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Abstract- Agriculture faces challenges including unpredictable weather, plant diseases and their treatment, soil classification

with crop recommendation and limited agricultural expertise access. GenZ AgriTech addresses these through an integrated Al

platform leveraging machine learning and deep learning. The system includes seven core modules: weather forecasting, plant

disease detection (99.17% accuracy), soil type classification(99.63% accuracy), AI chatbot support, government scheme

information portal, crop recommendation, and yield prediction — all delivered through a user-friendly frontend with advanced

visualizations. This platform implements a comprehensive web-based agricultural assistance system utilizing artificial

intelligence and machine learning technologies to support Indian farmers. By integrating multiple AI-powered services, it

provides intelligent decision-making tools for sustainable agriculture, contributing to food security and farmer empowerment

across the nation.
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I. INTRODUCTION

Background

Agriculture remains the backbone of India's economy,
employing over 50% of the workforce while also forming 26%
of the global agricultural workforce. Despite its importance, the
sector faces unprecedented challenges from climate change,
resource scarcity, and population growth. Traditional farming
methods lack the precision and efficiency required for modern
agricultural demands. Delayed disease identification alone
causes 20-40% crop losses annually, while inadequate access to
weather information, advisory services, and government
schemes further compounds the economic burden on farmers.

Al and machine learning technologies present transformative
opportunities for precision agriculture — optimizing resource
utilization, increasing yields, and improving economic
outcomes. The GenZ AgriTech platform is designed to be the
first integrated, farmer-centric Al solution addressing all of
these pain points simultaneously.

Problem Statement

Farmers face multiple interconnected challenges that limit

productivity and profitability:

e Disease Detection: Farmers struggle to identify plant
diseases early, leading to 20-40% crop loss annually.

e Soil Analysis: Manual soil testing is expensive, time-
consuming, and inaccessible to smallholder farmers.

e Weather Forecasting: Lack of localized, real-time
weather predictions hampers timely farming decisions.

o Information Access: Difficulty navigating and accessing
relevant government agricultural schemes.

e Advisory Gap: Absence of 24/7 advisory services leaves
farmers without guidance during critical periods.

e Yield Uncertainty: Crop yield prediction uncertainty
affects planning, marketing, and financial decisions.

e Technology Gap: Limited access to modern agricultural
technologies, particularly in rural areas.

Solution Overview

The GenZ AgriTech platform provides an integrated Al-
powered agricultural assistance system that brings together
seven key services into a single unified platform:

e Plant disease detection with tailored symptoms
description, and treatment recommendations (99.17%
accuracy)

e Soil type classification with tailored crop

recommendations (99.63% accuracy)

Integrated weather forecasting via OpenWeatherMap API
Al agricultural chatbot powered by Google Gemini API
Centralized government scheme information portal
ML-based crop recommendation system

Yield prediction and market intelligence tools
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III. LITERATURE REVIEW

Liakos et al. (2018) conducted a comprehensive review of
machine learning in agriculture, identifying supervised learning
algorithms as most commonly employed across diverse
agricultural tasks. Kamilaris and Prenafeta-Boldu (2018)
demonstrated that CNNs achieve greater than 90% accuracy in
agricultural image recognition tasks, validating the use of deep
learning for visual analysis. Mohanty et al. (2016) pioneered
deep learning for plant disease detection using the PlantVillage
dataset, achieving 99.35% accuracy and establishing a
benchmark for subsequent research in this domain.

Van Klompenburg et al. (2020) found that hybrid approaches
combining multiple data sources produced the most accurate
yield predictions, while Wolfert et al. (2017) emphasized real-
time weather monitoring combined with IoT for precision
agriculture. Ferentinos (2018) demonstrated the power of deep
learning models for plant disease detection and diagnosis, and
Abbas et al. (2021) explored C-GAN synthetic images to
augment training data for tomato disease detection.

Research gaps identified in existing literature include: most
systems focus on single problems rather than integrated
solutions; limited optimization for low-literacy farmers;
insufficient field validation with diverse populations; and poor
integration between services and government schemes. GenZ
AgriTech directly addresses these gaps through comprehensive
integration, multi-service architecture, and user-centric design
principles.

IV. SYSTEM ARCHITECTURE

Technology Stack
Layer Technologies
Backend Django 4.x (Python 3.8+) — Web

Framework framework and business logic

Frontend HTMLS, Tailwind CSS, JavaScript, Font
Awesome Icons

ML /Al PyTorch 1.12+, Torchvision, Pillow (PIL),
Scikit-learn

APIs OpenWeatherMap API, Google Gemini

GPT-2.5 Flash Pro

Three-Tier Architecture

The system employs a three-tier architecture separating

concerns cleanly across layers:

e Presentation Layer: Dynamic, responsive frontend using
HTML/Tailwind CSS with real-time visualization and
drag-and-drop file upload interfaces.

e Application Layer: Django services handling business
logic, ML model serving via PyTorch JIT-compiled
models, and API integrations.

e Data Layer: SQLite/PostgreSQL database for user data;
external APIs for weather, Al chatbot, and government
information.

4.3 Project Structure

V. FEATURES & SERVICES

Plant Disease Detection

The plant disease detection module is the core Al service of the

platform, leveraging state-of-the-art deep learning to provide

rapid, accurate disease identification from leaf photographs.

e Technology: Convolutional Neural Network with
EfficientNet B0 backbone

e Training Data: PlantVillage dataset — 54,305 images
across 38 categories and 14 crop species

e Performance: 99.17% training accuracy; 98.63% test
accuracy

e Input: JPEG/PNG plant leaf images via drag-and-drop
interface

e  Output: Disease identification, symptoms description, and
treatment recommendations

e Hardware Acceleration: Dual-GPU (CUDA) parallel
processing for accelerated inference

e  Supported Diseases: 38+ common plant diseases including
Bacterial Spot, Early Blight, Late Blight, Tomato Mosaic
Virus, Cedar Apple Rust, and more

Soil Type Classification

The soil classification module analyzes soil sample images to

identify soil type and generate tailored agricultural

recommendations, democratizing soil expertise that was

previously accessible only through costly laboratory testing.

e Technology: CNN-based image classifier with texture and
color analysis

e Input: Soil sample images (256x256 resolution with RGB
normalization)

e  Output: Soil type identification,
recommendations, and management tips

crop suitability
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e Performance: 99.63% training accuracy; 98.27% test
accuracy

e Supported Classes: Alluvial,
Mountain, Red, and Yellow soils

Arid, Black, Laterite,

Weather Forecast Integration

Real-time weather data is fetched via the OpenWeatherMap
API, supporting both automatic geolocation and manual
location input, providing farmers with actionable, localized
weather intelligence.

e Temperature, Humidity, and Weather Condition

e  Wind Speed and Precipitation forecasts

e  Air Quality Index (AQI) PM2.5 measurements

Al Agricultural Chatbot

The 24/7 chatbot is powered by the Google Gemini GPT-2.5
Flash Pro API and supports both intent-based responses from
an agricultural knowledge base and complex, contextual
queries handled by the LLM. The chatbot identifies crop
names, diseases, locations, and dates to provide contextually
accurate responses in real time.

Government Schemes Portal

A centralized portal aggregates information on central and state
government agricultural subsidies, welfare programs, and
schemes — eliminating the need for farmers to navigate
complex government websites independently. The portal will
support instant updation as new schemes are announced.

Crop Recommendation System (Future Plan)

An ML-powered crop recommendation engine will suggest
optimal crops based on soil type, local weather patterns, and
historical yield data, enabling data-driven planting decisions.

Yield Prediction System (Future Plan)

A yield prediction module will leverage hybrid ML approaches
combining soil, weather, and agrarian parameters to forecast
expected yields, improving planning and market positioning for
farmers.

VI. RESULTS & EVALUATION

The plant disease detection model achieved outstanding

performance metrics, validating the suitability of the

EfficientNet BO  architecture for agricultural image

classification tasks:

e  Training Accuracy: 99.17%

e  Test Accuracy: 98.63%

e Dataset: 54,305 images across 38 disease categories from
the PlantVillage benchmark

e Training Configuration: Adam optimizer (Ir=0.001),
categorical cross-entropy loss, 5 epochs

Sample predictions confirmed the model's ability to correctly
classify diseases such as Apple Cedar Rust, Bacterial Spot,
Early Blight, Late Blight, and Tomato Mosaic Virus from real-
world leaf photographs.

Healthy
>
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Disease
i
Bactorial Spat ‘
Late Blight Late Bight '”'\:“' e

Soil Classification Model -

e Architecture: Custom CNN with texture and color feature
extraction

e  Training accuracy: 99.63%
Testing Accuracy: 98.27%
Input Resolution: 256x256 RGB images with ImageNet
normalization

e (lasses: 7 soil types with associated crop and management
recommendations
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VII. IMPACT & BENEFITS

Agricultural Impact

e Disease Management: Early detection reduces crop losses
by an estimated 30-50%

e Resource Optimization: Precise soil management and crop
recommendations improve yields

e Knowledge Access: Democratization of agricultural
expertise previously limited to extension officers

e Economic Benefits: Increased farmer income through
data-driven decisions

Social Impact

e Farmer Empowerment: Technology access specifically
designed for smallholder farmers

o Digital Inclusion: Bridging the digital divide in rural India
through intuitive Ul

e Sustainability: Promoting environmentally responsible
farming through precision agriculture

e Food Security: Contributing to national food production
goals by reducing preventable crop losses

Technical Contributions
e  Open ML Models: Disease detection and soil classification
models available for further research

e Reusable Framework: Modular agricultural Al
components usable across similar platforms
e  Documentation: Comprehensive implementation

documentation of Al in agricultural contexts
e Research Data: Annotated datasets generated during
development, available for future studies

VIII. FUTURE SCOPE & ENHANCEMENTS

Planned Feature Additions

e Yield Prediction: ML-based crop vyield forecasting
integrating soil, weather, and agrarian parameters

e Crop Recommendation System: Al-powered crop
suggestion based on local conditions and historical data

e  Market Price Prediction: Commodity price forecasting to
guide harvest and sale timing decisions

e  Multi-language Support: Interface localization for Hindi
and major regional Indian languages

Technology Enhancements

e Advanced ML Models: Transformer-based architectures
(ViT, Swin Transformer) for improved accuracy

e Edge Computing: Mobile app with on-device ML for
offline rural usage

e Blockchain Integration: Transparent,
agricultural supply chain tracking

e JoT Integration: Smart farming sensor network for real-
time field data collection

e Satellite & Drone Imagery: Field-level remote sensing for
large-scale crop monitoring

tamper-proof

Research Opportunities

e Model Interpretability: Explainable Al
transparent farming decision support

e  Federated Learning: Privacy-preserving distributed model
training across farmer devices

e C(Climate  Change  Adaptation:
recommendations accounting for
patterns

e Sustainable Farming: Carbon footprint optimization and
regenerative agriculture guidance

(XAI) for

Dynamic  crop
changing climate

IX. CONCLUSION

GenZ AgriTech successfully integrates multiple Al
technologies — machine learning, deep learning — into a
comprehensive agricultural platform that addresses the most
pressing challenges faced by Indian farmers. The plant disease
detection module achieved 99.17% training accuracy and
98.63% test accuracy using the EfficientNet BO architecture,
and soil analysis model achieved 99.63% training accuracy and
98.27% test accuracydemonstrating the platform's technical
rigor and real-world applicability.

The modular architecture ensures easy expansion and
integration of new services, while the user-centric design
ensures accessibility for farmers across literacy levels and
geographic contexts. By placing multiple Al-powered tools in
the hands of smallholder farmers through a single unified
interface, the platform contributes meaningfully to food

© 2026 IJSRET



International Journal of Scientific Research & Engineering Trends
Volume 12, Issue 2, Mar-Apr-2026, ISSN (Online): 2395-566X

security, farmer empowerment, and the broader goal of digital
transformation in Indian agriculture.

Key Achievements

10.

Integrated 7 Al-powered agricultural services in one
unified platform

Plant disease detection at 99.17% accuracy using
EfficientNet B0

Soil Type Classification at 99.63% accuracy
User-friendly, responsive web interface with drag-and-
drop functionality

Production-ready Django application with
deployment architecture

Comprehensive ML model deployment pipeline with GPU
acceleration

24/7 chatbot support via Google Gemini API integration

scalable
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