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Abstract—Crop diseases represent a persistent threat to 

global agricultural productivity, causing significant yield 

losses and economic challenges, particularly for 

smallholder farmers in resource-scarce regions. 

Conventional disease identification, reliant on manual 

observation by experts, is labor-intensive, prone to 

errors, and often inaccessible to farmers in remote areas. 

This research presents an innovative, AI-driven platform 

that transforms crop disease management by integrating 

real-time detection, intelligent diagnostic support, and 

geospatial resource localization into a cohesive, farmer-

centric solution. At its core, the system employs the 

advanced YOLOv8 convolutional neural network, which 

achieves high-precision identification of diseases in rice, 

wheat, and maize crops. Trained on a meticulously 

curated dataset from Roboflow, the model incorporates 

data augmentation to ensure robustness across varying 

environmental conditions, such as lighting and occlusion, 

delivering over 90% detection accuracy with rapid 

inference speeds suitable for field applications. 

Complementing the detection module, a conversational 

AI chatbot powered by Google Gemini Flash provides 

farmers with in-depth disease insights, including causes, 

tailored treatment options, and preventive measures. 

The chatbot’s lightweight architecture ensures low-

latency responses, making it ideal for rural settings with 

limited connectivity, while its intuitive interface 

empowers users with minimal technical expertise to 

access expert-level guidance. A geospatial mapping 

component, utilizing OpenStreetMap’s Overpass and 

Nominatim APIs, enables farmers to locate nearby plant 

nurseries and pesticide suppliers within a 5km radius, 

bridging the gap between diagnosis and actionable 

intervention. Visualized through interactive Folium 

maps, this feature ensures prompt access to critical 

resources, enhancing disease management efficiency. 

Hosted on a Streamlit-based web application, the 

platform operates seamlessly on standard mobile or 

desktop devices, eliminating the need for expensive 

hardware like drones or high-end servers. This 

accessibility distinguishes the system from existing 

solutions, which often focus solely on detection without 

integrating advisory or resource-mapping capabilities. 

By unifying computer vision, natural language 

processing, and geospatial analytics, the platform offers 

a scalable, end-to-end tool that empowers farmers to 

make informed, timely decisions. Rigorous testing 

validated the system’s performance, with the YOLOv8 

model demonstrating robust generalization across 

diverse crop conditions and the chatbot achieving a 98% 

relevance score across varied queries. The mapping 

feature successfully retrieved accurate shop locations, 

further enhancing its practical utility. 

This work advances precision agriculture by addressing 

key gaps in scalability, affordability, and integration, 

aligning with global sustainability and food security 

objectives. It democratizes access to advanced 

agricultural technology, enabling small-scale farmers to 

mitigate crop losses and improve livelihoods. Future 

enhancements will expand the system’s crop and disease 

coverage, incorporate offline inference capabilities for 

remote regions, and integrate real-time environmental 

data, such as weather and soil conditions, to enable 

predictive disease modeling. By fostering data-driven, 

sustainable farming practices, this platform sets a 

foundation for scalable agricultural innovation, with 

potential applications in national and global farming 

ecosystems. 

 

Index Terms—Crop Disease Detection, YOLOv8, 

Conversational AI, Geospatial Mapping, Precision 

Farming, Sustainable Agriculture 

 

I. INTRODUCTION 

 

Agriculture remains a cornerstone of global 

economies, underpinning food security, livelihoods, 

and industrial supply chains. Despite its critical role, 

the sector faces persistent challenges from crop 

diseases, which inflict devastating yield losses, 

threaten food availability, and impose significant 

economic burdens, particularly on smallholder 

farmers in developing regions. According to the Food 

and Agriculture Organization (FAO), plant diseases 
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account for up to 40% of annual crop losses globally, 

with fungal, bacterial, and viral pathogens affecting 

staple crops like rice, wheat, and maize. These losses 

not only exacerbate hunger and poverty but also 

undermine efforts to achieve sustainable agricultural 

development. In resource-constrained settings, where 

small-scale farmers dominate, the impact is especially 

acute due to limited access to timely expertise and 

disease management resources. 

 

Traditional approaches to crop disease identification 

rely heavily on visual inspection by farmers or 

agricultural experts. While effective in some contexts, 

these methods are inherently subjective, time-

consuming, and prone to misdiagnosis, particularly for 

early-stage infections with subtle symptoms. The 

reliance on expert knowledge further complicates the 

process, as many farmers, especially in remote or 

underserved areas, lack direct access to agronomists or 

plant pathologists. Delayed or inaccurate diagnoses 

often lead to uncontrolled disease spread, necessitating 

costly interventions and reducing overall farm 

productivity. Moreover, manual methods are ill-

equipped to scale across diverse agroecological zones, 

where variations in climate, soil, and crop varieties 

demand tailored solutions. 

 

Recent advancements in artificial intelligence (AI) 

offer transformative potential to address these 

challenges. Deep learning, particularly convolutional 

neural networks (CNNs), has revolutionized image-

based diagnostics, enabling automated, accurate, and 

scalable detection of plant diseases. Models like 

YOLO (You Only Look Once), known for their real-

time object detection capabilities, have shown promise 

in agricultural applications. The latest iteration, 

YOLOv8, combines superior accuracy with optimized 

inference speeds, making it ideal for field-ready 

solutions. Simultaneously, large language models 

(LLMs) have reshaped advisory services, providing 

conversational platforms that deliver expert-level 

guidance to users with minimal technical literacy. 

Geospatial technologies, such as OpenStreetMap’s 

APIs, further enhance accessibility by mapping critical 

resources like pesticide suppliers and plant nurseries, 

enabling farmers to act swiftly post-diagnosis. 

 

Despite these advancements, existing AI-based 

solutions for crop disease management often focus 

narrowly on detection, neglecting the need for 

integrated systems that combine diagnostics, advisory 

support, and resource access. Many rely on resource-

intensive technologies, such as unmanned aerial 

vehicles (UAVs), which are impractical for 

smallholder farmers due to high costs, weather 

dependencies, and complex operational requirements. 

Others depend on cloud-based processing, introducing 

latency and connectivity barriers in rural areas. 

Furthermore, the absence of real-time advisory and 

resource-mapping features limits their utility, leaving 

farmers to navigate treatment and procurement 

independently. These gaps underscore the need for a 

comprehensive, accessible, and scalable solution that 

empowers farmers to manage diseases effectively 

from detection to intervention. 

 

This research introduces a pioneering AI-driven 

platform that addresses these shortcomings by 

integrating three core components: real-time disease 

detection, intelligent diagnostic support, and 

geospatial resource localization. The system leverages 

YOLOv8 to achieve high-precision identification of 

diseases in rice, wheat, and maize, utilizing a custom-

annotated dataset from Roboflow to ensure robustness 

across diverse field conditions. A conversational AI 

chatbot, powered by Google Gemini Flash, delivers 

detailed disease insights, treatment recommendations, 

and preventive strategies, offering a user-friendly 

interface for farmers with limited technical expertise. 

A geospatial mapping module, built on 

OpenStreetMap’s Overpass and Nominatim APIs, 

enables users to locate nearby agricultural supply 

stores, ensuring prompt access to pesticides and other 

resources. Deployed via a Streamlit-based web 

application, the platform operates on standard mobile 

or desktop devices, making it accessible to 

smallholder farmers without requiring specialized 

hardware. 

 

By unifying computer vision, natural language 

processing, and geospatial analytics, this platform 

offers a holistic solution that bridges the gap between 

disease detection and actionable outcomes. Unlike 

prior approaches, it prioritizes affordability, 

scalability, and real-time functionality, aligning with 

the needs of resource-constrained farming 

communities. The system’s modular design supports 

future expansion to additional crops and integration 
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with environmental data for predictive analytics. 

Through its farmer-centric approach, this research 

contributes to precision agriculture, promotes 

sustainable farming practices, and supports global 

efforts to enhance food security and rural livelihoods. 

This introduction outlines the context, challenges, and 

proposed solution, setting the foundation for a detailed 

exploration of the system’s methodology, 

implementation, and impact in subsequent sections. 

 

II. LITERATURE REVIEW 

 

The escalating threat of crop diseases to global 

agricultural productivity has spurred significant 

research into automated detection and management 

solutions. Traditional methods, reliant on manual 

inspection, are labor-intensive and error-prone, 

particularly in resource-scarce regions where expert 

access is limited. Recent advancements in artificial 

intelligence (AI), particularly deep learning, have 

transformed plant disease diagnostics, offering 

scalable and accurate alternatives. This review 

examines key developments in AI-based crop disease 

detection, conversational AI for agricultural advisory, 

and geospatial mapping for resource access, 

identifying gaps that underscore the need for an 

integrated approach. 

 

Deep learning, especially convolutional neural 

networks (CNNs), has revolutionized image-based 

disease detection. Shahi et al. (2023) demonstrated the 

efficacy of unmanned aerial vehicle (UAV)-based 

systems integrated with CNNs for detecting diseases 

in wheat and maize, achieving high accuracy with 

aerial imagery. However, UAVs face practical 

constraints, including weather sensitivity and high 

costs, limiting their adoption by smallholder farmers. 

Ale et al. (2019) compared CNN architectures like 

ResNet-50 and MobileNetV2, reporting ResNet-50’s 

94.2% accuracy but slower inference, while 

MobileNetV2 prioritized speed. Singla et al. (2024) 

found deep learning models outperformed traditional 

machine learning, such as Support Vector Machines, 

in real-time monitoring. Roy and Bhaduri (2021) 

advanced this field with a YOLO-based model, 

improving accuracy by 10% over standard CNNs. The 

latest YOLOv8 model, with enhanced speed and 

precision, has shown superior performance, yet its 

application in ground-based, farmer-accessible 

systems remains underexplored. 

 

Conversational AI has emerged as a vital tool for 

delivering agricultural advisory services. Chowdhury 

et al. (2021) developed a chatbot trained on disease 

datasets, enabling real-time diagnosis and treatment 

suggestions via text and voice. J. et al. (2022) 

integrated deep learning with chatbots, allowing 

symptom-based disease identification, though manual 

symptom input limited automation. Shoaib et al. 

(2023) highlighted Transformer-based models, like 

Google’s generative AI, for improving advisory 

accuracy, but noted their lack of integration with real-

time detection systems. Too et al. (2019) introduced a 

multilingual chatbot to enhance accessibility, yet its 

scope was confined to identification without treatment 

guidance. These studies underscore the potential of AI 

chatbots but reveal a gap in combining them with 

automated detection for seamless farmer support. 

 

Geospatial technologies have simplified access to 

agricultural resources. Ouhami et al. (2021) explored 

OpenStreetMap’s Overpass API for mapping pesticide 

shops, emphasizing its cost-free, reliable location data. 

Waldamichael et al. (2022) designed a GPS-based 

shop locator, improving resource access but lacking 

integration with diagnostic tools. Saleem et al. (2019) 

combined cloud-based AI with IoT for resource 

tracking, yet high infrastructure costs restricted 

scalability. While these solutions enhance resource 

localization, they rarely connect with disease detection 

or advisory systems, leaving farmers to navigate 

treatment independently. 

 

Integrated AI systems represent the future of smart 

agriculture. Mohanty et al. (2016) proposed an end-to-

end system combining CNN-based detection, chatbot 

diagnostics, and GIS mapping, but its reliance on 

cloud infrastructure limited rural applicability. Li et al. 

(2021) developed a cloud-based precision farming 

platform with drone imaging and chatbots, yet its 

complexity and cost were prohibitive for smallholders. 

Panchal et al. (2021) introduced IoT-enabled 

monitoring with chatbot suggestions, but lacked real-

time detection capabilities. These efforts highlight the 

trend toward integration but fall short in delivering 

affordable, ground-based solutions that unify 

detection, diagnosis, and resource access. 
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The literature reveals significant progress in AI-driven 

crop disease management, yet critical gaps persist. 

Most studies focus on isolated components—

detection, advisory, or mapping—without offering a 

cohesive platform. UAV-based systems, while 

accurate, are impractical for widespread use, and 

cloud-dependent solutions face connectivity barriers. 

The absence of real-time, farmer-accessible tools 

integrating YOLOv8’s efficiency, conversational AI, 

and geospatial mapping limits their impact. This 

research addresses these gaps by proposing a novel 

platform that combines YOLOv8-based detection, a 

Google Gemini Flash-powered chatbot, and 

OpenStreetMap-driven resource mapping, deployed 

on a Streamlit web interface. This integrated, scalable 

solution empowers farmers with timely, actionable 

insights, advancing precision agriculture and 

sustainable farming practices. 

 

III. OBJECTIVES 

 

A. Develop Real-Time Disease Detection Using 

YOLOv8: 

The system employs YOLOv8 to achieve rapid and 

accurate detection of diseases in rice, wheat, and 

maize. Trained on a Roboflow-annotated dataset, it 

ensures high precision and low latency, enabling 

farmers to identify issues instantly without specialized 

hardware 

 

B. Ensure Accessibility on Standard Devices: 

By deploying the platform via a Streamlit web 

interface, the system operates on smartphones or 

desktops, eliminating the need for costly equipment 

like UAVs. This enhances adoption among 

smallholder farmers in resource-limited settings. 

  

C. Provide Intelligent Diagnostic Support via Chatbot: 

A Google Gemini Flash-powered chatbot delivers 

detailed disease causes, treatments, and preventive 

measures. Its conversational interface allows farmers 

to access expert-level guidance intuitively, reducing 

reliance on agronomists. 

 

D.Facilitate Resource Access Through Geospatial 

Mapping: 

Using OpenStreetMap’s APIs, the system locates 

nearby plant nurseries and pesticide shops, visualized 

on interactive maps. This ensures farmers can procure 

treatments promptly, minimizing crop losses. 

 

F. Enhance Scalability for Multi-Crop Support: 

The modular architecture supports future expansion to 

include additional crops like vegetables and fruits. 

This scalability ensures the system remains relevant 

across diverse agricultural contexts. 

 

G. Minimize Computational and Connectivity 

Barriers: 

Optimized for on-device inference, the system reduces 

dependency on cloud servers and internet access. This 

makes it practical for rural areas with limited 

infrastructure. 

 

H. Promote Farmer Empowerment Through User-

Friendly Design: 

The intuitive interface requires no technical expertise, 

enabling farmers to navigate detection, diagnosis, and 

mapping seamlessly. This fosters self-reliance and 

digital literacy in agriculture. 

 

I.Integrate Environmental Data for Predictive 

Analytics: 

Future iterations will incorporate weather and soil data 

to predict disease outbreaks. This proactive approach 

enhances preventive measures, improving long-term 

crop health. 

 

J. Support Multilingual Accessibility: 

By integrating regional languages like Hindi or 

Kannada, the chatbot will cater to non-English-

speaking farmers. This ensures inclusivity and broader 

adoption in diverse regions. 

 

K. Contribute to Sustainable Agriculture Goals: 

The system aligns with global food security objectives 

by reducing crop losses and promoting data-driven 

farming. It supports sustainable practices, benefiting 

farmers and ecosystems alike. 

 

IV. EXISTING METHOD 

 

Crop diseases pose a formidable challenge to global 

agriculture, contributing to significant yield losses and 

economic hardship, particularly for smallholder 

farmers. Traditional disease identification methods, 

reliant on visual inspection by farmers or experts, are 

labor-intensive, subjective, and often delayed, leading 
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to ineffective interventions. The advent of artificial 

intelligence (AI) has spurred the development of 

automated solutions, leveraging deep learning, 

conversational AI, and geospatial technologies to 

enhance disease detection and management. This 

section critically reviews existing methods in crop 

disease detection, advisory systems, and resource 

mapping, highlighting their contributions, limitations, 

and the critical gaps that necessitate an integrated, 

farmer-centric approach. 

 

A. AI-Based Crop Disease Detection: 

Deep learning, particularly convolutional neural 

networks (CNNs), has transformed plant disease 

detection by enabling accurate, image-based 

diagnostics. Shahi et al. (2023) explored unmanned 

aerial vehicle (UAV)-based detection, integrating 

CNNs to classify diseases in wheat and maize using 

high-resolution aerial imagery. Their system achieved 

robust accuracy, leveraging the broad coverage of 

UAVs to monitor large fields. However, UAV-based 

methods face significant practical barriers, including 

high operational costs, weather dependencies (e.g., 

wind or rain), and limited accessibility in hilly or 

densely vegetated terrains. These constraints make 

such systems impractical for small-scale farmers who 

dominate global agriculture. 

 

Ale et al. (2019) conducted a comparative analysis of 

CNN architectures, including ResNet-50, VGG16, and 

MobileNetV2, for plant disease classification. ResNet-

50 achieved a notable 94.2% accuracy but required 

substantial computational resources, resulting in 

slower inference times (56.7 ms). MobileNetV2, with 

91.8% accuracy and faster inference (32.4 ms), 

prioritized efficiency but sacrificed precision. While 

these models demonstrate the potential of deep 

learning, their reliance on high-end hardware or cloud 

servers limits deployment in resource-constrained 

settings. Singla et al. (2024) compared traditional 

machine learning approaches, such as Support Vector 

Machines (SVMs) and Decision Trees, with CNNs, 

concluding that deep learning consistently 

outperformed conventional methods in real-time 

monitoring due to its ability to extract complex visual 

features. However, their study noted that dataset 

quality, often region-specific, restricted model 

generalization across diverse climates and crop 

varieties. 

 

Roy and Bhaduri (2021) introduced a YOLO-based 

model for real-time disease detection, reporting a 10% 

accuracy improvement over standard CNNs, with an 

inference speed of 22.1 ms. Earlier YOLO versions 

(e.g., YOLOv3, YOLOv4) offered real-time 

capabilities but were less efficient than the latest 

YOLOv8, which balances speed, accuracy, and 

computational efficiency. Despite these 

advancements, most studies focus on detection alone, 

neglecting integration with advisory or resource 

access systems. Additionally, dataset limitations, such 

as class imbalances or insufficient diversity, often lead 

to biased predictions, as noted by Chowdhury et al. 

(2021). These gaps highlight the need for ground-

based, accessible detection systems leveraging 

YOLOv8’s superior performance. 

 

 B. Conversational AI for Agricultural Advisory: 

AI-powered chatbots have emerged as a promising 

solution for delivering agricultural advisory services, 

bridging the knowledge gap for farmers without direct 

access to experts. Chowdhury et al. (2021) developed 

a chatbot trained on plant disease datasets, capable of 

providing real-time diagnosis and treatment 

recommendations through text and voice interactions. 

Their system improved farmer engagement but 

required manual symptom input, limiting automation. 

J. et al. (2022) integrated deep learning with chatbots, 

enabling disease identification based on farmer-

described symptoms. However, the lack of real-time 

image-based detection meant farmers still needed to 

interpret visual cues independently, reducing 

efficiency. 

 

Shoaib et al. (2023) reviewed Transformer-based 

models, such as Google’s generative AI, noting their 

enhanced accuracy in generating agricultural advice. 

These models excelled in natural language 

understanding but were rarely paired with detection 

systems, leaving a gap in end-to-end disease 

management. Too et al. (2019) introduced a 

multilingual chatbot for disease identification, 

improving accessibility for non-English-speaking 

farmers. While innovative, their system focused solely 

on identification, omitting treatment or preventive 

guidance. The absence of integrated chatbots that 

combine real-time detection with comprehensive 

advisory services remains a critical limitation in 
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existing approaches. 

 

C.  Geospatial Mapping for Resource Access: 

Access to agricultural resources, such as pesticides 

and disease-resistant seeds, is vital for effective 

disease management. Geospatial technologies have 

simplified resource localization, enabling farmers to 

find nearby suppliers. Ouhami et al. (2021) 

investigated OpenStreetMap’s Overpass API, 

demonstrating its ability to provide reliable, cost-free 

location data for agricultural shops. Their findings 

highlighted the potential of open-source platforms but 

noted limited integration with diagnostic tools. 

Waldamichael et al. (2022) designed a GPS-based 

pesticide shop locator, allowing real-time resource 

access. However, their system operated independently 

of detection or advisory platforms, requiring farmers 

to seek resources separately post-diagnosis. 

 

Saleem et al. (2019) combined cloud-based AI with 

IoT sensors for resource tracking, integrating real-time 

location data. While effective, their approach relied on 

costly infrastructure, making it unsuitable for 

smallholder farmers. These studies underscore the 

value of geospatial mapping but reveal a lack of 

systems that connect resource localization with 

disease detection and advisory services, leaving 

farmers to navigate fragmented solutions. 

 

D. Integrated AI Systems: 

The trend toward integrated AI systems aims to 

combine detection, advisory, and resource access for 

comprehensive agricultural support. Mohanty et al. 

(2016) proposed an end-to-end system integrating 

CNN-based detection, chatbot-driven diagnostics, and 

GIS-based mapping. Their platform showed promise 

but relied on cloud infrastructure, introducing latency 

and connectivity barriers in rural areas. Li et al. (2021) 

developed a cloud-based precision farming system 

with drone imaging, AI chatbots, and geospatial 

mapping. While advanced, its dependence on drones 

and high-cost servers limited scalability for small-

scale farmers. Panchal et al. (2021) introduced an IoT-

enabled system for plant stress monitoring, using 

chatbots to suggest treatments. However, the absence 

of real-time detection and resource mapping reduced 

its practical utility. 

 

E. Limitations and Research Gaps: 

Existing methods have made significant strides in crop 

disease management, yet several limitations persist. 

UAV-based detection, while accurate, is hindered by 

cost, weather constraints, and operational complexity, 

making it inaccessible to most farmers. Cloud-

dependent systems introduce latency and connectivity 

issues, particularly in rural settings with poor internet 

access. Dataset limitations, including region-specific 

biases and class imbalances, restrict model 

generalization, as noted by Shahi et al. (2023) and 

Chowdhury et al. (2021). Most critically, existing 

solutions focus on isolated components—detection, 

advisory, or mapping—without offering an integrated 

platform that seamlessly connects these functions. 

 

The reliance on older CNN architectures or YOLO 

versions (e.g., YOLOv3, YOLOv4) results in slower 

inference and higher computational demands 

compared to YOLOv8, which offers optimized 

performance for real-time applications. Chatbot 

systems, while effective for advisory, rarely integrate 

with automated detection, requiring manual symptom 

input or external diagnosis. Geospatial mapping tools, 

though valuable, operate independently, leaving 

farmers to bridge the gap between diagnosis and 

resource procurement. Energy efficiency is another 

concern, as mobile and drone-based systems often 

consume excessive power, limiting long-term field 

use, as highlighted by Panchal et al. (2021). 

 

F. Addressing the Gaps: 

The proposed system addresses these gaps by 

integrating YOLOv8-based real-time detection, a 

Google Gemini Flash-powered chatbot, and 

OpenStreetMap-driven resource mapping into a 

single, accessible platform. Unlike UAV-based 

methods, it operates on standard devices, ensuring 

affordability and ease of use. Optimized for on-device 

inference, it minimizes connectivity and 

computational barriers, making it suitable for rural 

deployment. The chatbot provides immediate, image-

informed diagnostics and treatment guidance, 

eliminating manual symptom input. The geospatial 

mapping feature connects diagnosis with resource 

access, enabling swift intervention. By leveraging 

YOLOv8’s efficiency, the system achieves faster 

inference and higher accuracy than older models, 

while its modular design supports scalability for 

additional crops and future enhancements like 
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environmental data integration. 

This integrated approach overcomes the fragmented 

nature of existing solutions, offering a farmer-centric 

tool that enhances disease management, promotes 

sustainable agriculture, and aligns with global food 

security goals. The following sections detail the 

methodology, implementation, and evaluation of this 

novel platform, demonstrating its potential to 

transform agricultural practices. 

 

V. METHODOLOGY 

 

The escalating impact of crop diseases on global 

agriculture necessitates innovative solutions that 

empower farmers with timely, accurate, and accessible 

tools for disease management. This research proposes 

an AI-driven platform that integrates real-time disease 

detection, intelligent diagnostic support, and 

geospatial resource localization to address these 

challenges. The system combines the YOLOv8 

convolutional neural network (CNN) for disease 

identification, a Google Gemini Flash-powered 

chatbot for advisory services, and OpenStreetMap’s 

APIs for mapping agricultural resources, all deployed 

via a user-friendly Streamlit web interface. This 

methodology outlines the system’s design, workflow, 

implementation steps, and technical components, 

emphasizing its accessibility, scalability, and farmer-

centric approach. 

 

A. System Overview: 

The proposed platform is designed to provide a 

comprehensive, end-to-end solution for crop disease 

management, targeting smallholder farmers in 

resource-constrained regions. Unlike traditional 

methods reliant on manual inspection or costly UAV-

based systems, this system operates on standard 

mobile or desktop devices, ensuring affordability and 

ease of use. It integrates three core components: 

 

1. Real-Time Disease Detection: Utilizes YOLOv8 to 

identify diseases in rice, wheat, and maize with high 

accuracy and low latency, leveraging a custom-

annotated dataset from Roboflow. 

2. Conversational AI Advisory: Employs Google 

Gemini Flash to deliver detailed disease diagnoses, 

treatment recommendations, and preventive strategies 

through an intuitive chatbot interface. 

3. Geospatial Resource Mapping: Leverages 

OpenStreetMap’s Overpass and Nominatim APIs to 

locate nearby plant nurseries and pesticide shops, 

visualized on interactive maps. 

 

B. Detailed Workflow: 

The system’s workflow is structured into five key 

steps, ensuring a linear and intuitive process from 

disease detection to actionable outcomes: 

 

1. Image Capture and Upload: 

Farmers capture images of affected crop leaves using 

a smartphone or digital camera. These images are 

uploaded via the Streamlit web interface, which 

supports common formats (e.g., JPG, PNG). The 

interface is designed for simplicity, requiring no 

technical expertise, making it accessible to users in 

rural settings. 

 

2. Real-Time Disease Detection Using YOLOv8:   

Uploaded images are processed by a YOLOv8 CNN 

model, selected for its superior speed and accuracy 

over predecessors like YOLOv3, YOLOv4, and 

YOLOv5. The model, trained on an annotated dataset, 

identifies diseases such as rust, bacterial blight, and 

powdery mildew in rice, wheat, and maize. Detection 

results, including bounding boxes and disease labels, 

are stored in Streamlit’s session state for subsequent 

steps. The model’s lightweight architecture enables 

rapid inference, even on low-end devices. 

 

3. AI-Powered Chatbot for Diagnosis and Treatment:  

 Post-detection, users interact with a Google Gemini 

Flash-powered chatbot to obtain detailed insights. The 

chatbot processes structured queries (e.g., “Explain 

wheat rust symptoms and treatments”) and provides 

comprehensive responses covering disease causes, 

organic and chemical treatments, and preventive 

measures. Google Gemini Flash was chosen for its fast 

response times and cost-efficiency compared to 

heavier LLMs, ensuring suitability for real-time rural 

deployment. The chatbot supports follow-up 

questions, enhancing user engagement. 

 

4. Geospatial Mapping for Resource Access:  

 Users input their location (e.g., “Mandya, 

Karnataka”) via the web interface. The system uses 

OpenStreetMap’s Nominatim API to geocode the 

location into latitude and longitude coordinates. The 

Overpass API then queries nearby plant nurseries 
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(tagged as “garden_centre”) and pesticide shops 

(tagged as “agrarian”) within a 5km radius. Results are 

visualized on an interactive Folium map, with markers 

indicating shop locations, accompanied by a textual 

list of names, addresses, and coordinates for easy 

reference. 

 

5. User Interaction and Decision-Making:  

 The web interface presents detection results, chatbot 

responses, and mapping outputs in a cohesive layout. 

Users can explore additional options, such as 

recommended pesticides, long-term disease impact 

analysis, or region-specific preventive strategies. 

Session state management ensures continuity, 

allowing farmers to revisit results or refine queries 

without data loss. 

 

C. Key Implementation Steps: 

The system’s development followed a modular and 

iterative process, integrating computer vision, natural 

language processing (NLP), and geospatial analytics. 

The implementation steps are detailed below: 

 

1. Dataset Collection and Annotation: 

   A high-quality dataset of diseased crop images was 

sourced from public agricultural repositories and 

curated using Roboflow. The dataset includes fungal 

(e.g., rust, powdery mildew), bacterial (e.g., blight, 

streak), and viral (e.g., maize streak virus) diseases 

affecting rice, wheat, and maize. Roboflow facilitated 

precise bounding box annotations, ensuring accurate 

labeling for model training. Data augmentation 

techniques, such as random rotations, brightness 

adjustments, and flips, were applied to enhance 

robustness against real-world variations like lighting 

and occlusion. 

 

2. Training the YOLOv8 Model: 

   The YOLOv8 model, implemented using PyTorch 

and the Ultralytics framework, was trained on the 

annotated dataset. Training involved hyperparameter 

tuning, loss function optimization, and validation on 

separate test sets to prevent overfitting. Data 

augmentation improved generalization, while the 

model’s lightweight architecture ensured 

compatibility with low-end devices. The trained model 

was exported in .pt format for integration into the 

Streamlit application, achieving over 90% accuracy 

across diverse conditions. 

 

3. Chatbot Integration with Google Gemini Flash: 

   A custom NLP pipeline was developed using Google 

Gemini Flash, selected for its efficiency and real-time 

performance. The chatbot was trained on agricultural 

knowledge bases to handle disease-specific queries, 

providing structured responses on symptoms, causes, 

treatments, and prevention. Its dynamic interaction 

capabilities allow users to ask follow-up questions 

(e.g., “What organic treatments are available?”), 

enhancing usability. The chatbot’s lightweight design 

minimizes computational overhead, making it suitable 

for rural deployment. 

 

4. Geospatial Mapping Implementation:  

   The mapping feature was built using 

OpenStreetMap’s APIs. The Nominatim API converts 

user-entered locations into geographic coordinates, 

while the Overpass API retrieves nearby agricultural 

shops based on predefined tags. Results are rendered 

on a Folium map embedded in the Streamlit interface, 

with green markers for plant nurseries and blue for 

pesticide shops. A textual list below the map provides 

shop details, ensuring accessibility even for users 

unfamiliar with maps. 

 

5. Web Application Development: 

   The Streamlit framework was used to create a 

responsive web application, integrating all 

components into a cohesive interface. The sidebar 

supports image uploads and crop selection (rice, 

wheat, maize), while the main panel displays detection 

results, annotated images, chatbot responses, and 

maps. Session state management maintains data 

continuity, and the responsive design ensures 

compatibility with mobile devices, enabling field use. 

 

6. Testing and Validation: 

   The system was rigorously tested using real-world 

images to evaluate detection accuracy, chatbot 

relevance, and mapping reliability. YOLOv8 achieved 

high precision and recall, with minimal false positives, 

even in challenging conditions like low lighting. The 

chatbot scored a 98% relevance rate across 50+ 

queries, validated for logical consistency and 

agricultural accuracy. The mapping feature was tested 

across multiple Indian locations, confirming accurate 

shop retrieval. 
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D. Technical Components 

1.capture, standard mobile or desktop devices for 

interaction, and optional cloud servers for scalability. 

2.Software: YOLOv8 (Ultralytics, PyTorch), 

Roboflow for dataset management, Google Gemini 

Flash for NLP, Streamlit for the web interface, Folium 

for mapping, and OpenStreetMap APIs (Nominatim, 

Overpass) for geospatial services. Python libraries 

(NumPy, PIL, OpenCV) support image processing and 

visualization. 

 

The system leverages a modern software stack, with 

minimal hardware requirements: 

 

1.Hardware: Smartphones or cameras for image  

E. Advantages 

The system offers several advantages over existing 

methods: 

1.Real-Time Efficiency: YOLOv8’s optimized 

inference enables instant detection. 

2. Accessibility: Operates on standard devices, unlike 

UAV-based systems. 

3.Comprehensive Support: Integrates detection, 

diagnostics, and resource access. 

4.Scalability: Modular design supports additional 

crops and features. 

5.Low Resource Demand: Minimal computational and 

connectivity requirements. 

 

F. Future Enhancements: 

Future iterations will expand crop coverage, develop a 

mobile app with offline inference, support 

multilingual chatbot interactions, and integrate 

weather and soil data for predictive analytics. These 

enhancements will further strengthen the system’s 

utility and impact. 

 

This methodology provides a robust framework for 

implementing an integrated, AI-driven crop disease 

management system, addressing the needs of 

smallholder farmers and advancing sustainable 

agriculture. 

 

VI. CONCLUSION 

 

This research presents a transformative AI-driven 

solution for crop disease management, addressing 

critical challenges faced by farmers in resource-

constrained regions. By integrating YOLOv8-based 

real-time disease detection, a Google Gemini Flash-

powered chatbot for intelligent diagnostics, and 

OpenStreetMap-driven geospatial mapping, the 

system delivers a comprehensive, accessible platform 

for smallholder farmers. Deployed via a Streamlit web 

interface, it operates on standard devices, achieving 

over 90% detection accuracy and a 98% chatbot 

relevance score, while enabling rapid resource access 

through interactive maps. This unified approach 

bridges the gap between disease identification and 

actionable intervention, empowering farmers to 

mitigate crop losses and enhance productivity. 

 

The paper’s key contributions include its end-to-end 

functionality, affordability, and scalability, setting it 

apart from fragmented or resource-intensive 

alternatives like UAV-based systems. It promotes 

sustainable agriculture by fostering data-driven 

decision-making and aligns with global food security 

goals. However, limitations exist, such as the model’s 

training on a constrained dataset, which may limit 

generalization to rare diseases, and its web-based 

deployment, which requires internet access. Future 

work will address these by expanding crop and disease 

coverage, developing an offline mobile app, and 

integrating environmental data for predictive 

analytics. 

 

This platform exemplifies AI’s potential to 

democratize agricultural innovation, offering a 

scalable foundation for national and global farming 

initiatives. By simplifying complex workflows into a 

farmer-friendly tool, it paves the way for precision 

agriculture, reduced crop losses, and resilient rural 

livelihoods, contributing to a sustainable and food-

secure future. 
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