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ABSTRACT :

AgriMind is a web-based smart farm management application designed to help farmers organize livestock information, milk production, expenses, tasks, reports,
and farm-related knowledge in a single platform. The system is implemented as a Flask and SQLite prototype with a responsive HTML, CSS, and JavaScript

interface.

The application incorporates practical AI components for farm decision support. A scikit-learn Linear Regression model predicts the next day's total milk
production from a user's historical milk records. A lightweight retrieval module uses TF-IDF and cosine similarity to locate relevant content from a shared

farming knowledge base. A rule-based Al assistant interprets common questions about milk, expenses, animal health, vaccination, feeding, tasks, and farm status.

AgriMind also provides bilingual English/Tamil interaction, animal and goat record management, expense categorization, task reminders, location-based weather,
and PDF, Excel, and CSV report exports. The architecture keeps each farm's operational data scoped to its user account, while reference knowledge is shared. The

project demonstrates how machine learning and intelligent automation can be integrated with routine farm-management workflows.
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DIAGRAM
Figure 1. AgriMind system architecture and information flow.
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Introduction

Modern farms generate information continuously: animal records, vaccination status, milk output, expenses, scheduled activities, and observations
about animal health. When these records are kept manually or across disconnected tools, it becomes difficult to obtain a timely overview of the farm
and to use historical information for decision-making.

AgriMind addresses this problem through a unified web application. The dashboard presents key farm statistics, recent milk production, expense
distribution, today's tasks, and upcoming activities. Dedicated modules support animals and goats, milk tracking, expenses, tasks, reports, an Al
assistant, and a knowledge base.

The system is intentionally designed as a practical prototype that can operate without a remote database or hosted Al service. SQLite provides local
persistence, while the core Al functions operate locally. Optional integrations can extend the system with Ollama for open-ended language-model

responses and external services for real-time weather information.

Literature Review

Digital agriculture increasingly combines farm-management software, sensor or historical data, and machine-learning techniques to support operational
decisions. In livestock systems, common analytical targets include milk yield, animal health, feeding, disease risk, and resource consumption.
Regression models are widely used when the target variable is continuous. Their main advantage is simplicity and interpretability, which makes Linear
Regression a suitable baseline for a prototype such as AgriMind. More complex models can later be evaluated when larger and more diverse farm
histories are available.

Information-retrieval techniques are also useful for farm knowledge systems. AgriMind uses TF-IDF vectorization and cosine similarity to retrieve the
most relevant reference document for a farmer's question. This approach is lightweight and does not require an embedding service, while still providing
a structured retrieval layer.

Many farm applications concentrate on record keeping or a single prediction task. AgriMind combines record management, analytics, prediction,
retrieval, task support, reporting, and conversational access within one interface. The resulting system emphasizes usability and practical integration
rather than prediction accuracy alone.

Methodology

The development of the AgriMind system follows a structured software and data-processing workflow:
e  Requirement and module design: identify farm records, workflows, user roles, and Al-assisted functions.
. Data storage: maintain users, animals, milk records, expenses, tasks, notifications, knowledge documents, and chat history in SQLite.
. Data processing: validate form inputs, compute total milk from morning and evening entries, and scope farm queries by user_id.
e Machine learning: train scikit-learn Linear Regression on the logged-in user's milk history and estimate the next day's total.
. Knowledge retrieval: apply TF-IDF vectorization and cosine similarity to retrieve relevant knowledge-base content.
e  Interaction layer: use rule-based intent parsing with typo-tolerant fuzzy matching for common farm questions.
e  Evaluation and resilience: verify functional workflows and provide fallbacks when optional ML packages, network services, or Ollama are
unavailable.

Dataset Description

Unlike a conventional research project with a single fixed training dataset, AgriMind stores operational farm data generated through the application.
The main data entities are users, animals, milk records, expenses, tasks, notifications, knowledge-base documents, and chat history.

For milk prediction, the model reads the current user's chronological milk records. At least five records are required for prediction; when scikit-learn is
available, Linear Regression is fitted to the complete history and used to predict the next time point. A simpler recent-average fallback is available if
the ML packages are missing.

Proposed Solution

The proposed AgriMind platform is organized as a set of connected modules around a central farm database. Users authenticate through the Flask
application and access only the farm records associated with their account. The knowledge base is intentionally shared because it contains general

veterinary and farming reference material rather than private farm information.

Modules

e User Authentication and Profile: registration, login, logout, password hashing, profile editing, and session-based access control.
. Animal and Goat Management: create, view, edit, delete, search, species filtering, health status, vaccination status, pregnancy status, and

animal notes.
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e  Milk Tracking: record morning and evening quantities, calculate daily totals, visualize recent production, and display monthly statistics and
a predicted tomorrow value.

e  Expense Management: record expenses under Feed, Medical, Labour, Transport, or Others and summarize the current month's spending.

. Task Management: create dated tasks, track pending/done status, display today's and upcoming tasks, and support browser reminders while
the application is open.

. Reports: summarize animal counts, health distribution, monthly milk, and monthly expenses, with export to PDF, Excel, and CSV.

. Al Assistant: answer farm-specific questions using database queries, milk prediction, animal lookups, intent matching, and knowledge-base
retrieval.

. Knowledge Base: store veterinary and farm-guidance documents and retrieve relevant content using TF-IDF similarity.

e Weather and Localization: obtain location-based weather through Open-Meteo and reverse geocoding, with English/Tamil interface support.

e  Optional LLM Layer: use a local Ollama model as a last-resort enhancement for open-ended questions while passing current farm context to
the model.

System Workflow

A typical interaction begins when a farmer logs in and opens the dashboard. The application retrieves user-scoped records from SQLite and computes
dashboard statistics. When the farmer records milk production, the application stores morning and evening values and derives the daily total. The
prediction module can then use the accumulated history to estimate the next day's output.

For an Al question, the assistant first checks specific farm intents such as milk production, expenses, tasks, vaccination, animal details, feeding, and
farm overview. When a knowledge-oriented question is recognized, the retrieval module searches the knowledge base. Only when these local paths
cannot answer an open-ended request does the optional Ollama layer become relevant.

Implementation and Results

The implementation uses Python and Flask for the server-side application, SQLite for persistent storage, HTML/CSS/JavaScript for the web interface,
and scikit-learn and NumPy for the machine-learning and retrieval components. The application is divided into focused modules including database
access, Al logic, weather integration, translation support, and report generation.

Functional Results

e A complete authentication flow is implemented, including password hashing and session-based protection of application routes.

e  Farm records are isolated by user id, allowing different accounts to maintain separate animals, milk records, expenses, tasks, and
notifications.

. Animal and goat records support full CRUD operations together with search and status information.

e  Milk tracking provides recent-history charts, monthly total/average/best/worst values, and next-day prediction when sufficient history exists.

e  Expense data can be summarized by category and exported through PDF, Excel, and CSV formats.

e Task records support completion toggling and browser-based reminders that operate while the AgriMind page remains open.

e The Al assistant can retrieve farm-specific summaries and animal information and can respond in English or Tamil.

e  The knowledge base supports veterinary and general farm topics such as mastitis, vaccination, goat feeding, milk-yield improvement,
poultry, fish farming, and other livestock care.

e  The dashboard includes milk and expense visualizations, today's tasks, upcoming tasks, and a location-based weather widget.

. The interface is designed to reflow for smaller screens and includes a mobile navigation pattern.

Al and Decision-Support Features

The milk-prediction component uses Linear Regression rather than a fabricated prediction rule. The model uses chronological milk totals as the target
series and predicts the next time point. The knowledge-base component uses real TF-IDF vectors and cosine similarity to select relevant documents.
The rule-based assistant also includes typo-tolerant intent matching, reducing dependence on exact command wording.

The project documentation reports end-to-end testing of the PDF, Excel, and CSV exports, including empty-data cases. It also documents graceful
fallback behavior for unavailable ML packages, unreachable weather services, and an unavailable Ollama server. No numerical model-accuracy metrics
such as MAE or RMSE values are supplied in the project files, so this journal does not invent such measurements.

Limitations and Future Enhancement

The current system is a working prototype. SQLite is used in place of a production MongoDB deployment, and the primary conversational layer is rule-
based. The weather integration depends on network access, and browser task reminders work only while the application is open. Future work can
include a larger farm dataset, additional predictive models, richer health-risk analytics, true push notifications, production-grade database deployment,
and a validated hosted or local LLM workflow.
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CONCLUSION

AgriMind presents a practical approach to smart farm management by combining routine livestock record keeping with machine learning, information
retrieval, reporting, and conversational assistance. The system centralizes animals, goats, milk, expenses, tasks, notifications, knowledge resources, and
farm analytics in a single web-based platform.

The use of user-scoped SQLite data provides a clear foundation for multi-farm operation, while Linear Regression adds a concrete predictive capability
for milk production. TF-IDF retrieval and rule-based intent parsing provide useful Al-assisted interactions without requiring an external Al service.
English/Tamil support, weather integration, report export, responsive design, and browser reminders further improve practical usability.

Overall, the project demonstrates how lightweight artificial intelligence can be integrated into everyday farm workflows. With larger validated datasets
and production infrastructure, AgriMind can be extended into a more accurate, scalable, and decision-oriented smart agriculture platform.
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