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Abstract: In the era of smart agriculture, Artificial Intelligence (AI) and full-stack digital technologies
have emerged as transformative tools for improving agricultural productivity, efficiency, and
sustainability. This paper presents AGRO-VISION, a modern Al-driven predictive system integrated with
a real-time full-stack architecture for monitoring crop health, forecasting market prices, and optimizing
agricultural supply chain management. The system combines machine learning models with a scalable
web-based application built using Angular, Node.js, and WebSocket-based real-time communication. By
integrating satellite imagery, environmental sensor data, and market datasets, the platform provides
actionable insights into crop conditions and future price trends. AGRO-VISION leverages Convolutional
Neural Networks (CNNs) for crop disease detection, Long Short-Term Memory (LSTM) networks and
ARIMA for price forecasting, and optimization algorithms for supply chain management. The backend
system ensures secure, real-time data processing using Express.js, JWT authentication, and WebSocket
communication, while the frontend delivers interactive dashboards with geospatial visualization using
Leaflet. The proposed framework enables early detection of crop diseases, supports data-driven
decision-making, and enhances agricultural logistics efficiency. The integration of predictive analytics
with a modern full-stack architecture demonstrates how intelligent systems can revolutionize precision
agriculture and contribute to sustainable food production.

Keywords: Smart Agriculture, Artificial Intelligence, Crop Health Monitoring, Price Forecasting,
Supply Chain Management, Machine Learning, Angular, Node.js, WebSockets

I. INTRODUCTION
Agriculture remains a fundamental pillar of global economic development and food security. However, the sector faces
significant challenges due to climate variability, unpredictable weather conditions, soil degradation, and fluctuating
market prices. These issues directly impact crop productivity, farmer income, and supply chain efficiency, particularly
in developing countries.
Traditional farming methods rely heavily on manual monitoring, historical analysis, and delayed reporting systems,
which are insufficient for modern agriculture. With the increasing availability of real-time data from IoT sensors,
satellite imagery, and market databases, there is a growing need for intelligent systems capable of transforming raw
data into actionable insights.
AGRO-VISION is designed as a comprehensive Al-driven and full-stack web-based predictive system that integrates
weather intelligence, crop health monitoring, price forecasting, and supply chain optimization into a unified platform.
The system combines advanced machine learning models with a scalable application architecture built using Angular
and Node.js.
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The platform utilizes environmental parameters such as temperature, humidity, rainfall, and soil moisture to predict
crop health and yield conditions. These parameters are critical indicators of crop stress, disease outbreaks, and pest
infestations.

The system performs three major predictive functions:

1. Crop Health Prediction:

The system uses CNN-based deep learning models to analyze crop images and detect diseases, nutrient deficiencies,
and stress conditions. Image inputs are processed along with environmental data to generate accurate predictions and
recommendations.

2. Price Forecasting:

Time-series models such as LSTM and ARIMA are applied to historical market data combined with environmental
factors to predict crop prices. This helps farmers make informed decisions regarding harvesting and selling.

3. Supply Chain Management:

TThe system optimizes logistics by predicting demand, managing inventory, and recommending efficient
transportation routes. Real-time tracking and updates are enabled using WebSocket communication.

Unlike traditional systems, AGRO-VISION integrates Al, real-time data processing, and full-stack web technologies to
provide a scalable, interactive, and intelligent agricultural platform.

II. PROBLEM STATEMENT
The agricultural sector is increasingly becoming data-intensive due to the widespread adoption of digital technologies
such as Internet of Things (IoT) devices, satellite imaging systems, remote sensing technologies, and online agricultural
marketplaces. These sources continuously generate vast volumes of heterogeneous data, including environmental
parameters (temperature, humidity, rainfall), soil health indicators, crop imagery, and market price trends. Despite the
availability of such rich datasets, a critical challenge lies in transforming this diverse, high-dimensional, and often
unstructured data into meaningful and actionable insights that can support effective decision-making.
Traditional agricultural practices largely depend on manual field inspections, farmer experience, and historical data
analysis. While these methods have been foundational, they suffer from several inherent limitations. Manual
monitoring is labor-intensive, time-consuming, and prone to human error, while historical data lacks the ability to
reflect real-time environmental variability. Consequently, these approaches fail to provide timely alerts for crop
diseases, pest infestations, or adverse weather conditions, leading to reduced crop yields and increased economic losses.
Moreover, the dynamic nature of agricultural ecosystems—characterized by unpredictable weather patterns, climate
change, and fluctuating market demands—requires adaptive and real-time decision-making capabilities. Existing
systems are often unable to respond effectively to these rapid changes due to their static design and limited integration
of live data streams.
Current technological solutions in agriculture, although promising, exhibit several critical shortcomings:
Lack of Real-Time Data Integration:
Most existing systems rely heavily on historical datasets and batch processing techniques. They lack the capability to
integrate and process real-time data streams from IoT sensors and weather APIs, resulting in delayed insights and
reduced responsiveness to sudden environmental changes.
Fragmented and Isolated Solutions:
Agricultural applications are typically developed to address specific problems such as crop disease detection, price
forecasting, or supply chain management. This siloed approach leads to inefficiencies, as stakeholders must rely on
multiple independent systems that do not communicate or share data seamlessly.
Underutilization of Environmental and Contextual Data:
Many predictive models fail to incorporate critical environmental variables such as soil moisture, wind speed, and
rainfall patterns. Ignoring these parameters limits the accuracy and reliability of predictions, as crop health and yield
are highly dependent on environmental conditions.
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Limited Interactivity and Visualization:

Existing agricultural dashboards often provide static representations of data, lacking advanced visualization techniques
and real-time updates. This restricts users’ ability to explore data dynamically, identify patterns, and make informed
decisions efficiently.

Scalability and Performance Constraints:

Traditional systems are not designed to handle large-scale data processing or concurrent user interactions. As data
volume and system usage grow, performance degradation becomes a significant concern, limiting their practical
applicability in large agricultural ecosystems.

Lack of Integration with Modern Web Technologies:

Many current platforms do not utilize modern full-stack development frameworks, resulting in poor user experience,
limited accessibility across devices, and reduced system responsiveness. The absence of real-time communication
mechanisms further hinders effective interaction between users and the system.

In addition to these technical limitations, there is a significant gap in providing a holistic, end-to-end solution that
integrates crop health monitoring, market intelligence, and supply chain optimization into a single unified platform.
The absence of such integrated systems prevents farmers, distributors, and policymakers from gaining a comprehensive
view of the agricultural ecosystem.

Therefore, there is a critical need for an intelligent, scalable, and integrated system that can effectively address these
challenges. This research aims to bridge this gap by proposing a unified Al-driven predictive system, AGRO-VISION,
which leverages machine learning and deep learning techniques in conjunction with a modern full-stack architecture.
The system is designed to process multi-source data in real time, generate accurate predictions, and deliver actionable
insights through interactive and user-friendly dashboards.

By addressing the limitations of existing approaches, the proposed system seeks to enhance decision-making
capabilities, improve agricultural productivity, reduce post-harvest losses, and promote sustainable farming practices.

II1. OBJECTIVES
The primary objective of this research is to design and develop a comprehensive, scalable, and intelligent Al-driven
system that enhances agricultural productivity, sustainability, and decision-making through the integration of predictive
analytics, real-time data processing, and modern full-stack technologies. The proposed system aims to bridge the gap
between data availability and actionable insights by leveraging advanced machine learning models and interactive
digital platforms.
To achieve this overarching goal, the following specific objectives are defined:
To collect, integrate, and manage multi-source agricultural data:
The system aims to gather data from diverse and heterogeneous sources, including weather APIs, loT-based
environmental sensors, satellite imagery, crop datasets, and agricultural market databases. Efficient data integration
techniques will be employed to ensure consistency, reliability, and seamless data flow across different modules.
To develop deep learning models for crop health monitoring:
Advanced Convolutional Neural Network (CNN) architectures will be implemented to analyze crop images and detect
diseases, nutrient deficiencies, and stress conditions at an early stage. The objective is to enable proactive intervention,
thereby minimizing crop losses and improving yield quality.
To implement time-series forecasting models for market price prediction:
The system will utilize models such as Long Short-Term Memory (LSTM) networks and ARIMA to analyze historical
price trends and forecast future market prices. This will assist farmers and stakeholders in making informed decisions
regarding crop selection, storage, and selling strategies.
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To design intelligent algorithms for supply chain optimization:

Optimization techniques and predictive analytics will be used to improve logistics, inventory management, and
distribution processes. The goal is to reduce post-harvest losses, minimize transportation costs, and ensure efficient
delivery of agricultural products.

To build a scalable and robust backend system:

The backend will be developed using Node.js and Express.js, providing RESTful APIs for seamless communication
between system components. The architecture will be designed to handle high data volumes and concurrent user
requests efficiently.

To develop an interactive and user-friendly frontend interface:

A dynamic web application will be created using Angular, incorporating modern UI/UX principles and visualization
libraries. The objective is to present complex data in an intuitive manner through dashboards, charts, and geospatial
maps, enabling users to easily interpret insights.

To enable real-time communication and data updates:

WebSocket technology will be integrated to facilitate real-time data streaming and instant updates. This ensures that
users receive timely information regarding crop health, weather changes, and market trends.

To ensure system security and data protection:

Secure authentication and authorization mechanisms will be implemented using JSON Web Tokens (JWT), while
berypt will be used for password hashing. Additional security measures will be incorporated to protect sensitive user
and system data.

To implement containerization for scalability and deployment:

Docker and Docker Compose will be used to containerize the application, ensuring portability, scalability, and ease of
deployment across different environments.

To evaluate system performance using standard metrics:

The effectiveness of the proposed models will be assessed using appropriate evaluation metrics. Classification models
will be evaluated using accuracy, precision, recall, and Fl-score, while regression and forecasting models will be
evaluated using Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and other relevant measures.

IV. LITERATURE SURVEY

The application of Artificial Intelligence (AI) in agriculture has gained significant attention in recent years due to its
potential to improve productivity, optimize resource utilization, and support data-driven decision-making. Researchers
have explored various machine learning and deep learning techniques to address key agricultural challenges such as
crop disease detection, price forecasting, and supply chain optimization.

One of the most widely studied areas is crop disease detection using image processing techniques. Convolutional
Neural Networks (CNNs) have been extensively used for analyzing leaf images and identifying diseases with high
accuracy. Models such as VGG, ResNet, and MobileNet have shown strong performance due to their ability to extract
complex visual features. Many studies report accuracy levels above 90% when trained on standard datasets. However, a
major limitation of these approaches is their dependence on structured and preprocessed datasets, which may not fully
represent real-world farming conditions. Additionally, several models do not consider external factors such as
environmental conditions, which can influence crop health.

Another important research area is agricultural price forecasting, where both statistical and deep learning approaches
have been applied. Traditional models like AutoRegressive Integrated Moving Average (ARIMA) are effective for
capturing linear patterns in historical price data. More advanced models such as Long Short-Term Memory (LSTM)
networks are capable of learning long-term dependencies and nonlinear relationships, leading to improved forecasting
accuracy. Despite these advancements, many studies focus only on historical price trends and do not incorporate
additional influencing factors such as seasonal variations or market demand, which limits the robustness of predictions.
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Research has also been conducted in agricultural supply chain management, focusing on improving efficiency in
storage, transportation, and distribution of agricultural products. Techniques such as optimization algorithms and
predictive analytics have been used to reduce post-harvest losses and improve logistics planning. However, most of
these solutions are developed as standalone systems and are not integrated with crop monitoring or price prediction
models.
Another limitation identified in existing systems is the lack of real-time data processing and dynamic visualization.
Many platforms rely on static datasets and provide limited interactivity through dashboards, making it difficult for users
to interpret data effectively. Additionally, traditional systems often lack modern web-based interfaces, resulting in poor
user experience and reduced accessibility.
A key observation from the literature is that most existing solutions are fragmented and domain-specific, addressing
individual problems such as disease detection or price forecasting independently. There is a lack of integrated systems
that combine multiple functionalities into a unified platform. Furthermore, many studies do not leverage modern full-
stack technologies to deliver real-time insights and interactive user interfaces.
Therefore, there exists a significant research gap in developing a comprehensive, Al-driven system that integrates crop
health monitoring, price forecasting, and supply chain management into a single platform.
This research addresses these limitations by proposing AGRO-VISION, a unified system that combines deep learning
models for crop analysis, time-series forecasting for price prediction, and optimization techniques for supply chain
management. The system is further enhanced with a modern full-stack architecture, enabling real-time data processing,
interactive visualization, and improved user experience..

Table 1: Summary of Previous Research

Author(s) & Year Focus Area Method / Technique Key Findings / Limitations

Patil et al. (2020) Crop Disease Detection CNN on leaf images High accuracy; ignored
environmental factors

Mohanty et al. | Crop Health Monitoring Deep learning on leaf | Accurate but not real-time

(2016) datasets

Fuentes et al. (2017) | Disease Localization Faster R-CNN on crop | Good accuracy; no weather

images data

Ramesh & Vardhan | Weather-Based Crop | ML on historical weather | Static predictions; no real-time

(2018) Prediction data integration

Zhang et al. (2019) | Yield Prediction Random Forest & XGBoost | Accurate; lacked
disease/supply data

Kumar et al. (2021) | Smart Farming loT IoT sensors for soil & | Monitoring only; no

weather predictions

Bhardwaj et al. | Price Forecasting ARIMA & LSTM Captured  trends;  ignored

(2020) supply/weather

Mehta &  Singh | Market Analytics Hybrid time series models Improved accuracy; no

(2022) environmental data

Jain et al. (2021) Supply Chain Optimization | Al for logistics Reduced wastage; no upstream
prediction

Singh &  Rani | Blockchain Supply Chain Blockchain traceability Secure;  lacked  predictive

(2020) insights

V.METHODOLOGY
The methodology for this project is structured to ensure systematic collection, processing, analysis, and visualization of
multi-source agricultural data. It integrates weather, crop health, market, and supply chain information to provide
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predictive insights for crop management, price forecasting, and logistics optimization. The methodology consists of
several interrelated phases:

Data Collection

A multi-source data collection strategy is employed to obtain diverse and high-quality inputs for predictive modeling:
Weather and Environmental Data

Historical and real-time weather data, including temperature, rainfall, humidity, wind speed, solar radiation, and soil
moisture levels, are collected from APIs provided by government meteorological departments, private weather services,
and IoT-based soil sensors. These data points are crucial for understanding crop growth conditions and environmental
stress factors that affect crop health and yield.

Crop Health Data

High-resolution images of crops and leaves are collected through field surveys, drones, and publicly available datasets
such as PlantVillage. This visual data helps in detecting disease presence, pest infestation, nutrient deficiency, and
other health-related anomalies in crops.

Market and Supply Data

Historical crop prices, demand-supply statistics, warehouse inventory levels, transportation routes, and logistics data
are collected from agricultural market databases, commodity exchanges, and cooperative farming societies. This data is
essential for forecasting prices and optimizing supply chains.

Soil and Crop Management Data

Soil characteristics such as pH, nutrient content, texture, and moisture levels are collected from soil testing reports and
sensors deployed in fields. Crop management practices, including irrigation schedules, fertilization, and pesticide use,
are also recorded to provide context for predictive modeling.

Data Preprocessing

Raw data from various sources often contains inconsistencies, missing values, noise, or irrelevant information.
Preprocessing is applied to ensure that the input data is clean, normalized, and suitable for modeling:

Image Preprocessing

Crop images are resized to uniform dimensions, normalized, and augmented through rotations, flips, and brightness
adjustments to increase model generalization and robustness. Noise removal techniques are applied to eliminate
blurring, shadows, and background artifacts.

Data Cleaning

Numerical and textual datasets, such as weather, soil, and market data, are checked for missing values, duplicates, or
outliers. Missing data is imputed using statistical methods (mean, median) or interpolation for time-series datasets.
Feature Extraction and Engineering

Key features are derived from raw data, such as cumulative rainfall, temperature fluctuations, soil moisture trends, crop
growth stage indices, and historical price volatility. These features provide predictive power to machine learning
models.

Normalization and Scaling

All numerical features are standardized using min-max scaling or z-score normalization to prevent model bias and
ensure effective training convergence.

Encoding Categorical Data

Categorical variables, such as crop type, soil type, or region, are converted into numeric formats using one-hot
encoding or label encoding.

Predictive Modeling

The predictive system employs state-of-the-art Al and machine learning techniques for crop health assessment, price
forecasting, and supply chain optimization:
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Crop Health Prediction

Convolutional Neural Networks (CNNs) are used to analyze images of leaves and crops for disease detection. Transfer
learning techniques, such as fine-tuning pre-trained models like ResNet or VGG16, improve classification accuracy
with limited labeled data. The model outputs disease labels along with confidence scores and visual heatmaps to
indicate affected regions.

Weather-Informed Yield Prediction

Multivariate regression and ensemble machine learning models such as Random Forests and Gradient Boosting are
applied to weather, soil, and crop management data to predict potential yields. These models capture nonlinear
interactions between environmental factors and crop growth.

Price Forecasting

Time-series forecasting models, including ARIMA, LSTM, and hybrid LSTM-ARIMA models, are used to predict crop
prices based on historical price data, seasonal trends, and environmental factors. Feature importance analysis helps
identify key drivers of price fluctuations.

Supply Chain Optimization

Al-driven optimization algorithms, such as reinforcement learning and linear programming, are applied to model
logistics networks. The system predicts demand, optimizes transportation routes, and recommends inventory
management strategies to minimize wastage and delivery delays.

Scoring and Evaluation

All predictive models are rigorously evaluated to ensure accuracy and reliability:

Crop Health Models: Metrics such as accuracy, precision, recall, F1-score, and confusion matrices are used to assess
disease detection performance. ROC-AUC curves are plotted for multi-class classification problems.

Price Forecasting Models: Evaluation metrics include Mean Absolute Error (MAE), Root Mean Squared Error
(RMSE), and Mean Absolute Percentage Error (MAPE) to quantify forecasting accuracy. Cross-validation and walk-
forward validation are employed for robust evaluation.

Supply Chain Optimization: Performance is measured in terms of delivery efficiency, reduced wastage, cost savings,
and inventory turnover rates. Simulated scenarios are used to validate model recommendations.

Visualization and Dashboard

A dynamic and interactive user interface is developed to make predictions accessible to farmers, agronomists, and
supply chain stakeholders:

Interactive Graphs: Time-series plots visualize predicted crop yields, price trends, and disease occurrences.

Heatmaps: Crop health maps highlight areas affected by disease or nutrient deficiency.

Supply Chain Insights: Dashboards provide visualizations of inventory levels, demand forecasts, and optimal delivery
routes.

User Interaction: Users can filter data by crop type, region, time period, and predicted risk levels. Notifications and
alerts are provided for critical conditions such as disease outbreaks or predicted price drops.

Tools and Frameworks

To ensure scalability, usability, and real-time interaction, the system is implemented using a modern full-stack
architecture.

Frontend Development

Angular 19 with TypeScript:

The frontend is developed using Angular, providing a structured and modular framework for building dynamic web
applications. TypeScript ensures type safety and maintainability.

RxJS (Reactive Extensions):

RxJS is used for handling asynchronous data streams and managing real-time updates efficiently.
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Leaflet for Geospatial Visualization:

Leaflet is integrated to display geographical data, enabling users to visualize crop conditions and environmental
parameters on interactive maps.

Data Visualization:

Charts and dashboards are used to present predictions, trends, and analytics in an intuitive manner.

Backend Development

Node.js with Express.js:

The backend is built using Node.js and Express.js to create RESTful APIs for communication between the frontend
and predictive models.

Authentication and Security:

O JWT (JSON Web Tokens): Used for secure user authentication and session management

O berypt: Used for hashing passwords and ensuring data security

O Helmet: Provides HTTP security by setting appropriate headers

The backend is designed to handle concurrent requests and large-scale data processing efficiently.

Real-Time Communication

WebSockets:

WebSocket technology is implemented to enable bidirectional communication between the client and server. This
allows real-time updates for weather data, crop health alerts, and price predictions without requiring page reloads.
Database Management

JSON-Based Storage:

A lightweight JSON-based database is used for storing application data, including user information, model outputs,
and intermediate results. This approach simplifies data handling and is suitable for prototype-level implementation.
DevOps and Deployment

Docker and Docker Compose:

The application is containerized using Docker to ensure consistency across different environments. Docker Compose is
used to manage multi-container setups, including frontend, backend, and supporting services.

Scalability and Portability:

Containerization enables easy deployment, scalability, and system portability, making the application adaptable to
different infrastructures.

VI. SYSTEM ARCHITECTURE
The system follows a modular and layered architecture that integrates multi-source data acquisition, Al-based
predictive modeling, and interactive visualization. Each component is designed to perform specific tasks, ensuring
scalability, maintainability, and real-time performance.
The system is composed of the following main components:
Data Sources
@ Weather and Environmental Data: Collected from APIs (government meteorological services, [oT sensors, satellite
imagery) to capture temperature, rainfall, humidity, soil moisture, and sunlight data.
@ Crop Health Data: Includes images of crops and leaves collected from drones, field surveys, and publicly available
datasets such as PlantVillage.
@ Market and Supply Chain Data: Historical crop prices, demand-supply statistics, warehouse inventory levels, and
logistics data are obtained from commodity exchanges, agricultural market portals, and cooperative farming societies.
@ Soil and Crop Management Data: Includes soil quality parameters, fertilization schedules, irrigation patterns, and
crop management practices.
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Data Collection Module
@ Extracts data from APIs, IoT sensors, and external databases using RESTful calls or scheduled batch jobs.
@ Filters data based on crop type, region, time period, and specific environmental or market parameters.

Preprocessing Engine

@ Cleans raw datasets by handling missing values, removing duplicates, and normalizing numerical features.
@ Image preprocessing includes resizing, normalization, and augmentation.

@ Feature extraction from weather, soil, crop, and market data generates inputs for predictive models.

@ Encodes categorical data and applies scaling techniques for uniform model input.

Predictive Modeling Engine

@ Crop Health Prediction: Uses Convolutional Neural Networks (CNNs) on crop images to detect diseases, nutrient
deficiencies, and pest infestations. Transfer learning techniques are employed for enhanced accuracy.

@ Price Forecasting: Employs time-series models like LSTM, ARIMA, and hybrid LSTM-ARIMA models for crop
price prediction based on historical and environmental data.

@ Supply Chain Optimization: Applies Al algorithms, including reinforcement learning and optimization methods, to
forecast demand, optimize inventory, and recommend efficient delivery routes.

Scoring and Evaluation Module

@ Aggregates model outputs to provide actionable insights:

a. Crop health scores indicating disease probability.

b. Predicted yield and expected price trends.

c. Supply chain efficiency metrics such as optimized inventory and route recommendations.

@ Evaluation metrics include accuracy, precision, recall, F1-score, RMSE, and MAE depending on the task.

Database Layer
@ Stores raw and processed data, model predictions, user accounts, and system logs.
@ Uses relational databases such as SQLite or MySQL for structured storage and fast retrieval.

Visualization Dashboard

@ Backend implemented with Flask to handle queries, user sessions, and API integration.

@ Frontend uses HTML, CSS, JavaScript, and visualization libraries such as Chart.js and Plotly to display:
a. Interactive time-series plots for weather, crop health, and prices.

b. Disease heatmaps for crop monitoring.

c. Supply chain insights, including inventory and logistics recommendations.

@ Filters allow selection by crop type, region, date, or predicted risk levels.

User Interaction Layer

@ Provides secure user registration and login.

@ Users can create personalized dashboards to monitor selected crops, regions, or supply chain routes.

@ Notifications and alerts for disease outbreaks, predicted price drops, or supply chain bottlenecks.

This architecture ensures end-to-end integration of environmental data, crop health monitoring, price forecasting, and

supply chain management into a unified Al-driven system, delivering real-time, actionable insights for farmers,

agronomists, and stakeholders.
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Figure 1: System Architecture Diagram

VII. EXPERIMENTAL SETUP AND RESULTS

International Journal of Advanced Research in Science, Communication and Technology

Impact Factor: 8.2

This section describes the environment setup, dataset details, tools, model configurations, evaluation metrics, and
results obtained from experiments conducted for crop health detection, price forecasting, and supply chain

optimization.
Table 2: Experimental Environment

Parameter Specification

Programming Languages Python 3.x, TypeScript, JavaScript

AI/ML Libraries & Tools

TensorFlow / Keras, scikit-learn, Pandas, NumPy, OpenCV, Pillow

Frontend Framework Angular 19

Frontend Tools & Libraries | HTMLS, CSS3, TypeScript, RxJS, Leaflet, Chart.js

Backend Framework Node.js with Express.js

Authentication & Security

JWT (JSON Web Token), berypt, Helmet

Real-Time Communication

WebSockets

Database

JSON-based storage (development)

Deployment & DevOps

Docker, Docker Compose

Deployment Environment

Localhost (development), Docker-based deployment (scalable environments)

Operating System

Windows 11 / Ubuntu 22.04 LTS

Parameter Specification

Programming Languages Python 3.x, TypeScript, JavaScript
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Table 3: Dataset Description
Source Data Points | Description
Weather Data 10,000+ Temperature, rainfall, humidity, soil moisture from IoT sensors & APIs
Market Data 5,000+ Historical crop prices and demand-supply data from market portals
Supply Chain / Logistics | 2,000+ Warehouse inventory, transport routes, and delivery data

The datasets cover multiple crops such as wheat, rice, maize, and tomato, collected over a 6-month period. All datasets
are stored with timestamps, crop type, region, and other relevant metadata.

Preprocessing Steps
@ Image Preprocessing: Resizing, normalization, noise removal, and augmentation (rotation, flipping, brightness
adjustments).
@ Weather & Market Data: Handling missing values, removing duplicates, normalization, and feature scaling.
@ Feature Extraction: Derived features such as cumulative rainfall, temperature trends, soil moisture indices, past price
volatility, and crop growth stage indicators.
@ Encoding: One-hot encoding for categorical variables like crop type and region.
Table 4: Models Used and Configuration

Model Type Configuration
CNN (Crop Health) Deep Learning Fine-tuned ResNet50 / VGGI16 for leaf and crop disease
classification

LSTM (Price Forecasting) Time-Series Model | 3 LSTM layers with 64 units, dropout 0.2, trained on historical

price data
ARIMA (Price Forecasting) | Statistical Model Optimized (p,d,q) parameters for seasonal trend modeling
RL / Optimization (Supply) Al / Optimization Reinforcement learning-based route and inventory optimization

Evaluation Metrics

@ Crop Health Prediction: Accuracy, Precision, Recall, F1-score, Confusion Matrix.

@ Price Forecasting: Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), Mean Absolute Percentage
Error (MAPE).

@ Supply Chain Optimization: Delivery efficiency, reduced wastage, inventory turnover, and cost savings.

Results
Table 5: Crop Health Prediction
Model Accuracy | Precision | Recall | Fl-score
CNN (ResNet50) | 93% 0.92 0.94 0.93
CNN (VGGL16) 91% 0.90 0.92 0.91
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Table 6: Price Forecasting

Model MAE | RMSE MAPE

LSTM 1.45 2.10 4.2%

ARIMA 1.88 2.55 5.7%

Supply Chain Optimization:

@ Inventory wastage reduced by 15% through demand prediction.
@ Delivery time improved by 12% with optimized route planning.
@ Transportation costs reduced through efficient route allocation

@ Improved demand-supply matching using predictive analytics

signin

bogatejulylSagmaitcam

e

7 Crecteons

Figure 3:

isi Signed oy
AgroVision V;elcom‘e back, juily Lives Comnecradito Agrolision Ive upélates  EN H MR

Smart Farm Operations Center

Quick actions

AgroVision

Termperature Humicity Ranfalinow
20.000, 73.800 £ 25%

Partlycoudy Ctcal Pastrisklow Drought rikigh

Live aduisories

rough the nextday. rgation should be

Copyright to IJARSCT
www.ijarsct.co.in

DOI: 10.48175/568

167

7 1ssN W)
| 2581-0429 |}




(O

Xx International Journal of Advanced Research in Science, Communication and Technology

IJA SCT International Open-Access, Double-Blind, Peer-Reviewed, Refereed, Multidisciplinary Online Journal

ISSN: 2581-9429

Copyright to IJARSCT
www.ijarsct.co.in

AgroVision

AgroViision

AgroVision

AgroVision

AgroVision

IJARSCT

Volume 6, Issue 14, April 2026

Supply Chain Tracker

Creote shipments.updote stotuses, and keep fronsport

Rctive shipments

Wheat

Sy

e back, juily

Farm Management

Your farms Selected soil analysis
Sele oload s sol nclysis

Signed nasioiy

- Live:Comected rogrovisenewpasies en 1 v (S
Welcome back, juily = = ==
Inventory and Warehouse
o
- ! - 4
Current stock
con Worsho Guontity Guolty  actions
Whest  Nesik Wershouse 125tons A a3 e
Tomato Mumbal CaaStorage 4orons o a4 osee
Smart Map
Fiter farms
Almarkers  Refthmeters Aol Fonfams  Fowsshments
© Foarmueainer marker @ Heallhyform @ Rikfarm @ il farm @ Shipment marker @ Dastination marker

P
o C ted fo AgroVision & date EN Hi MR Logout
e back, juily = i = 2

Al Agricultural Assistant

sk about craps,Irigatia, fertizer, weather,and market prices. Pawered by Garini AP

ol Fm your crops.irigation fertizer weather impacts, market rencs, o farming best practices.

DOI: 10.48175/568

168



({ IJARSCT

xx International Journal of Advanced Research in Science, Communication and Technology

IJARSCT International Open-Access, Double-Blind, Peer-Reviewed, Refereed, Multidisciplinary Online Journal FiEp 00}
ISSN: 2581-9429 Volume 6, Issue 14, April 2026 Impact Factor: 8.2

Key Observations:

@ CNN-based models outperformed traditional image classifiers in detecting crop diseases with high accuracy.

@ LSTM captured seasonal price trends better than ARIMA, especially for crops affected by weather variability.

@ Real-time supply chain optimization improved resource allocation, reduced wastage, and enhanced delivery
efficiency.

@ Integrated visualization of crop health, predicted prices, and logistics data provided actionable insights for farmers
and stakeholders..

VIII. CONCLUSION
This research presents a comprehensive Al-driven predictive system for crop health monitoring, price forecasting, and
supply chain management. The system integrates heterogeneous data sources, including weather parameters, crop
images, historical market prices, soil and crop management data, and supply chain information. By combining these
diverse datasets with advanced machine learning (ML) and deep learning (DL) techniques, the system provides
actionable insights that enable proactive decision-making for farmers, agronomists, and stakeholders in the agricultural
ecosystem.
Crop health monitoring leverages Convolutional Neural Networks (CNNs) trained on large-scale image datasets to
detect diseases, nutrient deficiencies, and pest infestations. Data augmentation and transfer learning techniques improve
model robustness, allowing accurate predictions under varied environmental conditions. Price forecasting utilizes Long
Short-Term Memory (LSTM) networks and ARIMA models to predict market trends, taking into account historical
price fluctuations, seasonal variations, and environmental influences such as rainfall, temperature, and soil moisture.
Optimization algorithms support supply chain management by recommending optimal inventory levels, delivery
schedules, and transportation routes, reducing wastage and operational costs.
The system also features a real-time, interactive dashboard developed using Flask and visualization libraries such as
Plotly and Chart.js. This dashboard provides intuitive visualizations of crop health status, predicted price trends, and
supply chain metrics. Users can personalize their view by selecting specific crops, regions, or warehouses, enabling
tailored insights that support decision-making at multiple levels, from individual farmers to agricultural cooperatives
and market regulators.
Experimental results highlight the effectiveness of the integrated approach. CNN-based models achieved high accuracy
(over 90%) in crop disease detection, outperforming traditional image classification methods. LSTM models captured
complex temporal patterns in crop prices more effectively than ARIMA, achieving lower prediction errors and higher
reliability in volatile market conditions. Supply chain simulations demonstrated a measurable reduction in delivery time
and inventory wastage, confirming the utility of Al-driven optimization for operational efficiency.
By addressing the limitations of prior approaches—such as reliance on static or single-source data, limited
personalization, and lack of real-time analytics—this research establishes a scalable, intelligent framework for
agricultural decision support. The integration of multimodal data sources, predictive modeling, and interactive
visualization not only improves situational awareness but also enhances proactive management capabilities. Farmers
can identify disease outbreaks early, anticipate price fluctuations, and optimize logistics, while policymakers and
agribusinesses gain insights for strategic planning and resource allocation.
In conclusion, this system demonstrates the transformative potential of Al in modern agriculture. It bridges the gap
between raw agricultural data and actionable insights, enabling sustainable and profitable farming practices. The
research lays the foundation for future improvements, including expanding datasets, incorporating additional crop
types, enhancing predictive model accuracy, and developing more advanced prescriptive analytics for end-to-end
agricultural management.
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IX. FUTURE SCOPE
While the proposed system demonstrates promising results in predicting crop health, forecasting prices, and optimizing
the supply chain, several advanced enhancements can further improve its effectiveness, scalability, and real-world
applicability:
Integration of Multi-Modal Data Sources:
Future work can focus on combining image data, weather parameters, soil reports, and market trends into a unified
multi-modal learning framework. This would enable more robust and context-aware predictions by capturing complex
relationships between different data types.
Adoption of Advanced Al Architectures:
Incorporating state-of-the-art models such as Vision Transformers (ViT), hybrid CNN-Transformer architectures, and
advanced sequence models like GRU and Temporal Fusion Transformers (TFT) can significantly improve prediction
accuracy and generalization across diverse datasets.
Federated Learning for Distributed Agriculture Systems:
Implementing federated learning would allow models to be trained across multiple farms or regions without sharing
sensitive data. This ensures privacy preservation while enabling collaborative model improvement.
Scalable Cloud-Native Architecture:
Migrating the system to a fully cloud-native architecture using microservices, Kubernetes, and serverless computing
can enhance scalability, fault tolerance, and performance for large-scale agricultural deployments.
Integration with Government and Open Data Platforms:
Future versions can integrate with national agricultural databases (e.g., crop yield reports, mandi prices, and policy
datasets) to provide more reliable and region-specific insights.
Al-Powered Recommendation System:
Beyond prediction, the system can evolve into a recommendation engine that suggests optimal actions such as crop
selection, harvesting time, storage strategies, and market selling decisions based on predictive insights.
Blockchain for Supply Chain Transparency:
Incorporating blockchain technology can improve traceability, transparency, and trust in the agricultural supply chain
by securely recording transactions and product movement from farm to market.
Digital Twin for Agriculture:
Developing a digital twin of farms—virtual replicas that simulate real-world conditions—can enable scenario analysis,
risk prediction, and optimization of farming practices before actual implementation.
Edge Computing for Faster Processing:
Deploying lightweight models at the edge (near data sources) can reduce latency and enable faster predictions,
especially in areas with limited internet connectivity.
Advanced Real-Time Analytics and Streaming:
Integrating streaming platforms (e.g., Apache Kafka) can enhance real-time data processing and enable continuous
monitoring of agricultural conditions and market dynamics.
Enhanced User Experience with Al Assistants:
Future systems can include conversational Al or chatbot interfaces to assist farmers in querying predictions,
understanding insights, and receiving recommendations in a user-friendly manner.
Sustainability and Climate Impact Analysis:
The system can be extended to analyze carbon footprint, water usage, and environmental impact, helping promote
sustainable and climate-resilient agricultural practices.
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