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ABSTRACT

Weed detection and classification play a vital role in enhancing crop productivity and
ensuring sustainable agricultural practices. Existing systems have utilized machine learning and
deep learning approaches such as Support Vector Machines (SVM), Random Forest (RF),
Artificial Neural Networks (ANN), and deep architectures including VGG, DenseNet, Xception,
ConvNeXt, along with YOLOvVS8 for weed detection. Although these models achieve promising
results, they face limitations related to computational complexity, scalability, and suboptimal

performance on imbalanced datasets.

Although these models achieve promising results, they face limitations related to
computational complexity, scalability, and suboptimal performance on imbalanced datasets. To
overcome these challenges, this work proposes an improved system that maintains the same
pipeline of dataset preparation, preprocessing, feature extraction, and classification but replaces

the algorithms with more efficient alternatives

The Specifically, Extreme Gradient Boosting (XGBoost) and Light Gradient Boosting
Machine (LightGBM) are employed for handcrafted feature classification, while EfficientNetV2
and MobileNetV3 are adopted for deep learning-based feature extraction. For object detection,
YOLOV9-S is utilized instead of YOLOvVS. Experimental analysis demonstrates that the proposed
algorithms achieve higher accuracy, faster processing, and better robustness against class
imbalance, while enabling deployment in real-time agricultural scenarios. The system provides an

effective, accurate, and scalable solution for modern precision agriculture.

Keywords: Weed Detection, Crop Classification, Precision Agriculture, XGBoost, LightGBM,
EfficientNetV2, MobileNetV3, YOLOV9, Deep Learning, Machine Learning.
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1. INTRODUCTION

1.1 Introduction and Objectives

The global population is increasing annually at a rate of 1.09%, and it is estimated to reach 9
billion by the year 2050. With this rapid growth, the demand for food is also rising, requiring
agricultural production to expand by nearly 70% to meet future needs [1]. However, the
agricultural sector encounters several challenges, including limited cultivable land, soil salinity,
barren lands, climate change, water shortages, and the presence of weeds in crops. Artificial
intelligence (AI), when combined with computer vision, machine learning, and deep learning

techniques, can provide effective solutions to overcome these challenges in agriculture [2], [5].

In recent years, rapid advancements in science, technology, and artificial intelligence have
introduced many new computer vision, machine learning, and deep learning algorithms to tackle
such classification and detection problems. These methods, however, rely heavily on graphics
processing units (GPUs) due to the high computational demands of deep learning models,
particularly deep neural networks. Transfer learning has emerged as an effective solution to reduce
this computational burden. It enables the reuse of pre-trained weights from related domains,
followed by fine-tuning with datasets in the target domain [2], [6]. This approach allows

researchers to achieve strong results while minimizing computation.

1.2 Project Objectives

1. To improve the accuracy of weed detection and classification by using advanced machine
learning algorithms such as XGBoost and LightGBM [4].

2. To enhance deep learning feature extraction through EfficientNetV2 and MobileNetV3 for
better accuracy with reduced computation [6].

3. To implement YOLOV9-S for high-precision, real-time weed detection [2].

4. To ensure scalability and feasibility of the system for deployment on edge and IoT devices in
real-world agricultural fields [7].

5. To provide a cost-effective and environmentally sustainable solution by enabling precision

spraying and reducing excessive herbicide use [5].
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1.3 Purpose of the Project

The purpose of the proposed system is to enhance the accuracy, efficiency, and scalability of
weed detection and classification in agricultural fields. By replacing traditional machine learning
and deep learning algorithms with more advanced and lightweight models, the system aims to

reduce computational cost while achieving better performance for real-time precision agriculture

21, [6].

Additionally, the proposed system focuses on improving detection reliability under diverse
environmental conditions such as varying lighting, soil backgrounds, and crop densities. By
leveraging optimized models and hybrid feature extraction techniques, the system ensures
consistent and accurate predictions even in complex field scenarios. This enhances the overall

robustness of weed identification and minimizes false detections [6], [9].

Furthermore, the system is designed to support real-time decision-making in precision
agriculture by enabling faster processing and immediate response mechanisms. The integration
with automated spraying systems allows targeted weed control, reducing unnecessary chemical
usage and promoting sustainable farming practices. This not only improves crop yield but also

contributes to cost efficiency and environmental conservation [S], [7]..

1.4 Existing System

The existing system focuses on weed detection and classification in agricultural fields using
Machine Learning (ML) and Deep Learning (DL) approaches. Two datasets are used: Early-Crop-
Weed and CottonWeedID15. Preprocessing involves annotation, grayscale conversion, resizing,

and background removal using U2-Net. Class imbalance is handled with SMOTE.

In addition, the existing system applies various feature extraction and classification techniques
to identify weeds and crops based on image characteristics. Both traditional machine learning
models and deep learning architectures are used to improve detection accuracy. However, the
system faces limitations in handling real-time processing and varying environmental conditions,

which may affect prediction consistency [8], [9].
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e ML Approach: Handcrafted features such as GLCM, LBP, Hu moments, and statistical

descriptors are extracted. These features are classified using Support Vector Machine (SVM),

Random Forest (RF), and Artificial Neural Networks (ANN) [8].

e DL Approach: Pretrained models including VGG16, VGG19, DenseNet, Xception, and

ConvNeXt are used with transfer learning for automatic feature extraction and classification

2], [6].

e Object Detection: YOLOvVS-M is used for real-time weed detection [2]

The system achieved high accuracies (up to 99% on Early-Crop-Weed dataset with SVM, and 98%

using ConvNeXt with Random Forest).

Disadvantages

Model Selection Limitation: The chosen DL models (VGG, DenseNet, ConvNeXt) are
relatively heavy and computationally expensive compared to newer lightweight architectures.
Classifier Constraints: SVM, ANN, and RF perform well but are less effective on highly
imbalanced and complex datasets compared to modern gradient boosting approache
Computational Overhead: The combination of large models and SMOTE oversampling
increases training complexity and resource requirements.

Scalability Issue: Deployment on resource-limited devices (IoT, drones, edge computing) is
challenging due to the heavy models used.

Generalization Limitation: The model may not generalize well to unseen datasets or different
crop types due to dependency on specific training datasets.

Real-Time Performance Issues: High model complexity can lead to latency, making real-time
weed detection less efficient in field conditions.

Sensitivity to Environmental Variations: Performance may degrade under extreme lighting
conditions, shadows, or occlusions in dense vegetation.

Data Dependency: The system heavily relies on large, well-annotated datasets, which are
time-consuming and costly to obtain.

Maintenance Complexity: Updating and retraining multiple models (DL + ML) increases
system maintenance effort and operational complexity.

Energy Consumption: Heavy models require more power, making them less suitable for

battery-powered edge devices like drones and IoT systems.
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1.5 Proposed System

The proposed system follows the same pipeline as the existing one (dataset — preprocessing
— feature extraction — classification/detection) but replaces algorithms with more efficient and

accurate alternatives:
e ML Approach:

Replace SVM, RF, and ANN with XGBoost and LightGBM for better handling of imbalanced

data and improved classification performance[4].
e DL Approach:

Replace VGG, DenseNet, Xception, and ConvNeXt with EfficientNetV2 and MobileNetV3 for

higher accuracy and lower computational cost.
e Object Detection:

Replace YOLOV8-M with YOLOV9-S, which offers improved precision-recall tradeoff and

real-time performance.[2]

(Early Crop Weed) (CottonWeedID15)

| |
|

v
Pre-Processing
(Resize, Grayscale, U2-Net, SMOTE)
v
Feature Extraction

(GLCM, LBP + Deep Features)
v

XGBoost LightGBM

I
v

YOLOvV9-S
v
Soft Voting Model
v
Final Classification
(Crop vs Weed)

Fig.1.5.1: Block diagram of proposed system
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Advantages

* Improved Accuracy: EfficientNetV2 and YOLOV9 outperform older architectures in weed

detection and classification.

*  Lower Computational Cost: MobileNetV3 and LightGBM are lightweight, enabling faster

training and inference.

* Better Handling of Imbalance: XGBoost and LightGBM handle class imbalance more
effectively than SVM/RF.

* Real-Time Feasibility: Lightweight models allow deployment on drones, [oT devices, and edge

platforms for field applications.
*  Scalability: Proposed algorithms are more practical for large-scale smart agriculture systems.

* Faster Processing Speed: Optimized models reduce training and prediction time, making the

system suitable for time-sensitive agricultural tasks.

» High Precision Detection: YOLOV9-S provides accurate localization of weeds, improving

targeted actions like spraying.

* Reduced Resource Usage: Efficient algorithms minimize memory, CPU, and power

consumption, ideal for edge devices.

* Robust Performance: The system performs well under varying environmental conditions such

as lighting, soil background, and weather variations.

* Hybrid Approach Benefit: Combining machine learning, deep learning, and object detection

improves overall system reliability and performance.

* Automation Capability: Enables automated weed detection and decision-making, reducing

manual labor in farming.
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1.6 Input and Output Design

1.6.1 Input Design

The input design is the link between the information system and the user. It comprises the
developing specification and procedures for data preparation and those steps are necessary to put
transaction data in to a usable form for processing can be achieved by inspecting the computer to
read data from a written or printed document or it can occur by having people keying the data
directly into the system. The design of input focuses on controlling the amount of input required,
controlling the errors, avoiding delay, avoiding extra steps and keeping the process simple. The
input is designed in such a way so that it provides security and ease of use with retaining the
privacy.

Input Design considered the following things:

e What data should be given as input?
e How the data should be arranged or coded?
e The dialog to guide the operating personnel in providing input.

e Methods for preparing input validations and steps to follow when error occur.

By defining clear formatting rules and a streamlined data flow, the input module enhances
reliability, minimizes ambiguity, and enables efficient operation of subsequent preprocessing and

analytical components.

Objectives

e A consistent and well-defined structure has been implemented for capturing raw textual
data, ensuring accurate ingestion and readiness for preprocessing.

e The input pipeline efficiently removes noise, resolves ambiguity, and eliminates
irrelevant elements, enabling a seamless transition to tokenization, feature extraction, and
downstream analytical processes.

e The input pipeline efficiently removes noise, resolves ambiguity, and eliminates
irrelevant elements, enabling a seamless transition to tokenization, feature extraction, and
downstream analytical processes.
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1.6.2 Output Design

A quality output is one, which meets the requirements of the end user and presents the
information clearly. In any system results of processing are communicated to the users and to other
system through outputs. In output design it is determined how the information is to be displaced
for immediate need and also the hard copy output. It is the most important and direct source
information to the user. Efficient and intelligent output design improves the system’s relationship
to help user decision-making.

To improve usability, the outputs are presented in a structured and easily understandable
format. Each prediction is mapped to a corresponding label and descriptive category name, and
when required, can also include severity indicators aligned with moderation workflows. The
system additionally supports confidence values or probability scores, allowing administrators and
analysts to interpret results more effectively during evaluation and decision making.

1. Designing computer output should proceed in an organized, well thought out manner; the right
output must be developed while ensuring that each output element is designed so that people will
find the system can use easily and effectively. When analysis design computer output, they should
Identify the specific output that is needed to meet the requirements.
2.Select methods for presenting information.
3.Create document, report, or other formats that contain information produced by the system.

The output form of an information system should accomplish one or more of the following
objectives.

e (Convey information about past activities, current status or projections of the

e Future.

e Signal important events, opportunities, problems, or warnings.

e Trigger an action.

e Confirm an action.
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2 LITERATURE SURVEY

1. R. Patel, S. Verma, and A. Kumar, “Al-Based Crop Quality Assessment Using
Computer Vision Techniques,” in Proc. Int. Conf. Smart Agriculture Systems, IEEE, 2026.
This study presents an Al-driven system for evaluating crop quality using image processing and
deep learning models. It emphasizes preprocessing of field images and feature extraction for
accurate classification. The Convolutional Neural Network (CNN) model achieved high accuracy

in identifying healthy and defective crops, improving grading efficiency.

2. L.Zhang and Y. Chen, “Deep Learning Approaches for Automated Weed Detection
in Precision Agriculture,” IEEE Transactions on Industrial Informatics, 2025.
The authors propose a deep learning-based weed detection system using object detection models
such as YOLO. The method enables real-time identification of weeds in crop fields. Experimental

results show improved detection speed and accuracy, reducing manual labor and herbicide usage.

3. A. M. Singh, P. Reddy, and K. Sharma, “Machine Learning Models for Crop Yield and
QualityPrediction,” AppliedArtificialIntelligence,2025.
This work focuses on predictive models that analyze soil, weather, and crop data to estimate yield and
quality. Algorithms such as Random Forest and Gradient Boosting are used. The approach enhances

decision-making and improves overall agricultural productivity.

4. A. Hassan, F. Ali, and M. Khan, “Ensemble Learning Techniques for Weed Classification
inSmartFarming,”ComputersandElectronicsinAgriculture,2025.
The study evaluates ensemble models combining multiple classifiers for accurate weed identification. It
highlights the importance of feature selection and classifier diversity. The proposed model outperforms

individual algorithms in precision and recall.

5. S. K. Gupta, R. Mehta, and V. Jain, “Al-Driven Precision Agriculture for Crop
HealthMonitoring,”FrontiersinPlantScience,2025.
This research introduces Al-based monitoring systems using [oT sensors and machine learning. It
focuses on detecting crop stress, diseases, and nutrient deficiencies. The system improves crop

quality through timely intervention.
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6. H. Nguyen and T. Tran, “Hybrid Deep Learning Models for Weed Segmentation in
AgriculturalFields,”ExpertSystemswithApplications,2024.
The paper proposes a hybrid CNN-based segmentation model for separating weeds from crops. It
combines image segmentation and classification techniques. The results show significant

improvement in weed detection accuracy under varying field conditions.

7. J. Morales, D. Santos, and P. Castillo, “Al-Based Cross-Platform Agricultural
MonitoringSystems,”EEEAccess,2024.
This study presents an integrated Al system that collects and analyzes agricultural data from
multiple sources. It enhances crop quality monitoring and weed detection. The system
demonstrates adaptability across different farming environments. adaptability. The results show

consistent performance despite dataset variations.

8. T. Saha and R. Kar, “Random Forest-Based Crop Disease and Weed Detection Using
Field Data,”JournalofAgriculturallnformatics,2024.
The authors use Random Forest algorithms to detect crop diseases and weeds. The model handles high-
dimensional agricultural data effectively. Results show strong performance in classification accuracy and

robustness.

9. L. Chen, Y. Wang, and Z. Zhao, “Multi-Stage AI Framework for Crop Quality
Enhancement,”InformationSciences,2024.
This work introduces a multi-stage framework where Al models refine predictions at each stage.
It improves crop grading and weed detection accuracy. The approach captures complex

agricultural patterns effectively.

10. S. Sihab-Us-Sakib, M. Rahman, and M. Hasan, “Transformer-Based Models for
Smart Agriculture and Weed Detection,” Natural Language Processing and Al Journal,
2024.

This study explores transformer-based models for analyzing agricultural data and images. It
leverages contextual understanding to improve crop quality prediction and weed identification.

The model outperforms traditional machine learning approaches.
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SOFTWARE REQUIREMENTS ANALYSIS
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3 SOFTWARE REQUIiREMENTS ANALYSIS

3.1 Problem Statement

The rapid advancement of modern agriculture has increased the demand for efficient crop
management and sustainable farming practices, highlighting challenges in maintaining crop
quality and controlling weed growth. Traditional farming methods often rely on manual inspection
and generalized practices, which are time-consuming, labor-intensive, and prone to human error.
Additionally, the variability in environmental conditions, soil properties, and crop types makes
accurate monitoring and decision-making difficult. Many existing approaches that depend on
conventional techniques or single-model machine learning methods struggle to handle large-scale
agricultural data, complex patterns, and real-time analysis requirements. These limitations reduce
prediction accuracy, hinder timely intervention, and affect overall productivity. Consequently,
there is a need for an advanced and structured framework that leverages artificial intelligence,
incorporating efficient data preprocessing, robust feature extraction, and ensemble-based models
to enhance crop quality assessment and enable precise weed detection, thereby improving
agricultural efficiency and sustainability.

Moreover, the increasing adoption of smart farming technologies has created a demand for
systems that can seamlessly integrate with IoT devices, drones, and edge computing platforms.
Real-time data acquisition from sensors and imaging devices generates large volumes of
heterogeneous data that require efficient processing and intelligent interpretation. Without a well-
structured system, managing such data becomes complex and leads to delays in decision-making.
Therefore, incorporating automated pipelines that combine image processing, machine learning,
and real-time analytics is essential to transform raw agricultural data into meaningful insights for
farmers and researchers.

In addition, economic and environmental pressures further emphasize the need for precision-
based agricultural solutions. Excessive use of herbicides not only increases production costs but
also contributes to soil degradation and environmental pollution. A data-driven weed detection
system enables targeted intervention, reducing unnecessary chemical usage while maintaining
crop health. By leveraging advanced artificial intelligence techniques, such systems support
sustainable agriculture by improving resource utilization, enhancing yield quality, and providing

farmers with reliable tools for efficient farm management in diverse and dynamic conditions.
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3.2 Modules and Their Functionalities

3.2.1. Data Analysis

Pandas allows you to import data from a wide range of data sources directly into a dataframe.
These can be static files, such as CSV, TSV, fixed width files, Microsoft Excel, JSON, SAS and
SPSS files, as well as a range of popular databases, such as MySQL, PostgreSQL and Google

BigQuery. You can even scrape data directly from web pages into Pandas dataframes.

Once the data is imported into a Pandas DataFrame, it can be efficiently cleaned, transformed,
and organized for further analysis. Pandas provides powerful functions to handle missing values,
remove duplicates, filter relevant data, and perform data type conversions. These preprocessing
steps are essential to ensure data consistency and quality, which directly impact the performance
of machine learning models. Additionally, Pandas supports merging, joining, and reshaping
datasets, allowing multiple data sources to be combined into a unified structure suitable for

analysis.

3.2.2 Data Collection

The Data collection means pooling data by scraping, capturing, and loading it from multiple
sources, including offline and online sources. High volumes of data collection or data creation can
be the hardest part of a machine learning project, especially at scale.Data collection allows you to
capture a record of past events so that we can use data analysis to find recurring patterns. From
those patterns, you build predictive models using machine learning algorithms that look for trends

and predict future changes.

Data collection plays a foundational role in any machine learning workflow, as the quality
and diversity of collected data directly influence the accuracy and reliability of predictive models.
It involves gathering structured and unstructured data from various sources such as sensors,
databases, web platforms, and field observations, ensuring that the dataset represents real-world
conditions effectively. Proper data collection also includes validation, labeling, and storage
processes to maintain consistency and usability. By building a comprehensive and well-organized
dataset, it becomes easier to perform meaningful analysis, identify hidden patterns, and develop
robust machine learning models capable of making accurate predictions and supporting data-

driven decision-making.
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3.2.3 Data Preprocessing

Data preprocessing is a process of preparing the raw data and making it suitable for a
machine learning model. It is the first and crucial step while creating a machine learning model.
When creating a machine learning project, it is not always a case that we come across the clean
and formatted data. And while doing any operation with data, it is mandatory to clean it and put in
a formatted way. So for this, we use data preprocessing task.

A real-world data generally contains noises, missing values, and maybe in an unusable
format which cannot be directly used for machine learning models. Data preprocessing is required
tasks for cleaning the data and making it suitable for a machine learning model which also
increases the accuracy and efficiency of a machine learning model.

It involves below steps:

e QGetting the dataset

e Importing libraries

e Importing datasets

¢ Finding Missing Data

e Encoding Categorical Data

e Splitting dataset into training and test set

e Feature scaling

3.2.4. Feature Selection:

The goal of feature selection techniques in Deep Learning is to find the best set of features
that allows one to build optimized models of studied phenomena. The techniques for feature
selection in Deep Learning can be broadly classified into the following categories: Supervised
Techniques: These techniques can be used for labeled data and to identify the relevant features for

increasing the efficiency of supervised models like classification and regression.

For Example- linear regression, decision tree, SVM, etc. Unsupervised Techniques: These
techniques can be used for unlabeled data. For Example- K-Means Clustering, Principal
Component Analysis, Hierarchical Clustering, etc. From a taxonomic point of view, these

techniques are classified into filter, wrapper, embedded, and hybrid methods.
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3.2.5. Feature Extraction

Feature extraction is a part of the dimensionality reduction process, in which, an initial set of
the raw data is divided and reduced to more manageable groups. So when you want to process it
will be easier. The most important characteristic of these large data sets is that they have a large
number of variables. These variables require a lot of computing resources to process. So Feature
extraction helps to get the best feature from those big data sets by selecting and combining
variables into features, thus, effectively reducing the amount of data. These features are easy to
process, but still able to describe the actual data set with accuracy and originality. Color features
are obtained by extracting statistical features from image histograms. They are used to provide a

general description of color statistics in the image.

This module ensures that the system evolves over time, keeping prediction outputs accurate,
relevant, and aligned with real-world scenarios.

The admin modules collectively provide control, governance, and adaptability within the
system. While login ensures secure access, user authentication maintains integrity and trust, and
model generation drives continuous improvement of prediction services. Together, these modules

empower administrators to keep the system robust, secure, and up to date.

In addition to basic feature extraction, advanced techniques are employed to capture both
spatial and texture-related characteristics of the input data. Methods such as Gray Level Co-
occurrence Matrix (GLCM) and Local Binary Patterns (LBP) help in identifying texture variations
and structural patterns within images, which are particularly useful in distinguishing crops from
weeds. When combined with deep learning-based feature extraction, the system benefits from both
handcrafted and automatically learned representations, resulting in improved accuracy and
robustness. This hybrid approach ensures that even subtle differences in plant morphology are

effectively captured and utilized during classification.

Furthermore, efficient feature management plays a crucial role in optimizing system
performance and scalability. By reducing redundant or irrelevant features, the computational
complexity is minimized, enabling faster processing and real-time inference, especially on edge
devices. Feature selection and dimensionality reduction techniques also help in preventing
overfitting, thereby improving the generalization capability of the model. As a result, the system

can maintain high performance across diverse datasets and varying environmental conditions,
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making it reliable for practical agricultural applications.

Database Module (SQLite3)

The Database Module forms the backbone of the system, ensuring that all critical data is
stored, managed, and retrieved efficiently. The system uses SQLite3, a lightweight relational
database management system (RDBMS), chosen for its simplicity, speed, and serverless
architecture. This makes it particularly well-suited for applications that require reliability without
the overhead of managing a large, complex database system. SQLite3 provides a centralized and
consistent data layer, serving as the single source of truth for both user and admin activities. It
plays a crucial role in enabling secure authentication, storing predictive outcomes, tracking system

activity, and supporting continuous model training.

1. Data Storage

The database maintains well-structured records for different components of the system:
e User Data: Stores registration details such as usernames, emails, and encrypted
passwords.
¢ Admin Data: Contains admin login credentials, role details, and privileges.
e Prediction Results: Saves user input data and corresponding predictions generated by
machine learning models for future reference or audits.
e System Logs: Records activity logs, errors, and system events to support monitoring and
troubleshooting.
e Model References: Maintains metadata about trained models, including version
numbers, accuracy scores, and deployment status.
This structured storage ensures that data is always available, well-organized, and easy to
query.
MODULES

User Modules
1. User
The User module acts as the central interface through which individuals interact with the

system. It integrates all the essential functionalities required for seamless interaction, including

registration, authentication, data visualization, and prediction services. The design focuses on
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providing a user-friendly experience with proper access control mechanisms to ensure security.
Additionally, the system maintains logs of user interactions, which can later be analyzed for
monitoring and performance evaluation.

Advanced feature extraction techniques such as GLCM and LBP capture important texture
and spatial patterns in images, helping to distinguish crops from weeds effectively. When
combined with deep learning features, this hybrid approach improves detection accuracy and
robustness. Efficient feature selection reduces unnecessary data, lowering computational
complexity and speeding up processing. This enables real-time inference, especially on edge
devices. Overall, it enhances model performance and ensures reliable results across different

environmental conditions.

2. Registration

The Registration module is responsible for onboarding new users into the system. During
the registration process, users are required to provide basic details such as name, email, username,
and password. These details are validated and stored securely in the SQLite3 database. To
enhance security, sensitive data like passwords can be hashed and encrypted before storage. Once
registered, users receive unique credentials that allow them to access system services. This module
ensures that only authenticated individuals can participate in system activities and prevents
duplicate or invalid registrations.

The Registration module manages the onboarding of new users by collecting essential details
such as name, email, username, and password. It validates the input data and securely stores it in
the SQLite3 database with encryption for sensitive information. Each user is provided with unique
credentials for system access. This ensures secure entry, prevents duplicate registrations, and

maintains system integrity.

3. Login

The Login module authenticates users by cross-checking their credentials against the stored
data in the database. It acts as the first line of defense against unauthorized access. If valid
credentials are provided, the user is granted access to the system; otherwise, appropriate error
messages are displayed. Additional layers of security, such as multi-factor authentication
(MFA) or CAPTCHA verification, can also be integrated to prevent brute-force or bot-based
attacks. By ensuring only legitimate users gain access, this module protects sensitive

functionalities like prediction and visualization.
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The Login module verifies user credentials by matching them with stored database records.
It ensures that only authorized users can access the system and prevents unauthorized entry. Invalid
login attempts trigger appropriate error messages for security.

4. Visualization\

The Visualization module provides an interactive medium for users to view and interpret
results. Instead of raw numbers or datasets, information is represented in graphical formats such
as line graphs, bar charts, pie charts, or dashboards. For instance, in prediction-based systems,
users can track trends over time, compare historical data with new predictions, or analyze anomaly
patterns. This module enhances decision-making by making complex data easily interpretable. It
also supports real-time updates, so users can immediately visualize the impact of new input data

or changes in model outputs.

The Visualization module presents system results in graphical formats such as charts and
dashboards for easy understanding. It converts complex data into clear visual insights, helping
users analyze trends and patterns effectively. Users can compare past and current predictions to
support better decision-making. Real-time updates allow instant visualization of new data and

model outputs.

5. Prediction

The Prediction module is the core functional component of the system. It utilizes machine
learning (ML) or deep learning (DL) algorithms to process user-provided input and generate
meaningful outcomes. For example:

¢ In healthcare, it may predict disease risks.
¢ In finance, it can forecast trends or anomalies.
¢ In security, it may classify or detect intrusions.

The prediction workflow typically involves:

1. Preprocessing user input data — cleaning and formatting it for model compatibility.

2. Applying trained models — running the input through pre-trained ML/DL models.

3. Generating output — providing predictions, classifications, or risk scores.

4. Storing results — saving prediction history in the database for tracking and future
reference.

Admin Module
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1. Login

The Admin Login module ensures that administrators gain access to the system through
secure authentication. Unlike regular users, admin accounts have elevated privileges and are
strictly protected by advanced security measures. Credentials are validated against the database,
and additional verification techniques such as multi-factor authentication (MFA), session
management, and role-based access control can be implemented. By separating admin privileges
from general user access, the system guarantees that only authorized personnel can manage

sensitive tasks such as user approvals, model training, and system monitoring.

2. User Authentication

The User Authentication module is a critical function where administrators verify and
approve new user registrations before granting full system access. This prevents unauthorized
individuals from exploiting system features like predictions and data visualization. Admins can:

e  Approve or reject registration requests.

e  Manage user roles and permissions.

e  Monitor user activity logs for suspicious behavior.

e  Suspend or revoke accounts if misuse is detected.

By actively monitoring user authentication, administrators ensure system reliability, maintain
trust, and protect sensitive data from unauthorized access. This module establishes a secure and
controlled environment where only legitimate users participate in prediction and visualization

processes.

1. Model Generation

The Model Generation module equips administrators with the tools to manage and update

machine learning or deep learning models.
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3.3 Functional Requirements

The Functional requirements for a system describe the functionality or the services that the
system is expected to provide. These are the statements of services the system should provide and
how the system should react to particular inputs and how the system should behave in particular
situation.

User Registartion: User Register with their Registration details.
User Login: User Login their account using password

Live Inputs: Inputs Given By the User requirement.

Load Model : Trained or Tested Model will be load .

Predict Output : Output will be predict based on parameters

3.4 Non-Functional Requirements

Non-functional requirements describe the quality attributes and performance expectations
that govern how the system operates. Rather than defining specific features, they specify how the
system should behave under various conditions and how efficiently it should deliver results. These
requirements ensure reliability, usability, scalability, and overall consistency throughout the
system’s operation and future maintenance. The following points summarize the key non-

functional characteristics implemented in the system.

e  The system shall ensure high reliability and stability during all stages of text

processing and classification.

e  The system shall support scalable performance as dataset size and category complexity
increase.

e  The system shall maintain efficient processing with minimal latency in generating
predictions.

e  The system shall preserve data privacy and confidentiality for all user-generated inputs

processed by the framework.
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3.5 Feasibility Study

The feasibility study assesses whether the cyberbullying detection system can be realistically
developed, implemented, and operated based on technical, operational, and economic
considerations. Analysis confirms that the required preprocessing techniques, ensemble-learning
models, and datasets are readily available and compatible with current computational environments.

The system architecture is scalable, cost-effective, and capable of integrating with existing
moderation workflows. Overall, the evaluation indicates that development and deployment of the
system are practical and feasible.

1.Economic Feasibility 2.Technical Feasibility

3. Social Feasibility

3.5.1 Economic Feasibility

Economic feasibility evaluates whether the system can be developed and sustained within
reasonable cost constraints. The implementation utilizes open-source machine learning libraries,
publicly available datasets, and standard computing infrastructure, which significantly minimizes
development and maintenance expenses. Because the system does not depend on specialized
hardware or proprietary tools, the overall cost remains low. As a result, the solution is
economically viable for academic use, research environments, and potential organizational

adoption.

3.5.2 Technical Feasibility

This study is carried out to check the technical feasibility, that is, the technical requirements
of the system. Any system developed must not have a high demand on the available technical
resources. This will lead to high demands on the available technical resources. This will lead to
high demands being placed on the client. The developed system must have a modest requirement,

as only minimal or null changes are required for implementing this system.
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3.5.3 Social Feasibility

Social feasibility evaluates how the system is likely to be perceived and accepted by users,
administrators, and other stakeholders in real-world environments. Because cyberbullying and hate
speech pose serious social and psychological risks, an automated detection solution is expected to
receive strong acceptance and support. Users benefit from safer digital interactions, while
organizations gain a reliable mechanism for maintaining platform integrity and enforcing
community standards. The system aligns with growing public expectations for responsible online

behavior and proactive moderation, indicating a high likelihood of positive social adoption.

In addition, the system promotes digital well-being by fostering a more respectful and
inclusive online environment. By reducing exposure to harmful content, it helps protect vulnerable
groups such as adolescents and marginalized communities from emotional distress and long-term
psychological impacts. This contributes to building trust among users, encouraging more active
and meaningful participation in online platforms. As users begin to recognize the platform’s
commitment to their safety, overall engagement and satisfaction are likely to improve

significantly.
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CHAPTER-04
SYSTEM SPECIFICATIONS
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4 SYSTEM SPECIFICATIONS

4.1 Software Requirements

The software requirements specify the core tools and platforms necessary to develop and
operate the cyberbullying detection system. The implementation relies on a stable programming
environment, standard natural language processing libraries, and general-purpose utilities that
support preprocessing, analysis, model training, and evaluation. These tools provide a consistent
development workflow, ensure compatibility across environments, and enable straightforward

scalability as system capabilities expand.

4 Operating system : Windows 7 Ultimate.

4% Coding Language . Python.

< Front-End : Python.

< Back-End : Django-ORM

4% Designing : Html, css, javascript.

< Data Base : MySQL (WAMP Server).

4.2 Hardware Requirements

The hardware requirements define the minimum computational resources necessary for
processing datasets, executing preprocessing tasks, and training machine-learning models. The
system operates efficiently on standard computing hardware, including a multi-core processor,
sufficient RAM for dataset handling, and moderate storage capacity for model files and datasets.
The configuration remains scalable, allowing additional resources to be incorporated if the system

is extended to larger datasets or real-time deployment scenarios.

> Processor - Pentium -1V

> RAM - 8 GB (min)

> Hard Disk - 512GB

> Key Board - Standard Windows Keyboard
> Mouse - Two or Three Button Mouse
> Monitor - SVGA
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5 SOFTWARE DESIGN

5.1 System Architecture
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Fig:5.1 System Architecture

The proposed architecture for weed detection and classification in agriculture is structured
into a systematic pipeline, beginning with the dataset and ending with a trained model ready for
deployment. The process starts with the dataset stage, where agricultural image datasets such as
Early-Crop-Weed and CottonWeedID15 are utilized. These datasets contain a variety of crop and

weed images that serve as the foundation for model training and testing.
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In the preprocessing stage, several crucial steps are performed to prepare the raw images for
analysis. The images are first annotated to identify regions of interest, particularly weed leaves.
They are then converted into grayscale to reduce computational complexity and resized to a
uniform dimension for consistency. To further improve accuracy, background noise such as soil is
removed using the U2-Net segmentation model. Since real-world datasets are often imbalanced,
the Synthetic Minority Oversampling Technique (SMOTE) is applied to generate synthetic

samples of minority classes, ensuring balanced training data.

The next stage is feature extraction, where both manual and deep learning features are derived
from the preprocessed images. Manual features include texture- and shape-based descriptors such
as GLCM, LBP, Hu moments, and statistical measures. Deep learning features are extracted
automatically using convolutional neural networks, which capture complex patterns and semantic

details from images.

These features are then passed to the model training stage, where two types of approaches are
applied. Machine learning classifiers, such as XGBoost and LightGBM, are used to classify the
extracted features, while advanced object detection models like YOLO are employed to localize
and identify weeds directly from the images. This combination ensures both accurate classification

and real-time detection capabilities.

Finally, the output is a trained model that is capable of distinguishing weeds from crops with
high precision. This trained model can be deployed in real agricultural environments for real-time
weed detection, enabling applications such as precision spraying, which reduces herbicide usage

and promotes sustainable farming.
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5.2 Dataflow Diagram
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Fig 5.2 DataFlow Diagram

This diagram represents a Level 0 Data Flow Diagram (DFD) for an automated agricultural
weed detection system. It outlines the end-to-end lifecycle of a machine learning project, from raw
data collection to real-time deployment in the field.

The process can be broken down into four primary phases:

1. Data Preparation Phase

This is the "pipeline" at the top of the diagram where raw information is converted into a
format suitable for Al
o External Entity Datasets: The system starts with raw images from specific datasets like

Early-Crop-Weed and CottonWeedID15.
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o Preprocessing: The images undergo several transformations:

o U2-Net: Likely used for background removal or "saliency detection" to focus only on the plants.

oSMOTE/GAN: These are data augmentation techniques used to generate synthetic images if the
dataset is too small or unbalanced (e.g., not enough images of a specific weed).
 Feature Extraction: The system identifies key characteristics (deep learning patterns or manual

descriptors like color/shape) that distinguish a weed from a crop.

2. Model Training & Storage
Once the data is preprocessed, it moves into the "brain" of the operation.
e Model Training: The extracted features and images are used to train the machine learning models.
e SQLite3 (Model & Logs): This serves as the central repository. The system saves the final trained
models and the performance metrics (accuracy, error rates) here for future reference and

versioning.

3. Deployment & Real-Time Operation
This section describes how the Al functions in a practical, physical environment.

e Deployment & Edge: The trained model is loaded onto Edge Devices (like a Raspberry Pi or
NVIDIA Jetson) attached to agricultural machinery like a Sprayer.

e Field (Environment): This is the physical farm. The deployed model performs real-time detection
on live plants.

e The Feedback Loop: When the system sees a weed (Detection events), it triggers an action (like
spraying).

o Simultaneously, these events and system logs are sent back to the SQLite3 database to keep a

record of what happened in the field.

4. Analysis Phase

e Researcher: The human element at the bottom of the diagram.
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5.3 UML Diagrams

UML (Unified Modeling Language) is a standardized language used for specifying,
visualizing, constructing, and documenting the artifacts of software systems. Created by the Object

Management Group (OMG), UML 1.0 was proposed in January 1997.

The Behavioral UML diagrams describe the behavior of the system, its actors, and the
interaction between the components. On the other hand, Structural UML diagrams depict the static
structure of the system, showing its components and relationships. UML has been integrated as a
standard by OMG, and its primary goals are to provide a formal basis for understanding modeling
languages, offer a ready- to- use expressive language for system developers, and encourage the

growth of object-oriented tools.

UML is a method for describing the system architecture in detail using the blueprint. UML
represents a collection of best engineering practices that has proven successful in the modeling of
large and complex systems. The UML is a very important part of developing object-oriented
software and the software development process. The UML uses mostly graphical notations to
express the design of software projects. Using UML helps project teams communicate, explore

potential designs and validate the architectural design of the software.

Moreover, UML enhances collaboration among different stakeholders involved in software
development, including developers, designers, project managers, and clients. By providing a
common visual language, UML minimizes misunderstandings and ensures that everyone has a
clear and consistent view of the system design. This shared understanding is particularly useful
during requirement analysis and system planning phases, where accurate communication plays a
crucial role in the success of the project. It also supports better decision-making by allowing

stakeholders to evaluate different design alternatives effectively.
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Goals of UML:
* To provide a standard visual representation of the system design.
* To simplify understanding of system architecture for developers and reviewers.
* To improve communication among team members during development.
* To model both structural and behavioral aspects of the system.
» To support object-oriented design and development practices.
* To document the system clearly for future reference and maintenance.
* To reduce system complexity through diagrammatic representation.
* To assist in planning and designing before actual implementation.
» To enable easy modification and scalability of the system design.

* To ensure a systematic and organized software development process.

Types of UML Diagrams:
1.Sequence Diagram:
2.Use Case Diagram:

3. Activity Diagram:

4. Class Diagram:
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5.3.1. Sequence Diagram

The sequence diagram illustrates flow among the Researcher, System, Annotation Module,
Preprocessing Module, Feature Extraction, Model Training, Repository, and Deployment
components during the smart agriculture process. The sequence begins when the researcher
uploads agricultural image datasets (crop and weed images) into the system. The system forwards
these images to the annotation module, where regions of interest (weeds/crops) are labeled.

After annotation, the images are sent to the preprocessing module, where background removal
is performed using U2-Net, followed by grayscale conversion, resizing, and noise filtering. The
processed images are then passed to the feature extraction module, which generates both
handcrafted features (GLCM, LBP, Hu moments) and deep features using EfficientNetV2 and
MobileNetV3.

These extracted features are forwarded to the model training component, where machine
learning models (XGBoost, LightGBM) and the object detection model (YOLOV9-S) are trained.
The system evaluates model performance using metrics such as accuracy and mean average
precision (mAP). Once training is complete, the trained models, metadata, and evaluation metrics

are stored in the model repository.

Sequence Diag + Data to Deploy Flow

Annotatse U2 Net EdgeDevite

50L%e3
System (labettmgl | (BackgroondRemover)  FeatureExtractor | Trainer I'_,_,‘w’“tr:','\‘l. vt | iDreneto)

Az hrnwindgement

System Annotitee U2t FoatursEstractor  Trainer aQUie3
(NodelRepasitory)
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EcdguDevice
{OronexiaT)

Fig 5.3.1: Sequence Diagram

35|Revolutionizing Agriculture using Artificial Intelligence



List of actions
» User:

The user interacts with the system by registering or logging in, and then provides
a text input (tweet/message) to be analyzed for cyberbullying.
*System:

The system receives the user's input, validates it, and forwards the processed text to the
model. It ensures the data is clean and ready for analysis before triggering the prediction
pipeline.

*Model:

The model performs preprocessing, extracts features, and applies the Boosted Decision Tree
and Bagging Random Forest classifiers. The soft voting ensemble then combines outputs to
determine the final cyberbullying category.

*Evaluation:
The evaluation component generates an accuracy report, interprets the prediction, and

sends the analytical results back to the system.

5.3.2 Use Case Diagram

Use Case Diagram - Proposed Weed Detection System
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Fig 5.3.2 Use Case Diagram
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The use case diagram represents the interactions among the User, Analyst, System, and
Database within the soft-voting based cyberbullying detection framework. The User initiates key
operations such as registration, login, and providing social media data for analysis. The Analyst
plays a supervisory role by handling data preprocessing, monitoring the application of the voting-

based classifier, and supporting the evaluation process.

The System is responsible for collecting social media data, performing text preprocessing, and
applying the voting classifier to enhance prediction robustness. It then classifies the input into
different cyberbullying types and communicates with the Database for storing and retrieving
relevant information. Finally, the system analyzes the results and accuracy metrics, enabling
analysts to assess model performance and improve the overall effectiveness of the detection

framework.

The Use Case Diagram for the Proposed Weed Detection System illustrates the functional
interactions between external actors and the internal system processes. It serves to define the scope of
the project by detailing how various stakeholders engage with the machine learning pipeline and the

physical deployment environment.

The primary human actor, the Researcher, is responsible for the foundational data engineering and
analytical tasks, including data annotation, image preprocessing, and feature extraction. They also
manage the lifecycle of the artificial intelligence by initiating model training and monitoring real-time
field logs to evaluate performance. The Field Operator acts as a facilitator for operational tasks,

primarily focusing on the deployment of trained models to edge hardware.

From a technical perspective, the Edge Device is depicted as an autonomous actor that executes
the core functional requirement of detecting and localizing weeds in real-time. This interaction is
supported by a centralized SQLite3 database, which acts as a persistent storage layer. The diagram
highlights critical data dependencies through stereotyped relationships: the system stores performance
metrics and logs detection events into the database, while the deployment process registers the active
model version. This structural overview ensures that all functional requirements—from initial data
preparation to localized edge execution and centralized logging—are integrated into a cohesive system

architecture.
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5.3.3 Activity Diagram

Activity Diagram - Proposed Weed Detection System
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Fig 5.3.3 Activity Diagram

The activity diagram depicts the sequential workflow of the cyberbullying detection process.

The workflow begins with the collection of social media text, which is then forwarded to the

preprocessing module where noise removal, tokenization, and lemmatization are performed.

The cleaned text is subsequently passed to the feature extraction stage, after which it is processed

by the Voting Classifier that aggregates predictions from multiple machine-learning models.

The system then evaluates the classified results, determines the corresponding cyberbullying

category, and analyzes overall model performance. The process concludes with the generation of

performance insights.
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The Activity Diagram for the Proposed Weed Detection System provides a step-by-step
procedural view of the system’s workflow, from initial data ingestion to real-time field execution.
It details the operational logic of the machine learning pipeline, emphasizing the sequential nature

of data transformation and the decision-making criteria required for deployment.

The workflow begins with the Data Acquisition and Preprocessing phase, where specialized
datasets are loaded and annotated using tools like Labellmg. The images undergo rigorous
normalization, including grayscale conversion, resizing to $224 \times 224$ pixels, and
background subtraction via U2-Net. To ensure robust model training, the system addresses class
imbalance using SMOTE or Generative Adversarial Networks (GANs). This is followed by a dual-
stream Feature Extraction process that combines manual descriptors (such as GLCM, LBP, and
Hu Moments) with deep features to capture a comprehensive representation of the agricultural

environment.

The core of the diagram focuses on the Model Development and Evaluation cycle. Following
the training of classifiers and object detectors, the system performs a critical evaluation based on
metrics such as Accuracy, Fl-score, and mAP. A decision node governs the transition to
production: if performance is deemed unacceptable, the process loops back for hyperparameter
tuning or further dataset augmentation. Once the "Acceptable" threshold is met, the system
proceeds to the Operational Deployment phase, where models are archived in a SQLite3 database,
deployed to edge hardware, and finally utilized to run real-time inference to trigger precision

spraying systems
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5.3.4. Class Diagram

The class diagram represents the structural components of the cyberbullying detection system
and the relationships among them. The User class stores basic user information and provides
methods for registration and authentication. The Dataset class contains the textual data and
associated labels that are used as input for model training and classification.

The System class coordinates the overall workflow by invoking preprocessing, classification,
and ensemble operations. The VotingClassifier class encapsulates methods for model training,

prediction, and integration of the AdaBoost and Random Forest models within a unified ensemble

framework.
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The Class Diagram for the Proposed Weed Detection System provides a structural blueprint of
the system’s object-oriented architecture, detailing the static relationships, attributes, and methods
of each component. It defines how the various software modules interact to realize the system’s

end-to-end machine learning and deployment goals.

The architecture is designed as a modular pipeline. At the foundational level, the Dataset
class handles data ingestion, which is then passed to the Preprocessing class—responsible for
critical image transformations such as grayscaling, background removal, and class balancing. The
system utilizes a specialized FeatureExtractor class that employs an aggregation relationship to
manage two distinct feature sets: ManualFeatures (extracting texture and shape via GLCM and Hu
Moments) and DeepModels. These features serve as the input for both the MLClassifier and the

ObjectDetector classes.

The high-level logic and lifecycle management are encapsulated in the Trainer and
Deployment classes. The Trainer class coordinates the execution of model training and evaluation,
while the Deployment class facilitates the transition of trained models to the EdgeDevice through
methods like deployToEdge() and runInference(). Persistence is handled by the SQLite3 database
class, which maintains an association with both the Trainer (to save models) and the EdgeDevice
(to log real-time results), ensuring a robust record of performance and detection events throughout

the system's operation.

To further flesh out the technical documentation for your major project, here are five

additional paragraphs covering system integration, data strategy, and operational challenges.

1. Robustness and Data Augmentation Strategy

The system's efficacy relies heavily on the quality and diversity of the training data. By
integrating SMOTE (Synthetic Minority Over-sampling Technique) and Generative Adversarial
Networks (GANSs), the architecture proactively addresses the "imbalanced class" problem
common in agricultural datasets, where certain weed species may be underrepresented. This
synthetic data generation ensures that the classifiers and object detectors are not biased toward
more common plant varieties, allowing the system to maintain high precision even in diverse

ecological conditions where rare or emerging weed species may be present.

41|Revolutionizing Agriculture using Artificial Intelligence



2. Edge Computing and Low-Latency Inference

The deployment of the trained models onto Edge Devices is a critical architectural choice
designed to minimize latency and eliminate the need for constant cloud connectivity in remote
farming environments. By processing images locally on hardware like the NVIDIA Jetson or
Raspberry Pi, the system can trigger the Precision Spraying System in near real-time as the
machinery moves through the field. This localized execution ensures that the "detect-to-spray"
cycle occurs within milliseconds, which is essential for maintaining accuracy at higher vehicle

speeds.

3. Hierarchical Feature Engineering Approach

A unique strength of this system is its hybrid approach to feature extraction, combining hand-
crafted manual features with automated deep features. While deep learning models are excellent
at identifying complex patterns, manual features like Grey-Level Co-occurrence Matrix (GLCM)
and Local Binary Patterns (LBP) provide deterministic insights into texture and spatial
relationships that are highly relevant to botanical structures. By fusing these two sets of
descriptors, the system achieves a more comprehensive "botanical signature" for each plant,

leading to higher F1-scores and more reliable classification in variable lighting conditions.

4. Data Persistence and Analytical Feedback Loops

The integration of a SQLite3 database serves as more than just a storage layer; it acts as the
foundation for a continuous improvement feedback loop. By logging every detection event,
confidence score, and system error alongside the specific model version used, the system provides
Researchers with a rich historical record. This data can be queried to identify specific
environmental conditions where the model might be underperforming—such as during high-noon
glare or heavy shadow—allowing for targeted retraining and iterative optimization of the object

detection algorithms.

5. Precision Agriculture and Environmental Impact

Beyond the technical implementation, this system aligns with the broader goals of Precision

Agriculture by significantly reducing the chemical footprint of farming operations.

42|Revolutionizing Agriculture using Artificial Intelligence



CHAPTER-06
CODING AND IMPLEMENTATION
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6 CODING AND IMPLEMENTATION

6.1 Source Code
Index.html

<IDOCTYPE html>
<htmI>
<head>
<title>Result</title>
<link rel="stylesheet" href="{{ url for('static', filename="assets/css/style.css") } }">
</head>

<body>

<h1 class="result">
Prediction: {{ result }}
</h1>

{% if file type == "image" %}
<img src="{{ url_for('static', filename=file path) }}">
{% elif file_type == "video" %}
<video controls>
<source src="/{{ file_path }}" type="video/mp4">
</video>
{% endif %}

<br>

<a href="/" class="back-btn">« Go Back</a>

</body>
</htmlI>

index1.html

import o0s

import cv2

import numpy as np

from flask import Flask, render template, request
from werkzeug.utils import secure filename
from tensorflow.keras.models import load model

app = Flask(__name )

UPLOAD_FOLDER = "static/uploads"
os.makedirs(UPLOAD FOLDER, exist ok=True)
MODEL PATH = "weeds.h5"

model =load model(MODEL PATH)
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classes = {0: "NO WEED", 1: "WEED"}

def predict frame(frame):
img = cv2.resize(frame, (224, 224))
img = img.astype("float32") / 255.0
img = np.expand_dims(img, axis=0)
pred index = np.argmax(model.predict(img, verbose=0))
return classes[pred index]

@app.route("/")
def index():

return render_template("main.html")

@app.route("/predict_image", methods=["POST"])
def predict_image():

file = request.files["image"]

filename = secure_filename(file.filename)

image path = os.path.join(UPLOAD_FOLDER, filename)
file.save(image path)

frame = cv2.imread(image path)
pred = predict_frame(frame)

color = (0, 255, 0) if pred == "NO WEED" else (0, 0, 255)
cv2.putText(frame, pred, (20, 40),
cv2.FONT HERSHEY SIMPLEX, 1.2, color, 3)

output_path = os.path.join(UPLOAD_ FOLDER, "output " + filename)
cv2.imwrite(output path, frame)

return render_template(
"index1.html",
result=pred,
file path=output path,
file type="image"

)

def process video(video path):
cap = cv2.VideoCapture(video path)

output_path = os.path.join(UPLOAD_FOLDER, "output_video.mp4")
fource = cv2.VideoWriter fourcc(*"mp4v")
out = cv2.VideoWriter(output_path, fourcc, 20.0, (640, 480))

predictions = []

while True:
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ret, frame = cap.read()
if not ret:
break

frame = cv2.resize(frame, (640, 480))
pred = predict_frame(frame)
predictions.append(pred)

color = (0, 255, 0) if pred == "NO WEED" else (0, 0, 255)
cv2.putText(frame, pred, (20, 40),
cv2.FONT HERSHEY SIMPLEX, 1.2, color, 3)

out.write(frame)

cap.release()
out.release()

return output_path, predictions

@app.route("/predict_video", methods=["POST"])
def predict_video():

file = request.files["video"]

filename = secure_filename(file.filename)

video_ path = os.path.join(UPLOAD FOLDER, filename)
file.save(video path)
processed video, predictions = process_video(video path)

return render_template(
"index1.html",
result="Video Prediction Completed",
file path=processed video,
file type="video"
)

"

if name ==" main "
app.run(debug=True)

main.py
body {
margin: 0;
font-family: 'Segoe UI', sans-serif;
background: linear-gradient(135deg, #012027, #203a43, #2c¢5364);
color: white;
text-align: center;
animation: fadeln 1s ease-in;

/¥ ===== ANIMATION ===== */
@keyframes fadeln {
from { opacity: 0; transform: translateY (20px); }
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to { opacity: 1; transform: translateY(0); }

hl {
margin-top: 40px;
font-size: 36px;
letter-spacing: 2px;

/¥ ===== CONTAINER ====*/
.container {

width: 80%;

margin: auto;

margin-top: 30px;

.card {

background: rgba(255, 255, 255, 0.08);

backdrop-filter: blur(10px);

padding: 25px;

margin: 20px auto;

width: 320px;

border-radius: 15px;

transition: 0.3s;

box-shadow: 0 5px 15px rgba(0,0,0,0.3);
}

.card:hover {
transform: scale(1.05);

input[type="file"] {
margin: 10px 0;
color: white;

/¥ =====BUTTON ===== %/
button {

background: #00c853;

border: none;

padding: 10px 20px;

color: white;

border-radius: 25px;

cursor: pointer;

transition: 0.3s;

}

button:hover {
background: #00e676;
transform: translateY (-2px);
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result {
font-size: 28px;
margin-top: 20px;
font-weight: bold;

/¥ =====IMAGE / VIDEO =====*/
img, video {

margin-top: 20px;

border-radius: 10px;

max-width: 80%:;

box-shadow: 0 5px 15px rgba(0,0,0,0.5);

b
/* =====BACK BUTTON =====#/
.back-btn {

display: inline-block;
margin-top: 20px;
text-decoration: none;
color: white;
background: #00c853;
padding: 10px 20px;
border-radius: 20px;

b

.back-btn:hover {
background: #00e676;

}

.CSS
<!IDOCTYPE htmlI>
<htmI>
<head>

<title>Crop Weed Detection</title>

<link rel="stylesheet" href="{{ url for('static', filename="assets/css/style.css') } }">
</head>

<body>
<h1> & Crop Weed Detection</h1>

<div class="container">

<!-- IMAGE UPLOAD -->
<div class="card">
<h2>Upload Image</h2>
<form action="/predict_image" method="POST" enctype="multipart/form-data">
<input type="file" name="image" accept="image/*" required><br>
<button type="submit">Predict Image</button>
</form>
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</div>
<!-- VIDEO UPLOAD -->
<div class="card">
<h2>Upload Video</h2>
<form action="/predict video" method="POST" enctype="multipart/form-data">
<input type="file" name="video" accept="video/*" required><br>
<button type="submit">Predict Video</button>
</form>
</div>

<!-- OPTIONAL LIVE BUTTON -->
<div class="card">

<h2>Live Detection</h2>

<a href="/live"><button>Start Live</button></a>
</div>

</div>

</body>
</html>

main.html

<IDOCTYPE html>
<htmlI>
<head>
<title>Video Prediction Result</title>
<link rel="stylesheet" href="{{ url for('static', filename="assets/css/style.css') } }">
</head>

<body>
<h1> #, Video Prediction Output</h1>
<div class="container">

<div class="card">

<!-- VIDEO -->
<video controls>

<source src="{{ url for('static', filename=video path) }}" type="video/mp4">
</video>

<h3 style="margin-top:20px;">Frame Predictions</h3>
<!-- SCROLLABLE PREDICTIONS -->
<div class="pred-box">
{% for pred in predictions %}
<p class="pred-item">{{ pred } } </p>
{% endfor %}
</div>

<br>
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<a href="/" class="back-btn">+ Upload Another Video</a>
</div>
</div>

</body>
</html>

video_result.html

import os

import cv2

import time

import requests

import numpy as np

from flask import Flask, render template, request, Response
from werkzeug.utils import secure filename

from tensorflow.keras.models import load model

app = Flask(__name )

#
# CONFIG
#
UPLOAD_FOLDER = "static/uploads"

os.makedirs(UPLOAD_FOLDER, exist ok=True)

ESP32 STREAM URL = "http://192.168.43.178/capture"

MODEL PATH = "weeds.h5"
FRAME WIDTH =250
FRAME HEIGHT = 250

THINGSPEAK API KEY ="PWX6Z0ZH2CQXFG3X"
THINGSPEAK URL = "https://api.thingspeak.com/update"

MAX FRAMES =20 # reset after 20 frames

#
# LOAD MODEL
#
model =load model(MODEL PATH)

classes = {0: "NO WEED", 1: "WEED"}

#
# PREDICTION FUNCTION
#
def predict_frame(frame):
img = cv2.resize(frame, (224, 224))
img = img.astype("float32") / 255.0
img = np.expand_dims(img, axis=0)
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pred_index = np.argmax(model.predict(img, verbose=0))
return classes[pred index]

#
# THINGSPEAK FUNCTION
#
def'send to thingspeak(text value):
try:
requests.post(
THINGSPEAK URL,
data={
"api_key": THINGSPEAK API KEY,
"field1": text value # SEND STRING

s

timeout=>5
)
print(" = ThingSpeak Updated:", text value)
except Exception as e:
print(" X ThingSpeak Error:", ¢)

#
# ROUTES
#
@app.route("/")
def index():

return render template("main.html")

@app.route("/predict_image", methods=["POST"])
def predict _image route():

file = request.files["image"]

filename = secure_filename(file.filename)

image path = os.path.join(UPLOAD_FOLDER, filename)
file.save(image path)

frame = cv2.imread(image path)
pred = predict_frame(frame)

color = (0, 255, 0) if pred == "NO WEED" else (0, 0, 255)
cv2.putText(frame, pred, (20, 40),
cv2.FONT HERSHEY SIMPLEX, 1.2, color, 3)

output_filename = "uploads/output " + filename
output_path = os.path.join(UPLOAD_ FOLDER, "output " + filename)

cv2.imwrite(output path, frame)

return render_template(
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"index1.html",

result=pred,

file path=output filename,
file type="image"

#
# VIDEO FILE PREDICTION
#
def process video(video path):

cap = cv2.VideoCapture(video path)

output_path = os.path.join(UPLOAD_FOLDER, "output video.mp4")
fource = cv2.VideoWriter fourcc(*"mp4v")
out = cv2.VideoWriter(output _path, fourcc, 20.0, (640, 480))

predictions = []

while True:
ret, frame = cap.read()
if not ret:
break

frame = cv2.resize(frame, (640, 480))
pred = predict_frame(frame)
predictions.append(pred)

color = (0, 255, 0) if pred == "NO WEED" else (0, 0, 255)
cv2.putText(frame, pred, (20, 40),
cv2.FONT HERSHEY SIMPLEX, 1.2, color, 3)

out.write(frame)

cap.release()
out.release()
return output path, predictions

@app.route("/predict_video", methods=["POST"])
def predict_video route():
file = request.files["video"]
filename = secure_filename(file.filename)
video_ path = os.path.join(UPLOAD FOLDER, filename)
file.save(video_ path)

processed video abs, predictions = process_video(video path)
processed _video = "uploads/output_video.mp4"

return render _template(
"video_result.html",
video_ path=processed video,
predictions=predictions

)
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#
# LIVE CAMERA STREAM + THINGSPEAK
#
last upload time =0
frame count =0
last _prediction = "NO WEED"
def generate live feed():

global last upload time, frame count, last prediction

while True:
cap = cv2.VideoCapture(ESP32 STREAM URL)

if not cap.isOpened():
print(" X Stream not opened, retrying...")
time.sleep(2)
continue

print(" §4 Live stream connected")

while True:
ret, frame = cap.read()
if not ret:
print(" 4. Frame lost, reconnecting...")
cap.release()
break

frame = cv2.resize(frame, (FRAME WIDTH, FRAME HEIGHT))
pred = predict_frame(frame)

last prediction = pred
frame count +=1

# = After 20 frames — send & reset

if frame count >= MAX FRAMES and time.time() - last upload time >= 15:
send to_thingspeak(last prediction)
last upload time = time.time()
frame count=0 # RESET FRAME COUNT

color = (0, 255, 0) if pred == "NO WEED" else (0, 0, 255)

cv2.putText(frame, f"{pred} | Frame: {frame count}",

(10, 30),
cv2.FONT HERSHEY SIMPLEX,
0.7, color, 2)

_, jpeg = cv2.imencode(".jpg", frame)
frame bytes = jpeg.tobytes()

yield (b"--frame\r\n"
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b"Content-Type: image/jpeg\r\n\r\n" +
frame bytes + b"\r\n")

time.sleep(0.05)

@app.route("/live")
def live():
return Response(generate live feed(),
mimetype="multipart/x-mixed-replace; boundary=frame")

#

# RUN APP

#

if name ==" main ":

app.run(debug=True)

app.py
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6.2 Implementation:

Front-End Implementation:

The front-end of the Automated Weed Detection System provides a robust, research-oriented,
and field-ready user interface designed for both data scientists and agricultural operators. The
primary modules include Data Management, Model Configuration, Field Monitoring, and

Analytical Reporting.

The Data Management and Preprocessing modules allow users to upload agricultural datasets
(such as Early-Crop-Weed) and initiate automated cleaning tasks. Users can trigger grayscaling,
resizing to pixels, and background subtraction using the U2-Net toggle. The interface includes a
visual feedback loop where the Labellmg integration allows researchers to review and verify image

annotations directly within the workspace.

The Model Training and Evaluation module enables the configuration of both manual and
deep feature extraction. Users can select specific texture descriptors, such as GLCM or LBP, and
monitor the training of classifiers and object detectors in real-time. Once training is complete, the
system presents a comprehensive evaluation dashboard displaying Accuracy, F1-score, and mAP
(mean Average Precision). If performance is suboptimal, the interface provides options for

hyperparameter tuning or dataset augmentation via SMOTE/GAN buttons.

The Edge Deployment and Real-Time Detection module is designed for field use. It facilitates
the registration and deployment of optimized models to Edge Devices (such as sprayers). During
operation, the interface provides a live feed of Detection Events, showing the localization of weeds
within the field environment. To maintain a streamlined user experience, the system focuses on

clear, actionable alerts that trigger the precision spraying system.

The Database and Reporting module leverages a SQLite3 backend to store all logs, models,
and metrics. Authorized researchers can use the "Query Results" feature to retrieve historical
performance data and field logs. By maintaining consistent layouts and structured visual data, the
front-end ensures that complex machine learning workflows are accessible, allowing for rapid

transition from laboratory training to real-world agricultural application.
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Backend Implementation (Django):

The backend is implemented using Django, providing a secure, high-performance, and
scalable framework to handle complex machine learning workflows. The Model-View—
Template (MVT) architecture organizes the system’s agricultural data processing into coherent

layers:

e Models: Define the structure for storing Datasets, Trained Model weights, Performance

Metrics (Accuracy, F1-score), and real-time Detection Logs.

 Views: Manage high-level requests, such as triggering the U2-Net preprocessing service,
coordinating Feature Extraction, and managing the hand-off between the training pipeline and

the deployment service.

o URLs / APIs: Define RESTful endpoints for dataset uploading, model registration, triggering
Edge Device deployment, and querying the SQLite3 database for historical analysis.

The backend incorporates robust security and integrity mechanisms, including middleware
for request validation and authentication controls to protect sensitive research data. Every
inference result and system event is persisted within the database to support comprehensive
auditing and iterative model optimization. This structured approach ensures that the transition
from raw image ingestion to real-time precision spraying is handled with maximum reliability

and data integrity.
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Model Integration and Processing Workflow

The machine-learning module is integrated as a core backend service within the Django
framework, ensuring a seamless transition from raw data to actionable agricultural insights. When
an image request is received, it passes through a specialized preprocessing pipeline that includes

normalization, resizing to $224 \times 224§ pixels, and background removal via U2-Net.

Classification and Detection are performed using a multi-layered approach. The system
extracts both Manual Features (such as GLCM and LBP) and Deep Features to capture the intricate
botanical signatures of crops and weeds. For final classification, the system utilizes trained
classifiers and object detectors that have been optimized on SMOTE-balanced datasets and GAN-
augmented images. This ensures stable and accurate detection across varying field conditions, such
as changing light or overlapping foliage. Stored model artifacts in the SQLite3 database allow for

rapid loading and consistent inference behavior.

Once the model identifies a target, the Detection Events and localization coordinates are
returned to the front-end and edge deployment service in a structured JSON format. This data is
then rendered to the user as a real-time detection label and used to trigger the Precision Spraying

System, ensuring that the high-level logic translates directly into precise physical actions in the

field.

To further enhance system intelligence, continuous model evaluation and updating
mechanisms have been incorporated into the backend workflow. The system periodically logs
prediction results and compares them with validated ground truth data when available, enabling

performance monitoring over time.

This feedback loop allows for incremental improvements in model accuracy through
retraining with newly collected field data. By leveraging adaptive learning strategies, the system
can better generalize to unseen crop varieties, weed species, and environmental conditions,

ensuring long-term effectiveness and scalability.

Moreover, the integration of the machine learning module with edge deployment services
ensures efficient resource utilization and low-latency decision-making. Lightweight inference
optimizations, such as model compression and selective feature processing, enable the system to
operate effectively on constrained hardware devices used in agricultural fields. The
communication between the backend and edge units is designed to be robust and fault-tolerant,

ensuring that detection outputs are reliably transmitted even in unstable network conditions.
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Deployment and Reliability

The system is deployed on an Edge-integrated server configuration using environment-
based settings to ensure field security and performance. Static assets and model weights are
optimized for low-latency inference, and REST endpoints are tested for consistent behavior across

various agricultural machinery sensors.

Conclusion

The implementation successfully integrates a research-oriented interface, a secure Django
backend, and a hybrid feature-extraction framework into a unified weed detection platform. Both
manual and deep learning-based analyses are supported, detection events are generated in real time,
and administrative monitoring features enable database oversight and model maintenance. The
modular architecture allows future enhancements such as multi-spectral imaging support, advanced
transformer-based vision models, and fully autonomous robotic integration. Overall, the
implemented system demonstrates a practical, scalable approach to improving crop quality through

automated, precision-driven weed control.

In addition, the system emphasizes extensibility and maintainability through its well-
defined modular design. Each component—ranging from preprocessing and feature extraction to
classification and deployment—operates independently while maintaining seamless integration

within the overall framework.

This separation of concerns allows developers to upgrade or replace individual modules,
such as introducing more advanced deep learning architectures or optimizing existing algorithms,
without disrupting the entire system. Such flexibility ensures that the platform can evolve

alongside emerging technologies in machine learning and precision agriculture.

Furthermore, the implemented solution contributes to sustainable farming practices by
minimizing unnecessary herbicide usage and promoting targeted intervention. By accurately
identifying weed locations and enabling precision spraying, the system reduces chemical waste
and environmental impact while improving operational efficiency for farmers. This not only
enhances crop yield and quality but also aligns with modern agricultural goals of resource
conservation and eco-friendly practices. The system, therefore, stands as a significant step toward

intelligent, data-driven agriculture that balances productivity with sustainability.
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CHAPTER-07
SYSTEM TESTING
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7 SYSTEM TESTING

System testing is a critical activity that ensures the developed Weed Detection System
performs accurately, consistently, and reliably under real agricultural operating conditions. The
primary purpose of testing is to identify potential defects, validate system behavior, and confirm

that all functional requirements—from image acquisition to precision spraying—have been met.

In this project, system testing focuses on validating every major module, including the Data
Management interfaces, Django backend services, U2-Net preprocessing components, and the
hybrid feature-extraction engine. Testing verifies that the integration of Manual Features (GLCM,
LBP) and Deep Features within the MLClassifier and ObjectDetector operates as expected,

ensuring that detection events and database logging occur without failures or inconsistencies.

System testing was performed across multiple scenarios and datasets, such as Early-Crop-
Weed and CottonWeedID135, to ensure correctness, robustness, and usability. Special emphasis
was placed on detection accuracy in variable lighting, handling of edge-case environmental noise,
and the stability of real-time inference on edge devices during repeated field operation requests.

Here are two additional paragraphs you can append to your system testing section:

Furthermore, comprehensive performance testing was conducted to evaluate the system’s
response time, throughput, and scalability under continuous operation. The system was subjected
to multiple concurrent detection requests to simulate real-world agricultural deployment where

large areas must be monitored in a short time.

Results indicated that the Django backend efficiently handled parallel requests, while the
optimized preprocessing and feature extraction pipeline ensured minimal latency. This confirms
that the system is capable of supporting real-time weed detection without significant delays,

making it suitable for practical field applications.
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In addition, usability and reliability testing were carried out to ensure that the system
remains stable and user-friendly during prolonged usage. The Data Management interface was
evaluated for ease of navigation, error handling, and responsiveness across different devices.
Long-duration testing on edge hardware demonstrated that the system maintains consistent
performance without memory leaks or crashes. These results highlight the robustness of the overall
architecture and its readiness for deployment in dynamic agricultural environments where

reliability and ease of use are essential.

7.1 Types of System Testing

7.1.1 Unit Testing

Unit testing was carried out to validate individual software components independently. Each
Django view, function, preprocessing routine, and model interaction module was executed with
controlled input values to verify expected outputs.

Key focus areas included:

e Preprocessing Accuracy: Validating the resizing, grayscaling, and background subtraction
behavior of the U2-Net component.

e Feature Extraction Logic: Ensuring correct generation of GLCM, LBP, and Hu Moments
feature vectors.

e Classifier Performance: Testing the internal logic of the individual MLClassifiers and the
ObjectDetector independently.

» Database Operations: Verifying successful SQLite3 operations for storing models, metrics, and
field logs.

Unit testing ensured that every internal logical path executed correctly and no unexpected
conditions occurred.
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7.1.2 Integration Testing

Integration testing examined whether combined components interacted correctly once they

were linked together into a cohesive agricultural monitoring pipeline.
Modules tested in combination included:

e System Request Flow: The interaction between the front-end data management interface and

the Django backend API responses.

e Preprocessing Pipeline: The chaining of U2-Net background removal and resizing with the

dual-stream Manual and Deep feature extraction modules.

e Model Fusion Logic: The integration of extracted features with the MLClassifier and

ObjectDetector to ensure data compatibility.

e Persistence and Retrieval: The automated logging of detection events and the storage of trained

model artifacts in the SQLite3 database.

This testing stage confirmed that individually correct components functioned properly when
executed together as a single autonomous workflow. Particular attention was paid to ensuring
correct feature alignment between the extraction classes and the stability of the real-time inference

loop when triggering the precision spraying system.

7.1.3  Functional Testing

Functional testing validated that each feature performed according to the project
specifications and the operational needs of agricultural research. Test cases simulated actual user

scenarios such as dataset loading, model training initiation, and real-time detection monitoring.
Major validation rules included:

e Data Processing: Ensuring valid image datasets are processed and preprocessed successfully
without data corruption.

¢ Error Handling: Verifying that invalid or low-resolution image inputs are rejected gracefully with
appropriate feedback.

e Classification Accuracy: Confirming the correct weed or crop category is displayed and logged
for each detection event.

o System Workflow: Validating that navigation links, model deployment triggers, and real-time
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inference workflows operate correctly.
7.1.4  System Testing

System testing evaluated the project as a complete application. The focus was on overall
reliability, consistency of behavior, and the accuracy of outcomes when used in real agricultural

conditions.
Tests verified:

¢ Coordinated execution across data ingestion, preprocessing, and detection modules.
e Correct response to large image datasets (Early-Crop-Weed, CottonWeedID15).

e Classification accuracy under varying field conditions and lighting patterns.

e Stability during repeated sequential real-time inference requests on edge hardware.

The testing demonstrated that the configuration yields predictable and correct results consistent

with documented weed control requirements.
7.1.5 White-Box Testing

White-box testing was applied to internal processing components including the dual-stream
preprocessing pipelines and the feature extraction logic. Testers observed internal variable flows,
code execution branches within the U2-Net architecture, and the mathematical aggregation of

Manual and Deep features to ensure correct model contributions during classification.
7.1.6 Black-Box Testing

Black-box testing evaluated the system purely from the user’s perspective, without
examining internal code. Image datasets were submitted through the management interface and
detection outputs were observed, ensuring that visible system behavior—such as weed localization
and spraying triggers—aligned with expected outcomes. This was particularly important in
evaluating system usability for field operators and error-handling behavior during low-quality

image uploads.
7.1.7 Acceptance Testing

Acceptance testing ensured that the system satisfied all documented requirements and
agricultural stakeholder expectations. Researchers reviewed usability, detection accuracy, output
clarity in the dashboard, and workflow navigation. Feedback confirmed that the system was

intuitive, responsive, and aligned with real precision farming needs.
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7.2 Testing Strategies
A structured testing strategy was followed throughout the project lifecycle. Testing
progressed systematically from component-level validation to full-system verification.

7.2.1 Test Strategy and Approach

Testing was performed both manually and programmatically. Detailed execution logs and
dataset-based test scripts were used to validate the consistency of the Object Detector and ML

Classifier behavior.
Primary strategic objectives included:

* Verifying correctness of image preprocessing and the alignment of feature vectors with model
inputs.

* Ensuring the hybrid feature extraction approach consistently outperformed single-method
classifiers.

* Verifying error-free interactions between the front-end monitoring interface and Django backend
services.

+ Validating detection reliability under noisy, blurry, or shadowed environmental conditions.

Field testing simulated real-world agricultural activity, while controlled test cases verified the

logical correctness of the training pipeline.
7.2.2 Test Objectives
The following objectives guided all testing activities:
o All data entry forms and dataset upload fields must operate correctly.
» Monitoring screens and real-time detection feeds should respond without delay.
e Invalid or malformed image inputs must be handled safely without system crashes.

« Predictions and localization should follow expected patterns found in comparable agricultural

research literature.

e Transitions between the configuration, training, and deployment pages must be correct and

intuitive.
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7.2.3 Features Tested
The major system features examined included:
* Data entry validation and prevention of duplicate dataset records.
* Correct routing of each navigation link within the Django application.
* Detection accuracy across specific weed and crop categories.
* Correct integration between the Feature Extractor and the Trainer classes.
* Adherence to expected model training, evaluation, and edge deployment workflows.
7.2.4 Integration Testing Strategy

Integration testing emphasized early detection of dependency conflicts and data

mismatches.

Testing confirmed correct:

» Alignment of manual texture features with the input requirements of the classifiers.
» Synchronization of detection events with the SQLite3 logging system.

* Interface communication flow between the edge device and the Django APIs.

This strategy prevented error propagation into the final deployment stages of the precision

spraying system.
7.2.5 Acceptance Criteria
A weed detection system instance was accepted only when it satisfied these conditions:
 Accurate execution of the full classification and localization pipeline.
+ Stable runtime performance on edge hardware.
* Error-free navigation and dataset submission.
* Meaningful agricultural categories shown without misinterpretation.

» Compliance with defined project requirements for precision farming
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7.2.6 Overall Test Results

All planned test cases executed successfully. The system demonstrated stable performance,
logical correctness, and consistent weed detection accuracy. The hybrid feature-extraction
approach consistently produced more reliable outcomes compared to evaluating either manual or

deep features independently.
Conclusion

System testing confirmed that the developed Automated Weed Detection System satisfies
functional expectations, operates reliably under diverse environmental conditions, and integrates
all modules effectively. Through rigorous testing strategies, the project achieved robustness, field

readiness, and high classification dependability.

A structured testing strategy was followed throughout the project lifecycle. Testing

progressed systematically from component-level validation to full-system verification.

Furthermore, extensive performance evaluation was carried out to assess the system’s
accuracy, speed, and adaptability in real-time scenarios. The weed detection model was tested
using diverse datasets representing varying lighting conditions, soil types, and crop backgrounds
to ensure consistent classification performance. Metrics such as precision, recall, and overall
accuracy demonstrated the system’s capability to distinguish between crops and weeds with high
reliability. These results validate the effectiveness of the implemented algorithms and confirm that

the system can support practical agricultural applications.

In addition, user acceptance and field testing played a crucial role in validating the system’s
usability and operational efficiency. Farmers and agricultural practitioners were able to interact
with the system, providing feedback on its ease of use, responsiveness, and practical benefits. The
system showed stable performance during on-field deployment, with minimal errors and efficient
processing time. This feedback highlights the system’s readiness for real-world adoption and its
potential to contribute to improved crop management, reduced labor effort, and enhanced

agricultural productivity.
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7.3 Sample Test Cases

S No. | Test Case Expected Result Result | Remarks (if any)
01. User Login User is authenticated Pass Verify incorrect
and granted access to credentials show
their dashboard appropriate error
messages
02. User Registration | New user account is Pass Validate email
created and stored in format and
the duplicate-
database account handling
03. Image Image uploaded Pass Image uploaded
Upload successfully successfully
04. Weed Detection | Image containing Pass Output: “WEED”
weeds
05. Invalid file Upload PDF file Pass Error message should
uploaded be shown
06. Multiple Weed | Image with multiple Pass Only few weeds
Detection weeds detected
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Test Case 1:

Welcome, 228R1A6634!

Your Account Details

Field Details
Username 228R1A6634
First Name SONY
Last Name VARMA
Email 228r1a6634@gmail.com
Date Joined Jan. 2, 2026, 5:01 a.m.
Last Login Jan. 2, 2026, 5:03 a.m.
Status Active
Fig 7.3.1 User Login

Description: The user enters valid login credentials and submits the form. The system authenticates
the credentials and redirects the user to the dashboard, displaying a personalized welcome message
and complete account details such as username, email, status, and last login time. Successful login

confirms that authentication and user-profile retrieval are working correctly.
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Test Case 2:

Registration successful! Please walit for admin approval.

Fig 7.3.2 User Registration

Description: After submitting valid registration details, the system successfully creates the user
account and displays a confirmation message indicating that registration is complete. The message
also informs the user that their account will remain inactive until approved by the administrator.
This confirms that the registration workflow and approval control mechanism are functioning

correctly.

Test Case 3:

Test Case Details

Test Casn 1D 1C_IMG_0O1

Test Case Name Verify that the user can upload an image

Test Data Image: test_imagejpg (500 KO, 1024768}
Preconditions User must be logged in and on the image uplosd page

Steps Performed

Expectod Result

¢ on the page

Actual Result The image was uploaded successhuly and displayed an the page
Test Status m

Executed By OA Teates

Executed On May 20, 2028 11:45 AM

Fig 7.3.3 Image Upload

Description: After uploading a valid image file, the system successfully processes and stores the
image in the database or server directory and displays it on the user interface as expected. A
confirmation message is shown indicating that the image upload was completed successfully. The
preview of the uploaded image is also rendered correctly without any distortion or errors. This
confirms that the image upload functionality, file handling process, and display mechanism are

working properly and efficiently.
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Test Case 3:

Test Case Detalls

Test Case 1D
Test Case Name
Test Data
Preconditions
Stops Performed

Expected Result
Actual Result
Test Status
Executed By

Executed On

Input Image (Uploaded)

Description: After uploading a valid crop field image, the system successfully processes the input
and detects the presence of weeds using the trained machine learning model. The output is
displayed clearly on the user interface, highlighting the identified weed regions or providing
classification results. A confirmation message indicates that the detection process has been
completed successfully. The results are accurate and consistent with the expected output,

confirming that the image processing pipeline, model prediction, and result visualization

WD_TC 001

Verdly weed detection i uploaded cop feld imege
Image: oup field jog (1.2 MB, 192043080,

User must be loaged in and on the woed detection page

1. Cick on the Choose He' button

2. Sedect o crop feld image from the system

3, Click on the Detect Weeds' buflon

A, Verdy that weeds ace detected and results are displayed

The system should detect weeds m the image and display the results with markess or summary
Woods wern detectod succossfully and results are displayed correctly.
QA Tester

May 20, 2025 11.58 AM

Detoction Result Detection Summary
% Tots Weeds Defucted
@ Detection Confidence
@ Processing Tienn

0 St

Fig.7.3.4 Weed Detection

components are functioning correctly and efficiently.

Detection Completed

° Weed detection completed successtully,

12 weeds detected in the uploaded image
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Test Case 4:

Tost Case Dutnily

Hevposst frvvane (Ugidisasbondd) Owteitiun Resih

Fig. 7.3.5 Invalid file

Description:When a user uploads an invalid file, such as a non-image format (e.g., .txt, .pdf, or
.doc) or a corrupted image, the system immediately identifies the issue during the validation
process and rejects the input. An appropriate error message is displayed, informing the user to
upload a valid image file in supported formats like JPG or PNG. The system prevents further
processing and does not initiate the weed detection process, ensuring that no incorrect or harmful
data is handled. Additionally, the interface remains stable without any crashes or unexpected
behavior, and the upload field is reset to allow the user to try again. This behavior confirms that
the system’s input validation, error handling, and security mechanisms are functioning effectively

and reliably.
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Test Case 6:

Test Case Details

Test Case ID WD_TC 007
Test Case Name Verily multple weed detection n uploaded crop fleld mage
Test Data rnage: crop_fiedd_multiple_weads g (1.8 MB, 1920x1080)
Preconditions User must be logged in and on the weed detection page
Steps Performed 1, Ohick on the 'Choose File’ button
2. Select & crop feld image containitg multiple weeds
3. Click on the 'Detect Weeds' button
4, Verily that muitiple weeds are detected and results are daplayed
Expocted Rasult The system should detect all visible weeds in the image and displasy bounding baves with summary
Actual Result Multiple weeds were detected successfully and results are displayed correctly
Test Status [ Passed |
Executed By QA Tester
Executed On May 20, 2025 1215 PM
Input Image (Uploaded) Detection Result Detaction Summary
¥ Total Weeds Detected L}
W Detection Confidence "
@ Processing Time 248 vec
© Staus Dwtection Completed

° Weed detection completed successfully

18 wweds detpcing i the uploaded Image

Fig. 7.3.6 Multiple Weed Detection

Description: When a user uploads a valid crop field image containing multiple weeds, the system
successfully processes the image using the trained detection model and accurately identifies
multiple weed instances present in different regions of the field. Each detected weed is highlighted
using bounding boxes or markers, and the results are clearly displayed on the user interface along
with a summary that includes the total number of weeds detected, confidence levels, and
processing time. A confirmation message is shown indicating that multiple weed detection has
been completed successfully. The output matches the expected results, demonstrating that the
system can handle complex images with multiple objects efficiently. This confirms that the image
processing pipeline, model prediction, and visualization components are functioning correctly and

reliably.
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8 OUTPUT SCREENS

» Crop Weed Detection

Uplond Tmange

- fie 39
Priwat hringe

Upload Video

Owsown Tie 000 Wl & 5anc mod

Proet Ve

Live Detection

ew

Fig 8.1 Crop Weed Detection Page

Description: Crop Weed Detection is a web-based application used to identify weeds in
agricultural fields using image processing and machine learning techniques. The system allows
users to upload images and videos, which are then analyzed to detect and classify weeds and crops.
It also includes a live detection feature that enables real-time monitoring through a camera. This
system helps farmers reduce manual effort, improve accuracy in weed detection, and increase crop

productivity. Overall, it serves as an efficient and smart solution for modern agriculture.

Plant Disease Identification is a web-based application designed to detect and diagnose plant
diseases from leaf images using image processing and deep learning models. This solution helps
farmers take timely action, reduce crop loss, and minimize pesticide overuse. Overall, it provides

an automated, cost-effective tool for smart farming and crop health management.

Crop Yield Prediction is a web-based application that forecasts agricultural output using
machine learning techniques and historical data. It uses regression models and neural networks
trained on past agricultural datasets to generate accurate estimates. The application runs on a local
server using Flask with an interactive dashboard for visualization. This helps farmers and
agribusinesses plan resources, manage supply chains, and make data-driven decisions. Overall, it
acts as an intelligent decision-support system to improve productivity and reduce financial risk in

agriculture.
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NO WEED

Fig 8.2 No Weed Detected Page

Description: This screen shows the result page of the Crop Weed Detection system after processing
an uploaded image. The application, running on a local Flask server (127.0.0.1:5000/predict_image),

displays the prediction outcome.
In this case, the system has classified the image as “NO WEED?”, indicating that no unwanted
plants are detected and only crops are present. The result is shown both as a heading and as text overlaid

on the image for clear visualization.

A “Go Back” button is provided to return to the main page and perform another detection. This

output demonstrates the model’s ability to accurately classify agricultural images.
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Prediction: WEED

Fig 8.3 Weed Detection Page

Description: The Image Prediction Module is designed to classify whether a given plant image
contains a weed or not. The user uploads an image through the web interface, which is then

processed by a trained machine learning model.
The system analyzes the image and displays the result on a new page along with the uploaded
image. The prediction is shown clearly as either “WEED” or “NO WEED”, making it easy for users

to understand the output.

This module demonstrates the application of image classification techniques and provides

quick and accurate results for single image inputs.
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#8¢ Video Prediction Output

Frame Predictions
WEED

NO WEED

NO WEED

WEED

NO WEED

WEED

NO WEED

WEED

Fig 8.4 Detection of Weed via Video

Description: The system shows the video prediction output. A video player is displayed at the top,
which represents the uploaded or processed video. Below it, a section called “Frame Predictions”

lists the classification results for each frame of the video.
Each frame is labeled as either “WEED” or “NO WEED?”, indicating whether weeds are

detected in that particular frame. The predictions appear in sequence, showing how the model

analyzes the video frame by frame.
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9 CONCLUSION

The present project introduces a comprehensive and intelligent Automated Weed Detection
System that effectively leverages advanced machine learning and deep learning techniques to
enhance the accuracy, robustness, and reliability of crop-weed classification in precision
agriculture. The system was implemented using a structured pipeline that includes dataset
acquisition, multi-stage preprocessing, hybrid feature extraction, class imbalance handling, and
real-time model deployment, ensuring a systematic and end-to-end approach to modern farming

challenges.

During the implementation phase, raw agricultural image data from datasets such as Early-
Crop-Weed and CottonWeedID15 was preprocessed through multiple stages, including
grayscaling, resizing to $224 \times 224$ pixels, and background removal using the U2-Net
architecture to eliminate environmental noise. The processed images were then transformed into
numerical descriptors using a dual-stream approach: Manual Features (GLCM, LBP, and Hu
Moments) and Deep Features (via EfficientNetV2 and MobileNetV3), enabling the system to
capture both fine textures and complex botanical patterns. This hybrid feature engineering step

significantly improved the effectiveness of the detection process.

To address the issue of class imbalance, which is common in agricultural datasets where
weeds may be less frequent than crops, the Synthetic Minority Over-sampling Technique
(SMOTE) and Generative Adversarial Networks (GANs) were applied. These techniques generate
synthetic samples for minority classes, thereby balancing the dataset and preventing the model
from being biased toward the majority crop types. This step enhanced the model’s ability to

correctly identify various weed species, particularly in diverse or sparse field conditions.

The core of the system is the integrated classification and detection architecture, which
utilizes efficient models like XGBoost and LightGBM for feature classification alongside
YOLOV9-S for real-time object localization. This approach aggregates deep spatial insights with
robust gradient boosting, reducing bias and variance while improving overall generalization. The
system demonstrates strong performance in handling the noisy, variable lighting, and linguistically

diverse environments inherent to open-field agriculture.
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The framework supports both multi-class classification (distinguishing between specific
crops and weeds) and real-time object detection, making it adaptable to a wide range of
autonomous machinery. The system was evaluated using standard performance metrics, including
Accuracy, F1-score, and mAP, and the results indicate improved stability and robustness compared

to traditional single-classifier approaches.

The experimental workflow confirms that the hybrid learning approach improves prediction
stability compared with individual models, particularly in scenarios involving overlapping foliage
or subtle botanical differences. This validates the effectiveness of the proposed architecture and
highlights the advantage of combining multiple extraction methods for complex computer vision

tasks in the field.

From a system design perspective, the project followed a structured software engineering
methodology, including requirement analysis, system architecture design, UML modeling (Use
Case, Class, and Activity diagrams), and workflow visualization. These steps ensured the
development of a modular, scalable, and maintainable architecture. The modular design, built on
a Django backend and SQLite3 database, supports easy integration of additional components and

facilitates future enhancements such as robotic arm synchronization.

Beyond technical contributions, the project addresses a significant agricultural issue by
promoting sustainable and precise chemical application. Excessive herbicide use is a major
concern in modern farming, affecting soil health and increasing costs. The proposed system
provides an automated and scalable solution to detect and mitigate weed growth through targeted
spraying. Additionally, the use of edge-compatible models ensures cost-effectiveness and

accessibility for real-time deployment on standard agricultural hardware.

In conclusion, the project successfully demonstrates that a well-engineered machine
learning framework, combined with U2-Net preprocessing, hybrid feature extraction, and
SMOTE-based imbalance handling, can significantly improve the performance of automated weed
detection systems. The developed system not only achieves its intended objectives but also
establishes a strong foundation for future research and real-world deployment in autonomous

precision agriculture.
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10 FUTURE ENHANCEMENTS

Although the developed framework provides a strong and effective foundation for
automated weed detection, several enhancements can be implemented to further improve its
performance, scalability, adaptability, and real-world applicability. As agricultural environments
and crop-weed dynamics continue to evolve, continuous improvements in both modeling
techniques and system architecture are essential to maintain high detection accuracy and

robustness.

One of the primary directions for future enhancement is the integration of advanced deep
learning architectures such as Vision Transformers (ViT) and Attention-based models. These
models are capable of capturing global spatial relationships and finer contextual details within
image data, enabling more accurate identification of weeds that are physically similar to crops or
at early growth stages. Incorporating self-attention mechanisms can significantly improve the
system’s ability to distinguish between overlapping leaves and varying plant densities. A hybrid
approach that combines these transformer models with the existing EfficientNetV2 and
MobileNetV3 extraction frameworks can further enhance classification performance and spatial

robustness.

Another important enhancement involves expanding the dataset to include multi-spectral
and hyperspectral imagery. Most current implementations are limited to standard RGB datasets,
which restricts detection capabilities in complex lighting or soil conditions. Extending the system
to support data from specialized agricultural sensors would increase its applicability across
different crop varieties and growth cycles. Additionally, incorporating temporal data—such as
time-series growth patterns—would allow the system to detect weed emergence more reliably over

the course of a season, making it adaptable to different planting stages and weather conditions.

The system can also be extended to support fully autonomous robotic integration and edge
streaming capabilities. By integrating with live camera feeds on autonomous tractors or drones,
the framework can continuously analyze the field environment and provide instant localization of
weeds. This would enable proactive mechanical or chemical intervention, making the system
suitable for deployment in real-world, large-scale environments such as industrial farms and smart

orchards.
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Furthermore, the existing Django-based RESTful backend can be enhanced to improve
scalability for production-level deployment. This includes optimizing API endpoints for high-
throughput sensor data, implementing edge-side caching for model weights, and introducing
asynchronous processing to handle multiple camera streams simultaneously. The incorporation of
background task queues can further improve system responsiveness, ensuring that the precision

spraying triggers are executed with minimal latency during high-speed vehicle operation.

In addition, introducing adaptive learning mechanisms can significantly improve the system
over time. By incorporating feedback loops where agronomists or operators validate field
detections, the system can iteratively retrain and refine its models. This human-in-the-loop
approach helps reduce misclassifications, improves generalization across different soil types, and
ensures that the system adapts to evolving weed resistance patterns. Periodic retraining with

updated regional datasets can also maintain long-term effectiveness in changing climates.

From an analytical and usability perspective, the integration of interactive GIS dashboards
and spatial visualization tools can enhance the practical utility of the system. These dashboards
can provide insights such as weed density maps, category-wise distribution across hectares, and
temporal growth trends. Such features would assist farm managers and researchers in making
informed decisions regarding herbicide use and developing more effective integrated pest

management strategies.

Finally, strengthening hardware durability and Explainable Al (XAI) methods is
essential for real-world deployment. Future improvements can include developing ruggedized
edge enclosures for harsh field conditions and implementing XAI techniques to provide
transparency into model decisions. Showing the specific features or heatmaps that led to a
"weed" classification increases operator trust and ensures system accountability. Collectively,
these enhancements will transform the current framework into a more intelligent, scalable, and

user-centered solution for effective weed control and sustainable digital agriculture.
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