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ABSTRACT

In recent years, the integration of smart technologies in agriculture has significantly improved
productivity and resource management. However, the increasing use of sensors, 10T devices, and
automated machinery has also introduced challenges related to equipment failure and
maintenance. Unexpected failures can lead to crop loss, reduced efficiency, and increased
operational costs. This project presents an intelligent system based on Explainable Artificial
Intelligence (XAI) for predictive maintenance in smart agricultural facilities. The system analyzes
real-time sensor data such as temperature, humidity, soil moisture, and machine usage patterns to
predict potential equipment failures before they occur. Unlike traditional machine learning
models, this system incorporates explainability techniques such as SHAP and LIME to provide
clear insights into model predictions. This helps farmers and technicians understand the reasons
behind failures and take appropriate preventive actions. The proposed system improves reliability,
reduces downtime, enhances decision-making, and supports sustainable agriculture by ensuring
timely maintenance and efficient resource utilization. The integration of Artificial Intelligence
(Al) and data-driven systems in agriculture has led to significant advancements in precision
farming and resource optimization. This project presents a predictive maintenance and crop
classification system tailored for smart agricultural environments using eXplainable Artificial
Intelligence (XAl). The objective is to develop a robust and interpretable model that can predict
optimal crop types based on environmental and soil parameters while ensuring model transparency

for informed decision-making.

KEYWORDS: Explainable Al, Predictive Maintenance, Smart Agriculture, 10T, Machine
Learning, SHAP, LIME, Fault Detection, Data Analysis
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1. INTRODUCTION

1.1 Introduction

In recent years, rapid technological advancement has significantly improved the efficiency
and performance of various industries. Software systems are widely used in sectors such as
healthcare, agriculture, communication, and robotics, enabling faster processing and better
decision-making. However, this increased dependency on technology has also introduced serious
challenges, especially in the form of equipment failures and system inefficiencies in automated

environments.[9],[10]

In smart agricultural systems, the integration of IoT devices, sensors, and automated
machinery has enabled real-time monitoring and precision farming. However, failures in these
interconnected systems, such as malfunctioning sensors, irrigation breakdowns, and equipment
faults, can spread quickly across the system, similar to how disruptions propagate in complex

networks. These failures can lead to crop loss, reduced productivity, operations.[11]

Machine learning techniques, particularly Artificial Neural Networks, are used to are used
to analyze complex system data and detect potential failures more efficiently. These techniques
provide more accurate and adaptive solutions compared to traditional maintenance methods.[11]
However, many machine learning models act as black boxes, making it difficult to understand

how decisions are made.[4],[13]

1.2 Project Objectives

e To develop a predictive maintenance system for agricultural equipment.
e To analyze sensor data using machine learning techniques.
e Toimplement explainable Al models for transparency.

e To identify potential failures in advance.

-
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1.3 Purpose of the Project

The main purpose of this project is to develop an intelligent and transparent predictive
maintenance system for smart agricultural environments. Modern agriculture relies heavily on
automated systems and IoT devices, which require continuous monitoring and
maintenance.[3][11] Traditional maintenance approaches are reactive, meaning issues are
addressed only after failure occurs. This leads to increased downtime and higher costs. Predictive
maintenance solves this problem by forecasting failures before they happen.[5]

This project uses machine learning models to analyze sensor data and detect anomalies.
Additionally, explainable Al techniques are used to provide clear explanations of predictions. This
helps farmers understand which factors contribute to equipment failure.[1],[4]. The system also
identifies critical components that require maintenance, improving efficiency and reducing
resource wastage. By providing real-time insights and predictions, the system enhances

productivity and sustainability in agriculture.[5]

Another important purpose of this project is to shift from traditional reactive maintenance
to predictive maintenance. In conventional systems, maintenance activities are performed only
after a failure occurs, which leads to downtime and increased repair costs. This project focuses on
analyzing data collected from sensors and machines to identify patterns that indicate potential
failures.[11].By predicting issues before they occur, the system helps in reducing downtime,
minimizing costs, and improving overall efficiency. This proactive approach ensures that

maintenance activities are planned and executed in a timely manner.[9]

The project also aims to utilize machine learning techniques for analyzing complex
agricultural data. Smart agricultural systems generate large amounts of data from various sources
such as temperature sensors, humidity sensors, soil moisture detectors, and machinery usage logs.
Processing and analyzing this data manually is not feasible. Therefore, machine learning models
are used to detect hidden patterns and anomalies in the data[12]. These models enable the system
to make accurate predictions about equipment health and performance, which is essential for

effective maintenance planning.[11]

-
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A key purpose of this project is to incorporate Explainable Artificial Intelligence into the
predictive maintenance system. Traditional machine learning models often act as black boxes,
providing predictions without explaining how those predictions are made[.4] This lack of
transparency reduces user trust and makes it difficult to take informed decisions. By integrating
explainable Al techniques, the system provides clear insights into the factors influencing each
prediction. This helps users understand the reasoning behind the results and increases confidence
in the system.[1],[13].

The project also focuses on improving decision-making in agricultural operations. Farmers and
system operators need accurate and understandable information to take appropriate actions. By
providing predictions along with explanations, the system enables users to identify the root cause
of potential failures [1],[4]. This allows them to take preventive measures such as repairing or
replacing specific components before a complete breakdown occurs. Improved decision-making

leads to better resource utilization and enhanced productivity [5],[9].

Another important purpose is to enhance the reliability and stability of smart agricultural
systems. Equipment failures can disrupt irrigation systems, environmental monitoring, and
automated processes, which directly affect crop growth and yield. By predicting failures in
advance, the system ensures continuous operation of agricultural equipment. This improves the
overall reliability of the system and reduces the risk of unexpected disruptions, thereby supporting

consistent agricultural production [9],[12].

Another purpose of this project is to support scalability and adaptability in modern agricultural
environments. Agricultural systems vary in size and complexity, ranging from small farms to
large-scale smart farming facilities. The proposed system is designed to handle different types of
data and adapt to various conditions [3],[10].It can be updated with new data and improved models
to handle evolving requirements. This flexibility ensures that the system remains effective even
as technology and agricultural practices continue to evolve. Finally, the overall purpose of this
project is to develop a comprehensive, intelligent, and user-friendly system that combines

predictive maintenance with explainable Al [1],[4].

-
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1.4 Problem Statement

With the rapid growth of smart agriculture and the increasing use of digital technologies,
systems such as sensors, 10T devices, and automated machinery are widely deployed to improve
farming efficiency [3],[11]. These systems continuously monitor environmental conditions and
support decision-making processes. However, the high dependency on interconnected
technologies has introduced new challenges, particularly in maintaining the reliability and

performance of agricultural equipment [12].

Failures in smart agricultural systems such as malfunctioning sensors, irrigation breakdowns,
and machine faults can occur unexpectedly and may spread across interconnected components.
These failures can lead to serious consequences including crop damage, reduced productivity, and
financial losses [11]. Traditional maintenance methods, which are mostly reactive, address issues
only after they occur, making them inefficient in preventing system downtime and operational
disruptions.[5],[11].

Another major challenge is the lack of transparency in machine learning models used for
prediction. Many models provide accurate results but do not explain how the predictions are
made. This makes it difficult for farmers and system operators to trust the system and take

appropriate decisions based on its outputs [13].

-
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1.5 Existing System

In the current scenario, various systems are used for monitoring and maintaining
agricultural equipment in smart farming environments. Most of these systems rely on basic
monitoring techniques or traditional machine learning models to analyze data collected from
sensors and devices [3],[11]. These systems help in detecting faults and analyzing equipment

performance to some extent.

Existing systems primarily focus on reactive or scheduled maintenance approaches [5]. In
reactive maintenance, actions are taken only after a failure occurs, which leads to downtime and
increased repair costs. Scheduled maintenance, on the other hand, is performed at regular intervals
regardless of the actual condition of the equipment. While these methods are useful, they are not

efficient in handling unexpected failures or optimizing maintenance activities. [11]

Some modern systems use machine learning techniques to predict equipment failures based
on historical data. These systems analyze patterns in sensor data and identify anomalies that may
indicate potential issues. Although these approaches improve prediction accuracy, they often lack
transparency and interpretability [4] . The results generated by these models are difficult to
understand, making it challenging for users to rely on them for decision making a more advanced
and intelligent system that can provide accurate predictions along with clear explanations for better

decision-making [1].
DISADVANTAGES

e Relies onreactive or scheduled maintenance, leading to unexpected equipment failures.

e Lacks transparency in predictions, making it difficult for users to understand results.

e Limited adaptability to changing environmental conditions such as weather and soil variations.
e Scalability issues when applied to large and complex agricultural systems.

e Inefficient real-time monitoring and delayed failure detection.

Higher initial setup complexity due to integration of multiple sensors and systems.

Difficulty in handling diverse and unstructured sensor data from multiple sources.

-
Explainable Al for Smart Agricultural Facilities 5



1.6 Proposed System

The proposed system is designed to provide an efficient and intelligent solution for
predicting, analyzing, and preventing equipment failures in smart agricultural facilities [9],[11].
Unlike existing systems, this approach focuses on improving accuracy, adaptability, and real-time
performance using machine learning and Explainable Artificial Intelligence techniques.[1],[4]

The system mainly targets different components of smart agriculture such as sensors,
irrigation systems, and automated machinery [3]. It uses multiple machine learning algorithms to
analyze input data collected from various sources such as temperature, humidity, soil moisture,
and equipment usage patterns. Based on this analysis, the system identifies whether the equipment
is functioning normally or likely to fail. By combining different models and techniques, the system
improves prediction accuracy and reduces incorrect results. [2],[9]

With the rapid adoption of 10T devices and smart farming technologies, agricultural systems
have become more complex and interconnected. Failures in one component can affect the overall
system performance and lead to serious consequences such as crop damage and resource wastage.
Therefore, early detection and prediction of such failures are essential for maintaining system
efficiency and reliability. [25]

The proposed system overcomes these limitations by integrating machine learning models
with preprocessing and feature extraction techniques to analyze complex agricultural data
efficiently. It also incorporates Explainable Artificial Intelligence methods to provide clear

insights into how predictions are made. [1],[4].

ADVANTAGES

e Provides early prediction of equipment failures, reducing downtime and losses.
e Uses Explainable Al to improve transparency and user trust.

e Supports real-time monitoring and quick decision-making.

e Reduces maintenance costs through proactive strategies.

e Adapts to changing environmental and operational conditions.

e Handles large and complex datasets efficiently.

-
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Fig 1.5.1: Block Diagram

1.7 Input Design and Output Design
1.7.1 Input Design

The input design of the system defines how data is collected and provided to the predictive
maintenance model in smart agricultural facilities[3],[11]. The system is designed to accept input
from multiple sources such as sensors, 10T devices, and user interfaces. These inputs include
environmental data like temperature, humidity, soil moisture levels, and operational data such as
equipment usage patterns and machine status.

The input data may contain noise, missing values, and inconsistencies due to
environmental variations and sensor limitations. Therefore, the system includes preprocessing
steps to clean and normalize the data before it is used for analysis. These steps involve removing
irrelevant data, handling missing values, and converting raw sensor readings into a structured
format. Proper preprocessing ensures that the data is accurate and suitable for machine learning
models, which improves prediction performance [9],[10].

By providing a well-structured and efficient input pipeline, the system enhances reliability
and consistency in data processing [20]. By presenting results in an effective and user-friendly
manner, the system improves usability and overall performance of the predictive maintenance

process [9].

-
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Objectives
e Todevelop an intelligent predictive maintenance system for smart agricultural facilities using
machine learning techniques.
e To analyze sensor and equipment data to detect potential failures and improve system
reliability.
e To implement Explainable Artificial Intelligence to provide clear and understandable insights
for better decision-making.

1.7.2 Output Design

The output design defines how the results of the predictive maintenance system are
presented to the user after processing the input data. In this project, the system provides output in
the form of predictions indicating whether the agricultural equipment is functioning normally or
is likely to fail [3],[11]. The output is generated after the input data passes through preprocessing,
feature extraction, and machine learning models. Based on the analysis, the system displays results

such as “Normal Operation,” “Potential Failure Detected,” or “Maintenance Required [5].

The output is designed to be clear, simple, and easy to understand for users such as farmers
and system operators. The system may use visual indicators like graphs, charts, or color codes to
represent equipment status, where green indicates normal condition and red indicates a possible
issue [12]. In addition to predictions, the system also provides explanations using Explainable
Artificial Intelligence techniques, helping users understand the factors that contributed to the

prediction. This improves transparency and supports better decision-making [9],[13].

The system ensures that the output is accurate, consistent, and delivered in real time. It
provides immediate feedback based on the input data, allowing users to take preventive actions
quickly. The output design also supports future enhancements such as displaying confidence
levels, detailed reports, and maintenance suggestions. By presenting results in an effective and

user-friendly manner.[11]

-
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2. LITERATURE SURVEY

1. A. Reddy, P. Kumar and S. Verma, “Explainable Artificial Intelligence for Predictive
Maintenance in Smart Agriculture,” in IEEE Access, vol. 14, pp. 10234-10250, 2026. This
study presents an explainable Al-based framework for predictive maintenance in smart
agricultural systems. It focuses on using machine learning models along with interpretability
techniques to predict equipment failures. The system improves transparency and helps users
understand the reasoning behind predictions. However, it requires large datasets for effective
training and may face challenges in handling real-time data variations.

2. J. Lee, D. Kim and H. Park, “Hybrid Machine Learning Models for Predictive
Maintenance in loT-Based Systems,” in IEEE Access, vol. 14, pp. 15678-15695, 2026.
This paper presents a hybrid approach combining multiple machine learning models for
improved prediction accuracy. It leverages ensemble techniques to handle complex data
patterns. The system achieves better performance compared to single models. However,
increased model complexity affects interpretability and implementation.

3. L. Zhang, Y. Chen and H. Wang, “loT-Based Predictive Maintenance System for
Precision Agriculture,” in IEEE Internet of Things Journal, vol. 13, pp. 3345-3358, 2026.
This paper proposes an 10T-based system for monitoring agricultural equipment and predicting
failures using real-time data. It integrates sensor networks with machine learning models to
improve system efficiency. The approach enhances real-time monitoring and early detection.
However, it faces issues related to data reliability and network connectivity.

4. S. Raoand N. Ramesh, “Explainable Deep Learning Models for Agricultural EQuipment
Monitoring,” in  Springer LNNS, vol. 1400, pp. 501-512, 2026. This
study introduces deep learning models combined with explainable Al techniques to analyze
agricultural equipment data. It provides detailed insights into model predictions using
visualization methods. The system improves trust and usability among users. However, high

computational complexity and training time remain significant limitations.

-
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5. K. Gupta and P. Mehta, “Data-Driven Maintenance Strategies for Smart Agricultural

Systems,” in Elsevier Computers and Electronics in Agriculture, vol. 210, pp. 107001,
2026.
This research focuses on data-driven approaches for improving maintenance strategies in
agriculture. It uses historical and real-time data to predict equipment health and optimize
maintenance schedules. The system enhances efficiency and reduces operational costs.
However, its performance depends heavily on data quality and consistency.

6. J. Lee, D. Kim and H. Park, “Hybrid Machine Learning Models for Predictive
Maintenance in loT-Based Systems,” in IEEE Access, vol. 14, pp. 15678-15695, 2026.
This paper presents a hybrid approach combining multiple machine learning models for
improved prediction accuracy. It leverages ensemble techniques to handle complex data
patterns. The system achieves better performance compared to single models. However,
increased model complexity affects interpretability and implementation.

7. M. Ali, K. Ahmad and F. Hussain, “An Intelligent Intrusion Detection System Using
Machine Learning Techniques,” in IEEE Access, vol. 13, pp. 14567-14580, 2025. This
study proposes an intelligent intrusion detection system using multiple machine learning
algorithms. It focuses on improving detection rates and minimizing false alarms. The system
demonstrates strong performance in identifying various types of cyber attacks. However, it
lacks robustness in highly dynamic environments.

8. S. Gupta and P. Verma, “Hybrid Machine Learning Models for Cyber Attack Detection,”
in IEEE Transactions on Cybernetics, vol. 55, no. 3, pp. 345-356, 2025. This research
introduces hybrid machine learning models combining multiple classifiers for cyber attack
detection. It improves classification performance by leveraging the strengths of different
algorithms. The model achieves higher accuracy and reliability. However, increased model
complexity affects interpretability and implementation.

9. R. Kumar and S. Singh, “Machine Learning-Based Predictive Maintenance in Smart
Agriculture,” in IEEE Access, vol. 13, pp. 11234-11250, 2025. This
study presents a machine learning-based framework for predictive maintenance in smart
agricultural systems. It uses supervised learning algorithms to analyze sensor data and detect

potential equipment failures. The system improves prediction accuracy and reduces downtime.
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10. L. Wang, H. Chen and Y. Zhang, “Deep Learning Approaches for Agricultural

Equipment Monitoring,” in IEEE Transactions on Information Systems, vol. 20, pp.
2210-2223,2025.
This work explores deep learning models such as CNNs and RNNs for analyzing complex
agricultural data. It demonstrates improved performance in detecting equipment faults through
automatic feature extraction. The approach reduces manual intervention and enhances
scalability. However, the high computational cost and training complexity remain major
limitations

11. R. Patel and V. Shah, “Predictive Maintenance in IoT-Based Smart Agriculture Using
Machine Learning,” in IEEE Access, vol. 12, pp. 9987-10002, 2024.
This work explores the application of machine learning in predictive maintenance systems for
agriculture. It analyzes sensor data to detect early signs of equipment failure. The system
enhances proactive maintenance and reduces operational risks. However, its effectiveness
depends on the availability of high-quality data.

12. M. Sulaiman, M. Waseem and A. N. Ali, “Modeling and Analysis of System Failures
Using Machine Learning Techniques,” in IEEE Access, vol. 12, pp. 4958-4984, 2024. This
study proposes a model for analyzing system failures using machine learning techniques. It
examines how failures propagate in interconnected systems and suggests preventive strategies.
The approach improves prediction accuracy. However, it relies on assumptions that may not
fully represent real-world environments.

13. Dr. Bodla Kishor, “Data Science Approaches to Anomaly Detection in Smart Systems:
Challenges and Solutions,” International Advanced Research Journal, 2024. This
paper discusses various data science techniques for anomaly detection in smart systems. It
highlights challenges such as data imbalance, scalability, and real-time processing. The study
emphasizes the need for adaptive models. However, it provides limited experimental

validation.
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Focused Area/ Title

Key Findings

Reference

Explainable Al  for
Predictive Maintenance

[1]

Proposes an explainable Al-
based framework for predictive

maintenance in smart
agriculture. Improves
transparency and helps users
understand predictions.

Requires large datasets and
struggles with real-time data
variations.

A. Reddy, P. Kumar and S.
Verma, “Explainable
Artificial Intelligence for
Predictive Maintenance in
Smart Agriculture,” 2026

Hybrid ML Models for
Predictive Maintenance

[2]

Combines multiple machine
learning models using
ensemble techniques to
improve prediction accuracy.
Handles complex data patterns
effectively. However, high
complexity reduces
interpretability.

J. Lee, D. Kimand H. Park,
“Hybrid Machine Learning
Models for Predictive
Maintenance in loT-Based
Systems,” 2026

loT-Based Predictive
Maintenance System

[3]

Uses 10T sensors and real-time
data to monitor agricultural
equipment. Enhances early
failure detection and system
efficiency. Faces challenges in
data reliability and
connectivity.

L. Zhang, Y. Chenand H.
Wang, “TIoT-Based
Predictive Maintenance
System for Precision
Agriculture,” 2026

Explainable Deep
Learning Models [4]

Integrates deep learning with
XAl techniques for equipment
monitoring. Improves
interpretability using
visualization methods. High
computational cost and
training time are limitations.

S. Rao and N. Ramesh,
“Explainable Deep Learning
Models for Agricultural

Equipment Monitoring,”
2026

Data-Driven
Maintenance Strategies

[5]

Uses historical and real-time
data for predictive
maintenance. Optimizes
maintenance schedules and
reduces costs. Performance
depends on data quality.

K. Gupta and P. Mehta,
“Data-Driven Maintenance
Strategies for Smart
Agricultural Systems,” 2026
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Focused Area / Title

Key Findings

Reference

Machine Learning-
Based Predictive
Maintenance [6]

Applies supervised learning to
analyze sensor data and predict
failures. Improves accuracy
and reduces downtime. Limited
by data availability and model
generalization.

R. Kumar and S. Singh,

“Machine Learning-Based
Predictive Maintenance in
Smart Agriculture,” 2025

Deep Learning for
Equipment Monitoring

[7]

Uses CNN and RNN models
for detecting equipment faults.
Improves feature extraction
and scalability. High
computational cost is a
drawback.

L. Wang, H. Chenand Y.
Zhang, “Deep Learning
Approaches for Agricultural

Equipment Monitoring,”
2025

Intelligent Intrusion
Detection System [8]

Combines classifiers to
improve detection accuracy.
Enhances reliability but
increases complexity and
reduces interpretability.

S. Gupta and P. Verma,
“Hybrid Machine Learning
Models,” 2025

Predictive Maintenance
using 10T [10]

Uses loT sensor data with
machine learning for early fault
detection. Improves proactive
maintenance but depends on
high-quality data.

R. Patel and V. Shah,
“Predictive Maintenance in
loT-Based Smart
Agriculture,” 2024

System Failure Analysis
using ML [11]

Analyzes system failures and
predicts breakdowns using ML
models. Improves prediction
accuracy but relies on
assumptions.

M. Sulaiman, M. Waseem
and A. N. Ali, “Modeling
and Analysis of System

Failures Using ML,” 2024

Table no. 2.1 Literature Review Summary
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3. SOFTWARE REQUIREMNET ANALYSIS

3.1 Modules and Their Functionalities

3.1.1. Data Input

This module is responsible for collecting and loading datasets related to smart agricultural
systems such as sensor data, environmental conditions, and equipment usage records. It accepts
both normal operational data and faulty data required for training and testing the model. The
data is stored in a structured format for further processing.

3.1.2. Data Categorization

In this module, the input data is divided into different categories such as normal operation and
potential failure. Faulty data is further classified based on the type of issue such as sensor
malfunction, irrigation failure, or equipment breakdown. This helps in organizing the data for
better analysis.

3.1.3. Feature Engineering

This module extracts important features from the dataset such as environmental patterns, sensor
readings, and equipment performance metrics. It selects only relevant features to reduce
complexity and improve efficiency. Feature selection helps in enhancing model accuracy and

reducing unnecessary data processing.

3.1.4. Model Training

This module is responsible for training machine learning models using the processed data.
Different algorithms are applied to learn patterns related to normal and faulty conditions. The
models are trained to predict whether the equipment is functioning properly or likely to fail.

Proper training ensures better prediction accuracy.

-
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3.1.5. Model Storage
After training, the models are stored in the system for future use. This avoids retraining the
model every time new input is given. Stored models can be quickly accessed for real-time

predictions. This improves system efficiency and reduces processing time

3.1.6. Input Processing

This module handles real-time input data from sensors and user interfaces. The input is
processed in the same way as training data to maintain consistency. It prepares the data by
applying preprocessing and feature extraction techniques before sending it to the prediction

module.

3.1.7. Prediction
The trained models analyze the processed input and predict whether the equipment is in a
normal state or at risk of failure. This module is responsible for detecting potential issues in

advance. Accurate prediction is essential for effective predictive maintenance.

3.1.8. Output
This module displays the prediction results to the user. It shows whether the system is operating
normally or requires maintenance. It may also provide explanations for predictions using

explainable Al techniques. The output is presented in a clear and understandable format.

3.1.9. Performance Evaluation
This module evaluates the performance of the system using testing data. Metrics such as
accuracy and prediction results are used to measure model efficiency. It helps in identifying

areas for improvement. Regular evaluation ensures reliable system performance.

-
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3.2 Functional Requirements

The functional requirements describe the main operations performed by the system to
achieve its objective of predictive maintenance in smart agricultural facilities. These
requirements define how the system accepts input, processes the data, and generates accurate
predictions. They ensure that the system operates efficiently, provides reliable outputs, and
supports real-time monitoring of agricultural equipment. The system is designed to handle
different types of inputs such as sensor data, environmental parameters, and machine usage
information, and process them using machine learning and explainable Al techniques to identify
potential failures.

e The system shall accept input data from sensors such as temperature, humidity, soil

moisture, and equipment usage.

e The system shall validate the input to ensure it is not empty and is in the correct format
before processing.
e The system shall perform preprocessing operations such as cleaning, normalization, and

formatting of input data.

e The system shall extract relevant features from the processed data for analysis.

e The system shall apply machine learning algorithms to predict equipment as normal faulty.
e The system shall provide explainable results to help users understand the predictions.

e The system shall display output results in a clear and user-friendly format.

-
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3.3 Non — Functional Requirements

Non-functional requirements describe the quality attributes and performance
expectations that define how the system operates. These requirements focus on system
behavior rather than specific functions. They ensure reliability, usability, efficiency, and
scalability of the predictive maintenance system. The system is designed to handle real-time
data processing, provide accurate predictions, and maintain consistent performance under
different agricultural conditions. The system shall ensure high reliability and stability during
all stages of text processing and classification.

e The system shall ensure high reliability and stability during data processing and
prediction.

e The system shall support real-time performance with minimal delay in generating

outputs.

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

processed by the framework.

e The system shall provide user-friendly interfaces for easy interaction and

understanding.
e The system shall ensure data security and confidentiality of user and sensor data.

e The system shall maintain accuracy and consistency in predictions under varying
conditions.

-
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3.4 Feasibility Study

The feasibility study is carried out to evaluate whether the proposed system can be
developed and implemented effectively in a real-world smart agricultural environment. It helps
in determining the practicality, efficiency, and suitability of the system based on available
resources and requirements. The system is designed to perform predictive maintenance using
machine learning and explainable Al techniques while ensuring efficient performance with
limited computational resources. It is capable of processing large volumes of sensor data such
as temperature, humidity, and soil moisture, making it suitable for real-time applications. The
study also focuses on the smooth integration of different modules such as data processing,

model training, and prediction, ensuring a structured and efficient workflow.

Three key considerations involved in the feasibility analysis are,
e Economic Feasibility
e Technical Feasibility

e Social Feasibility

3.4.1 Economic Feasibility

The economic feasibility study evaluates the cost required for developing and
implementing the proposed system. The system is designed using open-source technologies such
as Python and machine learning libraries, which significantly reduces development costs. There
is no need for expensive licensed software or specialized tools, making the project cost-effective.
The hardware requirements are also minimal, as the system can operate on standard computer
systems without high-end configurations.

The operational and maintenance costs are low since the system can be easily updated
and improved without additional investment. By predicting equipment failures in advance, the

system helps in reducing repair costs .

-
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3.4.2 TECHNICAL FEASIBILITY

The technical feasibility study examines whether the proposed system can be developed using
available technologies and resources. The system is implemented using widely used tools such as
Python, machine learning algorithms, and basic web technologies, which are easy to use and well
supported. These technologies do not require complex infrastructure and can be implemented

using standard development environments.

The system is scalable and can handle increasing amounts of data generated from multiple
sensors in agricultural environments. It can also be updated with new data and improved models
to adapt to changing conditions. Since the system can be developed, deployed, and maintained
using available technical resources without major challenges, it is considered technically feasible.

3.4.3 Social Feasibility

The social feasibility study focuses on the acceptance and usability of the system among users
such as farmers and agricultural operators. The system is designed to be simple and user-friendly,
allowing users to interact with it easily without requiring advanced technical knowledge. The
interface provides clear outputs and explanations, helping users understand predictions and take

appropriate actions.

The system improves awareness about equipment maintenance and helps in preventing failure
which increases user confidence in smart agricultural technologies. By enhancing productivity and
reducing risks, the system provides significant benefits to users. Therefore, the proposed system

is socially acceptable and beneficial for real-world agricultural applications.

-
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4. SYSTEM SPECIFICATIONS

4.1 Software Requirements

The software requirements define the tools, technologies, and environment needed for
developing and running the proposed system. These requirements provide a clear understanding
of how the system is designed, implemented, and executed. It includes details about the operating
system, programming language, development framework, and database used in the project. The
selection of these components is based on simplicity, availability, and compatibility with machine
learning applications.

e Operating System: Windows 7 Ultimate
e Programming Language: Python

e Front End: Python

e Back End: Flask

e Database: MySQL (WAMP Server)

e Machine Learning Algorithms: Random Forest, Decision Tree, Support Vector Machine
(SVM), Naive Bayes, K-Nearest Neighbors (KNN), AdaBoost, XGBoost, CatBoost

4.2 HARDWARE REQUIREMENTS

The hardware requirements specify the physical components needed to develop and run the
proposed system. The system is designed to work on standard computer configurations without
requiring high end hardware. It can efficiently perform data processing and machine learning tasks
with moderate resources. The hardware setup ensures smooth execution of all modules such as

data handling, model training, and prediction.

e Processor: Intel i5 or above
e RAM: Minimum 8 GB
e Hard Disk: Minimum 500 GB

e Mouse: Two or Three Button Mouse
e Monitor: SVGA or higher
e System Type: 64-bit system

-
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5. SOFTWARE DESIGN

5.1 System Architecture
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Fig. 5.1 System Architecture

This figure illustrates the overall system architecture of the Predictive Maintenance in Smart Agricultural
Facilities system, which consists of the client (browser), web server, ML server, and database. The
client provides a user interface for entering input data and viewing results. The web server process user
requests using Django views and templates and communicates with the ML server. The ML server

performs core operations such as model training and crop prediction using machine learning algorithms.
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5.2 Data Flow Diagram

The Data Flow Diagram (DFD) represents how data moves through the system and how it is
processed at different stages. It shows the flow of input data from the user and sensors to various
processing modules and finally to the output. The main components of the DFD include external
entities, processes, and data stores, which together describe the working of the predictive

maintenance system in smart agricultural facilities.

At the initial stage, the system receives input data from sensors and user interfaces in the
form of temperature, humidity, soil moisture, and equipment usage information. This input is
passed to the preprocessing module, where the data is cleaned, normalized, and formatted. After
preprocessing, the data moves to the feature extraction process, where important attributes are

identified and converted into a suitable format for further analysis.

The processed data is then sent to the machine learning models, where prediction is

performed to determine whether the equipment is functioning normally or is likely to fail. In

addition, explainable .
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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. UML helps in
representing the design of systems and understanding their components. Created by the Object
Management Group (OMG), UML 1.0 was proposed in January 1997. UML is closely associated
with object-oriented analysis and design. The two main categories of UML diagrams are

Behavioral and Structural diagrams, each serving distinct purposes in the modeling process.

UML is closely associated with object-oriented analysis and design, making it especially
useful for systems that are developed using modular and reusable software principles. It allows
developers to describe both the structure and behaviour of a system before actual coding begins,

thereby reducing design errors and improving software quality.

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.
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.

-
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The different types are broken down as follows:
1. Use case Diagram
2. Class Diagram
3. Activity diagram
4. Sequence Diagram
5. Collaboration Diagram
6. Component Diagram

5.3.1 USE CASE DIAGRAM

A use case diagram in the Unified Modeling Language (UML) is a type of behavioral
diagram defined by and created from a Use-case analysis. Its purpose is to present a graphical
overview of the functionality provided by a system in terms of actors, their goals (represented as
use cases, and any dependencies between those use cases. The main purpose of a use case diagram
is to show what system functions are performed for which actor. Roles of the actors in the system

can be depicted.
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Fig 5.3.1 Use Case diagram
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5.3.2. CLASS DIAGRAM

The class diagram represents the structural design of the system by showing the different
classes, their attributes, methods, and the relationships between them. It provides a clear
understanding of how the system components are organized and how they interact to perform
various operations. Each class in the system is responsible for a specific function such as handling
input data, processing information, managing models, and generating predictions. The
relationships between classes define how data flows from one module to another. This diagram
helps in visualizing the overall system architecture and makes it easier to design, develop, and
maintain the application.

© User
Admin
o id: int ©
o username: str o id: int
o email: str o username: str
o password: str o password: str
o status: bool
1

0.*

@ Prediction k4

o id: int @ ModelTrainer
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o input data: JSON

o predicted crop: str

o timestamp: datetime

@ upload csv(file)
e train_model()
@ evaluate model(): dict

Fig 5.3.2 Class diagram
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5.3.3. SEQUENCE DIAGRAM

A sequence diagram simply depicts interaction between objects in a sequential order i.e.,
the order in which these interactions take place. We can also use the terms event diagrams or event
scenarios to refer to a sequence diagram. Sequence diagrams describe how and in what order the
objects in a system function. These diagrams are widely used by businessmen and software

developers to document and understand requirements for new and existing systems.
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Fig 5.3.3 Sequence diagram
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5.34. ACTIVITY DIAGRAM

Activity diagram is another important diagram in UML to describe the dynamic aspects of
the system. Activity diagram is basically a flowchart to represent the flow from one activity to
another activity. This flow can be sequential, branched, or concurrent. Activity diagrams deal with
all type of flow control by using different elements such as fork, join, etc.
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Fig 5.3.4 Activity diagram

-
Explainable Al for Smart Agricultural Facilities 27



5.3.5. COLLABORATION DIAGRAM

The collaboration diagram represents how different components of the system interact
with each other to complete a specific task. It shows the communication between objects and the
sequence of messages exchanged during the execution of a process. In this system, it illustrates
how modules such as data input, preprocessing, feature extraction, model, and prediction work
together. The diagram highlights the flow of control and coordination among these components,
making it easier to understand how the system functions as a whole. It also helps in identifying
dependencies between different parts of the system and ensures proper interaction during

execution.
ore res
User | Provide input |yjew | Predict(input) |Model | | Database |
~_Show result_—____ix Return result_ | '

Fig 5.3.5 Collaboration diagram
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5.3.6. COMPONENT DIAGRAM

The component diagram represents the high-level structure of the system by showing
different components and their relationships. It illustrates how various parts of the system such as
data processing, feature extraction, model training, and prediction modules are organized and
connected. Each component performs a specific function and interacts with other components to
complete the overall process. The diagram helps in understanding how the system is divided into
smaller parts and how these parts work together. It also provides a clear view of system
dependencies and supports better design, development, and maintenance of the application.
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6. IMPLEMENTATION AND CODING

6.1 Implementation

6.1.1 Python

Python is a high-level, interpreted, object-oriented, and general-purpose programming
language used for the development of the proposed system. It is widely known for its simplicity
and readability, which allows developers to write clean and understandable code. Python uses
indentation instead of brackets, which makes the structure of the code more clear and organized.
This feature makes it easier to debug and maintain the system.

In this project, Python is used as the main programming language to implement all
functionalities such as data handling, preprocessing, feature extraction, model training, and
prediction. It supports multiple programming paradigms including procedural, object-oriented,
and functional programming, which helps in designing a flexible and scalable system. The
language also provides automatic memory management and dynamic typing, which reduces the

complexity of coding.

Python is platform-independent, which means the same code can run on different operating
systems without modification. It also has strong community support and continuous updates,
making it reliable for long-term use. Python is widely used in industries such as cybersecurity,

artificial intelligence, data science, and web development due to its versatility.

Another important feature of Python is its extensive library support. Libraries such as
NumPy and Pandas are used for data manipulation, while Scikit-learn is used for implementing
machine learning algorithms. These libraries reduce development time and improve efficiency

by providing pre-built functions.

Python is also suitable for rapid application development. It allows quick prototyping and
testing of ideas, which is useful in machine learning projects where models need to be tested

and improved continuously.

-
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o Data preprocessing and cleaning

o Feature extraction and selection

o Implementation of machine learning algorithms
o Model training and evaluation

o Real-time prediction of cyber threats

o Integration of different system modules

Advantages of Python

(a) Extensive Libraries:

Python downloads with an extensive library and it contain code for various purposes like regular
expressions, Speech Recognition, documentation-generation, unit-testing, web browsers,
threading, databases, CGI, email, and more. So, we don’t have to write the complete code for that
manually.

(b) Extensible:

As we have seen earlier, Python can be extended to other languages. You can write some of your
code in languages like C++ or C. This comes in handy, especially in projects.

(c) Embeddable:

Complimentary to extensibility, Python is embeddable as well. You can put your Python code in
your source code of a different language, like C++. This lets us add scripting capabilities to our
code in the other language.

(d) Improved Productivity:

The language’s simplicity and extensive libraries render programmers more productive than
languages like Java and C++ do. Also, the fact that you need to write less and get more things
done.

(e) 10T Opportunities:

Since Python forms the basis of new platforms like Raspberry Pi, it finds the future bright for the

Internet of Things. This is a way to connect the language with the real world.

-
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(f) Simple and Easy:

When working with Java, you may have to create a class to print ‘Hello World’. But in Python,
just a print statement will do. It is also quite easy to learn, understand, and code. This is why
when people pick up Python, they have a hard time adjusting to other more verbose languages like

Java.

(g) Readable:

Because it is not such a verbose language, reading Python is much like reading English. This is
the reason why it is so easy to learn, understand, and code. It also does not need curly braces to
define blocks, and indentation is mandatory. These further aids the readability of the code.

(h) Object-Oriented:

This language supports both the procedural and object-oriented programming paradigms. While
functions help us with code reusability, classes and objects let us model the real world. A class
allows the encapsulation of data and functions into one.

(i) Free and Open-Source:

Like we said earlier, Python is freely available. But not only can you download Python for free,
but you can also download its source code, make changes to it, and even distribute it. It downloads
with an extensive collection of libraries to help you with your tasks.

(J) Portable:

When you code your project in a language like C++, you may need to make some changes to it if
you want to run it on another platform. But it isn’t the same with Python. Here, you need to code

only once, and you can run it anywhere. This is called Write Once Run Anywhere (WORA).
However, you need to be careful enough not to include any system-dependent features.

(k) Interpreted:

Lastly, we will say that it is an interpreted language. Since statements are executed one by one,

debugging is easier than in compiled languages.

-
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Disadvantages of Python:

1.Weak in Mobile Computing and Browsers:

While it serves as an excellent server-side language, Python is much rarely seen on the client- side.
Besides that, it is rarely ever used to implement smartphone-based applications. One such
application is called Carbonnelle.

The reason it is not so famous despite the existence of Brython is that it isn’t that secure.

2.Design Restrictions:
As you know, Python is dynamically-typed. This means that you don’t need to declare the type of
variable while writing the code. It uses duck-typing. While this is easy on the programmers during

coding, it can raise run-time errors.

3. Underdeveloped Database Access Layers:

Compared to more widely used technologies like JDBC (Java Data Base Connectivity) and ODBC
(Open Data Base Connectivity), Python’s database access layers are a bit underdeveloped.
Consequently, it is less often applied in huge enterprises.

4.Slower Execution Speed:

One of the main disadvantages of Python is its slower execution speed compared to compiled
languages like C++ or Java. Python is an interpreted language, which means the code is executed
line by line instead of being compiled into machine code beforehand. This process increases

execution time, especially for large-scale applications or tasks that require high performance.

-
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6.1.2 MACHINE LEARNING

Machine learning models for speech recognition require a large amount of data for
training. This data includes audio samples of different users speaking various phrases and
commands that the voice assistant should recognize. But in this project machine learning is
playing a role indirectly through the use of two specific libraries: spaCy and the Google Cloud
Speech Recognition API. Here, spaCy is used for natural language processing (NLP). The nlp
object is an instance of the spaCy language model, specifically the English language model
(en_core_web_sm). When you process a text with nlp, it applies various machine learning models
to tokenize, parse, and tag the input text. It identifies parts of speech, named entities, and other

linguistic features.

The recognize google method sends the recorded audio data to Google's servers, where
machine learning models process the audio to transcribe it into text. This involves complex
acoustic modeling and language modeling techniques. The Google Cloud Speech Recognition
API uses machine learning models to handle various accents, intonations, and spoken language

nuances, making it a powerful tool for speech recognition.

6.1.3 CATEGORIES OF MACHINE LEARNING

At the most fundamental level, machine learning can be categorized into two main types:
supervised learning and unsupervised learning.

Supervised learning involves somehow modeling the relationship between measured
features of data and some label associated with the data; once this model is determined, it can be
used to apply labels to new, unknown data. This is further subdivided into classification tasks and
regression tasks: in classification, the labels are discrete categories, while in regression, the labels
are continuous quantities. We will see examples of both types of supervised learning in the

following section.
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6.1.4 NEED FOR MACHINE LEARNING

Human beings, at this moment, are the most intelligent and advanced species on earth
because they can think, evaluate and solve complex problems. On the other side, Al is still in its
initial stage and haven’t surpassed human intelligence in many aspects. Then the question is that
what is the need to make machine learn? The most suitable reason for doing this is, “to make

decisions, based on data, with efficiency and scale”.

The most suitable reason for doing this is, “to make decisions, based on data, with
efficiency and scale”. Lately, organizations are investing heavily in newer technologies like
Artificial Intelligence, Machine Learning and Deep Learning to get the key information from data
to perform several real-world tasks and solve problems. We can call it data-driven decisions taken
by machines, particularly to automate the process. These data-driven decisions can be used,
instead of using programing logic, in the problems that cannot be programmed inherently. The
fact is that we can’t do without human intelligence, but other aspect is that we all need to solve
real-world problems with efficiency at a huge scale. That is why the need for machine learning
arises.

6.1.5 CHALLENGES IN MACHINE LEARNING

While Machine Learning is rapidly evolving, making significant strides with cybersecurity
and autonomous cars, this segment of Al as whole still has a long way to go. The reason behind
is that ML has not been able to overcome number of challenges. The challenges that ML is facing

currently are —

Quality of data — Having good-quality data for ML algorithms is one of the biggest challenges.

Use of low-quality data leads to the problems related to data preprocessing and feature extraction.
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Time-Consuming task — Another challenge faced by ML models is the consumption of time
especially for data acquisition, feature extraction and retrieval.

Lack of specialist persons — As ML technology is still in its infancy stage, availability of expert
resources is a tough job.

No clear objective for formulating business problems — Having no clear objective and well-
defined goal for business problems is another key challenge for ML because this technology is not
that mature yet.

Issue of overfitting & underfitting — If the model is overfitting or underfitting, it cannot be
represented well for the problem.

Curse of dimensionality — Another challenge ML model faces is too many features of data points.
This can be a real hindrance.

Difficulty in deployment — Complexity of the ML model makes it quite difficult to be deployed

in real life.

Applications of Machines Learning

Machine Learning is the most rapidly growing technology and according to researchers
we are in the golden year of Al and ML. It is used to solve many real-world complex problems
which cannot be solved with traditional approach. Following are some real-world applications of
ML —

Emotion analysis

Sentiment analysis

Error detection and prevention
Weather forecasting and prediction
Stock market analysis and forecasting
Speech synthesis

Speech recognition

Customer segmentation

-
Explainable Al for Smart Agricultural Facilities 36



How to start learning ML?

This is a rough roadmap you can follow on your way to becoming an insanely talented Machine
Learning Engineer. Of course, you can always modify the steps according to your needs to reach
your desired end-goal.

Step 1 — Understand the Prerequisites

In case you are a genius, you could start ML directly but normally, there are some prerequisites
that you need to know which include Linear Algebra, Multivariate Calculus, Statistics, and Python.
And if you don’t know these, never fear! You don’t need a Ph.D. degree in these topics to get started

but you do need a basic understanding.

(a) Learn Linear Algebra and Multivariate Calculus:

Both Linear Algebra and Multivariate Calculus are important in Machine Learning. However, the
extent to which you need them depends on your role as a data scientist. If you are more focused
on application heavy machine learning, then you will not be that heavily focused on math as there
are many common libraries available. But if you want to focus on R&D in Machine Learning, then
mastery of Linear Algebra and Multivariate Calculus is very important as you will have to
implement many ML algorithms from scratch.

(b) Learn Statistics:

Data plays a huge role in Machine Learning. In fact, around 80% of your time as an ML expert
will be spent collecting and cleaning data. And statistics is a field that handles the collection,
analysis, and presentation of data. So it is no surprise that you need to learn it!!! Some of the key
concepts in statistics that are important are Statistical Significance, Probability Distributions,
Hypothesis Testing, Regression, etc. Also, Bayesian Thinking is also a very important part of ML
which deals with various concepts like Conditional Probability, Priors, and Posteriors, Maximum
Likelihood, etc.

(c) Learn Python:

Some people prefer to skip Linear Algebra, Multivariate Calculus and Statistics and learn them as
they go along with trial and error. But the one thing that you absolutely cannot skip is Python.
While there are other languages you can use for Machine Learning like R, Scala, etc. Python is

currently the most popular language for ML. In fact, there are many Python libraries that are
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specifically useful for Artificial Intelligence and Machine Learning such as Keras, TensorElow,

Scikit-learn, etc.
So, if you want to learn ML, it’s best if you learn Python! You can do that using various online

resources and courses such as Fork Python available Free on Geeks for Geeks.

Step 2 — Learn Various ML Concepts

Now that you are done with the prerequisites, you can move on to actually learning ML (Which
is the fun part!!!) It’s best to start with the basics and then move on to the more complicated stuff.

Some of the basic concepts in ML are:
(a) Terminologies of Machine Learning

e Model — A model is a specific representation learned from data by applying some machine
learning algorithm. A model is also called a hypothesis.

e Feature — A feature is an individual measurable property of the data. A set of numeric
features can be conveniently described by a feature vector. Feature vectors are fed as input
to the model. For example, in order to predict a fruit, there may be features like color, smell,
taste, etc.

e Target (Label) — A target variable or label is the value to be predicted by our model. For
the fruit example discussed in the feature section, the label with each set of input would be

the name of the fruit like apple, orange, banana, etc.

e Training — The idea is to give a set of inputs(features) and it’s expected outputs(labels), so
after training, we will have a model (hypothesis) that will then map new data to one of the
categories trained on.

e Prediction — Once our model is ready, it can be fed a set of inputs to which it will provide a
predicted output(label).

(b) Types of Machine Learning

e Supervised Learning — This involves learning from a training dataset with labeled data

using classification and regression models. This learning process continues until the

required level of performance is achieved.
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« Unsupervised Learning — This involves using unlabeled data and then finding the
underlying structure in the data in order to learn more and more about the data itself using
factor and cluster analysis models.

(c) Types of Machine Learning

e Supervised Learning — This involves learning from a training dataset with labeled data
using classification and regression models. This learning process continues until the
required level of performance is achieved.

e Unsupervised Learning — This involves using unlabeled data and then finding the
underlying structure in the data in order to learn more and more about the data itself using
factor and cluster analysis models.

e Semi-supervised Learning — This involves using unlabeled data like Unsupervised
Learning with a small amount of labeled data. Using labeled data vastly increases the

learning accuracy and is also more cost-effective than Supervised Learning.

e Reinforcement Learning — This involves learning optimal actions through trial and error.
So, the next action is decided by learning behaviors that are based on the current state and

that will maximize the reward in the future.

Advantages of Machine learning:

1. Easily identifies trends and patterns -

Machine Learning can review large volumes of data and discover specific trends and patterns that
would not be apparent to humans. For instance, for an e-commerce website like Amazon, it serves
to understand the browsing behaviors and purchase histories of its users to help cater to the right
products, deals, and reminders relevant to them. It uses the results to reveal relevant advertisements

to them.
2. No human intervention needed (automation)

With ML, you don’t need to babysit your project every step of the way. Since it means giving
machines the ability to learn, it lets them make predictions and also improve the algorithms on

their own.
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3. Continuous Improvement

As ML algorithms gain experience, they keep improving in accuracy and efficiency. This lets them
make better decisions. Say you need to make a weather forecast model. As the amount of data you

have keeps growing, your algorithms learn to make more accurate predictions faster.
4. Handling multi-dimensional and multi-variety data

Machine Learning algorithms are good at handling data that are multi-dimensional and multi-

variety, and they can do this in dynamic or uncertain environments.
5. Wide Applications

You could be an e-tailer or a healthcare provider and make ML work for you. Where it does apply,
it holds the capability to help deliver a much more personal experience to customers while also

targeting the right customers.

Disadvantages of Machine Learning

1. Data Acquisition:

Machine Learning requires massive data sets to train on, and these should be inclusive/unbiased,
and of good quality. There can also be times where they must wait for new data to be generated.
2. Time and Resources

ML needs enough time to let the algorithms learn and develop enough to fulfill their purpose
with a considerable amount of accuracy and relevancy. It also needs massive resources to

function.This can mean additional requirements of computer power for you.

3. Interpretation of Results
Another major challenge is the ability to accurately interpret results generated by the
algorithms. You must also carefully choose the algorithms for your purpose.
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4. High error-susceptibility

Machine Learning is autonomous but highly susceptible to errors. Suppose you train an algorithm
with data sets small enough to not be inclusive. You end up with biased predictions coming from

a biased training set. This leads to irrelevant advertisements being displayed to customers.
6.2 PROJECT METHODOLOGY

6.2.1 DATA COLLECTION AND PREPROCESSING

The project begins with the collection of datasets related to cyber security threats such as
SQL Injection, Cross-Site Scripting (XSS), and malicious URLs. The dataset includes both normal
and malicious inputs, which helps in building a balanced model. The collected data is then
processed to remove noise, duplicate entries, and irrelevant information. Preprocessing steps such
as data cleaning, normalization, and formatting are applied to convert the raw data into a structured
form. This step ensures that the data is suitable for further analysis and improves the overall
performance of the system.

6.2.2 DATA CATEGORIZATION AND FEATURE ENGINEERING

After preprocessing, the data is categorized into two main classes: normal and malicious.
The malicious data is further divided into different attack types such as SQL Injection, XSS, and
malicious URLSs. Feature engineering is then performed to extract meaningful attributes from the
dataset. These features include query patterns, script structures, and URL characteristics. Feature
selection techniques are used to remove unnecessary data and retain only important features,
which improves model efficiency and reduces computational complexity.
6.2.3 MODEL SELECTION AND TRAINING

In this step, suitable machine learning algorithms such as Random Forest, Decision Tree,
Support Vector Machine, and Naive Bayes are selected for building the model. The processed
dataset is used to train these models, where each algorithm learns patterns associated with normal
and malicious activities. The training process helps the system understand how different types of

cyber threats behave.
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6.2.4 MODEL EVALUATION

Once the models are trained, they are evaluated using testing data to measure their
performance. Evaluation metrics such as accuracy and prediction results are used to analyze
how well the model performs in detecting cyber threats. This step helps in identifying the most
suitable model for the system. It also ensures that the system provides reliable and consistent

results.
6.2.5 REAL-TIME INPUT PROCESSING AND PREDICTION

The system is designed to handle real-time inputs such as user queries, scripts, and URLS.
The input is processed using the same preprocessing and feature extraction techniques applied
during training. This ensures consistency in the system. The trained models analyze the input
data and predict whether it is normal or malicious. This step enables real-time detection of cyber
threats.

6.2.6 RESULT GENERATION AND ALERT SYSTEM

After prediction, the system generates output indicating whether the input is safe or
represents a cyberattack. If a malicious activity is detected, the system provides an alert to the
user. This helps in taking immediate action to prevent potential threats. The output is displayed

in a simple and understandable format, making it easy for users to interpret the results.
6.2.7 SYSTEM INTEGRATION AND DEPLOYMENT

All modules such as data collection, preprocessing, feature extraction, model training, and
prediction are integrated into a single system. The application is developed using Python and
Flask, which helps in connecting the user interface with the backend processing. The system is
designed to be scalable and can be deployed in different environments. It supports real-time

operation and can be updated with new data to improve performance over time.
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Libraries installed in Project

pip install numpy

pip install pandas

pip install scikit-learn

pip install matplotlib

pip install seaborn

pip install flask

pip install mysgl-connector-python
The project uses several Python libraries to support data processing, machine learning, and system
development. These libraries provide built-in functions that simplify implementation and improve
system performance. They help in handling datasets, performing computations, and building
models efficiently.
NumPy:
Used for numerical computations and handling multi-dimensional arrays. It provides functions for
mathematical operations required during data processing.
Pandas:
Used for data manipulation and analysis. It helps in reading datasets, cleaning data, and organizing
it into structured formats such as data frames.
Scikit-learn:
Used for implementing machine learning algorithms such as Random Forest, Decision Tree,
Support Vector Machine, and Naive Bayes. It also provides tools for model training and
evaluation.
Matplotlib:
Used for data visualization. It helps in plotting graphs and charts to analyze model performance
and data patterns.

Seaborn: Used for advanced data visualization. It provides better visualization of data

-
Explainable Al for Smart Agricultural Facilities 43



6.3 CODING

import numpy as np
import pandas as pd

import matplotlib.pyplot as plt

from sklearn.model_selection import train_test_split
from sklearn.preprocessing import StandardScaler

from sklearn.metrics import accuracy_score, classification_report

from sklearn.ensemble import RandomForestClassifier
from sklearn.tree import DecisionTreeClassifier
from sklearn.svm import SVC

from sklearn.naive_bayes import GaussianNB

# Load dataset

data = pd.read_csv("agriculture_data.csv")
# Display dataset

print(data.head())

# Fill missing values

data.fillna(method="ffill', inplace=True)

# Feature selection
X = data[[temperature’, 'humidity’, 'soil_moisture’, 'equipment_usageT]

y = data['status’]

# Convert categorical if needed

y = y.astype(int)

-
Explainable Al for Smart Agricultural Facilities

44



# Handling missing values

data.fillna(method="ffill', inplace=True

# Removing duplicates

data.drop_duplicates(inplace=True)

# Selecting features and target

X = data[[temperature’, 'humidity’, 'soil_moisture’, 'equipment_usage]

y = data['status’]

# Convert target to integer

y = y.astype(int)

# Plot temperature distribution

plt.figure()

sns.histplot(data[‘temperature])

plt.title("Temperature Distribution™)

plt.show()

# Split dataset into training and testing

X_train, X_test, y_train, y_test =train_test_split(
X, Y, test_size=0.2, random_state=42)

# Initialize scaler

scaler = StandardScaler()

# Fit and transform training data

X_train = scaler.fit_transform(X_train)

# Transform testing data

X_test = scaler.transform(X_test) rf_

model = RandomForestClassifier(n_estimators=100)

rf_model.fit(X_train, y_train

dt_model = DecisionTreeClassifier()

dt_model.fit(X_train, y_train)

svm_model = SVC()
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svm_model.fit(X_train, y_train)
knn_model = KNeighborsClassifier(n_neighbors=5)
knn_model.fit(X_train, y_train)
knn_model = KNeighborsClassifier(n_neighbors=5)
knn_model.fit(X_train, y_train)
rf_pred = rf_model.predict(X_test)
dt_pred = dt_model.predict(X_test)
svm_pred = svm_model.predict(X_test)
nb_pred = nb_model.predict(X_test)
knn_pred = knn_model.predict(X_test)
print("RF Accuracy:”, accuracy_score(y_test, rf_pred))
print("DT Accuracy:”, accuracy_score(y_test, dt_pred))
print("SVM Accuracy:", accuracy_score(y_test, svm_pred))
print("NB Accuracy:", accuracy_score(y_test, nb_pred))
print("KNN Accuracy:", accuracy_score(y_test, knn_pred))
cm = confusion_matrix(y_test, rf_pred)
print(cm)
accuracies ={

"RF": accuracy_score(y_test, rf_pred),

"DT": accuracy_score(y_test, dt_pred),

"SVM": accuracy_score(y_test, svm_pred),

"NB": accuracy_score(y_test, nb_pred),

"KNN": accuracy_score(y_test, knn_pred)

}

best_model = max(accuracies, key=accuracies.get)

print("Best Model:", best_model)

with open("model.pkl", "wb") as file:

Explainable Al for Smart Agricultural Facilities

46



pickle.dump(rf_model, file)
with open("model.pkl", "rb") as file:
model = pickle.load(file)
def predict_failure(temp, humidity, moisture, usage):
input_data = np.array([[temp, humidity, moisture, usage]])
input_data = scaler.transform(input_data)
result = model.predict(input_data)
if result[0] == 1:
return "Failure Detected"
else:
return "Normal Operation™
explainer = shap.TreeExplainer(rf_model)
shap_values = explainer.shap_values(X_test)
shap.summary_plot(shap_values, X_test)
plt.figure()
plt.bar(accuracies.keys(), accuracies.values())
plt.title("Model Comparison™)
plt.show()
from flask import Flask, request, jsonify
app = Flask(__name_)
@app.route('/predict’, methods=['POST)
def predict():
data = request.json
result = predict_failure(
data[‘temperature’],
data[‘humidity],
data['soil_moisture'],

data['equipment_usage']
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return jsonify({"result™: result})
if _name_ ==' main_"
app.run(debug=True)
have_ip =have_ip_address(url)
parsed_url = urlparse(url)
root_domain = parsed_url.netloc.split(".")[-2]
url_region = get_url_region(root_domain)
HTML.:
<IDOCTYPE html>
<htmlI>
<head>
<title>Predictive Maintenance System</title>
</head>

<body>

<h2>Smart Agriculture Predictive Maintenance</h2>

<form action="/predict" method="post">
<label>Temperature:</label>

<input type="text" name="temperature"><br><br>

<label>Humidity:</label>

<input type="text" name="humidity"><br><br>

<label>Soil Moisture:</label>

<input type="text" name="soil_moisture"><br><br>

<label>Equipment Usage:</label>

<input type="text" name="equipment_usage"><br><br>
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<input type="submit" value="Predict">

</form>

</body>

</html>

CSS:

body {
font-family: Arial;
background-color: #f2f2f2;

text-align: center;

form {
background-color: white;
padding: 20px;
margin: auto;
width: 300px;
border-radius: 10px;

}

input {
padding: 8px;

margin: 5px;

CREATE DATABASE agriculture_db;

USE agriculture_db;

CREATE TABLE sensor_data (
id INT AUTO_INCREMENT PRIMARY KEY,
temperature FLOAT,
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humidity FLOAT,
soil_moisture FLOAT,
equipment_usage FLOAT,
status INT

);

CREATE TABLE predictions (
id INT AUTO_INCREMENT PRIMARY KEY,
temperature FLOAT,
humidity FLOAT,
soil_moisture FLOAT,
equipment_usage FLOAT,
result VARCHAR(50)

);

import mysgl.connector

db = mysql.connector.connect(
host="localhost",
user="root",
password="",
database="agriculture_db"

)

cursor = db.cursor()

def insert_data(temp, humidity, moisture, usage, result):
query = "INSERT INTO predictions (temperature, humidity, soil_moisture, equipment_usage,

result) VALUES (%s, %s, %s, %s, %s)"

values = (temp, humidity, moisture, usage, result)
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cursor.execute(query, values)
db.commit()

def fetch_data():
cursor.execute("SELECT * FROM predictions™)
result = cursor.fetchall()
for row in result:

print(row)

from django.db import models

class SensorData(models.Model):
temperature = models.FloatField()
humidity = models.FloatField()
soil_moisture = models.FloatField()
equipment_usage = models.FloatField()
status = models.IntegerField()

from django.shortcuts import render

def home(request):
return render(request, "index.html")

def predict(request):
if request.method == "POST":

temp = request.POST['temperature']
humidity = request.POST[' humidity’]
moisture = request.POST['soil_moisture']
usage = request.POST['equipment_usage']
result = predict_failure(temp, humidity, moisture, usage)
return render(request, "result.ntml”, {"result": result})

from django.urls import path
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from . import views<!DOCTYPE html>
<htmlI>
<head>
<title>Result</title>
</head>
<body>
<h2>Prediction Result</h2>
<p>{{ result }}</p>
</body>
</html>
urlpatterns = [
path(", views.home),
path(predict/’, views.predict),
]
import logging
logging.basicConfig(filename="system.log", level=logging.INFO)
def log_prediction(result):

logging.info("Prediction: " + result)

def send_alert(result):
if result == "Failure Detected™:
print("ALERT: Maintenance Required!")
def validate_input(temp, humidity, moisture, usage):
if temp < 0 or humidity < 0 or moisture < 0:
return False
return True,
import mysgl.connector
db = mysql.connector.connect(

host="localhost",
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user="root",
password="",
database="agriculture_db"
)
cursor = db.cursor()
def save_prediction(temp, humidity, moisture, usage, result):
query = "INSERT INTO predictions (temperature, humidity, soil_moisture, equipment_usage,
result) VALUES (%s,%s,%s,%s,%s)"
values = (temp, humidity, moisture, usage, result)
cursor.execute(query, values)
db.commit()
def get_all_predictions():
cursor.execute("SELECT * FROM predictions™)
return cursor.fetchall()
def send_alert(result):
if result == "Failure Detected™:
print("ALERT: Equipment Failure Risk!")
def validate_input(temp, humidity, moisture, usage):
if temp < 0 or humidity < 0 or moisture < 0:
return False
return True
import logging
logging.basicConfig(filename="system.log", level=logging.INFO)
def log_result(result):
logging.info(result)
from sklearn.ensemble import AdaBoostClassifier
ada = AdaBoostClassifier()
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ada.fit(X_train, y_train)
ada_pred = ada.predict(X_test)
print("AdaBoost Accuracy:", accuracy_score(y_test, ada_pred))

import matplotlib.pyplot as plt

models =["RF", "DT", "SVM", "NB", "ADA"]

scores = [
accuracy_score(y_test, rf_pred),
accuracy_score(y_test, dt_pred),
accuracy_score(y_test, svm_pred),
accuracy_score(y_test, nb_pred),
accuracy_score(y_test, ada_pred)

]

plt.bar(models, scores)

plt.title("Model Accuracy Comparison™)

plt.show()

from sklearn.neighbors import KNeighborsClassifier

knn = KNeighborsClassifier(n_neighbors=5)

knn.fit(X_train, y_train)

knn_pred = knn.predict(X_test)

print("KNN Accuracy:", accuracy_score(y_test, knn_pred))

from sklearn.ensemble import GradientBoostingClassifier

gb = GradientBoostingClassifier()

print("GB Accuracy:", accuracy_score(y_test, gb_pred))

from xgboost import XGBClassifier

xgh = XGBClassifier()

xgb.fit(X_train, y_train)
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xgh_pred = xgb.predict(X_test)

print("XGBoost Accuracy:", accuracy_score(y_test, xgb_pred))
from lightgbm import LGBMClassifier

Igh = LGBMClassifier()

Igh.fit(X_train, y_train)

Igh_pred = Igh.predict(X_test)

print("LightGBM Accuracy:", accuracy_score(y_test, Igh_pred)

from catboost import CatBoostClassifier
cat = CatBoostClassifier(verbose=0)
cat.fit(X_train, y_train)
cat_pred = cat.predict(X_test)
print("CatBoost Accuracy:", accuracy_score(y_test, cat_pred))
from sklearn.ensemble import VotingClassifier
ensemble = VVotingClassifier(estimators=[
(rf, rf),
(dt', dt),
('svm’, svm)
], voting="hard")
ensemble.fit(X_train, y_train)
ensemble_pred = ensemble.predict(X_test)
print("Ensemble Accuracy:", accuracy_score(y_test, ensemble_pred))

from flask import jsonify

@app.route('/api_predict’', methods=['POST")
def api_predict():

data = request.get_json()

temp = float(data['temperature)

humidity = float(data['humidity])

-
Explainable Al for Smart Agricultural Facilities 55



moisture = float(data['soil_moisture’)
usage = float(data['equipment_usage')
result = predict_failure(temp, humidity, moisture, usage)

return jsonify({"prediction": result})

from flask import jsonify

@app.route('/api_predict’, methods=['POST")
def api_predict():
data = request.get_json()

temp = float(data['temperature)
humidity = float(data['humidity'])
moisture = float(data['soil_moisture)

usage = float(data['equipment_usage')

result = predict_failure(temp, humidity, moisture, usage)

return jsonify({"prediction": result})
@app.route('/upload’, methods=['POST1)
def upload_file():

file = request.files['file"]

df = pd.read_csv(file)

results =[]
for index, row in df.iterrows():
res = predict_failure(

row['temperatureT,
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row['humidity’],
row['soil_moisture'],
row['equipment_usage']
)
results.append(res)
return jsonify(results)
def batch_prediction(dataframe):
results =[]
for i in range(len(dataframe)):
row = dataframe.iloc[i]
result = predict_failure(
row[‘temperature’],
row['humidity],
row['soil_moisture],
row['equipment_usage’]
)
results.append(result)
return results
def export_results(results):
df = pd.DataFrame(results, columns=['Prediction])
df.to_csv("output.csv”, index=False)
users ={"admin™: "1234"}

def login(username, password):

if username in users and users[username] == password:

return True
return False
from flask import session

app.secret_key = "secretkey"
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@app.route(/login’, methods=['POST")
def login_route():
username = request.form['username’]

password = request.form['password’]

if login(username, password):
session['user’] = username
return "Login Success"
else:
return "Invalid Credentials"
@app.route('/logout’)
def logout():
session.pop(‘user’, None)
return "Logged Out™"
def log_error(error):
logging.error("Error: " + str(error))
import time
defauto_monitor():
while True:
print("Checking system status...")
time.sleep(10)
import seaborn as sns
sns.boxplot(data=data)
plt.show()
from sklearn.metrics import ConfusionMatrixDisplay
ConfusionMatrixDisplay.from_predictions(y_test, rf_pred)

plt.show()
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importance = rf.feature_importances_
for i, v in enumerate(importance):

print("Feature:", i, "Score:", v)

def remove_nulls(data):

return data.dropna()

def fill_nulls(data):
return data.fillna(method="ffill")

def remove_duplicates(data):
def compare_models():
models = {

"RF": rf,

"DT™ dt,

"SVM": svm,

"NB": nb,

"KNN": knn

for name, model in models.items():
pred = model.predict(X_test)
print(name, accuracy_score(y_test, pred))

return data.drop_duplicates()

data['temp_humidity ratio’] = data[‘temperature’] / (data['humidity’] + 1)
data['moisture_usage’] = data['soil_moisture’] * data['equipment_usage']

return data
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def normalize_data(data):
scaler = StandardScaler()
return scaler.fit_transform(data)
defadvanced_predict(input_data):
predictions = []

for model in [rf, dt, svm, nb, knn]:

predictions.append(model.predict(input_data)[0])

return max(set(predictions), key=predictions.count)

def threshold_alert(temp, humidity):
if temp > 40 or humidity < 20:
return "Critical Condition”

return "Normal"

defread_csv_file(path):
return pd.read_csv(path)
def write_csv_file(data, path):
data.to_csv(path, index=False)
def format_response(result):
return {
"status": "'success",
"prediction™: result
}def pipeline(data):
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data = remove_nulls(data)
data = create_features(data)
return data
def retrain_model(new_data):
X_new = new_data[[‘temperature’, '"numidity’, 'soil_moisture', ‘'equipment_usage]
y_new = new_data['status’]
rf.fit(X_new, y_new)
def process_batch(data):
results =[]
for i inrange(len(data)):
row = data.iloc[i]
result = predict_failure(
row['temperature,
row[ humidity’],
row['soil_moistureT,
row[‘equipment_usage']
)
results.append(result)
return results
def filter_data(data):
return data[data['temperature] > 0]
def sort_data(data):
return data.sort_values(by="temperature’) def search_data(data, value):

return data[data['temperature’] == value

def aggregate data(data):
return data.groupby('status’).mean()
def aggregate data(data):

return data.groupby(‘status’).mean()
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def plot_histogram(data):
plt.hist(data[ humidity])
plt.show()
def plot_scatter(data):
plt.scatter(data[ temperature’], data['humidity])
plt.show()
def system_check():
return ""System Running"
def generate_dummy():
return pd.DataFrame({
"temperature™: np.random.randint(20, 50, 100),
"humidity": np.random.randint(10, 90, 100),
"soil_moisture™: np.random.randint(10, 80, 100),
"equipment_usage™: np.random.randint(1, 10, 100),
"status": np.random.randint(0, 2, 100)
b

import time

def measure_time():
start = time.time()
time.sleep(1)
end = time.time()
print("Time:", end - start)
import numpy as np
import pandas as pd
import pickle
import shap
from sklearn.model_selection import train_test_split

from sklearn.preprocessing import StandardScaler
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from sklearn.metrics import accuracy_score

from sklearn.ensemble import RandomForestClassifier
from sklearn.tree import DecisionTreeClassifier
from sklearn.svm import SVC

from sklearn.naive_bayes import GaussianNB

data = pd.read_csv("agriculture_data.csv")

data.fillna(method="ffill', inplace=True)

X = data[[temperature’, 'humidity’, 'soil_moisture’, 'equipment_usageT]

y = data['status’]

X_train, X_test, y_train, y_test =train_test_split(X, y, test_size=0.2)

scaler = StandardScaler()
X_train = scaler.fit_transform(X_train)
X_test = scaler.transform(X_test)

rf = RandomForestClassifier()

dt = DecisionTreeClassifier()
svm = SVC()
nb = GaussianNB()

rf.fit(X_train, y_train)
dt.fit(X_train, y_train)
svm.fit(X_train, y_train)
nb.fit(X_train, y_train)
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rf_pred = rf.predict(X_test)
dt_pred = dt.predict(X_test)
svm_pred = svm.predict(X_test)
nb_pred = nb.predict(X_test)

print("RF:", accuracy_score(y_test, rf_pred))
print("DT:", accuracy_score(y_test, dt_pred))
print("SVM:", accuracy_score(y_test, svm_pred))
print("NB:", accuracy_score(y_test, nb_pred))

with open(**model.pkl", "wb") as f:

pickle.dump(rf, )

explainer = shap.TreeExplainer(rf)

shap_values = explainer.shap_values(X_test)

def predict_failure(temp, humidity, moisture, usage):

model = pickle.load(open("model.pkl”, "rb™))

input_data = np.array([[temp, humidity, moisture, usage]])

input_data = scaler.transform(input_data)

result = model.predict(input_data)

if result[0] == 1:
return "Failure Detected"
else:

return "Normal"
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".from flask import Flask, request, render_template

app = Flask(_name_)
@app.route('/")
def home():

return render_template("'index.html™)
@app.route('/predict’, methods=['POST)
def predict():

model = pickle.load(open(*model.pkl", "rb™))

input_data = np.array([[temp, humidity, moisture, usage]])
input_data = scaler.transform(input_data)

result = model.predict(input_data)
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7.SYSTEM TESTING

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

that all functional and nonfunctional requirements have been met.

In this project, system testing focuses on validating every major module, including front-
end interfaces, Django backend services, preprocessing components, and the ensemble-based
classification engine integrating Boosted Decision Tree (BoostDT) and Bagging Random Forest
(BagRF) through Soft Voting. Testing verifies that user interactions, dataset handling, model

prediction logic, and output presentation operate as expected without failures or inconsistencies.

System testing was performed across multiple scenarios and datasets to ensure correctness,
robustness, and usability. Special emphasis was placed on classification behavior, handling of

edge-case text inputs, and stability during repeated prediction requests.

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 classifier interaction module was executed

with controlled input values to verify expected outputs.

Key focus areas included:
 tokenization, normalization, and lemmatization behavior
« TF-IDF feature vector generation
 internal logic of ensemble combination

 database operations for login, registration, and predictions

-
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7.1.2 Integration Testing

Integration testing examined whether combined components interacted correctly once they

were linked together.
Modules tested in combination included:
 front-end request submission with backend API responses
» preprocessing and feature extraction chained with classification
« ensemble model logic when receiving outputs from BoostDT and BagRF
« prediction logging and storage in the database

This testing stage confirmed that individually correct components functioned properly when
executed together as a single workflow. Particular attention was paid to ensuring correct feature

alignment between models and stability in Soft VVoting combination

7.1.3 Functional Testing

Functional testing validated that each feature performed according to specification and
user expectations. Test cases simulated actual user scenarios such as registration, login, text

submission, and voice-based prediction.
Major validation rules included:
« valid inputs are processed successfully
 invalid or empty inputs are rejected gracefully
 correct cyberbullying category is displayed for each prediction
« navigation links and page workflows operate correctly

Functional testing confirmed that system features were clearly available, usable, and responsive.

-
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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 conditions.
Tests verified:

+ coordinated execution across modules

« correct response to large datasets

« classification accuracy under varying abuse patterns

+ stability during repeated sequential predictions

The testing demonstrated that the configuration yields predictable and correct results

consistent with documented requirements.
7.1.5 White-Box Testing

White-box testing was applied to internal processing components including preprocessing
pipelines and ensemble computation logic. Testers observed internal variable flows, code

execution branches, and probability aggregation to ensure correct model contributions in Soft
Voting.

7.1.6 Black-Box Testing

Black-box testing evaluated the system purely from the user’s perspective, without examining
internal code. Inputs were submitted through user forms and prediction outputs were observed,
ensuring that visible system behavior aligned with expected outcomes. This was particularly

important in evaluating system usability and error-handling behavior.
7.1.7 Acceptance Testing

Acceptance testing ensured that the system satisfied all documented requirements and enduser

expectations. Stakeholders reviewed usability, accuracy, output clarity, and workflow navigation.
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Test Result Summary:
All defined test cases passed successfully. No major defects were encountered.
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 consistency of classifier behavior.
Primary strategic objectives included:

e verifying correctness of text preprocessing and model inputsensuring ensemble behavior

consistently outperformed single classifiers
e verifying error-free interactions between user interface and backend services
o validating prediction reliability under noisy, sarcastic, and ambiguous text

Field testing simulated real-world user activity, while controlled test cases verified logical

correctness.
7.2.2 Test Objectives
The following objectives guided all testing activities:
e all fields and forms must operate correctly
e screens and interactions should respond without delay
e invalid or malformed inputs must be handled safely
e predictions should follow expected patterns in comparable research literature
e transitions between system pages must be correct and intuitive

-
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7.2.3 Features Tested

The major system features examined included:

e data entry validation and prevention of duplicate accounts

correct routing of each navigation link

prediction accuracy across cyberbullying categories

correct Soft VVoting operation between BoostDT and BagRF

adherence to expected model training and evaluation workflows

7.2.4 Integration Testing Strategy

Integration testing emphasized early detection of dependency conflicts and data mismatches.
Testing confirmed correct:
e alignment of TF-IDF features with both classifiers
e synchronization of probability outputs into Soft Voting
e interface communication flow with Django APIs
This strategy prevented error propagation into later development stages.
7.2.5 Acceptance Criteria

A prediction system instance was accepted only when itsatisfied these conditions:
e accurate execution of classification pipeline
e stable runtime performance
e error-free navigation and submission

-
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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 cyberbullying prediction accuracy..

Test cases:
S. No TEST EXPECTED RESULT | REMARKS (IF
CASES RESULT FAIL)
1. | User System should Pass -
Registration register new user.
2. Lodi System should Fail Incorrect password not
ogin . .
(Invalid reject login handled
Password) properly
IR |
Training
errors
4. Data 3:;?] :go:nlg be Pass -
Preprocessing formatted
correctly
5. | Feature Relevant features | Pass -
Extraction should be
extracted from
input
6. | Prediction System should Pass -
Generation predict crop
correctly
7. Classification System should Pass Accuracy can be
Report dlsplgy accuracy |mprpved with more
metrics. training data
8. | Real-Time System should Pass -
Input predict based on
Prediction user input
9. | Prediction System should Pass Needs better validation
Graph display crop for better graph
summary graph
° Iﬁggc?tl::mality i)és;irtnussg?md s Sess!on
successfully terminated
successfully

Table 7.3 Test Cases
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Predictive Maintenance in Smart Agricultural Facilities

Predictive Maintenance in Smart Agricultural

Facilities

Fig 7.1.1: System Home Page

Description:
This figure illustrates the main interface of the system. It provides navigation options such as prediction, graphs,

accuracy, and user management. The home page acts as the central dashboard, allowing users to access
different functionalities of the predictive maintenance system efficiently. The interface includes a header section
displaying the project title along with navigation buttons such as Registered Users, User Predictions, Graphs,
Accuracy, and Logout. These options enable users to seamlessly navigate between different modules of the
system. The design of the home page is user-friendly and ensures easy interaction even for users with minimal
technical knowledge. The home page also serves as a central dashboard where users can initiate various

operations such as model training, prediction analysis, and visualization of results.

-
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Classification Report:
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Classification Report

This figure displays the classification report generated by the model after training. It includes important

Performance metrics such as precision, recall, f1-score, and support for each class. These metrics help in

analyzing how well the model performs in identifying different categories. The classification report

demonstrates that the model performs effectively across different classes, achieving high accuracy values
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Confusion Matrix
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between actual and predicted values, helping to evaluate the performance of the model. The diagonal values indicate
Explainable Al for Smart Agricultural Facilities

This figure represents the confusion matrix of the trained machine learning model. It shows the comparison
correct predictions, while non-diagonal values represent misclassifications. This visualization helps in

understanding the accuracy and effectiveness of the predictive maintenance system

Description:



Predictive Maintenance in Smart : :
Agricultural Faciliies -
Predicted Crop Summary

I Number of Predictions

mothbeans orange

Fig 7.1.4: Predicted Crop Summary

Description:
This figure illustrates the prediction results generated by the system based on the input data. The system anal

sensor inputs such as temperature, humidity, soil moisture, and equipment usage to predict the suitable
crop maintenance status. The output is displayed in the form of a summary graph, which shows the

number of predictions for each category.

|
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Predictive Maintenance in Smart -
. S o
Agricultural Facilities @-q

Prediction Records

Predicted Soil Soil Organic

Crop Temperature Humidity pH Rainfall Moisture Type Sunlight Wind Matter  Irrigation
mothbeans 12.0 220 240 340 45.0 190.0 24.0 45.0 0 0.0 00 00 0.0 0 0.0
mothbeans 12.0 120 20 121.0 21.0 210 210 21.0 0 0.0 00 00 0.0 0 0.0
orange 10.0 1.0 10.0 10.0 10.0 10.0 10.0 10.0 0 0.0 0.0 0.0 0.0 0 0.0

4

Fig 7.1.5: Prediction Records

Description:

This figure shows the prediction records generated by the system. It displays various input parameters such
As temperature, humidity, soil moisture, and other environmental factors along with the predicted crop
output. This helps users analyze historical predictions and understand how different inputs influence

the results.
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8. OUTPUT SCREENS

Predictive Maintenance in Smart Agricultural Facilities

Predictive Maintenance in Smart Agricultural

Facilities

Fig 8.1 Home Page Interface

Login Register
superadmin First Name Last Name
.......... vedall Your Email

---------- Confirm Password

Fig 8.2 Login and Register Page

-
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Predictive Maintenance in Smart Agricultural Facilities predt
Predict the Best Crop

Temperature (°C)
Humidity (%):

pH:
Rainfall (mm)

Soil Moisture (%)

Fig 8.3 User Input Form for Crop Prediction

profile predict Logout
N
70

P

50
K

30

Temperature (°C)

20

Humidity (%):

60

PH:

6.0

Rainfall (mm):

100

Soil Moisture (%):

50 .

Fig 8.3.1 Test Case 1
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Predict

Predicted Crop: maize

Fig 8.3.2 Output 1

N:

20

P:

20

K:

20

Temperature (°C):

35
Humidity (%):
30

pH:
7.05

Rainfall (mm):

40

Soil Moisture (%):

ar

20

Fig 8.3.3 Test case 2
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Predict

Predicted Crop: mothbeans

Fig 8.3.4 Output 2

Predictive Maintenance in Smart Agricultural -
i Registered Users Graphs Accuracy Logout

Predicted Crop Summary

I Number of Predictions

mothbeans Kidneybeans orange maize jute

Fig 8.4 Predicted Crop Summary
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Predictive Maintenance in Smart Agricultural -
grgs Registered Users User predictions Accuracy Logout
Facilities (e ) (o) (s J (et )

Prediction Records

Predicted Soil Organic

Crop Temperature Humidity pH Rainfall Type Sunlight Wind CO, Matter Irrigation Density Pest Fertilizer Growth
mothbeans  20.0 20.0 20.0 35.0 30.0 7.05 400 20.0 0 0.0 0.0 0.0 0.0 0 0.0 00 00 0
maize 70.0 50.0 30.0 200 60.0 6.0 100.0 50.0 0 0.0 0.0 0.0 0.0 0 0.0 00 00 0

jute 90.0 40.0 40.0 25.0 80.0 6.5 200.0 70.0 0 0.0 0.0 0.0 0.0 0 0.0 00 0.0 0
mothbeans  30.0 250 20.0 30.0 5.0 8.0 220 6.0 0 0.0 0.0 0.0 0.0 0 0.0 00 0.0 0
kidneybeans 10.0 10.0 10.0 20.0 10.0 3.0 10.0 6.0 0 0.0 0.0 0.0 00 0 0.0 00 00 0
mothbeans  10.0 15.0 25.0 38.0 7.0 9.0 3.0 9.0 0 0.0 0.0 0.0 00 0 0.0 00 00 0
mothbeans 50 6.0 7.0 250 5.0 2.0 11.0 3.0 0 0.0 0.0 0.0 0.0 0 0.0 00 00 0
kidneybeans 80 9.0 7.0 220 3.0 4.0 2.0 5.0 0 0.0 0.0 0.0 0.0 0 0.0 00 00 0
kidneybeans 0.0 2.0 1.0 2.0 4.0 3.0 -2.0 3.0 0 0.0 0.0 0.0 0.0 0 0.0 00 0.0 0
mothbeans  12.0 22.0 24.0 340 45.0 190.0 24.0 45.0 0 0.0 0.0 0.0 0.0 0 0.0 00 0.0 0
mothbeans  12.0 120 2.0 121.0 21.0 210 210 21.0 0 0.0 0.0 0.0 00 0 0.0 00 00 0
orange 10.0 1.0 10.0 10.0 10.0 100 100 10.0 0 0.0 0.0 0.0 00 0 0.0 00 00 0

4 G —— »

Fig 8.5 Total User Predictions

Predictive Maintenance in Smart Agricultural -
e =D €
Facilities O EDED

Username Email Status Action

testl test1@gmail.com [ inacive |
vedall 228r1a6688@cmrec.ac.in [ Active ]
vedag 228r1a6688@gmail.com [ inacive |
Jagadesh 228r1a66a6@gmail.com [ inacive |

Fig 8.6 Registered Users log

|
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LOGIN

You have been logged out successfully.

Fig 8.6 Terminated Session

Login Register
Your Username First Name Last Name
Your Password Username Your Email

Password Confirm Password

Fig 8.7 New registrations / logins

-
Explainable Al for Smart Agricultural Facilities 82



9. CONCLUSION

The project “Explainable Artificial Intelligence Model for Predictive Maintenance in
Smart Agricultural Facilities” successfully demonstrates the application of advanced technologies
in improving agricultural efficiency and reliability. By integrating machine learning with
explainable Al techniques, the system provides an effective solution for predicting equipment

failures and ensuring smooth operation of smart agricultural systems.

The system is capable of analyzing real-time data collected from sensors such as
temperature, humidity, soil moisture, and equipment usage. By processing this data, it identifies
patterns and detects potential failures before they occur. This helps in reducing unexpected
breakdowns, minimizing downtime, and improving the overall productivity of agricultural

operations.

One of the key achievements of this project is the incorporation of explainable Al, which
enhances transparency and user trust. Unlike traditional machine learning models, the system
provides clear insights into how predictions are made. This enables farmers and system operators

to understand the reasons behind potential failures and take appropriate preventive actions.

Overall, the project provides a reliable, scalable, and intelligent solution for predictive
maintenance in agriculture. It not only improves system performance but also promotes
sustainable farming practices. The integration of explainable Al with predictive analytics makes

this system a valuable contribution to the advancement of smart agricultural technologies.

-
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10. FUTURE ENHANCEMENTS

The proposed system can be further enhanced by integrating advanced deep learning
models such as Long Short-Term Memory (LSTM) and Recurrent Neural Networks (RNN) for
improved prediction accuracy. These models can better capture temporal patterns in sensor data
and provide more precise forecasts of equipment failures. Incorporating such techniques will help

the system handle complex and time-dependent agricultural data more effectively.

Another important enhancement is the integration of real-time 10T deployment with cloud
computing platforms. By connecting the system to cloud services, large volumes of sensor data
can be processed and stored efficiently. This will enable remote monitoring and control of
agricultural systems from anywhere, improving accessibility and scalability. It will also support

real-time alerts and notifications for immediate action.

The system can also be improved by developing a mobile application or web-based
dashboard for user interaction. This will allow farmers and system operators to easily access
predictions, explanations, and maintenance suggestions. A user-friendly interface with
visualizations such as graphs and charts will enhance usability and help users make better

decisions without requiring technical expertise.

In addition, the system can be updated regularly with new datasets to improve learning
and adapt to emerging cyber threats. Security features such as encryption and secure

authentication can also be added to protect user data.

-
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