasierwithTensorFlow,an
open-source deep learning framework, and Keras. Keras, a high-level TensorFlow API, makes it simpler to
develop models by offering straightforward functions for defining
neuralnetworklayers. TheCNNarchitectureforthisproject, which uses layers like Conv2D, MaxPooling2D, and
Dense tocategorizephotosoforangedisorders,wasdesignedusing Keras. Keras streamlines the interface for model
development and training maintenance, while TensorFlow's backend manages the calculations and optimizations
for effective training.

Convolutional Neural Network (CNN): CNNs are deep learning models made specifically for image
recognition applications. CNNs are perfect for classification tasks like disease identification in orange leaves
because they are excellent at automatically extracting spatial characteristics from images over multiple layers.
This  project employs a CNN architecture that consists of fully connected layers
(Dense)toclassifytheimagesintovariousdiseasecategories based on patterns learned during training, pooling
layers (MaxPooling2D) to downsample the images, and convolutional layers (Conv2D) to detect features like
edges and textures.

Preprocessing Images (ImageDatasetFromDirectory): TensorFlow's image_dataset _from_directory method
facilitates loading and preprocessing image datasets straight from directories. In order to organize and input
labeled data into the model, this method automatically assigns labels based on folder names. To guarantee
compatibility with the input layer of the neural network, images are shrunk to a consistent size of 256x256
pixels. Through the smooth management of image loading, scaling, and batching during model training and
evaluation, this technique simplifies dataset handling and boosts workflow efficiency.

Matplotlin and Seaborn:Two Python libraries for data visualization are called Matplotlib and Seaborn. They
are employed in this project to monitor the CNN's performance as it is being trained. The plt.plot function in
Matplotlib facilitates the visualization of training and validation accuracyacross epochs, making it simple to
compare model performance. Seaborn makes it simpler to understand the data visualization and offers improved
plot styling. These libraries are very helpful for tracking model performance, spottingoverfittingor underfitting,
and comprehendinghow various training parameters affect the outcomes.

PandasandNumPy

TheyaretwocrucialPythonmodules for working withdata. Pandas is the best tool for handling structured datasets,
such as CSVs or tabular data, while NumPy supports arrays and mathematical operations. These libraries help
with data preprocessing, featureengineering,and managingnumerical
operationsinmachinelearningworkflows,eventhoughthey are not directly engaged in the model generation
process. Before feeding input into the deep learning model, they are usually employed to arrange the dataset and
carry out necessaryoperationslike normalization,transformation,and reshaping.

KerasModelSavingandLoading:

The trained model is loaded and preserved for later use without retraining in this project using the Keras model
saving and loading routines. The entire model architecture, weights, and training setup are saved to a file using
the function model.save('cnn.h5"). To refine the model or make predictions on fresh data, load_model(‘cnn.h5")
can be used to reload the model later.

FiguresandTables

SystemArchitecture:

Thisproject'ssystemarchitectureusesdeeplearningmethods, notably Convolutional Neural Networks (CNNs), to
effectivelyidentifyand categorize illnesses in orange leaves. The architecture is based on a client-server
approach, and users can post pictures of orange leaves using the client interface, which was created with
Streamlit. The deep learningmodel, whichwasconstructed withTensorFlowand Keras, then processes these
photos after they are sent to the server. The projected disease class and suggestions for disease prevention are
returned by the server when it has completed the image classification. The system is scalable and easy to
maintain since it is modular, with distinct parts for the user interface, model inference, and picture
preprocessing.
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Fig1SystemArchitecture

The trained Convolutional Neural Network (CNN) at the heart of the design is in charge of classifying images.
Multiple convolutional layers (Conv2D) and pooling layers (MaxPooling2D) are used in the CNN model's

structure to downsample the pictures while preserving significant
characteristics. Thecompletelyconnectedlayers(Dense)that produce the disease classification come after these
layers. A dataset of tagged orange leaf photos with the labels

"blackspot,""canker,""fresh,"and"greening"isusedtotrain
themodel.Whentheuseruploadsfreshphotosforprediction, themodelissavedinthe.h5format,whichmaybeloadedfor
inference.

The Streamlit Ul, which acts as the frontend, is where the system's data flow starts with image upload. After an
image is submitted, it undergoes preprocessing to conform to the CNN model's input specifications (such as
scaling to 256x256pixels). After that, theimageissentto thebackend server, wherethetrained modelinfers
thediseaseclass.The user is presented with the model's output, which includes a recommendation for preventive
measures in addition to the projecteddisease.Futureimprovementslikeaddingreal-time data or broadening the
disease categorization model to encompass other diseases are made possible by the architecture's scalability and
flexibility.
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VI RESULTSANDDISCUSSION
The results of the project demonstrate the effectiveness of using deep learning models for disease
classification in oranges. The model, trained with a dataset consisting of images labeled into four categories—
blackspot, canker, fresh, and greening—achieved a promising accuracy in predicting the presence of these
diseases. The final model showed high classification accuracy, which indicates that convolutional neural
networks (CNN) are a viable approach for automatic disease identification in citrus crops, reducing the time and
effort required for manual inspection.

DOI: 10.35629/6734-14030612 WWW.ijesi.org 11 | Page




Machine learning technology for classification of diseases in Oranges

In the discussion, it is clear that the project has the potential to aid in early detection and management
of diseases in orange trees, benefiting farmers by providing faster diagnostic tools. The high accuracy of the
model suggests that CNNSs can efficiently extract relevant features from images, improving decision-making in
agricultural management.However,therearechallengesrelatedtoimage quality, lighting conditions, and the
generalization of the modeltodiversereal-worldenvironments.Futureworkcould exploretheintegrationof more
extensivedatasets,including variousenvironmentalconditions,to enhance therobustness and general applicability
of the model in different regions.

VIl CONCLUSION

With encouraging results in recognizing different disease categories, the study has effectively
illustrated the application of Convolutional Neural Networks (CNNs) for automated categorization of orange
disorders. To train the model, deep learning methods were applied to the dataset,
whichwasdividedintofourclasses:blackspot,canker,fresh, and greening. Accuracy was increased by the model's
ability to learn complex patterns and features from the images thanks to its multiple convolutional, pooling, and
fully connected layers. The model's training and validation
accuracysignificantlyimprovedoverthecourseofl0epochs, with a final validation accuracy of almost 98%.

The agriculture business may benefit from the model's high accuracy, which shows that it can consistently
classify diseasecategoriesandgeneralizewellonunknowndata. This model offers a scalable approach for real-time
disease identification, which is essential for reducing crop loss and enhancing yield quality. Additionally, the
experiment showed how deep learning can be used in agriculture, with the potential to be expanded to different
crops and disease kinds.Theconceptlessensrelianceon manualinspectionby automating the detection process,
guaranteeing quicker and more precise diagnoses. Overall, the experiment
demonstratestheviabilityandefficiencyofemployingCNN-
basedmodelsfordiseasemonitoringandcontrolinprecision agriculture.
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