© 2025 JETIR July 2025, Volume 12, Issue 7 www.jetir.org (ISSN-2349-5162)
Nipisfelii{el ISSN: 2349-5162 | ESTD Year : 2014 | Monthl

JOURNAL OF EMERGING TECHNOLOGIES AND
INNOVATIVE RESEARCH (JETIR)

An International Scholarly Open Access, Peer-reviewed, Refereed Journal

JETIR

s >
A “a

o

SMART FARMING

A Phase 1 Report on the Development of a Smart Farming Platform using Machine
Learning and Web Technologies

IMr. Hemanth, 2Dr. Shashidhar Kini K

1Student, 2Professor & Head
1Department of Master of Computer Applications,
1Srinivas Institute of Technology, Valachil, Mangaluru, Karnataka, India

Abstract: The Smart Farming project leverages machine learning and web technologies to revolutionize modern agriculture by
providing farmers with tools for crop disease detection, soil health analysis, real-time market price updates, and e-commerce
support. Utilizing deep learning models and a responsive web platform built with React.js and Node.js, the system ensures data-
driven farming decisions and direct market access. This project offers practical applications in sustainable agriculture, resource
optimization, and improving farmer profitability.
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|. INTRODUCTION

Smart Farming is an innovative application of machine learning and web technologies aimed at transforming traditional
agricultural practices into more efficient, sustainable, and data-driven systems. This project focuses on integrating
advanced computational techniques to assist farmers in making informed decisions related to crop health, soil
management, and market strategies. By employing technologies like artificial intelligence, real-time data analytics, and
e-commerce integration, Smart Farming addresses critical challenges such as disease detection, soil degradation, and
limited market access.

At the core of the Smart Farming system are machine learning models, particularly deep learning techniques, trained
to detect crop diseases from plant images. These models extract key visual features such as color, texture, and patterns to
diagnose plant health conditions accurately. Soil analysis is also powered by regression and classification algorithms that
predict soil nutrient levels and recommend optimal crops and fertilizer use. Technologies like TensorFlow, Keras, and
Scikit-learn are utilized to build these robust predictive systems.

The platform includes a responsive web interface developed with React.js, supported by a Node.js and Express.js
backend, and a MongoDB database. Farmers interact with the system through a user-friendly dashboard, where they can
upload crop images for disease analysis, access soil health reports, and view real-time market prices for various crops.
APIs are integrated to fetch live market data, enhancing farmers' ability to time and price their sales for maximum
profitability.

Additionally, an e-commerce module enables direct buying and selling of agricultural products like seeds, fertilizers,
and equipment, minimizing the reliance on intermediaries. Image preprocessing with OpenCV, visualization with libraries
like Matplotlib, and deployment through cloud services such as AWS or MongoDB Atlas ensure scalability, security, and
reliability.

By combining precision farming techniques with accessible technology, the Smart Farming platform promotes
sustainable agriculture, optimizes resource use, and improves the livelihoods of farmers. As advancements in machine

learning and loT continue, Smart Farming systems are set to become indispensable tools in achieving food security,
economic growth, and environmental sustainability.

11. EASE OF USE

The proposed Smart Farming platform is designed with user accessibility, scalability, and real-world farming needs in
mind. Once the machine learning models for crop disease detection and soil analysis are trained, they are integrated into
an interactive, web-based system that allows farmers to easily upload crop images, view soil health reports, and monitor
real-time market prices—all from computers, tablets, or smartphones. Upon uploading an image or submitting soil data,
the system provides instant feedback, offering disease diagnoses, soil improvement suggestions, and market strategies.
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This ensures that even users with minimal technical expertise can leverage the platform to enhance agricultural decision-
making.

Built for cross-platform compatibility, the system employs responsive web technologies such as React.js for the
frontend and Node.js/Express.js for the backend, along with API integrations for real-time data (e.g., market prices,
weather updates). This architecture makes it suitable for deployment across web applications, mobile devices, and even
loT-based smart farming devices. The backend services are modular and API-driven, allowing easy integration with
government agricultural services, farm management tools, and supply chain systems.

Optimized for practical use, the system ensures fast processing and minimal latency, even under rural connectivity
constraints. Lightweight preprocessing with OpenCV ensures that image uploads and soil data analyses happen swiftly.
Machine learning models are fine-tuned using augmentation techniques such as flipping, rotation, and zooming, which
enhance model robustness under different conditions like varying light, crop angles, and partial leaf visibility.

The platform is also built for future scalability and adaptability: new crop types, emerging plant diseases, updated
fertilizer recommendations, and evolving market trends can be integrated into the system with minimal retraining and
code modification. Cloud hosting via services like AWS and MongoDB Atlas ensures high availability, security, and
automatic scaling as the user base grows.

The final Smart Farming application is intuitive, efficient, and capable of delivering actionable agricultural insights with
minimal user effort—making it an essential tool for farmers, agricultural extension workers, agribusinesses, and
policymakers committed to advancing sustainable and profitable farming practices.

1. Prepare Your Paper Before Styling
Prior to finalizing the structure and formatting of the Smart Farming project report, emphasis was placed on clarity,
technical accuracy, and comprehensive coverage of all modules. The project began with extensive requirement
gathering from agricultural stakeholders, including farmers and experts, to ensure the platform addressed real-world
challenges such as crop disease management, soil health optimization, and market price accessibility.
The data collection phase involved sourcing crop disease images and soil property datasets from publicly available
agricultural databases and research papers. Image data underwent preprocessing with OpenCV, including resizing,
normalization, and augmentation techniques such as flipping, rotation, and contrast adjustments to ensure model
robustness under diverse environmental conditions.
Machine learning models were developed using Python libraries such as TensorFlow/Keras and Scikit-learn. A
Convolutional Neural Network (CNN) was employed for disease detection, while regression and classification
algorithms supported soil analysis. The datasets were split into 80:20 training and testing sets, and model performance
was evaluated using accuracy, precision, recall, and F1-score metrics. Multiple rounds of hyperparameter tuning were
conducted to maximize predictive accuracy.
To enhance functionality, the system integrated real-time APIs for market price retrieval and weather updates. A user-
friendly, cross-platform web interface was developed using React.js, with a scalable backend powered by Node.js,
Express.js, and MongoDB for data management. E-commerce functionality was also incorporated to facilitate direct
transactions between farmers and buyers.
Once the technical implementation was completed, the project report was structured carefully following academic
standards, with standard sections such as Introduction, Literature Review, Technology Used, Methodology, Expected
Outcomes, and Bibliography. Supporting diagrams, system architecture illustrations, and figures were included for
better clarity. Multiple rounds of proofreading and formatting adjustments ensured the document was polished,
professional, and ready for evaluation or publication.

2. Abbreviations and Acronyms

Define abbreviations and acronyms the first time they are used in the text, even if they have already been defined in the abstract.
Common abbreviations such as IEEE, Sl, and units of measurement (e.g., kg, km, and px) do not need to be defined. Do not use
abbreviations in the paper title or section headings unless absolutely necessary.

In this paper, the following abbreviations and acronyms are used:

e ML — Machine Learning

CNN - Convolutional Neural Network
API — Application Programming Interface
MAP — Mean Average Precision

loU — Intersection over Union

GPU - Graphics Processing Unit

GUI — Graphical User Interface

CSV — Comma-Separated Values

F1-score — F1 Evaluation Metric (Harmonic mean of precision and recall)
HD — High Definition

OpenCV — Open Source Computer Vision Library
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e KNN - K-Nearest Neighbors
e SVM - Support Vector Machine
o CRUD - Create, Read, Update, Delete (Database Operations)
e MERN - MongoDB, Express.js, React.js, Node.js Stack

I1l. RESEARCH METHODOLOGY

The methodology section outlines the plan and process through which the Smart Farming platform was developed and evaluated. It
includes the datasets used, data collection methods, system architecture, technologies, and the analytical framework applied. The
details are as follows:

3.1 Population and Sample
The datasets used in this study consist of crop disease images and soil property datasets collected from public

agricultural databases and online repositories. For disease detection, approximately 50,000 labeled crop images
representing a wide variety of plants and diseases were selected. For soil analysis, datasets containing soil pH, moisture,
nitrogen, phosphorus, and potassium levels across different regions were curated. This carefully selected and filtered
sample provides a strong foundation for training, testing, and real-world application.

3.2 Data and Sources of Data
The study primarily uses secondary data gathered from publicly available agricultural datasets, research projects, and
APIs.
o Crop Images: Labeled with disease categories (healthy, blight, rust, etc.).
e Soil Data: Includes physical and chemical soil parameters tied to optimal crop recommendations.
All data underwent preprocessing processes such as normalization, resizing, and augmentation (flipping, rotation,
zoom, brightness correction) to enhance model robustness under diverse field conditions

3.3 Theoretical framework
The Smart Farming platform is built upon machine learning principles, primarily focusing on Convolutional Neural
Networks (CNNs) for image classification and supervised learning models for soil analysis.
o Dependent Variables:
o Disease detection accuracy
o Soil recommendation accuracy
e Independent Variables:
o Image quality and resolution
o Soil parameter values
o Model architecture parameters (learning rate, number of layers)
o Data augmentation methods\
This framework facilitates the investigation of how these factors affect predictive performance.

3.4 Statistical Tools and Machine Learning Models
This section elaborates the proper statistical/machine learning models which are used to derive inferences from the data.
The methodology is detailed as follows:

3.4.1 Descriptive Statistics
Basic statistics such as mean classification accuracy, precision, recall, and F1-score were calculated to summarize overall

system performance. Graphical visualizations (e.g., bar charts, confusion matrices) helped to detect performance
variations across different crop types and soil categories.

3.4.2 Machine Learning Models
e Crop Disease Detection: CNN models trained with TensorFlow/Keras and OpenCV were used to classify

plant diseases from leaf images.

o Soil Analysis: Regression models such as Random Forest and XGBoost were employed for predicting suitable
crops and fertilizer recommendations.

e Optimization was handled through the Adam optimizer, and the categorical cross-entropy loss function was
used for classification tasks.
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3.4.3 Evaluation Metrics
e Accuracy: The proportion of correctly classified samples across the datasets.

e Precision, Recall, F1-score: Evaluated performance considering class imbalances.
e Confusion Matrix: Provided a visual understanding of correct and incorrect predictions across multiple
classes.

IV. RESULTS AND DISCUSSION
4.1 Results of Descriptive Statics of Study Variables
Table 4.1: Descriptive Statics

Minimum Maximum Mean Std. Deviation
Variable
Image Width (px) 120 1024 400 150
Image Height (px) 120 1024 400 145
Soil pH 35 9.0 6.5 1.2
Soil Moisture (%) 10 70 40 15

Table 4.1 presents the descriptive statistics of key variables used in the Smart Farming platform.The image dimensions
for crop disease detection vary widely, from 120 to 1024 pixels, with an average around 400 pixels. This diversity supports
the model's generalization to real-world farm images captured under different conditions (e.g., low-resolution rural images
and high-resolution greenhouse captures).The soil pH values range between 3.5 (acidic soils) and 9.0 (alkaline soils), with
a mean of 6.5, reflecting typical agricultural field conditions. Soil moisture measurements span from dry (10%) to highly
moist (70%) soils, indicating a variety of soil environments important for accurate prediction and fertilizer
recommendations. This statistical overview ensures that both machine learning models — crop disease detection and soil
recommendation systems — are trained on diverse, representative data. The insights from descriptive statistics also help
fine-tune preprocessing operations like normalization and scaling, and guide model hyperparameter settings for better
performance under field conditions.

V. ACKNOWLEDGMENT

The author The author wishes to express sincere gratitude to the Project Guide and Head of the Department of MCA,
Dr. Shashidhar Kini K, for his invaluable guidance, continuous encouragement, and kind support throughout the
development of this Smart Farming project. His expert advice and insightful suggestions greatly contributed to the
successful execution of this research work.

Appreciation is also extended to the Principal, Dr. Shrinivasa Mayya D, for providing a supportive academic
environment and all necessary institutional facilities that made this project possible.
The author sincerely thanks the management of Srinivas Institute of Technology, Mangaluru, for their direct and indirect
support and encouragement throughout the course of the project. Special thanks are also extended to all the faculty members
and non-teaching staff of the MCA Department for their constant help, technical guidance, and encouragement.
Finally, heartfelt gratitude is owed to the author's parents, friends, and well-wishers for their unwavering support,
motivation, and belief, which served as a continuous source of inspiration throughout this academic journey.

REFERENCES
1.R Mohanty, S. P., Hughes, D. P., & Salathé, M. (2016). Using Deep Learning for Image-Based Plant Disease Detection.
Frontiers in Plant Science, 7, 1419. Retrieved from https://www.frontiersin.org/articles/10.3389/fpls.2016.01419/full
2. Sladojevic, S., Arsenovic, M., Anderla, A., Culibrk, D., & Stefanovic, D. (2016). Deep Neural Networks Based
Recognition of Plant Diseases by Leaf Image Classification. Computational Intelligence and Neuroscience, 2016.
Retrieved from https://www.hindawi.com/journals/cin/2016/3289801/
3.Singh, V., & Misra, A. K. (2020). Detection of Plant Leaf Diseases Using Image Segmentation and Soft Computing
Techniques. Information Processing in Agriculture, 7(2), 162-174. Retrieved from
https://doi.org/10.1016/j.inpa.2019.07.005
4, TensorFlow (2024). Image classification with  convolutional neural networks. Retrieved from
https://www.tensorflow.org/tutorials/images/cnn
5. Kaggle  (2025). Plant Village Dataset for Crop  Disease  Detection.  Retrieved  from
https://www.kaggle.com/emmarex/plantdisease
6. Scikit-learn (2024). Classification algorithms. Retrieved from https://scikit-
learn.org/stable/supervised_learning.html#supervised-learning
7. FAO (2021). The State of Food and Agriculture: Making agrifood systems more resilient to shocks and stresses. Food
and Agriculture Organization of the United Nations. Retrieved from https://www.fao.org/3/cb4476en/cb4476en.pdf
8. Kamilaris, A., & Prenafeta-Boldd, F. X. (2018). Deep Learning in Agriculture: A Survey. Computers and Electronics
in Agriculture, 147, 70-90. Retrieved from https://doi.org/10.1016/j.compag.2018.02.016

JETIRGX06212 | Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org | 1115


http://www.jetir.org/
https://www.tensorflow.org/tutorials/images/cnn
https://www.fao.org/3/cb4476en/cb4476en.pdf

