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Abstract: Agricultural productivity together with loss reduc- tion depends heavily on prompt disease detection methods and
disease classification procedures. The solution built around the InceptionV3 deep learning model provides identification of crop
diseases based on uploaded images. Users register through the platform byverifyingtheir email withOTP thentheycanupload
images that trigger disease prediction with precise classifications plus given treatment recommendations.

Amultilingualchatbot poweredbyAlrunsthroughPerplexity API for instant communication about crop health and disease
protection. The system provides complete data storage capabil- ities for predictions through its database structure so users can
produce historical reports to improve their monitoring effec- tiveness and decision-making processes. The platform contains
multilingual capabilities which allow diverse linguistic farmersto use its features.

The project combines Django with SQL ite3 database archi- tecture for building the backend alongside an interface frontend that
employs HTML, CSS, JavaScript and Bootstrap program- ming elements. The system functions as a complete answer for
agricultural operations where it helps farmers prevent diseasesin advance thus minimizing crop damage and creating better
farming efficiency.

Keywords: Crop Disease Prediction, Deep Learning, Incep- tionV3, Multilingual Chatbot, Al in Agriculture, Image Classifi-
cation and Report Generation.

I. INTRODUCTION
Creatively produced crops constitute one of the essential foundations that sustains worldwide food security and eco- nomic
equilibrium. The condition of crops determines global food deliverynetworks so reliable disease management meth- ods become
essential. Crop diseases inflict major economic damage and cause substantial decreases in agricultural output as they persist as a
significant agricultural threat. Early de- tection of plant diseases enables farmers to avoid widespread crop destruction as well as
enhances production levels and enables immediatenecessaryinterventions. Thediseasedetec- tion methods currently used by
agricultural experts involved physicalmanualassessmentswhichhavechallengeslinked to human subjectivity with high operational
costs as well as limited inspection speed. Remote farming zones which lack proper agricultural expertisecreatean additional
challengethat requires automated solutions for proper management.
The project presents a technology-based crop disease de- tectionmechanism which utilizesdeeplearningtechniquesfor efficient
operation.Thesystem uses thelnceptionVV3modelas its core component to achieve accurate crop disease diagnosis through its
convolutional neural network (CNN) setup. The system detects 39 diseases affecting crops and normal crop statesusingimagesas
themain input.Thesystemaccepts crop images from farmers and agricultural stakeholders who receive an exact diagnosis via the
trained model processing. Upon diagnosing a crop disease the platform sends treatment recommendations featuring established
guidelines along with proper pesticiderecommendations toexpedite corrective mea- sures before additional crop damage happens.
Theintegratedmulti-languagechatbot under PerplexityAPI delivers better user access and experience to the system. Through its
interaction the chatbot gives rapid help to farmers who need information about crop disease prevention proce- dures and basic
agricultural knowledge. This chatbot provides multilingual support which enables it to be wuseful to farmers
regardlessoftheirlanguagebackgrounds.Thesystemprovides  multilingual ~ support  which  enablesfarmerswhodonot  under-
standEnglishtoreceiveimportant information for agricultural decision making in their native languages.
As a part of its functionality the system creates historical reports to support long-term crop health monitoring alongwithitsreal-
timediseasepredictionandchatbotservices. The model’s predictions are logged in a database structure which enablesuserstoaccess
previousdiseasediagnoses for time-based analysis of patterns. The system provides valuable insights about disease recurrence
patterns together with ecological assessments of crops which helps farmers develop preventive disease control approaches. Farmers
who keep record of historical data will enhance their ability to foresee outbreaks so they can protect their crops.
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The system implements a strong technological foundation that combines Python Django as backend framework with
frontendcomponentsconsistingofHTMLCSSandJavaScript and Bootstrap. SQLite3 executes data management for user
documentation along with disease forecast data and chatbot performance. The pre-trained InceptionVV3model provides the
machinelearningcomponentwithahighlevelofaccuracy in image classification tasks therefore making it an optimal selection for
disease detection.

The project combines disease prediction based on deep learning technology and an Al-operated multilingual chatbot with a data-
based report generation system to create an all- inclusive solution addressing agricultural challenges of today. Through
itsinterfacethesystem givesfarmersasimplewayto detect diseases along with expert-based treatment recommen- dations and
automated disease occurrence tracking. Changesin agricultural productivity together with reduced crop losses become possible
because farmers receive information through this system. The project demonstrates an effective technolog- ical advancement in
smart agriculture through its features of accessibilityaswellasautomationandaccurateoperation.

Il. LITERATURE SURVEY
The application of advanced technologies including deep learningandartificialintelligence(Al)hascompletelychanged agricultural
practices when utilized in crop disease detection systemsandfarmersupportprograms.Thisreviewinvestigates modern developments
in these subject areas while discussing primary methods and their implementation examples.
Deep learning methods have proven their ability to detect plantdiseasesthroughimagesaccordingtomodernstud- ies. A widespread
review examined ML and DL algorithms which comprised SVM, RF, k-NN and deep models VGG16, ResNet50,
DenseNet121whileunderscoringtheir contribution tosustainableagriculture( [1]). Thesystematicreviewstudied 160research articles
published between 2020 and 2024 which focused on the classification and detection together with disease segmentation on plant
leaves while discussing data accessibility and image clarity issues [2].
The field has seen extensive use of Convolutional Neural Networks (CNNs) for its applications. The thorough review analyzed
CNNapplicationsfor plantdiseaseclassificationand identification as well as emerging trends alongside research areas that need
additional examination [3]. Depthwise CNNs deformintosqueeze-and-excitation blockmodificationstoim- prove plant disease
detection according to research published in turnOsearch15.
Farmers now get instant supports and knowledge through Al-poweredchatbotswhilethesesystemsoperateconcurrently.
AresearchteamdevelopedachatbotplatformforThaifarmers toreceive advice about their crop cultivation practices suchas watering and
nutrient addition and plant disease protectionand insect management and weed control [5]. This paper reviewed how integration of
ML algorithm-powered chatbots worksinagriculturewhiledemonstratingtheirapplicationsfor cropselection combined with
yieldprediction[6].Agricultural chatbots gained new functionality through large language models which enhance their ability to
deliver personalized context-aware responses [7].
Moderntechnologysystemsnowunitediseaseidentification functionalitywith multilingual support via chatbots. Scientists developed
an intelligent portable system based on natural language processing tohelp farmers select their crops through advising which plants
would produce maximum yields. Users can interactthrough thesystem which provides answers about agricultural topics [8]. The
agricultural LLM Dhenu 1.0 was developed by KissanAl to serve Indian farmers through its 300,000 instruction set capacity and
English and Hindi and Hinglishlanguageunderstanding. Theplatformdeliversvoice- operated personalized support which simplifies
farming activ- ities for users according to their needs [9].
Deep learning and Al-driven chatbots bring comprehensive innovativechangestoagriculturalpractices. Agriculturaltech- nology
makes crucial diseases detectable early and enables user-friendlyassistancethatprovidesfarmerswithinformation Needed to
takeknowledgeabledecisionsabouttheirproduc- tion..

1. METHODOLOGY
The proposed system leverages deep learning and artificial intelligence techniques to identify and classify crop diseases, offering
treatment recommendations and chatbot assistance. The system follows a structured workflow consisting of user authentication,
image processing, deep learning-based classi- fication, chatbot integration, and historical report generation.

A. User Authentication and Registration
The system implements a secure authentication mechanism where usersregister using their email and verify their identity through an
OTP-based system. This ensures that only autho- rized users can access the platform and its functionalities.
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B. Image Upload and Pre-processing
Users upload images of affected crops, which undergo preprocessing before being fed into the deep learning model. The
preprocessing steps include resizing, normalization, and noisereductiontoenhanceimagequality. Theuploadedimage is converted into

a fixed-size input for the InceptionVV3 model to ensure consistency in classification.
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Fig.1.TrainandValidLossGraph

C. Deep Learning Model for Disease Classification
The classification process is powered by the pre-trained InceptionVV3 deep learning model. The model is fine-tuned to
recognize39cropdiseasesalongwithhealthycropconditions. The classification process is mathematically represented as follows:

Y=argmax(f(W-X+B)) Q)

where:

e Xistheinputimagematrix.

o  Wrepresentsthelearnedweightsofthedeeplearning model.

o Bisthebiasterm.

o f(-)isthe activationfunction.

e Yisthepredictedcropdiseasecategory.

After classification, the system provides disease-specific recommendations, including appropriate pesticide usage and preventive
measures.

D. Chatbot Integration for Multilingual Support

AchatbotpoweredbythePerplexityAPlisintegrated into the system to assist wusers by providing information on
cropdiseases,treatmentmethods,andgeneralagriculturalbest practices. The chatbot supports multiple languages, ensuring accessibility
for users from diverse linguistic backgrounds.

Thechatbotinteractionfollowsastructurednaturallanguage processing (NLP) pipeline:

R=Chatbot(l) 2
where:

e listheuser’squery.

e Ris the chatbot’s response,retrievedusingNLP tech- niques.

E. Report Generation and Historical Data Storage

To enable long-term monitoring of crop health, all pre- dictionsarestoredinanSQL ite3database.Userscanac- cess previous predictions
and generate historical reports. This functionalityaidsin trackingdisease trends andimplementing proactive measures for improved
crop management.
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F. Work flow of the Prediction System
Theoverallmethodologyfollowsasystematicworkflow:

1) Theuseruploadsacropimage.

2) Theimageispreprocessed(resizing,normalization).

3) Thedeeplearningmodel(InceptionV3)classifiesthe image.

4) Thepredictedclassisdisplayedwithtreatmentsugges- tions.

5) Thechatbotprovidesadditionalsupportifneeded.

6) The predictionresult is storedin the database for his- torical tracking.

G. Mathematical Representation of theAlgorithm
Thecoreclassificationmechanismfollowsthestandard convolutional neural network (CNN) computation:

Fl=o(WI%Fl-1+BlI) ©)
where:

o Flisthefeaturemapatlayerl.

o  Wirepresentstheweightmatrixatlayerl.

e Bilisthebiasterm.

e xdenotestheconvolutionoperation.

e gistheactivationfunction(ReLUorSoftmax).
Theclassificationoutputisdeterminedthroughsoftmax activation:

eWJ X

P(y=i¥)= =k
k= 1eWk'X 4)

where:

P(y=j|x)istheprobabilityofclassj.

Wijrepresentstheweightsforclass;j.

xistheinputimagefeatures.

o Kisthetotalnumberofclasses.

The methodology integrates deep learning for disease clas- sification, a multilingual chatbot for user assistance, and his- torical data
tracking for long-term agricultural planning. The system’s structured workflow ensures real-time disease detec-
tionandpersonalizedfarmersupport,makingitavaluabletool for enhancing agricultural productivity and sustainability.
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V. IMPLEMENTATION
The implementation of the crop disease prediction systemisstructuredintomultiplestages, involvingfront-enddevelop- ment, back-end
integration, deep learning model deployment, chatbotintegration,anddatabasemanagement.Thesystem is designed to be user-
friendly, efficient, and accessible to farmers worldwide.

A. Frontend Development

The front-end of the system is built using HTML, CSS, JavaScript, and Bootstrap to ensure a responsive and intuitive interface. The
web interface allows users to register, log in, upload images, and view predictions in a visually appealing manner. The interface
components include:

e UserRegistrationandLoginPage:Enablessecureaccess using email-based OTP verification.

o ImageUploadinterface:Providesaneasy-to-useplatform for users to submit crop images for disease prediction.

e PredictionDisplayPanel:Showsdiseaseclassification results along with suggested treatment options.

e Chatbot Interaction Window: Facilitates real-time query resolution through multilingual chatbot support.

e Report Generation Section:Allows users toviewhistori- caldataandgeneratereportsonpastdiseaseoccurrences.

B. Backend Development

Theback-endisimplementedusingPythonDjango,arobust webframeworkthat facilitatessmoothinteraction between the user interface

and the machine learning model. Key backend components include:

e User Authentication Module: Manages user registration, login, and OTP-based verification.

o Image Processing Pipeline: Handles image uploads, pre- processing,andconversionintoasuitableformatfordeep learning analysis.

e Prediction Handling: Integrates the trained Inception\V3 model to classify crop diseases and generate treatment
recommendations.

e Chatbot Integration: Facilitates interaction with the Per- plexityAPI to provide multilingual support andreal-time assistance.

e Database Management: Uses SQL.ite3 to store user data, prediction history, and chatbot interactions.

C. Deep Learning Model Deployment

The InceptionVV3 deep learning model, trained on a dataset comprising 39 crop disease classes along with healthy crop images, is
deployed within the Django framework. The de- ployment process includes:

e ModelLoading: The pre-trained model is loadedfrom the saved file (modelinception.h5).

o ImagePreprocessing:Uploadedimagesareresizedand normalized before being passed to the model.

¢ PredictionGeneration: The model processes the image and assigns it to one of the predefined categories.

¢ ResultDisplay:Theidentifieddiseaseandcorresponding treatment suggestions are presented to the user.

D. Chatbot Integration

The chatbot, powered by the Perplexity API, is integrated intothesystemtoassistusersbyansweringqueriesrelated to crop disease
management, treatment methods, and best agricultural practices. The chatbot implementation involves:
NaturalLanguageProcessing(NLP)Engine:Processes user queries and generates meaningful responses.
MultilingualSupportModule: Translateschatbotre- sponses into multiple languages for accessibility.
Real-timeAssistanceFeature:Providesinstantanswers related to disease prevention and farming techniques.

E. Database Management

ThesystememploysSQL.ite3asitsdatabaseforefficient storageandretrievalofdata. Thedatabasestores:
e  UserCredentialsandAuthenticationDetails

® UploadedCroplmagesandCorrespondingPredictions

e ChatbotConversationsforFutureReference

e HistoricalReportsonDiseaseTrends
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F. Report Generation and Data Visualization

To enhance decision-making, the system includes a report generation feature, enabling users to track their past disease predictions
and take proactive measures. The reports include:

o DiseaseTrends OverTime

e  MostFrequentlyDetectedDiseases

e PesticideUsage RecommendationsBasedonPredictions

G. Testing and Validation

Before deployment, the system undergoes extensive testing to ensure reliability and accuracy. The testing phase includes:

e Model Accuracy Evaluation: The InceptionVV3 model is tested on a validation dataset to measure classification performance.

o Frontend-BackendlIntegrationTesting:Ensuringseamless communication between the user interface and the back- end.

e Chatbot Performance Analysis: Evaluating response ac- curacy and effectiveness in different languages.

o Database IntegrityChecks: Verifying correct storage and retrieval of user data and predictions.

The implementation ofthis system combines deep learning, NLP-based chatbot assistance, and database-driven historical tracking to
provide a comprehensive agricultural disease de- tection platform. The user-friendly interface, secure authen- tication, real-time
prediction, and multilingual support make this system a valuable asset for farmers aiming to enhance productivity and sustainability.

V. RESULTSAND DISCUSSION
The performance of the crop disease prediction system was evaluated based on classification accuracy, chatbot effective- ness, and
user experience. The system was tested using real- world crop images and assessed for its ability to correctly
identifydiseasesandprovideappropriatetreatmentrecommen- dations. Additionally, the multilingual chatbot was evaluated for its
ability to assist users in different languages.

A. Performance of Deep Learning Model

ThelnceptionV3deeplearningmodelwastrainedandtested on a dataset containing images of 39 different crop diseases along with
healthy crop images. The evaluation metrics usedto assess the model included accuracy, precision, recall, and F1-score. The model
achieved a high classification accuracy, indicating its effectiveness in detecting crop diseases. The confusion matrix analysis
showed that most disease classes were correctly identified with minimal misclassification.

The classification accuracy (A) was calculated using the formula:

where:

TP+TN

TP+TN-+FP+FN (5)

e  TPisthenumberoftruepositives.
e  TNisthenumberoftruenegatives.

Griginal Image Grayscale Image

Segmented Image

Fig.3.0utputResultOfPlantDiseaseDetection _

e FPisthenumberoffalsepositives.

o FNisthenumberoffalsenegatives.

The results indicate that the model successfully identifies crop diseases with a high degree of accuracy. However, mi- nor
misclassifications were observed in cases where diseases had similar visual symptoms, suggesting that additional data augmentation
or feature extraction techniques could further enhance performance.
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Userfeedbackindicatedthatthechatbotwaseffectivein providing disease-related insights and farming guidance. The multilingual
capability enhanced accessibility, allowing farmers from different regions to interact with the system seamlessly. However, the
chatbot exhibited occasional inac- curacies in responses when handling complex agricultural queries, suggesting the need for further
refinement in its knowledge base.

B. Discussionon System Efficiency and Challenges

While the system performed efficiently in terms of clas- sification and chatbot interactions, a few challenges were identified:

1) Similar Disease Patterns: Some crop diseases exhibited visuallysimilar symptoms, leadingtooccasionalmisclas- sifications.

2) Data Imbalance: Certain disease classes had fewer train- ing samples, which could affect classification accuracy.

3) Chatbot Enhancements: Although the chatbot was effec- tive, improvements in response accuracy and database expansion
could enhance user satisfaction.

4) Real-Time Deployment Challenges: The system’s real- timeperformance depends on internet availability, which may limit
access in remote agricultural regions.

Despite these challenges, the overall system demonstrated strong potential for practical agricultural applications. The integration

ofdeeplearning-baseddiseasedetection with chat- bot support provided a well-rounded solution for farmers, allowing them to detect

crop diseases early and access real- time agricultural advice.

The results of the crop disease prediction system indicate that deep learningcan effectivelyclassifycrop diseases, while the chatbot

enhances user engagement through multilingual support. The ability to generate historical reports further strengthens decision-

making for farmers. Future work can fo- cusonexpandingthedataset,refiningthechatbot’sknowledge base,andimprovingreal-

timeperformancetomakethesystem even more robust and reliable.

VI. CONCLUSION AND FUTURE WORK
A. Conclusion
The development of a crop disease prediction system in- corporating deep learning and multilingual chatbot assistance has
demonstrated its potential in supporting farmers and agricultural professionals. Thesystem successfullyutilizes the InceptionV3
model for disease classification, allowing usersto upload crop images and receive accurate disease diagnoses. The integration of the
Perplexity API chatbot enhances ac- cessibility by offering instant guidance on crop diseases and preventive measures in multiple
languages. Additionally, the historical report generation feature enables users to track dis- easeoccurrencesandmakedata-
drivendecisionsforimproved crop health management.
Themodel’sperformanceevaluationrevealedhighaccuracy in classifying crop diseases, making it a reliable tool for early disease
detection. The chatbot integration provided real-time support, allowing farmers to receive quick responses to their agricultural
queries. Furthermore, the system’s user-friendly webinterface, built with Djangoand Bootstrap, ensures seam- less
interactionandeaseofusefor farmerswith varyinglevels of technical expertise.
Despite its promising results, certain challenges were en- countered, such as similar disease patterns leading to misclas- sification
and data imbalance for rare crop diseases. Addition- ally,real-timechatbot performancecan beenhanced furtherto
improveresponseaccuracy.Nonetheless,thesystemprovidesa ~ comprehensive,scalable,andefficientapproachtoagricultural  disease
detection, contributing to improved crop yield and sustainability.

B. Future Work

Several enhancements and extensions can be implemented to further improve the system’s effectiveness:

1) Dataset Expansion: The model can be trained on alarger and more diverse dataset to improve classification accuracy, especially
for underrepresented crop diseases.

2) Real-Time Mobile Application: Developing a mobile- friendly application would allow farmers to use the system on
smartphones, providinggreateraccessibilityin remote areas.

3) Integration of Edge Computing: Implementing edge computing technology would enable real-time disease detection onlow-
power devices,reducingdependencyon cloud-based processing.

4) Enhanced Chatbot Intelligence: Further improvements to the chatbot’s natural language processing (NLP) ca- pabilities can
enhanceresponse accuracy, particularlyfor complex agricultural queries.

5) 10T Integration for Smart Farming: Connecting the system with Internet of Things (IoT) devices such as smart sensors and
drones could provide real-time moni- toring of crop health and environmental conditions.
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6) Multi-Model ApproachforHigherAccuracy:Combin- ing multiple deep learning models (such as ResNet, Effi- cientNet, or Vision
Transformers) could further enhance the precision of disease classification.

7) Localized Language Support: Expanding the chatbot’s language database to include more regional dialects and voice-based
assistance couldmakethesystem even more farmer-friendly.

8) AutomatedPrescriptionGeneration:IntegratinganAl- based recommendation system that automatically sug- gests pesticides,
fertilizers, and organic treatments based on disease classification.

9) FieldExperimentation andValidation:Conductingon- fieldtestingwithrealfarmerstovalidateaccuracy,usabil- ity, and effectiveness
in real agricultural environments.

In summary, this system provides an intelligent, accessible, and scalable solution for crop disease detection and man- agement. By

incorporating deep learning, Al-driven chatbots, and historical data tracking, the project contributes to en- hancing modern

agricultural practices. Future advancements will further refine prediction accuracy, expand accessibility, and integrate smart farming

techniques to support farmers worldwide.
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