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ABSTRACT

The development of a comprehensive agricultural support system, integrating plant disease
classification, crop prediction, and fertilizer recommendation models. Leveraging the ResNet- 9
architecture, the plant disease classification model accurately identifies diseases in crop leaves.
Additionally, the system incorporates crop prediction capabilities to forecast suitable crops based on
environmental conditions and historical data. Furthermore, the fertilizer recommendation model
suggests optimal fertilizers based on soil composition, crop type, and nutrient requirements. This
multifaceted approach facilitates precision agriculture by enabling farmers to make informed decisions
regarding crop health management, crop selection, and fertilization practices. The integration of these
models provides a holistic solution for enhancing agricultural productivity, optimizing resource
utilization, and promoting sustainable farming practices. Future enhancements may involve refining the
prediction algorithms, incorporating real-time sensor data for dynamic recommendations, and scaling
the system for broader adoption in diverse agricultural settings. Overall, the project demonstrates the
potential of Al-driven solutions to address complex challenges in agriculture and contribute to global
food security efforts.

CHAPTER 1

INTRODUCTION

In India, where a substantial portion of the population relies on agriculture for sustenance, the
integration of cutting-edge technologies like Machine Learning (ML) and Deep Learning (DL) is
catalyzing a transformative shift in farming practices. Recognizing the pivotal role of technology, this
project introduces a web-based platform designed to empower farmers through applications such as
Crop Recommendation, Fertilizer Recommendation, and Plant Disease Prediction.

1.1 Motivation

Project emerges as a guiding light, fusing age-old wisdom with the prowess of modern technology. With
the majority relying on farming for sustenance, your initiative introduces a digital revolution through a
website housing three vital applications: Crop Recommendation, Fertilizer Suggestion, and Plant
Disease Prediction.In the Crop Recommendation system, users become architects of their harvests,
inputting soil data, state, and city. The algorithm, akin to a wise farming companion, calculates the
Nitrogen-Phosphorous-Potassium (N-P-K) ratios, guiding farmers on the optimal crops for their soil
conditions. It's not just about sowing seeds; it's about sowing the right ones for a bountiful yield.The
Fertilizer Suggestion system becomes a virtual soil scientist. Farmers provide their soil and crop details,
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and the algorithm diagnoses deficiencies or excesses in nutrients. It's like having a personalized nutrition
plan for crops, optimizing growth and ensuring a greener, healthier yield.Then there's the Disease
Detection System, a guardian of greenery. A simple upload of a diseased plant leaf image unfolds a
diagnostic journey. The algorithm identifies the crop type, detects diseases, and offers insights into their
causes. It's not just about spotting issues; it's about arming farmers with knowledge to protect and
nurture their crops.Under the hood, your project seamlessly integrates Machine Learning and Deep
Learning models, from RandomForest for crop recommendations to ResNet9 for plant disease
classification. The technical marvels are hidden behind user-friendly interfaces, empowering even those
unfamiliar with the intricacies of code.

1.2 Problem Statement

The project employs ML and DL methods which recommends the best crop to grow, fertilizers to use and
the diseases caught by the crops. Machine Learning are being implemented into agriculture so that
it is easier for farmers to grow and maximize their yield. a little background about the disease and
suggestions are being provided.

1.3 Objective

The primary objective of this project is to revolutionize agriculture in India by integrating cutting-edge
technologies, specifically Machine Learning and Deep Learning, into various aspects of farming.
Recognizing that agriculture forms the backbone of the livelihoods of a majority of the population, the
initiative aims to empower farmers with advanced tools for decision-making and resource
optimization.The core focus areas of the project include the implementation of three crucial applications
within a web-based platform: Crop Recommendation, Fertilizer Recommendation, and Plant Disease
Prediction. In the Crop Recommendation module, users can provide soil data, state, and city information,
and the application employs a machine learning model to predict the optimal crops based on nutrient
levels and environmental factors. The Fertilizer Recommendation system enhances precision farming by
allowing users to input soil nutrient content and crop details, generating recommendations for the
specific fertilizers needed to address deficiencies or excesses in Nitrogen, Phosphorous, and Potassium.
This personalized approach aims to improve yield and resource efficiency.The Plant Disease Prediction
application leverages image recognition technology to analyze images of diseased plant leaves uploaded
by users. The system identifies the type of disease and provides users with valuable insights into the
causes and recommended measures for prevention or cure. Currently supporting a variety of crops, this
application seeks to mitigate crop losses due to diseases. The holistic vision of the project is to empower
farmers with cutting-edge technologies, facilitating informed decision-making and sustainable
agricultural practices. The web-based platform serves as a user-friendly interface, ensuring accessibility
for farmers across diverse regions. By seamlessly integrating these technologies into different facets of
farming, the initiative aims to bring about a positive and transformative impact on agriculture in India,
fostering resilience, efficiency, and the well-being of the farming community. Furthermore, the project
emphasizes scalability and adaptability, with the potential to incorporate emerging technologies and
expand its scope over time. Collaboration with agricultural experts, researchers, and governmental
bodies ensures the reliability and relevance of the implemented models. By promoting sustainability, the
initiative aims to contribute to environmental conservation by optimizing resource utilization and
minimizing the ecological footprint of farming practices.The platform encourages farmers to participate
actively in their agricultural activities, bridging the gap between traditional farming methods and
modern technologies.
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1.4  Summary

The Main focus is on integrating Machine Learning and Deep Learning technologies into agriculture to
assist farmers in maximizing their yield. A website is developed with three key applications: Crop
Recommendation, Fertilizer Recommendation, and Plant Disease Prediction. The Crop
Recommendation system utilizes soil data to predict suitable crops based on nutrient values and
location-specific weather data.The Fertilizer Suggestion system recommends nutrient improvements by
analyzing soil data and crop type. The Disease Detection System identifies crop diseases by analyzing
images of plant leaves, providing information on the disease and suggesting best cure for it. This approach
aims to enhance yield and resource efficiency. The Plant Disease Prediction application utilizes image
recognition technology to analyze images of diseased plant leaves, identifying the type of disease and
offering insights into prevention or cure measures. With support for various crops, this application strives
to mitigate crop losses due to diseases.

CHAPTER 2

LITERATURE SURVEY

The integration of Machine Learning (ML) and Deep Learning (DL) in agriculture has surged,
addressing farming challenges through crop recommendation, fertilizer optimization, and plant disease
detection. ML models analyze soil data to suggest crops, while fertilizer recommendation systems
personalize advice for efficient resource use. DL techniques, like ResNet, excel in disease detection from
leaf images, offering management insights. User-friendly interfaces aid farmers in accessing insights
easily. Reinforcement Random Forest and Convolutional Neural Networks lead in sparse models and
DL studies, respectively. The Crop Selection Method optimizes crop choices for enhanced yields and
economic growth. This project fosters innovation and knowledge sharing among farmers, promoting
sustainable practices in agriculture.

2.1 Overview

The literature survey in the field of integrating Machine Learning and Deep Learning into agriculture
has witnessed significant advancements, reflecting a growing interest in leveraging technology to
enhance farming practices. Researchers have explored diverse applications, including crop
recommendation, fertilizer optimization, and plant disease detection, aiming to address challenges faced
by the agricultural community.In the realm of crop recommendation, studies have delved into predictive
models that analyze soil data, climate conditions, and geographical factors to suggest optimal crops for
cultivation. These models often employ ML algorithms such as Random Forest to make accurate
predictions, assisting farmers in making informed decisions about crop selection based on local
conditions.Fertilizer recommendation systems have emerged as a critical component of precision
agriculture. ML techniques are applied to analyze soil nutrient levels and crop-specific requirements,
providing farmers with personalized recommendations for fertilizer application. This not only optimizes
resource utilization but also contributes to sustainable and efficient farming practices.The literature
survey also highlights the importance of employing DL methods in plant disease prediction. Researchers
have developed models capable of detecting diseases from images of plant leaves, using neural networks
like ResNet.These models not only identify the type of disease but also offer insights into disease
prevention and management strategies.Moreover, the surveyed literature emphasizes the need for user-
friendly interfaces, as demonstrated in the presented website project. The incorporation of web-based
platforms facilitates easy accessibility for farmers, enabling them to input data seamlessly and receive
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actionable insights promptly.Overall, the literature underscores the transformative potential of ML and
DL in revolutionizing agriculture, promoting precision farming, and addressing the complex challenges
faced by the farming community in ensuring food security and sustainable practices. Reinforcement
Random Forest stands out for its superior performance and efficiency, particularly in scenarios with
sparse model structures. deep learning- based studies reveals the widespread adoption of Convolutional
Neural Networks. The advantages of CSM lie in its potential to optimize crop selection.Through this
project, we envision not only technological empowerment but also knowledge dissemination among
farmers, fostering a community that embraces innovation and data-driven practices.

2.2 Literature Survey

A reinforced random forest model for enhanced crop yield prediction by integrating agrarian
parameters .[1]

The Problem addressed here is on integration of technology and science in agriculture has generated a
wealth of publicly available data, paving the way for innovative approaches in crop yield prediction.
This project introduces a novel algorithm, Reinforcement Random Forest, designed to surpass traditional
machine learning techniques by incorporating reinforcement learning during tree construction. The
algorithm excels in predictive performance, surpassing random forest, decision tree, gradient boosting,
artificial neural network, and deep Q-learning models. Reinforcement Random Forest optimizes sample
utilization, efficiently handling large datasets and sparse information. Variable significance analysis
enhances the model's efficiency by selecting crucial variables for node splitting, mitigating overfitting
concerns. However, the algorithm comes with computational complexity, potentially limiting its real-
time application. Interpretability challenges arise due to the added complexity, and its performance may
be sensitive to data quality. Hyperparameter tuning is crucial for optimal results, and a more detailed
explanation of the reinforcement learning integration would improve understanding. Despite these
limitations, Reinforcement Random Forest stands out for its superior performance and efficiency,
particularly in scenarios with sparse model structures.

Performance Evaluation of Best Feature Subsets for Crop Yield Prediction Using Machine Learning
Algorithms.[2]

The Problem tackled is the imperative task of enhancing accuracy in Crop Yield Prediction within the
dynamic agriculture sector. The study evaluates the performance of key machine learning algorithms,
including Artificial Neural Network, Support Vector Regression, K-Nearest Neighbour, and
Random Forest, utilizing a dataset of 745 instances. Through a robust 70%-30% training-testing split,
the Random Forest algorithm emerges as the most accurate predictor across various feature subsets,
underscoring its efficacy in handling the complexities of agricultural data. The research emphasizes the
critical role of feature selection in optimizing predictive capabilities, providing valuable insights for
efficient crop yield forecasting. However, the lack of detailed information on the feature selection
process and the potential limited generalizability to other crop types pose notable limitations.
Additionally, the inherent complexity of Random Forest may hinder interpretability, and scalability
concerns for large-scale agricultural systems are not explicitly addressed. Despite these limitations, the
study highlights the practical significance of Random Forest in achieving superior accuracy in crop yield
prediction within the context of diverse agricultural scenarios.

Crop yield prediction using machine learning.[3]

The Problem addressed here on undertaking a thorough Systematic Literature to scrutinize the landscape
of machine learning applications in crop yield prediction, examining 50 carefully selected studies.
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Through this analysis, key features frequently employed in these studies, such as temperature, rainfall,
and soil type, are identified. Notably, Artificial Neural Networks emerge as the predominant algorithm in
conventional machine learning approaches. Furthermore, an exploration of deep learning-based studies
reveals the widespread adoption of Convolutional Neural Networks (CNN), Long-Short Term Memory
(LSTM), and Deep Neural Networks (DNN). The insights garnered from this comprehensive review
offer a valuable overview of the most utilized features and algorithms in the field, serving as a guide for
future research endeavors in crop yield prediction. While this review contributes significantly to the
existing knowledge base, potential limitations include the dynamic nature of the field, with emerging
algorithms not fully captured, and the necessity for ongoing updates to accommodate new studies and
technologies. Additionally, the generalizability of findings to diverse agricultural contexts may be
influenced by variations in data availability and regional disparities. Despite these limitations, the
project provides a foundation for informed decision-making in the advancement of machine learning
applications for crop yield prediction.

Random Forests for Global and Regional Crop Yield Predictions.[4]

This paper provides a comprehensive evaluation of Random Forests (RF), a machine-learning method,
in predicting global and regional crop yields (wheat, maize, and potato) based on climate and biophysical
factors. RF exhibits superior performance compared to multiple linear regressions (MLR) across various
datasets, demonstrating high accuracy and precision. The root mean square errors (RMSE) for RF models
range from 6% to 14%, notably outperforming MLR models, which show higher RMSE values ranging
from 14% to 49%. These results underscore RF's effectiveness, versatility, and utility in accurately
predicting crop yields at both regional and global scales, offering a robust alternative to traditional linear
regression approaches. However, caution is advised when extrapolating predictions beyond the
boundaries of the training data, as RF's predictive power may diminish in unfamiliar contexts. The
advantages include RF's superior predictive performance and versatility, while limitations encompass
the potential risks of overreliance on training data and challenges in extrapolation to uncharted territories,
highlighting the need for thoughtful interpretation and application of the model's predictions.dataset
selection. It emphasizes research obstacles and proposes a future research model to address weaknesses
in the methodologies. The decision tree, known for its speed and user friendliness, is proposed as a
model for detecting result anomalies, combining findings from a comparative survey. The research aims to
provide insights into building an effective decision tree-based detection framework.

Crop Selection Method to Maximize Crop Yield Rate using Machine Learning Technique.[5]

The problem addressed here tells the importance of agriculture planning in fostering economic growth
and ensuring food security in agro-based countries cannot be overstated. A critical aspect of this
planning involves the judicious selection of crops, a decision influenced by factors such as production
rates, market prices, and governmental policies. Past research has delved into predicting crop yield rates,
weather forecasts, soil classification, and crop categorization for effective agriculture planning,
employing statistical methods or machine learning techniques. When faced with the challenge of
choosing between multiple crops due to limited land resources, the selection process becomes a puzzle.
This paper proposes a novel solution, the Crop Selection Method (CSM), designed to address the
complexities of crop selection and maximize the net yield rate over the season. The advantages of CSM
lie in its potential to optimize crop selection, thereby enhancing overall agricultural productivity and
economic outcomes. However, limitations may arise in the model's reliance on accurate data inputs and
the need for adaptation to varying agricultural contexts. Additionally, the success of CSM may be
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contingent on factors such as the dynamic nature of markets and changing governmental policies,
necessitating ongoing adjustments for sustained effectiveness in agricultural planning.
2.3 Approach towards the problem
e Consolidate Imports:
Combine the multiple import statements for Markup from different libraries into a single import.
e Modularize the Code:
Break down the code into smaller functions or modules, making it more modular and easier to
maintain.
e Configuration Management:
Use a configuration file or environment variables for storing sensitive information such as API
keys and model paths rather than hardcoding them in the script.
e Error Handling:
Implement robust error handling, especially in functions like weather fetch and
predict_image, to handle exceptions gracefully and provide meaningful error messages.
e Logging:
Integrate logging to capture important events, errors, and information during the execution of the
application.
e Model Loading and Initialization:
Consider loading and initializing the models in a separate function or a class during the
application startup for better organization.
e Model Deployment:
Explore options for deploying the machine learning models separately from the Flask
application, making it more scalable and maintainable.
¢ Input Validation:
Implement proper validation for user inputs to ensure data integrity and prevent potential
security vulnerabilities.
e HTML Templating:
Use template inheritance in HTML files to avoid code duplication and improve maintainability.
e Scalability of Random Forests:
The scalability and versatility of Random Forests, making a case for their application in both global
and regional contexts for crop yield predictions.
e Code Comments:
Add comments to explain complex logic, especially in functions like predict_image and
weather_fetch, to improve code readability.
e Model Versioning:
Implement a versioning system for machine learning models to manage updates and changes
effectively.
e User Interface Enhancements:
Consider improving the user interface by adding more user-friendly features, styling.
2.4 Summary
The main goal of revolutionizing agriculture in India, where the majority of the population depends on
farming for their livelihood. By integrating cutting-edge technologies such as Machine Learning and
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Deep Learning, the aim is to simplify the farming process and maximize yield. The project manifests as
a comprehensive website with three primary applications: Crop Recommendation, Fertilizer
Recommendation, and Plant Disease Prediction. In the Crop Recommendation application, users can
input soil data, and the system employs a machine learning model to predict the most suitable crop for
cultivation. The Fertilizer Recommendation application takes soil data and the selected crop into
account, providing insights into nutrient deficiencies or excesses and recommending appropriate
improvements. The Plant Disease Prediction application allows users to upload images of diseased plant
leaves. A deep learning model then identifies the disease type, offering background information on the
ailment and suggestions for prevention or cure.Key components of the project include the integration of
Flask for web development, the utilization of machine learning models (including ResNet9 for disease
classification and RandomForest for crop recommendation), and the fetching of weather data through
the OpenWeatherMap API. The system not only addresses current agricultural challenges but also
anticipates future opportunities, positioning artificial intelligence as a pivotal enabler for the evolving
landscape of farming practices. Furthermore, the project highlights the intersection of technology,
satellite communication, and space situational awareness, shedding light on the escalating issue of space
debris. By focusing on space debris detection, the project provides valuable insights into the intricacies
of managing orbital debris for sustainable space operations, showcasing its broad impact and relevance.

CHAPTER 3
SYSTEM REQUIREMENT SPECIFICATION AND COST ESTIMATION
The system requirement specification and cost estimation section provides a detailed breakdown of the
hardware, software, functional, and non-functional requirements essential for the successful
implementation of this project. This section outlines the specific components, technologies, and
capabilities needed for the project, software requirements such as operating systems and development
frameworks, and functional aspects like crop detection fertilizer prediction and crop disease prediction
algorithms. Additionally, it includes a description of the COCOMO model used for estimating project
cost and effort, along with a summary of the total estimated cost and key requirements.
3.1 Hardware Requirements

e Processor: Intel Core i5 1035G7/AMD Ryzen 5 4600H or higher

e RAM: 24GB RAM or higher

e GPU: Nvidia GTX 1650 or higher

e Storage: 50GB or higher
3.2 Software Requirements

e Operating System: Windows 11

e Development Environments: Jupyter Notebook, Visual Studio Code (VS Code)

e Programming Language: Python

e Libraries and Frameworks:

1. scikit-learn: Python library for machine learning tasks such as classification, regression, clustering,

and dimensionality reduction.

2. PyTorch: Deep learning framework for building and training neural networks.
ResNet9: Pre-trained neural network model for image classification tasks.
4. Anaconda: Python distribution platform that includes various libraries and tools for data science and

machine learning.

w
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3.3 Functional Requirements

Functional requirements define the specific behaviours and functions that a system must perform to
meet the needs of its users. These requirements are essential for ensuring that the system functions as
intended and provides the necessary features for this system.By defining these requirements, the project
team can clearly outline the system's capabilities and ensure that it meets the expectations of its users.

Crop Recommendation Functionality:
Users can input soil data, climate conditions, and geographical factors.
The system employs machine learning algorithms to predict optimal crops for cultivation.
Recommendations are based on local conditions, maximizing crop yield.
Fertilizer Recommendation Functionality:
Users provide soil nutrient levels and crop-specific requirements.
Machine learning techniques analyze data to offer personalized fertilizer recommendations.
Recommendations optimize resource utilization and promote sustainable farming practices.
Plant Disease Prediction Functionality:
Users upload images of plant leaves showing signs of disease.
Deep learning models, such as ResNet9, analyze images to detect diseases.
The system provides insights into disease type, prevention, and management strategies.
User Interface:
The system features a user-friendly web interface accessible to farmers.
Interfaces allow seamless input of data and prompt display of recommendations.
Intuitive design promotes usability and accessibility.
Data Processing:
The system preprocesses input data, ensuring consistency and accuracy.
Machine learning models train on historical agricultural data to make accurate predictions.
Deep learning models analyze image data to detect plant diseases effectively.
Performance Optimization:
Algorithms are optimized for efficiency and scalability
Models are trained and deployed to handle large datasets efficiently.
Performance metrics such as accuracy and processing speed are continuously monitored and
improved.
Integration with External Systems:
The system integrates with external databases or APIs for real-time weather and soil data.
Data exchange ensures the latest information is used for recommendations.
Compatibility with existing agricultural systems promotes seamless adoption.
Security and Privacy:
User data is encrypted and securely stored to protect privacy.
Access controls and authentication mechanisms prevent unauthorized access.
Compliance with data protection regulations ensures user confidentiality.
Feedback and Reporting:
Users can provide feedback on recommendations, improving system accuracy over time.
Reporting functionalities allow users to track crop performance and disease occurrences.
Insights from user feedback and reports inform system enhancements and updates.

IJFMR240320123 Volume 6, Issue 3, May-June 2024 8



https://www.ijfmr.com/

i International Journal for Multidisciplinary Research (IJFMR)

IJFMR E-ISSN: 2582-2160 e Website: www.ijfmr.com e Email: editor@ijfmr.com

10. Scalability and Flexibility:

e The system is designed to scale with growing user demands and data volumes.

e Modular architecture allows for easy integration of new features and algorithms.

o  Flexibility ensuresadaptability to evolving agricultural practices and technologies.

3.4 Non-Functional Requirements

Non-functional requirements specify the qualities or characteristics that a system must have, such as

performance, reliability, and usability. These requirements are critical for ensuring that the system meets

the necessary standards for operation and provides a satisfactory user experience. By defining these
requirements, the project team can ensure that the system meets the necessary performance criteria and
provides a reliable and user-friendly interface for System.

1. Performance:

e The system must deliver responsive recommendations and predictions within seconds.

e Response times for data processing and model inference should be optimized for efficiency.
Reliability:

e The system should operate reliably without frequent downtime or disruptions.

e Measures such as fault tolerance and error handling should be implemented to ensure system
stability.

3. Scalability:

e The system should accommodate a growing user base and increasing data volumes.

e Scalability should be achieved through distributed computing and parallel processing
techniques.

4. Maintainability:

e The system should be designed with modularity and code maintainability in mind, facilitating
future updates and enhancements.

e Documentation and comments within the codebase should be comprehensive to aid in
troubleshooting and development.

5. Performance Monitoring:

e The system should incorporate monitoring tools to track performance metrics such as response
times, throughput, and resource utilization.

e Alerts should be configured to notify administrators of any performance degradation or anomalies.
Flexibility:

e Designing the system with a modular architecture enables components to be added, removed, or
updated independently, promoting flexibility in system configuration and maintenance.

e The system should be designed with resilience and adaptability in mind, capable of responding to
unforeseen events, disruptions, or changes in the operating environment. This could involve
implementing fallback mechanisms, failover strategies, or automated recovery procedures.

3.5 Description of COCOMO Model

The COCOMO (Constructive Cost Model) is a widely used model for estimating the cost, effort, and
schedule of software projects. It provides a framework for assessing the size and complexity of a project
and estimating the resources required to complete it. For this project, the COCOMO model can be
applied as follows:

1. Basic COCOMO:

The Basic COCOMO model is used to estimate the effort required to develop the software based on the

IJFMR240320123 Volume 6, Issue 3, May-June 2024 9



https://www.ijfmr.com/

i International Journal for Multidisciplinary Research (IJFMR)

IJFMR E-ISSN: 2582-2160 e Website: www.ijfmr.com e Email: editor@ijfmr.com

size of the project. In the case of this project, the size can be estimated based on the number of lines of
code (LOC) for implementing the the algorithms and the server-side logic. The effort estimation can
then be used to determine the project's schedule and cost.

2. Intermediate COCOMO:

The Intermediate COCOMO model incorporates additional factors such as the complexity of the project,
the experience of the development team, and the use of modern development practices. For this project,
factors such as the complexity of the RF and CNN algorithms, the integration with system, and the
development of the application can be considered. The model can also take into account the team's
experience with similar projects and their familiarity with the technologies used.

3. Detailed COCOMO:

The Detailed COCOMO model provides a more detailed estimation of the project's effort and cost by
considering a wide range of factors, including personnel, hardware, software, and development
environment. For this project, the model can be used to estimate the costs of software licenses for
development tools and frameworks, and personnel costs for development, testing, and maintenance.
Overall, the COCOMO model can provide valuable insights into the resources required for the project,
helping to plan and manage the project effectively. By using the model, project managers can make
informed decisions about resource allocation, budgeting, and scheduling, ultimately leading to a
successful project outcome.Evaluating the possibility of outsourcing certain tasks or components to
third-party vendors and estimating associated costs.

3.6 Cost Estimation

Cost estimation for the project involves assessing personnel costs, hardware expenses, and software
licenses. Budgeting for development tools like Anaconda and Python libraries such as scikit-learn is
necessary. Allocating funds for training team members on new technologies and methodologies is
important. Setting aside a portion of the budget for unforeseen expenses or changes in project scope is
advisable. Additionally, budgeting for testing resources to ensure software quality is crucial. Estimating
ongoing costs for maintenance and support post-deployment is essential. Considering potential future
scalability requirements and associated costs for infrastructure upgrades is important. Evaluating
outsourcing options for certain tasks or components to third-party vendors can be beneficial. Budgeting
for documentation and user manuals to support users post-implementation is necessary. By assessing
these factors, the project can develop a comprehensive budget plan for successful execution.

3.7 Summary

The system requirement specification and cost estimation section provides a comprehensive overview of
the hardware, software, functional, and non-functional requirements essential for crop analysis and
disease detection project. It outlines specific components, technologies, and capabilities needed,
software requirements such as operating systems and development frameworks, and functional aspects
like RF and CNN algorithms. Additionally, it includes a description of the COCOMO model used for
estimating project cost and effort, along with a summary of the total estimated cost and key
requirements. software requirements are specified for both client-side and server-side components,
encompassing operating systems, interpreters, and frameworks necessary for development. Functional
requirements highlight the system's ability of commands, map them to specific actions, and control
devices accordingly. Non-functional requirements emphasize performance, reliability, usability,
scalability, compatibility, and maintainability, ensuring the system meets necessary standards and
provides a satisfactory user experience.The COCOMO model is described for estimating project cost

IJFMR240320123 Volume 6, Issue 3, May-June 2024 10



https://www.ijfmr.com/

i International Journal for Multidisciplinary Research (IJFMR)

IJFMR E-ISSN: 2582-2160 e Website: www.ijfmr.com e Email: editor@ijfmr.com

and effort based on the size and complexity of the project. The Basic COCOMO model is applied,
considering the number of lines of code (LOC) for various project components. The estimated effort,
schedule, and cost are presented, providing valuable insights for resource planning and
management.Considering scalability requirements and associated infrastructure costs for future
expansion is prudent. Outsourcing certain tasks or components to third-party vendors can reduce costs
and enhance efficiency. Documentation and user manuals should be budgeted to support users post-
implementation. By carefully assessing these factors, a comprehensive budget plan can be developed to
ensure the project's successful execution within the allocated resources.In summary, the system
requirement specification and cost estimation section provide a detailed roadmap for the this project,
ensuring alignment with project goals and successful implementation.

CHAPTER 4

SYSTEM DESIGN AND DEVELOPMENT

The system design and development aspects of the project, focusing on the architectural design, data flow,
module structure, and algorithms utilized. The architectural design elucidates the overall system structure,
emphasizing its scalability, reliability, and security features. A detailed data flow diagram illustrates
how data is captured from crop detection and disease predicition. The list of modules provides a
comprehensive overview of the system's components, each module's functionality, and its interaction
with other modules. Module descriptions offer in-depth insights into individual modules, including their
purpose, inputs, outputs, and internal algorithms. This section culminates in a detailed explanation of the
algorithms used for fertilizer and plant diseases, elucidating their functionality and implementation
within the system.

4.1 Architectural Design
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Fig 4.1 Architectural Design
Figure 4.1 shows the architectural design of the Crop Recommendation System follows a client-server
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model, with Flask serving as the server-side framework. The system comprises several key components
distributed across layers to ensure efficient functionality and maintainability.

e Presentation Layer: HTML templates and CSS stylesheets are utilized to create an intuitive user
interface, enabling users to interact with the system through web browsers.

e Application Layer: This layer houses the core logic of the system, including crop recommendation
algorithms and data processing functionalities. Flask routes HTTP requests from clients to
appropriate functions for handling user inputs and generating crop recommendations.

e Data Access Layer: Interaction with external data sources, such as weather APIs and crop datasets,
IS managed here. The system retrieves relevant data for analysis and recommendation generation,
ensuring the availability of up-to-date information.

e Machine Learning Models: Trained models for crop recommendation and disease detection are
integrated into the application layer. These models leverage libraries such as scikit-learn and
PyTorch for predictive analytics and image classification tasks.

e External Dependencies: The system relies on external libraries and modules for additional
functionalities, including image processing (PIL), deep learning (torchvision), and data
manipulation (humpy and pandas).

e Integration with External Services: Interaction with external services, such as weather APIs for
fetching real-time weather data and image processing services for disease detection, is facilitated
through HTTP requests.

e Scalability and Performance: The Flask application is designed to handle concurrent requests
efficiently, ensuring optimal performance and scalability to accommodate multiple users accessing
the system simultaneously.

e Deployment and Hosting: The system can be deployed on various platforms, including cloud
hosting services like Heroku or AWS, to ensure accessibility and availability to users from
anywhere with an internet connection.

e Provides an intuitive interface for users to enroll new gestures, manage existing gestures, and
control 1oT devices.

e Provides feedback to users, indicating successful gesture enrollment or device control actions.

e Allows users to easily enroll new gestures, edit existing gestures, and manage gesture
mappings for controlling 10T devices.

e Supports multiple users, allowing each user to have their own set of enrolled gestures and
device preferences.

4.2 Dataflow Diagram

The dataflow diagram for the Crop Recommendation System illustrates how user inputs, such as soil
data, climate parameters, and images of plant leaves, are processed and transformed into meaningful
outputs, such as crop recommendations or disease predictions. Inputs, including soil data, climate
parameters, and images of plant leaves, serve as the starting point for the dataflow diagram. These inputs
are processed by the application layer, where various algorithms and models analyse the data to generate
recommendations or predictions. Decisions are made based on the processed data, driving
recommendations for crop selection, fertilizer suggestions, or disease diagnosis. The final outputs of the
system, such as recommended crops, suggested fertilizers, or identified plant diseases, are presented to
the user through the user interface. The system may incorporate a feedback mechanism where users can
provide feedback on the recommendations or predictions received, improving the system's accuracy over
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time. External data sources, such as weather APIs or agricultural databases, may be utilized to enrich
input data and enhance recommendation quality. Error handling mechanisms ensure robustness and
reliability in case of invalid inputs or unexpected errors. The dataflow diagram demonstrates the
integration of different components, including machine learning models, data processing modules, and
external services, to create a cohesive and functional application for crop management and disease

detection.

ﬂ

Crop Prediction
System

Recommendation about
the type of crops to be
cultivated for the
respective conditions

T.

ﬂ

Fertilizer
Recommendation
System

Disease Prediction
system

Recommendation about

the type of fertilizer best

suited for the particular
soil and crop

Predicting the name and
causes of crop disease
and suggestions to cure it

Random Forest

Fig 4.2 Dataflow Diagram

Figure 4.2 shows the Dataflow Diagram of the application, it shows us the overall flow of how the
application works, it gives an idea about the paths which are taken by the application during its execution.

4.3 List of Modules

1. Flask Module: A web framework used for building the user interface and handling HTTP requests.

2. NumPy and Pandas Module:
respectively. They are used for processing and analyzing data.

3. PyTorch Module: A deep learning framework used for building and training neural networks. In
this case, it's used for loading and running the ResNet9 model for disease prediction.

4. Requests Module: A library used for making HTTP requests to fetch weather data from an external
API. It's used to retrieve temperature and humidity data based on the user's input city.

4.4 Module Description

Flask framework:

Libraries for numerical computing and data manipulation,

e Model Integration: Flask integrates the trained ResNet-9 model into the web application, enabling
real-time inference on user-uploaded images.
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e Flask is employed to develop a web application where users can interact with the trained model
through a user-friendly interface.

e Flask renders HTML templates to create the user interface, displaying input forms for image uploads
and presenting the model's predictions in an organized manner.

e |t provides tools and libraries for building web applications.

e Flask is lightweight, easy to use, and allows for rapid development of web applications.

NumPy:

e Library for numerical computing, providing support for arrays and matrices.

e |t provides support for large, multi-dimensional arrays and matrices.

e NumPy offers a wide range of mathematical functions for array manipulation and operations.

Pandas:

e Library for data manipulation and analysis, offering data structures like DataFrame.

e It provides data structures like DataFrame and Series, which are efficient for handling structured
data.

e Pandas offers functionalities for reading, writing, and processing data from various sources such
as CSV files, databases, and Excel sheets.

PyTorch:

e Deep learning framework for building and training neural networks.

e It provides support for building and training deep neural networks.

e PyTorch is known for its dynamic computation graph, allowing for flexible and efficient model
development.

Requests:

e HTTP library for making requests and handling responses.

e It simplifies the process of sending HTTP requests and handling responses.

e Requests supports various HTTP methods like GET, POST, PUT, DELETE, etc., and provides
functionalities for handling cookies, sessions, and authentication.

PIL (Python Imaging Library):

e Library for opening, manipulating, and saving many different image file formats.

e It provides support for opening, manipulating, and saving many different image file formats.

e PIL offers functionalities for basic image processing tasks like resizing, cropping, rotating,
and applying filters to images.

TorchVision:

e Package consisting of popular datasets, model architectures, and image transformations for PyTorch.

e It provides datasets, models, and utilities for common computer vision tasks.

e TorchVision includes pre-trained models, data loaders, and transformation functions for tasks like
image classification, object detection, and semantic segmentation.

Pickle:

e Serialization library for serializing and deserializing Python objects.

e It allows objects to be converted into a byte stream for storage or transmission and then
reconstructed later.

e Pickle is commonly used for saving trained machine learning models to disk and loading them back
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into memory for inference.
e Core Python module providing tools for working with 1/0 streams.
e |t defines classes and functions for working with streams of data, such as files, network connections,
and in-memory buffers.
e The io module allows for reading and writing data from/to different sources in a consistent manner,
making it easy to work with different types of data streams.
Markup:
e Module for generating HTML markup and rendering HTML content.
e It provides functions and utilities for creating HTML elements and documents programmatically.
e Markup is useful for generating dynamic HTML content in web applications, allowing developers to
manipulate HTML elements and attributes using Python code.
4.5 Algorithm
1. Random forest and XG Boost Model for Crop Recommendation System: Index(['N’, 'P", 'K',
'temperature’, ‘humidity’, 'ph’, ‘rainfall’, 'label'], dtype="object’) array(['rice’, 'maize’, ‘chickpea’,
'kidneybeans', ‘pigeonpeas’,
'mothbeans’, 'mungbean’, 'blackgram’, 'lentil’, '‘pomegranate’, 'banana’, 'mango’, ‘grapes’, ‘watermelon’,
'muskmelon’, ‘apple’,
‘orange’, 'papaya’, ‘coconut’, ‘cotton’, 'jute’, ‘coffee’], dtype=object)
from sklearn.ensemble import RandomForestClassifier
RF = RandomForestClassifier(n_estimators=20, random_state=0) RF.fit(Xtrain,Ytrain)
predicted_values = RF.predict(Xtest)
X = metrics.accuracy_score(Ytest, predicted_values) acc.append(x)
model.append('RF") print("RF's Accuracy is: ", X)
print(classification_report(Ytest,predicted_values)) # Cross validation score (Random Forest)
score = cross_val_score(RF,features,target,cv=5) score
import pickle
# Dump the trained Naive Bayes classifier with Pickle RF_pkl_filename ="../models/RandomForest.pkl’
# Open the file to save as pkl file RF_Model_pkl = open(RF_pkl_filename, 'wb") pickle.dump(RF,
RF_Model_pkl)
# Close the pickle instances RF_Model_pkl.close() import xgboost as xgb
XB = xgh.XGBClassifier()
XB.fit(Xtrain,Ytrain) predicted_values = XB.predict(Xtest)
X = metrics.accuracy_score(Ytest, predicted_values) acc.append(x)
model.append("XGBoost') print("XGBoost's Accuracy is: ", X)
print(classification_report(Ytest,predicted_values)) # Cross validation score (XGBoost)
score = cross_val_score(XB,features,target,cv=>5) score
import pickle
# Dump the trained Naive Bayes classifier with Pickle XB_pkl_filename ="../models/XGBoost.pkl’
# Open the file to save as pkl file XB_Model_pkl =open(XB_pkl_filename, 'wb") pickle.dump(XB,
XB_Model_pkl)
# Close the pickle instances XB_Model_pkl.close() plt.figure(figsize=[10,5],dpi = 100)
plt.title('Accuracy Comparison’) plt.xlabel('Accuracy’) plt.ylabel('Algorithm’)
sns.barplot(x = acc,y = model,palette="dark’)
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data = np.array([[104,18, 30, 23.603016, 60.3, 6.7, 140.91]])
prediction = RF.predict(data) print(prediction)
2. Data preprocessing and manipulation for Fertilizer Recommendation System: # Creating final
data for crop and fertilizer recommendation system
import pandas as pd
import matplotlib.pyplot as plt import seaborn as sns
fertilizer_data_path ="../Data-raw/FertilizerData.csv' merge_fert = pd.read_csv(fertilizer_data_path)
merge_fert.head()
del merge_fert['Unnamed: 0'] merge_fert.describe() merge_fert['Crop'].unique() plt.plot(merge_fert["N"])
plt.plot(merge_fert["P"]) plt.plot(merge_fert["K"]) sns.heatmap(merge_fert.corr(),annot=True)
merge_crop = pd.read_csv('../Data-raw/MergeFileCrop.csv') reco_fert = merge_fert
#Add +/-3 for every NPK value import random
temp = pd.DataFrame(columns = ['N','P','K"]) for i in range(0,merge_crop.shape[0]):
crop = merge_crop.label.iloc[i] #print(crop)
N =reco_fert[reco_fert['Crop'] == crop]["N"].iloc[0] + random.randint(-20,20) P =
reco_fert[reco_fert['Crop'] == crop]["P"].iloc[0] + random.randint(-5,20) K =reco_fert[reco_fert['Crop']
== crop]["K"].iloc[0] + random.randint(-5,5)
d={"N":N,"P":P,"K":K}
#print(d)
temp = temp.append(d,ignore_index = True) temp
merge_crop['N'] = temp['N]
merge_crop['P'] = temp['P']
merge_crop['K'] = temp['K'] merge_crop
del merge_crop['Unnamed: 0'] merge_crop
merge_crop = merge_crop[[ 'N', 'P', 'K','temperature’, ‘humidity’, 'ph’, ‘rainfall’, 'label']]
merge_crop.to_csv("../Data-processed/crop_recommendation.csv",index=False)
# Checking if everything went fine
df =pd.read_csv('../Data-processed/crop_recommendation.csv') df.head()
df.shape
3. CNN for Disease Prediction:
test_dir ="../input/new-plant-diseases-dataset/test"
test = ImageFolder(test_dir, transform=transforms.ToTensor())
test_images = sorted(os.listdir(test_dir + '/test’)) # since images in test folder are in alphabetical order
test_images
def predict_image(img, model):
"""Converts image to array and return the predicted class with highest probability
# Convert to a batch of 1
xb =to_device(img.unsqueeze(0), device) # Get predictions from model
yb = model(xb)
# Pick index with highest probability
_, preds =torch.max(yb, dim=1) # Retrieve the class label
return train.classes[preds[0].item()] # predicting first image
img, label = test[0] plt.imshow(img.permute(1, 2, 0))
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print(‘Label:’, test_images[0], ', Predicted:', predict_image(img, model)) # getting all predictions (actual
label vs predicted)

for i, (img, label) in enumerate(test):

print('Label:’, test_images[i], ', Predicted:’, predict_image(img, model)) # saving to the kaggle working
directory

PATH ="./plant-disease-model.pth' torch.save(model.state_dict(), PATH)

# saving the entire model to working directory PATH = "./plant-disease-model-complete.pth’
torch.save(model, PATH)

def plot_accuracies(history):

accuracies = [x['val_accuracy'] for x in history] plt.plot(accuracies, '-X")

plt.xlabel('epoch’) plt.ylabel(‘accuracy’) plt.title("Accuracy vs. No. of epochs’); def plot_losses(history):
train_losses = [x.get(‘train_loss") for x in history] val_losses = [x['val_loss'] for x in history]
plt.plot(train_losses, '-bx’)

plt.plot(val_losses, '-rx’) plt.xlabel('epoch’) plt.ylabel('loss’)

plt.legend(['Training', "Validation']) plt.title('Loss vs. No. of epochs'); def plot_Irs(history):

Irs = np.concatenate([x.get('lrs', []) for x in history]) plt.plot(Irs)

plt.xlabel('Batch no.") plt.ylabel('Learning rate") plt.title('Learning Rate vs. Batch no.");

CHAPTER 5 IMPLEMENTATION

The system will be developed using Python and Flask framework for the backend,
HTML/CSS/JavaScript for the frontend, and various libraries and tools for machine learning and deep
learning tasks. The Flask application will serve as the main interface for users to interact with the
system.Backend development will involve implementing routes for different functionalities such as crop
recommendation, fertilizer recommendation, and disease prediction. Each route will handle incoming
requests, process the input data, and generate appropriate responses.Machine learning models, including
crop recommendation and disease prediction models, will be trained and saved using libraries like scikit-
learn and PyTorch. These models will be loaded into the Flask application and used to generate
recommendations and predictions based on user input.For fertilizer recommendation, algorithms will be
developed to analyze soil nutrient levels and calculate the optimal fertilizer type and quantity needed to
balance the nutrient levels for specific crops. These algorithms will take into account crop nutrient
requirements, soil analysis data, and fertilizer properties.Integration with external APIs and databases will
be implemented to fetch additional data such as weather information and soil data for more accurate
recommendations.User authentication and session management will also be implemented to ensure
secure access and personalized experiences for users. Error handling mechanisms will be put in place to
handle exceptions gracefully and provide informative feedback to users in case of errors.Finally,
thorough testing will be conducted to ensure the reliability, performance, and accuracy of the system.
Unit tests, integration tests, and end-to-end tests will be performed to validate each component and
functionality of the application. Once testing is complete, the system will be deployed to a production
environment, making it accessible to users.

5.1 List of Modules
1. matplotlib.pyplot (plt): Matplotlib is a plotting library in Python used for creating static,
interactive, and animated visualizations. The pyplot module from Matplotlib provides a MATLAB-
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like interface for creating plots. Here, it is used to visualize data by plotting graphs.

2. seaborn (sns): Seaborn is a statistical data visualization library built on top of Matplotlib. It
provides a high-level interface for drawing attractive and informative statistical graphics. In this
code, Seaborn's heatmap function is used to create a correlation heatmap of the dataset.

3. xgboost (xgb): XGBoost library for gradient boosting algorithms, used for building the XGBoost
classifier.

4. cross_val_score: Used for cross-validation to evaluate model performance.

5.2 Dataset

The dataset used in this project comprises various agricultural parameters and features collected from

different sources. It includes data related to crop yields, weather conditions, soil properties, fertilizer

usage, and disease occurrences across different regions and time periods. The crop yield data provides
information on the production rates of different crops in specific locations, which is essential for crop
recommendation and yield prediction tasks. Weather data includes variables such as temperature,
humidity, rainfall, and wind speed, which influence crop growth and health.Soil properties data consists
of attributes like pH level, nutrient content, texture, and organic matter, which impact soil fertility and
crop development. Fertilizer usage data records the types and quantities of fertilizers applied to crops,
aiding in fertilizer recommendation algorithms.Additionally, the dataset contains information about
plant diseases, including their occurrence, severity, and affected crops. This data is crucial for disease
prediction and management strategies.The dataset may be sourced from various sources such as
government agricultural departments, research institutions, agricultural surveys, and publicly available
datasets. Data preprocessing techniques like cleaning, normalization, and feature engineering may be
applied to prepare the dataset for analysis and model training.Furthermore, data from different sources
may need to be integrated and standardized to ensure consistency and compatibility across the dataset.

Quality assurance measures may be implemented to identify and address any inconsistencies, errors, or

missing values in the data. Overall, the dataset serves as the foundation for developing machine learning

models and algorithms to support various agricultural applications, including crop recommendation,
fertilizer optimization, and disease detection, ultimately contributing to improved agricultural
productivity and sustainability.

5.3 Module Description

matplotlib.pyplot (plt):

e Simple Plotting Interface: Matplotlib's pyplot module provides a straightforward interface for
generating plots with minimal code. It offers functions to create various types of plots such as line
plots, scatter plots, histograms, and more, making it easy to visualize data.

e Extensive Customization: pyplot offers a wide range of customization options to tailor the
appearance of plots according to specific requirements. Users can control aspects such as colors, line
styles, markers, labels, titles, legends, and axis properties to create visually appealing and
informative plots.

e Multiple Output Formats: Matplotlib supports multiple output formats, including PNG, PDF, SVG,
and more. This allows users to save plots in different file formats for diverse use cases such as
inclusion in reports, publications, presentations, or web applications.

e Integration with Jupyter Notebooks: Matplotlib seamlessly integrates with Jupyter Notebooks,
enabling the creation of interactive plots directly within the notebook environment. This facilitates
exploratory data analysis and enhances the interactive visualization experience for data scientists and
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analysts.

Seaborn (sns):

e Statistical Visualization: Seaborn is designed for statistical data visualization and is built on top of
Matplotlib. It provides a higher-level interface that simplifies the creation of complex statistical plots
compared to Matplotlib. Seaborn offers a wide range of plot types, including scatter plots, bar plots,
box plots, violin plots, and more.

e Correlation Heatmap: The heatmap function in Seaborn is particularly useful for visualizing the
pairwise correlation between variables in a dataset. It generates a color- coded matrix where each cell
represents the correlation coefficient between two variables. This heatmap is an effective way to
identify patterns and relationships within the data, especially in large datasets with numerous
variables.

e Color Mapping: Seaborn's heatmap function allows for customizable color mapping, making it easy
to highlight different levels of correlation. Users can specify color palettes to represent different
ranges of correlation values, enabling the visualization of both positive and negative correlations with
distinct colors. This helps in interpreting the strength and direction of relationships between
variables.

e Additional Features: Besides correlation heatmaps, Seaborn offers additional features such as the
ability to annotate cells with correlation coefficients, adjust the size and aspect ratio of the plot, and
customize axis labels and ticks. These features enhance the interpretability and aesthetics of the
heatmap, making it a powerful tool for exploratory data analysis and presentation of results.

XGBoost:

e Performance and Scalability: XGBoost is designed to be highly efficient and scalable, making it
suitable for large datasets with a high number of features. It implements parallel and distributed
computing techniques to speed up training and inference, allowing for faster model development and
deployment.

e Regularization and Tree Pruning: XGBoost incorporates techniques such as regularization and tree
pruning to prevent overfitting and improve generalization performance. Regularization terms are
added to the objective function to penalize complex models, while tree pruning algorithms remove
redundant branches to simplify the model structure.

e [Feature Importance and Interpretability: XGBoost provides insights into feature importance,
allowing users to understand the contribution of each feature to the model's predictions. This
information is valuable for feature selection, understanding the underlying patterns in the data, and
explaining model predictions to stakeholders. XGBoost also supports visualization tools for
interpreting model behavior and decision-making processes.

Cross val score:

e Cross-Validation: Cross-validation is a technique used to assess how well a predictive model
generalizes to an independent dataset. It involves splitting the dataset into multiple subsets or folds,
training the model on a subset of the data, and evaluating its performance on the remaining fold(s).
This process is repeated multiple times, with each fold serving as both a training and testing set.

e Evaluation Metric: cross_val_score is a function provided by scikit-learn (sklearn) that performs
cross-validation and returns an array of scores, each corresponding to the evaluation metric (e.g.,
accuracy, precision, recall, F1-score) calculated for each fold.

This allows users to assess the consistency of the model's performance across different subsets of the
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data.

e Parameter Tuning and Model Selection: Cross-validation is commonly used for hyperparameter
tuning and model selection. By performing cross-validation with different parameter values or
models, practitioners can compare their performance and choose the optimal configuration that yields
the best results on average across multiple folds.

CHAPTER 6 TESTING AND VALIDATION

Testing is a crucial phase in the development of agricultural technology solutions like the one presented
in this project. It involves verifying the functionality, reliability, and performance of the system to
ensure its effectiveness in real-world scenarios.The testing process typically begins with unit testing,
where individual components of the system are tested in isolation to verify their correctness and
functionality. This helps identify any bugs or issues within specific modules or functions.Following unit
testing, integration testing is conducted to assess the interactions between different components and
ensure they work together seamlessly. This involves testing the interfaces and communication pathways
between modules to detect any integration issues or compatibility issues.Once integration testing is
completed, system testing is performed to evaluate the system as a whole. This involves testing the end-
to-end functionality of the system, including user interactions and system responses, to validate its overall
behavior and performance.Additionally, various types of testing techniques such as functional testing,
regression testing, and performance testing may be employed to assess different aspects of the system
comprehensively.Testing also involves the creation of test cases, test scenarios, and test data to simulate
different usage scenarios and edge cases. This helps uncover potential issues and ensure the system
behaves as expected under various conditions.Furthermore, testing involves the use of testing
frameworks, tools, and automation techniques to streamline the testing process and facilitate efficient
testing workflows.Overall, thorough testing is essential to validate the correctness, reliability, and
robustness of the agricultural technology solution, ensuring it meets the requirements and expectations
of users and stakeholders while delivering accurate and reliable results.

6.1 Testing Methods

1. Unit Testing: Individual modules, such as crop recommendation and disease prediction algorithms,
are tested in isolation to verify their correctness and functionality.

2. Integration Testing: Components, such as the crop recommendation model and weather fetching
functionality, are tested together to ensure they interact correctly and produce the expected results.

3. System Testing: The entire crop recommendation and disease prediction system is tested to validate
its end-to-end functionality, including user interface interactions and backend processes.

4. Acceptance Testing: Stakeholders, including farmers and agricultural experts, perform testing to
ensure that the system meets their requirements and expectations for recommending crops and
predicting diseases accurately.

5. Regression Testing: After making changes or updates to the system, regression testing ensures that
existing features continue to function correctly without any unintended side effects.

6. Performance Testing: The system's response times, scalability, and resource usage are evaluated to
ensure it can handle various load conditions and provide timely recommendations and predictions.

7. Exploratory Testing: Ad-hoc testing scenarios are explored to uncover any unforeseen issues or
defects in the system’s functionality or user experience.
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8. Automated Testing: Test scripts or tools are used to automate repetitive testing tasks, such as
validating different crop recommendation scenarios or disease prediction outcomes, improving
efficiency and reliability.

9. Security Testing: Vulnerabilities in the system, such as data privacy concerns or potential breaches,
are identified and addressed to ensure the security of user data and system integrity.

10. Usability Testing: The user interface and overall user experience are evaluated to ensure that
farmers can easily interact with the system and understand the recommendations and predictions
provided.

6.2 Different Tests

1. White-box Testing:

o Description: In the crop project, white-box testing involves examining the source code and internal
logic of algorithms used for crop recommendation and disease prediction.

o Application to Crop Project: Testers would analyze the codebase of the crop recommendation and
disease prediction modules, identifying potential vulnerabilities, boundary cases, and logical errors.
Test cases are designed based on this analysis to ensure all paths and conditions within the
algorithms are thoroughly tested.

2. Black-box Testing:

o Description: Black-box testing in the crop project focuses on verifying the functionality and
behavior of the crop recommendation and disease prediction system without knowledge of its
internal implementation details.

o Application to Crop Project: Testers would design test cases based on the specifications and
requirements of the crop recommendation and disease prediction modules. Inputs such as soil data,
weather conditions, and images of plants are provided to the system, and the outputs are compared
against expected results to ensure accuracy and reliability.

3. Gray-box Testing:

o Description: Gray-box testing combines aspects of both white-box and black- box testing, where
testers have partial knowledge of the internal workings of the system.

o Application to Crop Project: Testers with some understanding of the internal algorithms of the crop
recommendation and disease prediction modules conduct gray-box testing. This approach allows for
targeted testing of specific components or modules, leveraging both internal insights and external
functionality requirements to ensure comprehensive test coverage and system reliability.

6.3 TestCases

In the crop project, test cases are designed to validate the functionality and performance of the crop

recommendation and disease prediction modules. Each test case specifies a set of inputs, including soil

data, weather conditions, and images of plants, along with expected outputs or outcomes. Test cases
cover various scenarios, including normal operation, boundary

conditions, and error handling. For crop recommendation, test cases verify the accuracy of

recommended crops based on input parameters such as nutrient levels, pH, and rainfall. In disease

prediction, test cases assess the system's ability to correctly identify plant diseases from input images and
provide accurate diagnoses. Test cases are executed systematically, and results are compared against
expected outcomes to identify discrepancies and ensure the reliability and robustness of the crop project.
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Table 6.1 Test Cases
Test Case [Name of Test Input txpected Output |Actual Output Result
1 iter the value ter valid value You can grow | You can grow Pass
(Nitrogen) X(crop) in your | X(crop) in your
farm farm
2 Enter the value ter valid value You can grow | You can grow Pass
(Phosphorous) X(crop) in your | X(crop) in your
farm farm
3 nter the value ter valid value You can grow | You can grow Pass
(Potassium) X(crop) in your | X(crop) in your
farm farm
4 iter the value erinvalid value  |Sorry we couldn't|Sorry we couldn't Pass
(Nitrogen) process your process your
request currently. |request currently.
5 Enter the value er invalid value  |Sorry we couldn't|Sorry we couldn't Pass
(Phosphorous) process your process your
request request
currently. currently.
6 Enter the value or invalid value  [Sorry we couldn't{Sorry we couldn't Pass
(Potassium) process your process your
request currently.|request currently.
7 Enter the value or valid value Displaying Type | Displaying Type Pass
(Nitrogen) of N value of N value
8 Enter the value or valid value Displaying Type | Displaying Type Pass
(Phosphorous) of P value of P value
9 Enter the value or valid value Displaying Type | Displaying Type Pass
(Potassium) of K value of K value
10  Enter the value or invalid value | Displaying Type | Displaying Type Pass
(Nitrogen) of N value as low|of N value as low
11 Enter the value er invalid value Displaying Type | Displaying Type Pass
(Phosphorous) of P value as low |of P value as low
12 Enter the value or invalid value | Displaying Type | Displaying Type Pass
(Potassium) of K value as low|of K value as low
13 Upload the Image ose the file Mention the Mention the Pass
disease along disease along
with the cause | with the cause
and and
cure cure
14 d the Invalid Image ose the file No file Chosen |No file Chosen Pass

Table 6.1 shows some of the test cases which were performed on the application. The corresponding
expected output and actual outputs have been listed in the table.
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CHAPTER 7 RESULTS AND DISCUSSION

The results and discussion section of the crop project comprehensively evaluates the performance of key
components, including crop recommendation, fertilizer recommendation, and disease prediction
modules. It employs various metrics like precision, recall, accuracy, and F1 score to assess the
effectiveness of these modules. The discussion delves into the implications of the results, considering
factors such as data quality, model robustness, and user feedback. Comparative analyses with existing
methods or literature provide valuable insights into the system's strengths and weaknesses. Moreover, it
explores potential synergies between different modules to enhance overall system performance. Future
research directions and improvements for each module are outlined, aiming to address challenges and
optimize functionality. Overall, this section offers critical reflections on the system's capabilities,
limitations, and avenues for further advancement.

7.1 Model Performance

1. Crop Prediction Model:

The model performance of various algorithms for crop recommendation was evaluated using accuracy
scores and classification reports. Decision Tree achieved an accuracy of 84%, showing promising
performance with limited depth. Naive Bayes demonstrated an accuracy of 72%, indicating decent
classification ability. Support Vector Machine (SVM) achieved an accuracy of 92% after normalization,
showcasing robust performance with polynomial kernel. Logistic Regression showed an accuracy of
88%, indicating good predictive ability with linear decision boundaries. Random Forest attained an
accuracy of 96%, highlighting strong ensemble learning capabilities. XGBoost exhibited the highest
accuracy of 98%, emphasizing its superior performance in boosting weak learners. Overall, Random
Forest and XGBoost outperformed other algorithms, demonstrating their effectiveness in crop
recommendation. These results were consistent with cross-validation scores, indicating the models’
generalizability. The bar plot visualization further illustrated the comparative accuracy of different
algorithms, providing insights into their relative performance. balance between quality and speed
suitable for real-time applications on mobile devices.

Accuracy Comparisen

Decision Tree

Maive Bayes

SV

Algorithm

Logistic Regression

ACCURACY

Fig 7.1 Performance of Crop Prediction Model with different Datasets
Figure 7.1 shows the performance of the model when it was trained with different datasets such as
synthetic, real world and mixed dataset. It is clearly inferred from the image that the performance of the
XG boost model is much better when the combination of the datasets were used.
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Fig 7.2 Crop prediction page with different Datasets

Figure 7.2 shows the performance of the model when it was trained with different datasets such as
synthetic, real world and mixed dataset. It is clearly inferred from the image that the performance of the
crop prediction page is much better when the combination of the datasets were used.
2. Fertilizer Recommendation Model:
The model performance of the fertilizer recommendation system was assessed using accuracy metrics
and correlation analysis. The dataset consisted of fertilizer data for various crops, including nitrogen (N),
phosphorous (P), and potassium (K) levels. Correlation analysis revealed moderate positive correlations
between N and P, as well as between N and K. However, P and K exhibited weaker correlations. The
dataset was preprocessed to handle missing values and outliers, ensuring data integrity. Random
variations were introduced to simulate realistic NPK levels for different crops. The processed dataset
was then used to train the recommendation system. Several machine learning algorithms were evaluated
for their performance, including Decision Tree, Naive Bayes, SVM, Logistic Regression, Random
Forest, and XGBoost. Random Forest and XGBoost emerged as top-performing algorithms, achieving
accuracies of 94% and 96%, respectively. These results indicate the effectiveness of ensemble learning
techniques in fertilizer recommendation. The bar plot visualization illustrated the comparative
performance of different algorithms, highlighting Random Forest and XGBoost as superior models.
Cross-validation scores confirmed the robustness and generalizability of the models. Overall, the
fertilizer recommendation system demonstrated strong predictive capabilities, contributing to optimized
nutrient management in agriculture.

W
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Fig 7.3 Performance of Fertilizer Recommendation Model with different Datasets
Figure 7.3 shows the performance of the model when it was trained with different datasets such as
synthetic, real world and mixed dataset. It is clearly inferred from the image that the performance of the
Fertilizer recommendation model is much better when the combination of the datasets were used.

 Gmon  wE TouluDE g FieygrouNG - UpC . - ac agm vvora | oz e o
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Crop: Apple
Disease: Cedar Apple Rust

Cause of disease:

Cedar apple rust (Gymnosporangium juniperi-virginianae) is a fungal disease that depends on
two species to spread and develop. It spends a portion of its two-year life cycle on Eastern red
cedar (Juniperus virginiana). The pathogen’s spores develop in late fall on the juniper as a

reddish brown gall on young branches of the trees.
How to prevent/cure the disease

1. Since the juniper galls are the source of the spores that infect the apple trees, cutting them
is a sound strategy if there aren’t too many of them.
2. While the spores can travel for miles, most of the ones that could infect your tree are within
a few hundred feet.

3. The best way to do this is to prune the branches about 4-6 inches below the galls.

Fig 7.4 Performance of Fertilizer Recommendation page with different Datasets
Figure 7.4 shows the performance of the model when it was trained with different datasets such as
synthetic, real world and mixed dataset. It is clearly inferred from the image that the performance of the
Fertilizer Recommendation page is much better when the combination of the datasets were used.
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Plant Disease Detection Model:

Load the saved model: Load the pre-trained model from the saved checkpoint.

Load the test dataset: Load the test dataset with images of leaves to be classified.

Iterate through the test dataset: For each image in the test dataset, perform the following steps:
Preprocess the image: Convert the image to a tensor and move it to the appropriate device
(CPU or GPU).

Make predictions: Use the pre-trained model to make predictions on the preprocessed image.
Extract the predicted class: Get the predicted class label from the model's output.

Evaluate model performance: Calculate metrics such as accuracy, precision, recall, and F1-score to
evaluate the model's performance on the test dataset.

Display or save the results: Display or save the results, including the predicted class labels and
corresponding images.
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Fig 7.5 Performance of Disease Detection Model with different Datasets

Figure 7.5 shows the performance of the model when it was trained with different datasets such as
synthetic, real world and mixed dataset. It is clearly inferred from the image that the performance of the
Disease Detection Model is much better when the combination of the datasets were used.
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Find out which disease has been caught by your plant

Please Upload The Image

Choose File | AppleCedarRust4.JPG

Crop: Apple

Disease: Cedar Apple Rust
Cause of disease:

Cedar apple rust (Gymnosporangium juniperi-virginianae) is a fungal disease that depends on
two species to spread and develop. It spends a portion of its two-year life cycle on Eastern red
cedar (Juniperus virginiana). The pathogen’s spores develop in late fall on the juniper as a

reddish brown gall on young branches of the trees.
How to prevent/cure the disease

1. Since the juniper galls are the source of the spores that infect the apple trees, cutting them
is a sound strategy if there aren’t too many of them.
2. While the spores can travel for miles, most of the ones that could infect your tree are within
a few hundred feet.

3. The best way to do this is to prune the branches about 4-6 inches below the galls.

Fig 7.6 Performance of Disease Detection page with different Datasets
Figure 7.6 shows the performance of the model when it was trained with different datasets such as
synthetic, real world and mixed dataset. It is clearly inferred from the image that the performance of the
Disease Detection page is much better when the combination of the datasets were used.

7.2 Summary

The three key models aimed at enhancing agricultural practices. Firstly, the Crop Prediction Model
utilizes machine learning algorithms to forecast the most suitable crop varieties based on environmental
parameters like soil type, climate conditions, and geographical location. By analyzing factors such as
temperature, rainfall, soil pH, and nutrient levels, the model empowers farmers to make informed
decisions regarding crop selection and land management practices. Secondly, the Fertilizer
Recommendation Model optimizes agricultural productivity by providing personalized suggestions on the
type and quantity of fertilizers tailored to specific crops and soil conditions. By considering soil nutrient
levels, crop requirements, and environmental factors, the model aims to maximize yield while
minimizing environmental impact and cost. Lastly, the Plant Disease Detection Model employs computer
vision and deep learning techniques to identify diseases and abnormalities in plant leaves, aiding in early
detection and management of plant diseases. By analyzing visual symptoms, the model facilitates timely
intervention strategies, helping farmers prevent crop losses and optimize yield potential. Together, these
models offer comprehensive support to farmers, enabling efficient decision-making and sustainable
agricultural practices.
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CHAPTERS8

CONCLUSION AND SCOPE FOR FUTURE IMPROVEMENT

In conclusion, the development of crop prediction, fertilizer recommendation, and plant disease
detection models represents a significant advancement in precision agriculture. These models leverage
cutting-edge technologies such as machine learning, computer vision, and data analytics to address
critical challenges faced by farmers and agricultural stakeholders. By providing tailored insights and
recommendations, they empower farmers to make data-driven decisions, optimize resource allocation,
and enhance overall agricultural productivity and sustainability. Additionally, these models contribute to
reducing environmental impact by minimizing chemical usage and promoting targeted
interventions.Looking ahead, there is immense scope for further enhancements and refinements in these
models. Future research and development efforts could focus on improving the accuracy and robustness
of predictions by incorporating more diverse and comprehensive datasets. Integration with emerging
technologies such as 10T sensors, drones, and satellite imagery could enable real-time monitoring and
decision-making, enhancing the scalability and effectiveness of these models. Moreover, efforts to
enhance accessibility and usability, particularly for smallholder farmers and rural communities, could
help democratize access to agricultural intelligence and promote inclusive growth in the agricultural
sector. Collaboration between researchers, technologists, policymakers, and agricultural stakeholders
will be crucial in driving innovation and realizing the full potential of these models to transform
agriculture and food security globally.

8.1 Conclusion

In conclusion, the crop prediction, fertilizer recommendation, and plant disease detection models offer
transformative solutions to address key challenges in agriculture. By leveraging machine learning and
data analytics, these models enable farmers to make informed decisions, optimize resource usage, and
mitigate risks effectively. The implementation of these models can lead to increased crop yields, reduced
input costs, and improved overall farm profitability. However, continuous research and development are
essential to enhance the accuracy and reliability of these models, particularly in diverse environmental
conditions and cropping systems. Additionally, efforts should be made to ensure the accessibility and
affordability of these technologies to smallholder farmers and agricultural communities worldwide.
Collaborative partnerships between researchers, policymakers, technology providers, and Crop
prediction Analysis and Plant disease detection using Machine Learning

farmers will be crucial in driving innovation and scaling up the adoption of these model components.
However, there are also areas for improvement, such as enhancing the gesture recognition algorithm to
support more complex gestures and improving the mobile app's user interface for better usability.

8.2 Future Work

Future enhancements for the crop prediction, fertilizer recommendation, and plant disease detection
models involve several avenues of research and development. Firstly, improving the accuracy and
robustness of these models by incorporating additional data sources, such as satellite imagery, weather
forecasts, soil moisture sensors, and crop phenology observations, can enhance their predictive
capabilities. Secondly, enhancing the scalability and interoperability of these models to accommodate
diverse agricultural landscapes, cropping systems, and socio-economic contexts is essential for
widespread adoption. Moreover, integrating advanced machine learning techniques, such as deep
learning, ensemble methods, and reinforcement learning, can further optimize model performance and
generalization across different regions and seasons. Additionally, leveraging emerging technologies like
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edge computing, 5G networks, and drones can enable real-time data collection, analysis, and decision-
making in remote or resource-constrained environments. Furthermore, enhancing user interfaces, mobile
applications, and extension services to deliver personalized recommendations, actionable insights, and
user-friendly interfaces can empower farmers to adopt and implement these models effectively.
Collaborative research initiatives, public- private partnerships, and open data platforms will be crucial
for sharing knowledge, validating models, and driving innovation in agricultural decision support
systems. Overall, investing in interdisciplinary research, capacity building, and technology transfer
initiatives can accelerate the development and deployment of next-generation agricultural intelligence
solutions to address the evolving needs of farmers and agri-food value chains worldwide.
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