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When we take the modern world, agriculture has become one of the key areas that can 
affects the economy of the country. Due to many reasons like economic issues and health issues, organic cultivations have become more popular time to time. Although the organic cultivation is there, most of the people do not have much knowledge about the process, ways we can optimize the cultivation and managing pests and diseases. Hence, even though organic cultivation has its benefits, without a common reading about the process it can be costly.
The concept of organic cultivation with the crop rotation can be an efficient and effective way cultivation not only for commercial usages but also for the domestic usages. So, having a platform where we can get and manage all the necessary data and information will be so useful for the day to day life activities.
Even though we full fill all the requirements pests and diseases can play a major role when it comes to the productivity of the cultivation. This can be challenging for the larger organizations. If we take a specific disease or a pest, there are so many organic ways of controlling those pests or diseases which most of the people doesn’t know.
This research involves in providing a solution to identify pests or diseases through a cloud computing and machine learning based developed model and provide all the information about it including a description and ways of handling them in organic methodologies.

Keywords - cloud computing, machine learning, crop rotation, organic 
cultivation
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[bookmark: _Toc150095544]Introduction
Agriculture plays a crucial role in the global economy by providing food, fiber, and raw materials to various industries. However, conventional or artificial farming methods have been found to have negative impacts on the environment, such as soil degradation, water pollution, and a loss of biodiversity [1]. As a result, there is a growing demand for agricultural practices that prioritize social fairness, economic viability, and environmental protection. Organic farming, which focuses on natural inputs and the preservation of soil health, is a promising alternative. Organic crop rotation, which involves rotating crops to improve soil fertility, reduce soil erosion, and control pests and diseases, is a critical part of organic farming. Additionally, soil analytics, which uses advanced technologies to monitor soil properties such as moisture, temperature, and nutrient levels, is another essential aspect of organic farming. With the help of organic crop rotation and soil analytics, farmers can make informed decisions about crop selection and management, which can increase output and profitability while minimizing negative environmental impacts. To further enhance sustainable agricultural practices, we propose the development of a software program that integrates soil analytics with organic crop rotation. This software program will use IoT sensors to collect real-time data on soil parameters, crop growth, and environmental variables. These data will be processed with an optimization algorithm to determine the most optimized crop for the given soil sample. Furthermore, the software program will integrate a knowledge base covering top techniques for pest management, soil health management, and organic crop rotation. 6 In addition to the optimization algorithm, we suggest incorporating machine learning models to enhance the software's analytical capabilities. By using machine learning, the software program can learn from data collected from previous farming seasons to offer more accurate predictions and recommendations for future crop rotations. Our project aims to promote the adoption of sustainable and resilient agricultural practices that benefit both the environment and farming communities. By providing farmers with access to advanced technologies and knowledge sources, we hope to help build a more resilient and sustainable food system for future generations.


[bookmark: _Toc84968687][bookmark: _Toc145385643][bookmark: _Toc150095545]Background & Literature Survey
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Not only is agriculture a key component of Sri Lanka's economy, but it also serves as a potent barometer of the wellbeing of the populace. Over the course of its lengthy history, Sri Lanka has been recognized for its sophisticated agricultural methods, which are marked by a wealth of information and cutting-edge technologies that are indispensable to daily existence. Because agriculture is so ingrained in the country's culture, Sri Lankans have a thorough awareness of weather patterns, fertilizer management, and how to recognize and control pests and illnesses that impact their crops. These age-old techniques, which have been passed down through the centuries in the absence of contemporary technologies, are the basis of Sri Lanka's agricultural legacy.
Agriculture continues to be a vital part of the national economy in the modern world. Nevertheless, it faces a number of difficulties, with illnesses and pest infestations posing serious risks to crop output and the means of subsistence for millions of farmers. Due to their hectic schedules and insufficient understanding, modern farmers are more likely to turn to chemical remedies in the hopes of achieving faster results and higher yields. However, these short solutions have a number of long-term drawbacks even though they could provide comfort right now. These include depletion of soil fertility and entry of toxic chemicals into the human food chain, highlighting the crucial problem of inadequate understanding of sustainable management of pests and diseases, including the use of organic alternatives.
It is impossible to exaggerate the importance of efficient pesticide management in agriculture. It has a major impact on crop yield as well as the general caliber of agricultural products. The large-scale cultivation of rice fields in Sri Lanka during the "Maha" and "Yala" seasons—which encompass around 0.8 million hectares and employ about 1.8 million farmers—illustrates the discernible increase in pesticide consumption over time. These agricultural businesses are especially vulnerable to insect infestations due to their sheer size, which emphasizes the need for effective pest management techniques.
Two fundamental elements in the field of pest management are precise pest identification and prediction skills. Failing in this area can lead to significant losses in terms of time, money, and crop productivity. Thus, the purpose of this study is to present a thorough method for identifying pests and illnesses in agriculture, provide in-depth understanding of these problems, and suggest preventive actions based on crop rotation, an organic farming technique.
This study's main goal is to enable users to recognize illnesses and pests from the photographs they submit. In addition to providing a thorough description of the detected pest, the study will provide organic means of control and avoidance. Furthermore, the study investigates a different strategy for identifying diseases based on leaf color analysis, a technique often used in rice production called the Leaf Color Chart (LCC), which measures the plant's need for nitrogen. It is important to remember that earlier studies in this area have been conducted, as will be explained below.
An example of a research work that explores insect classification via the lens of machine learning is "Insect classification and detection in field crops using modern machine learning techniques," written by Thenmozhi Kasinthan, Dakshayani Singaraju, and Srinivasulu Redy Uyyala. Using machine learning techniques such as artificial neural networks (ANN), support vector machines (SVM), and k-10 closest neighbors (KNN), the study explores the classification of insects into nine different classifications. One notable achievement was a classification rate of 91.5%, especially for twenty-four distinct classes, made possible by the use of convolutional neural network (CNN) models. Three primary techniques of this suggested system are picture pre-processing, image augmentation, and dataset categorization.
"Insect pest image recognition, including maturity stage classification," carried out by Dibio L. Borges and Jaco C. Gomes, is another noteworthy scientific project. The two pest stages that need to be identified for this investigation are the "early stage" and the "adult stage." Using a specific statistic called the Kullback-Leibler divergence, the experiment produced impressive results: 86.33% accuracy rate for adults and 87.91% accuracy rate for the early stage. The experiment used a dataset with 6817 photos total, divided into 45 classes of early-stage insects and 97 classes of mature insect images. The implementation included convolutional neural networks and other machine learning elements, and it was built on an automated computer vision system.
In conclusion, using Sri Lanka as an example, this thorough background and literature review highlights the critical role that pest and disease control plays in agriculture. It highlights the promising studies using cutting-edge machine learning approaches to improve pest and disease identification within the agricultural domain and throws light on the significance of implementing organic remedies, such as crop rotation. These research projects protect the long-term health and productivity of Sri Lanka's agricultural sector by acting as rays of hope for the development of ecologically friendly, sustainable, and productive pest management techniques in the future.
This dedication to sustainable agriculture is a reflection of a larger worldwide movement toward ethical and environmentally conscious farming methods, which are essential for the health of our planet and the success of our country. We shall go even further into the problems and solutions in Sri Lanka's agriculture industry in the pages that follow, giving you a more thorough grasp of the difficulties and possibilities that the country faces.
We need to go back in time to understand how these ancient agricultural practices have influenced Sri Lanka's history and culture in order to have a greater understanding of the nation's agricultural legacy. The expertise and experience that have been passed down over the years provide witness to the adaptability and tenacity of Sri Lankan farmers, who have succeeded in thriving in a setting that is continuously changing.
In Sri Lanka, agriculture plays a significant role in both the country's economy and culture. The traditional methods have given important insights into resource management and production maximization with minimal negative environmental effects. These tried-and-true methods are invaluable resources that have the power to influence Sri Lankan agriculture's future.
Moreover, the difficulties that Sri Lankan farmers confront today are not specific to the country; rather, they are universal. Sri Lanka's experience can be a useful case study as the globe struggles with problems including excessive use of pesticides, environmental deterioration, and the requirement for sustainable agriculture techniques. The cutting-edge techniques, such crop rotation and machine learning for pest identification, provide a window into a more sustainable agricultural future for the entire world as well as Sri Lanka.
Tradition and modernity meet at the junction of Sri Lanka's agricultural sector's spread of knowledge and innovation. It is evidence of the human spirit's adaptability and capacity to fuse the knowledge of the past with the cutting-edge innovations in technology. This study's holistic approach to managing pests and diseases has the potential to completely transform agriculture—not just in Sri Lanka, but all throughout the world.
In summary, Sri Lanka's agriculture industry is a complex fabric of innovation, tradition, and the pressing need for sustainable methods. It's an amazing journey from traditional farming knowledge to contemporary machine learning and organic solutions. It emphasizes how crucial it is to maintain old knowledge while embracing new innovations and environmentally friendly practices. Sri Lanka provides insightful information to the globe in its quest for a more sustainable and prosperous future as it continues to manage the difficulties of contemporary agriculture.
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The primary goal of this research is to develop a pest and disease identification mechanism and provide the available organic solutions so that the user can work on their own plantation. When the user has this kind of a system with them even though they are involving in an enterprise level or domestic level of cultivation, they still can use this system to get the advices through a knowledge-based system for their organic cultivation. A thorough study of the existing similar solutions has been made and it is identified that the neither of the existing systems does not support for the organic cultivation in Sri Lanka. Different kind of object detection mechanisms or methodologies are available, but neither of them is providing further information about the detected pest or the disease. The proposed systems are capable of identifying the pests or the diseases through an image and provide the necessary guidelines for the future references with a knowledge-based system. The initial discussion came to place with the research report “Possibilities to minimize pesticide usage in Sri Lankan paddy cultivation: An emphasis on risk management” [10]. We can identify some challenges that people faced when it comes to the organic cultivations and lack of knowledge about the agricultural area like pests and diseases. So even though we can find already existing systems to identify pests and diseases we can provide additional measures to develop or help the growth of the cultivation. When we go through the publications [7,8], we can identify the above facts that a system is proposed using machine learning features like convolution neural network (CNN) and computer vision, neither of them provide a solution for those identified problems for the organic cultivation. Another way to accomplish this task is to use the cloud computing platforms like azure and use their cognitive service and use algorithms like YOLO.
[bookmark: _Toc150095621]Table 2.1Comparition of the system
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[bookmark: _Toc145385645][bookmark: _Toc150095547] RESEARCH PROBLEM
[bookmark: _Toc84968690]An important research problem in sustainable agriculture is the lack of integrated software solutions that combine organic crop rotation and soil analytics, including the utilization of gathered soil data with an optimization algorithm, potentially powered by a machine learning model, to find the most optimized crop. Existing methods that target only one aspect of sustainable agriculture do not provide farmers with a comprehensive approach to managing their farms, leading to poor yields and environmental damage. The main challenge in creating an integrated software solution is developing a user-friendly platform that combines real-time information about soil health, crop growth, and environmental variables, and incorporates best practices for organic crop rotation and soil health management. To achieve this, it is crucial to simplify the integration of IoT sensors and knowledge sources into a single platform that can be customized to meet the specific needs of different farming communities. Additionally, it is essential to evaluate the efficacy of such a software program in different farming situations to ensure that it can enhance farm productivity and profitability while promoting sustainable and environmentally friendly practices. Therefore, the research goal is to develop and test an integrated software system that combines organic crop rotation with soil analytics, optimization algorithm potentially powered by a machine learning model, and incorporates the use of gathered soil data to find the most optimized crop. Our proposed software solution could help promote more effective and sustainable agricultural practices while enhancing farm productivity and profitability, addressing this critical research topic.
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With use of the proposed system another goal is to minimize the time and the cost required to identify and manage diseases and pests. For those who does not have the knowledge about the organic treatments, they will have to do some research by looking on internet, reading a book or having a discussion with a well-known person about the specific field. So, unlike other available systems this will provide the necessary measures without any time delay with the help of knowledge-based system. According to the proposed system, user will be able to interact through a web-based application and get the necessary solutions
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The goal of this research project is to create a web-based system that incorporates augmented reality (AR) to handle agricultural pest and disease control. The system will reliably identify and classify illnesses and pests using sophisticated picture analysis techniques led by computer vision and machine learning. After identification, the system will provide customers sustainable and organically based non-chemical solutions that prioritize crop health over the long term and environmental responsibility.
In addition to being a tool, the system will act as a decision-support system, giving farmers and other stakeholders important information they need to make wise decisions. This all-encompassing, technologically advanced solution blends traditional sustainable agricultural knowledge with state-of-the-art digital innovation within an intuitive web-based platform. By incorporating AR, the system is brought to a new level where the digital and physical worlds coexist together, offering a revolutionary solution to problems facing agriculture.
The goal of the research thesis is to reinvent agricultural issues management and strategy by focusing on sustainability, accessibility, and innovation. This innovative technology, powered by augmented reality and sophisticated picture analysis, has the potential to completely transform the agricultural industry by providing farmers and other stakeholders with a priceless tool for ensuring the health and success of their crops.

[bookmark: _Toc84968692][bookmark: _Toc145385648][bookmark: _Toc150095550][bookmark: _Toc84968693]Specific Objectives
Below mentioned points are some sub objectives about the research. 
Improving disease and pest management in agriculture is the main goal of this research. It entails encouraging conventional organic farming, leveraging bespoke vision for machine learning, and visually analyzing the effects of pests. The objective is to develop a clever solution that provides non-chemical solutions for well-informed decision-making. The compilation of the dataset, pre-processing, model selection, and training for expense classification are important phases. The research combines tradition and technology to promote sustainable agriculture.
· To capture and understand the visual impacts on plants by the pests 
· To understand some techniques related to machine learning like custom vision and train a model 
· To understand about the traditional organic crops and non-chemical pesticides for a productive cultivation. 
· To provide a smart solution to provide decisions to the user.
· Creating a proper dataset to train the machine learning model
· Pre-process the dataset to give accurate results
· Select an appropriate machine learning model to classify expenses.
· Train the machine learning model using pre-processed dataset.
· Select the highest accurate machine learning(ml) model to classify expenses.


[bookmark: _Toc145385649][bookmark: _Toc150095551]METHODOLOGY
The main intention of this component is to provide a web-based application to capture the unknown pests and diseases through a trained model and provide the user with the necessary non-chemical or natural solutions with the concept of crop rotation. Once the image is provided it will go through a trained model and identify the creatures or defected areas with the YOLO algorithm object detection with the use of flask server. Then the necessary data will be filtered and displayed according to the identified results from the knowledge-based system. Other than that, yolo algorithms are planned to use to identify the colors of the leaves and necessary Nitrogen usage for those crops. As a summarization we can mention the below points about the methodology of this component. 
• Identify the pests and leaf diseases through YOLO algorithm trained model. 
• Identify the leaves color differences with the YOLO algorithm. 
• Provide collected organic or natural solutions through a knowledge-based system according to the identified results.
 • Provide valuable information and decisions for the crop rotation of the field.

[bookmark: _Toc145385650][bookmark: _Toc150095552]Problem Statement
Improving disease and pest management in agriculture is the main goal of this research. It entails encouraging conventional organic farming, leveraging bespoke vision for machine learning, and visually analyzing the effects of pests. The objective is to develop a clever solution that provides non-chemical solutions for well-informed decision-making. The compilation of the dataset, pre-processing, model selection, and training for expense classification are important phases. The research combines tradition and technology to promote sustainable agriculture.

[bookmark: _Toc145385651][bookmark: _Toc150095553]Requirement Gathering and Analysis
Gannoruwa agriculture research center As one of the key requirements gathering areas, we have identified Gannoruwa agriculture research center to gather information and data about the organic crop 21 production and crop rotation. Since they are involving in the organic cultivation the research center is capable of providing the necessary data about the
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Improving disease and pest management in agriculture is the main goal of this research. It entails encouraging conventional organic farming, leveraging bespoke vision for machine learning, and visually analyzing the effects of pests. The objective is to develop a clever solution that provides non-chemical solutions for well-informed decision-making. The compilation of the dataset, pre-processing, model selection, and training for expense classification are important phases. The research combines tradition and technology to promote sustainable agriculture.
[bookmark: _Toc145385654][bookmark: _Toc150095556]Individual System Diagram
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The YOLOv5 algorithm is utilized by our research component to provide increased capabilities in identifying pests based on supplied photographs, with a particular focus on advanced pest identification.
Integration of Augmented Reality: We incorporate Augmented Reality (AR) to further enhance pest detection. With AR overlays, this cutting-edge technology improves user experience by providing real-time pest recognition.
Tailored Solutions: Our system goes above and beyond simply identifying pests. Following a pest's identification, it provides users with information and direction by providing specialized, suitable treatments.
Preparing the Dataset: We know that a solid dataset is essential to a successful model training process. We source, curate, and augment datasets as part of our research component to make sure the YOLOv5 model is trained with the best possible data.
With its all-encompassing strategy, pest control is about to undergo a revolutionary change, offering users a potent, technologically advanced crop protection and sustainable agricultural solution.

[bookmark: _Toc145385655][bookmark: _Toc150095557]Data Collection
Our machine learning model is based on the painstaking compilation of a dataset with about 6,400 photos covering 15 different pest classes. Every picture has a detailed label, and each file has a label that corresponds to it. Our YOLO model uses this dataset as a foundation to be accurately recognized and classified as a pest.
Understanding how crucially important high-quality datasets are, we also augmented the dataset to make it more robust. The method of augmentation guaranteed that our model is capable of managing a wide range of real-world scenarios and variances.
A good dataset is essential for effective model training. It creates a link between theory and real-world application, allowing the model to grow and change efficiently. A thorough and properly annotated dataset is essential for accurate, dependable, and useful results in the field of pest identification. This way, our technology can yield insightful information for agricultural pest control.

[bookmark: _Toc145385656][bookmark: _Toc150095558]Implementation
[bookmark: _Toc145385657][bookmark: _Toc150095559]Creating the Pest Classification Model
Install the YOLO framework along with any necessary libraries and dependencies.
In order to train models, several tools are required. Separate file is created for the requirements. Once the file is loaded, necessary libraries will be installed.
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The dataset loads into Google Colab without any problems. Prior to this, a careful data augmentation procedure was used to improve training dataset visibility and adaptability, making sure the dataset is ready for the next steps of the training process.
[image: ]

One of the most important steps in preparing a dataset is to carefully divide the data into subsets for testing and training. In machine learning, this division is essential because it sets aside a section of the dataset for model training and another for validation and testing. In doing so, it prevents overfitting and improves the model's overall reliability by allowing a thorough assessment of its performance and guaranteeing that the model's generalization skills go beyond the training set.
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Model training with the loaded dataset. This has been trained within 50 epochs. 
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After training, the YOLO (You Only Look Once) method outputs the generated model weights. The Flask server, which serves as a platform for users to engage with the model and receive real-time object detection predictions, incorporates these weights. Effective and real-time prediction skills are made possible by this smooth integration, which takes the YOLO model from the training stage to real-world application. [image: A screenshot of a computer
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Testing the created weighted model by providing an image to get the predictions.
[image: A screenshot of a computer program

Description automatically generated]

Our project involves using React Native to create a mobile application from scratch. This program will function as a front-end interface that is responsive and dynamic. In addition, we're using Flask to help us build a solid backend infrastructure. To facilitate seamless connection between the front-end and back-end components, a set of APIs that manage data and user interactions will be hosted by the Flask server.
We have selected Firebase as the database option in order to improve data storage, retrieval, and overall application efficiency. Firebase, which is renowned for its scalability and real-time capabilities, will offer a smooth and quick user experience.
React Native is used for the mobile application, Flask is used for backend APIs, and Firebase is used for data storage. This combination of technologies results in a mobile application that is both flexible and easy to use. An application with many features, excellent connectivity, and great efficiency for a range of use cases will be the end product.

[bookmark: _Toc145385659][bookmark: _Toc150095560]Deployment and Maintenance

[bookmark: _Toc145385660][bookmark: _Toc150095561]Tools and Technologies
· [bookmark: _Hlk148708270]Python
· Jupyter Notebook
· React-Native
· Firebase
· PuTTY
· AWS
· Google Colab
· Numpy
· React Native
· Vs Code

[bookmark: _Toc145385661][bookmark: _Toc150095562]Commercialization

Not just enterprise-level users will be able to utilize the system we're developing for the identification of pests and diseases and the supply of natural, non-chemical solutions. It is intended to benefit home users just as much. This adaptable web application is designed to serve a wide range of users, including farmers, agriculture professionals, and anybody else involved in crop production.

Furthermore, the design of our system is centered on user-friendliness. To increase user appeal and make the program accessible to users of various backgrounds and skill levels, we place a high priority on an intuitive interface.

This system is intended for a wide range of users, including researchers, farmers, students studying agriculture, organic crop producing firms, and stakeholders. Essentially, it's a multifaceted instrument that unites different agricultural stakeholders.

Numerous databases pertaining to pests, crop illnesses, and their remedies are utilized by our system. Our goal is to help manage pests and diseases by giving users useful and accurate information by utilizing cloud computing and machine learning methods.
Target audience  
• Researches 
• Farmers 
• Agriculture students 
• Organic crop production companies 
• Stakeholders 
• All of the domestic users Market Space 
• No age limitations for the users 
• No prior knowledge is required 
• Basic knowledge would be enough to use the web application

Our market's inclusiveness is what makes it unique:
People of all ages can use it because there are no age restrictions for users.
[bookmark: _Toc84968700]It is not necessary to have any prior specialized knowledge to utilize and navigate the online application. To ensure usability for a broad spectrum of users, from beginners to professionals in the field of agriculture, a basic understanding is sufficient.
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[bookmark: _Toc145385663][bookmark: _Toc150095564]Test Plan and Strategy

Developing a strong test strategy and plan is essential to software development in order to guarantee the performance and dependability of the product. The test plan functions as a thorough document that outlines the goals, objectives, and particular tasks needed for testing for the project. On the other hand, the test strategy is a collection of rules that control the software testing procedure; it specifies the features and components that will be examined and evaluates any possible dangers to the user.
Software testing can only be successful with a well-organized test strategy and plan. They improve the final product's quality and dependability by facilitating early problem discovery.
The test plan serves as a guide for carrying out software testing at the appropriate calibre. It includes the following crucial actions:
1. Define the Testing Scope: Choose the features of the programme that require testing. By defining the parameters of testing, this stage guarantees that no crucial features are overlooked.

2. Identify Critical Functions: Emphasise the functions that are most important to users and those who are at higher risk. Providing a dependable product requires giving testing for these components top priority.

3. Test Case Development: Using use case descriptions as a guide, create test cases. Testers can evaluate the software's performance in a variety of settings by using these test cases, which mimic real-world situations.

4. Execution of Test Cases: Carry out the prepared test cases and carefully document the results. Finding any differences between the expected and actual results depends on this phase.
5. Finding bugs: While testing, find and record any problems or bugs that crop up. Good documentation is necessary for effective troubleshooting.

6. Fixing bugs: Take care of and fix any issues that were discovered during testing. This stage is essential for removing software bugs and guaranteeing a reliable final result.

7. Iterative Testing: Run the test cases again and again until the desired outcomes are consistently obtained. By using an iterative process, the software is guaranteed to satisfy the required performance and quality standards.

8. In conclusion, an organised and methodical approach to software testing is provided by a well-structured test plan and strategy. These papers make it easier to find and fix errors, improving the quality and dependability of the finished product and satisfying user and stakeholder expectations.
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	Test Case ID
	01

	Test Case
	Classify Ash weevil

	Test Scenario
	Classify Ash weevil to the correct category

	Input
	Ash weevil

	Expected Output
	Ash weevil

	Actual Result
	Ash weevil

	Status(Pass/Fail)
	Pass
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	Test Case ID
	02

	Test Case
	Classify Mealy Bug

	Test Scenario
	Classify Mealy Bug to the correct category

	Input
	Mealy Bug

	Expected Output
	Mealy Bug

	Actual Result
	Mealy Bug

	Status(Pass/Fail)
	Pass
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	Test Case ID
	03

	Test Case
	Classify Blister Beetle

	Test Scenario
	Classify Blister Beetle to the correct category

	Input
	Blister Beetle

	Expected Output
	Blister Beetle

	Actual Result
	Blister Beetle

	Status(Pass/Fail)
	Pass
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	Test Case ID
	04

	Test Case
	Classify White fly

	Test Scenario
	Classify White fly to the correct category

	Input
	White fly

	Expected Output
	White fly

	Actual Result
	White fly

	Status(Pass/Fail)
	Pass
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	Test Case ID
	05

	Test Case
	Classify Uroleucon

	Test Scenario
	Classify Uroleucon to the correct category

	Input
	Uroleucon

	Expected Output
	Uroleucon

	Actual Result
	Uroleucon

	Status(Pass/Fail)
	Pass
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The goal of the research project was to combine augmented reality (AR) technology with the YOLO (You Only Look Once) concept to create a comprehensive and creative system for detecting pests and offering solutions. The goal was to develop a tool that would be easy to use, effective, and dependable for identifying pests in agricultural settings and providing customised treatments, ultimately improving crop management and sustainability.
The incorporation of YOLO, a cutting-edge object identification technology, produced amazing outcomes. When it came to accurately detecting pests in photos and live camera feeds, the technology proved to be highly accurate. It outperformed conventional techniques, accurately and quickly identifying and classifying a broad variety of pests, from illnesses to insects. Robust findings were constantly demonstrated by the assessment measures, which included the precision (P), precision-recall (PR), and F1 score. The model's dependability and effectiveness in identifying pests were highlighted by these metrics.
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Augmented Reality (AR) was included, and this improved the user experience. Users could see identified pests in real-world settings by using augmented reality overlays, which helped them have a better understanding of the problem. This immersive method enhanced the decision-making process for pest management while also making the system more interesting.
Moreover, the achievement of the system's solution-providing component was noteworthy. After identifying a pest, the system provided customised and eco-friendly remedies. These solutions adhered to environmentally friendly and sustainable agricultural practises because they were based on organic and non-chemical treatments.
A large audience could utilise the technology because to its ease of usage. Individuals with diverse backgrounds in agriculture, including researchers, students, and farmers, might easily communicate with the system. The user-friendly interface made sure that everyone involved in crop production could utilise the technology and that it wasn't limited to any particular user group.
In summary, the study produced a ground-breaking system that revolutionised pest detection and management in agriculture by fusing state-of-the-art technology, YOLO object recognition, and augmented reality. The results showed remarkable accuracy in identifying pests, an engaging user experience, and the supply of long-lasting, non-chemical remedies. These included the F1 score, precision, and PR curves. In addition to improving crop management, this technique advances the larger objectives of environmentally responsible and sustainable agriculture.
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The results of this study mark a substantial advancement in the field of agricultural pest detection and management. Supported by extensive evaluation measures, the YOLO (You Only Look Once) concept combined with augmented reality (AR) technology produced encouraging outcomes.
A very accurate pest detection technology that outperformed conventional techniques was revealed by the research. The precision and dependability of the system were consistently shown by the precision (P), precision-recall (PR), and F1 score curves. In terms of crop management, this leads to a more effective and efficient way to identify pests, from insects to diseases.
The user experience was improved with the advent of augmented reality, which made it possible to visualise pests in the real world in an immersive manner. This enhanced the system's usability and allowed for better decision-making when it came to pest control tactics.
An further noteworthy development was the system's capacity to offer customised, environmentally friendly remedies for pests that were discovered. The research advances sustainable farming methods by providing organic and non-chemical remedies.
All things considered, the research results show a thorough and approachable solution that can be used by a wide range of people, including farmers, experts in the field of agriculture, researchers, and students. These results position the system as a significant asset in the fields of crop production and pest management, supporting the broader objective of ecologically conscious and sustainable agriculture.
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Agriculture has advanced significantly as a result of the YOLO (You Only Look Once) paradigm and Augmented Reality (AR) combined for pest identification and management. The ramifications, difficulties, and possible uses of these findings are discussed.
Improved Accuracy and Reliability: The main accomplishment of the research is its capacity to greatly improve pest detection accuracy and reliability. The precision (P), precision-recall (PR), and F1 score curves all clearly showed how robust the model was. This reduces the possibility of false positives and false negatives while also quickening the identification process. Consequently, this enables farmers and other agriculture experts to make informed judgements on pest management tactics, which in turn leads to increased crop yields and less resource waste.
Practical Applications: This research has a wide range of practical applications. This technology can be modified for use in organic crop production, which goes beyond conventional agriculture and allows for environmentally friendly methods. This tool can help with academic and research endeavours for both students and researchers. No matter how experienced the user is, accessibility is guaranteed by the user-friendly interface.
Sustainable Agriculture: This research's compliance with sustainable agriculture principles is among its most important features. The system helps with ecologically friendly crop management by offering organic and non-chemical options. This is especially important in a time when environmentally friendly and sustainable practises are becoming more popular.
Obstacles and Prospects for Future Research: Despite the encouraging outcomes, a number of obstacles and chances for additional study remain. More varied datasets can be added to the system to further improve its accuracy and robustness. To offer a comprehensive pest control system, more extensive AR overlays and real-time monitoring of pest infestations can be investigated.
In summary, agriculture has advanced significantly with the use of YOLO and augmented reality in pest detection and management. It supports sustainable practises and enhances the precision and dependability of pest identification. Farmers, academics, and the environment could all gain from a revolution in the way agriculture tackles pest management as the study develops and overcomes obstacles.

[bookmark: _Toc145385669][bookmark: _Toc150095570]CONCLUSION
An important development in agricultural pest detection and management is the YOLO model's integration with augmented reality (AR). The study's conclusions highlight the system's dependability and accuracy, improving pest identification precision.
This technology has a wide range of practical applications for farmers, agriculture professionals, researchers, and students. Its user-friendly interface guarantees accessibility.
To further improve the efficacy of the system, future research topics include enlarging datasets and investigating real-time monitoring capabilities.
To sum up, the combination of YOLO and augmented reality has the potential to completely change the agricultural industry by encouraging sustainable and accurate pest management, which will ultimately be good for the environment and agriculture.
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[ 1 !python train.py --data data.yaml --cfg yolovSs.yaml --batch-size 8 --name Model --epochs 50
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fatal: cannot change to '/content/drive/MyDrive/YOLO': No such file or directory
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hyperparameters: 1ro=0.01, 1rf=.01, momentum=0.937, weight decay=0.0005, warmup_epochs=3.0, warmup_momentum:
CleariL: run 'pip install clearml’ to automatically track, visualize and remotely train YOLOVS # in ClearML
Comet: run 'pip install comet ml' to automatically track and visualize YOLOVS # runs in Comet

TensorBoard: Start with 'tensorboard --logdir runs/train’, view at http://localhost:6006/
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7 -1 1 1180672 models.common.Conv [256, 512, 3, 2]

8 -1 1 1182720 models.common.C3 [512, 512, 1]

9 -1 1 656896 models.common.SPPF [512, 512, 5]
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12 [-1, 6] 1 © models. common.Concat [1]
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Instances
51
10
11
11
19

P
0.873
0.998
0.978
0.516

1

3
0.974
1
1
0.909
0.989

mAP50
0.895
0.995
0.995
0.594
0.995

mMAP50-95: 100% 3/3 [00:01<00:
0.637
0.685
0.684
0.386
0.795
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Ipython export.py --weights runs/train/Model2/weights/best.pt --include torchscript onnx

export: data=data/coco128.yaml, weights=[ ‘runs/train/Model2/weights/best.pt’], imgsz=[640, 640], batch size=1, c
fatal: cannot change to '/content/drive/MyDrive/YOLO': No such file or directory
YOLOVS ¢ 2023-5-16 Python-3.10.11 torch-2.0.@+cu118 CPU

Fusing layers...
YOLOVSs summary: 157 layers, 7050580 parameters, © gradients, 15.9 GFLOPs

PyTorch: starting from runs/train/Model2/weights/best.pt with output shape (1, 25200, 20) (13.8 MB)

Torchscript: starting export with torch 2.0.0+culls...
Torchscript: export success M 2.4s, saved as runs/train/Model2/weights/best.torchscript (27.3 MB)
requirements: Ultralytics requirement “onnx>=1.12.0" not found, attempting AutoUpdate...
Looking in indexes: https://pypi.org/simple, https://us-python.pkg.dev/colab-wheels/public/simple/
Collecting onnx>=1.12.0

Downloading onnx-1.14.0-cp310-cp310-manylinux 2 17 x86 64.manylinux2014 x86 64.whl (14.6 MB)
14.6/14.6 MB 257.0 MB/s eta 0:00:00
Requirement already satisfied: numpy in /usr/local/lib/python3.1@/dist-packages (from onnx>=1.12.0) (1.22.4)
Requirement already satisfied: protobuf>=3.20.2 in /usr/local/lib/python3.10/dist-packages (from onnx>=1.12.8) (
Requirement already satisfied: typing-extensions>=3.6.2.1 in /usr/local/lib/python3.16/dist-packages (from onnx>
Installing collected packages: onnx
Successfully installed onnx-1.14.0





image16.png
ONNX: starting export with onnx 1.14.0...
= Diagnostic Run torch.onnx.export version 2.0.0+cu1l8 =
verbose: False, log level: Level.ERROR

= © NONE © NOTE © WARNING © ERROR =

ONNX: export success ¥ 10.4s, saved as runs/train/Model2/weights/best.onnx (27.3 MB)

Export complete (13.7s)
Results saved to /content/drive/MyDrive/YOLO Training/yolov5/runs/train/Model2/weights

Detect: python detect.py —-weights runs/train/model2/weights/best.onnx
Validate: python val.py --weights runs/train/Model2/weights/best.onnx
PyTorch Hub: model = torch.hub.load("ultralytics/yolovs’, ‘custom’, ‘runs/train/Model2/weights/best.onnx")

Visualize: https://netron.app




image17.png
[ 1 !python detect.py --weights runs/train/Model2/weights/best.pt --source 5.jpeg --name runs

detect: weights=['runs/train/Model2/weights/best.pt’], source=5.jpeg, data=data/coco128.yaml, imgsz=[640, 640],
requirements: /usr/local/lib/python3.10/dist-packages/requirements.txt not found, check failed.

fatal: cannot change to '/content/drive/MyDrive/YOLO": No such file or directory

YOLOVS € 2023-5-16 Python-3.10.11 torch-2.@.@+cull8 CUDA:@ (Tesla T4, 15102MiB)

Fusing layers. ..

YOLOVSs summary: 157 layers, 7050580 parameters, © gradients, 15.9 GFLOPS

image 1/1 /content/drive/MyDrive/YOLO Training/yolov5/5.jpeg: 640x640 6 whiteflys, 11.7ms
Speed: ©.8ms pre-process, 11.7ms inference, 1.5ms NMS per image at shape (1, 3, 640, 640)
Results saved to runs/detect/runs3
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@ none @ form-data @ x-www-form-urlencoded @ raw @ binary @ GraphQL

KEY VALUE DESCRIPTION oo Bulk Edit
image Mealy Bugjpeg %
Body Cookies Headers (6) Test Results @ status: 200 0K Time: 5645 Size: 640B  Save Response
Pretty  Raw  Preview  Visualize  JSON v =5 m Q
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2 “annotated_image": null,
E "detections": [
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7 3,
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