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Introduction

General Introduction

The increasing complexity of modern industrial infrastructures and the continuous
growth in electricity demand have intensified the need for more reliable, efficient, and
intelligent energy production systems. In recent years, Smart Grid technologies have emerged
as a promising approach to enhancing the performance of conventional electrical networks
through the integration of advanced sensing, communication, and data analytics capabilities.
By leveraging the large volumes of operational data generated by equipment, sensors,
Supervisory Control and Data Acquisition (SCADA) systems, and Internet of Things (IoT)
devices, intelligent solutions can support real-time monitoring, predictive maintenance, fault
diagnosis, and energy optimization, thereby improve operational efficiency and reduce
maintenance costs.

Despite significant technological advances, many power generation facilities still rely
primarily on reactive or preventive maintenance strategies, where interventions are performed
only after failures occur or according to fixed schedules. Such approaches often result in
unplanned downtime, increased operational costs, reduced equipment availability, and
inefficient resource utilization. Moreover, the vast amounts of operational data continuously
produced by these facilities remain largely underexploited, limiting the ability of
organizations to extract actionable insights and support informed decision-making. These
challenges are particularly critical in power generation environments, where equipment
reliability and energy efficiency directly affect both operational performance and the stability
of the electrical grid.

This work was conducted in collaboration with the M'sila Production Unit of
SONALGAZ, one of Algeria’s major electricity generation facilities, with an installed
capacity of approximately 824 MW. A field investigation carried out during the internship
revealed several operational limitations, including the absence of predictive maintenance
mechanisms, the limited use of sensor-generated data for decision support, and the lack of
intelligent energy management tools. These observations highlighted the need for an
integrated artificial intelligence solution capable of transforming raw operational data into
valuable knowledge for maintenance and energy management.

Although numerous studies have addressed predictive maintenance, fault diagnosis, and
energy forecasting independently, few have integrated these functionalities into a unified
framework tailored to real-world power generation environments. Furthermore, limited
research has focused on Algerian industrial infrastructures using operational data collected
directly from production facilities. This gap between existing research and industrial practice
motivated the development of the proposed FactoryNova Platform, which combines multiple
artificial intelligence techniques within a single decision-support platform designed for
industrial applications.

The primary objective of this work is to design and implement an intelligent Platform
for predictive maintenance and energy optimization in a Smart Grid-oriented environment. To
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achieve this objective, three complementary artificial intelligence modules were developed.
The first focuses on anomaly detection in gas turbine operational data using a deep
Autoencoder architecture trained on real measurements collected with a Testo 350 industrial
gas analyzer. The second addresses fault detection and severity classification in rotating
machinery through a dual CatBoost-based classification approach applied to vibration signal
data. The third is dedicated to electricity demand forecasting and energy optimization using
an ensemble learning strategy that combines XGBoost, LightGBM, and CatBoost models.
These modules were subsequently integrated into a unified web-based platform, named
FactoryNova, providing monitoring, predictive analytics, and decision-support functionalities
through a role-based architecture.

The main contribution of this work lies in the development of an Al-driven Platform
that combines anomaly detection, fault diagnosis, electricity demand forecasting, and energy
management within a single platform. In addition, the study proposes a physics-informed
synthetic data generation strategy to address the scarcity of labeled fault data in industrial
environments and demonstrates the practical applicability of advanced machine learning and
deep learning techniques in a real-world power generation context. By bridging the gap
between academic research and industrial requirements, the proposed Platform contributes to
enhancing operational reliability, supporting predictive maintenance strategies, and promoting
more efficient energy management practices.

The remainder of this thesis is organized as follows:

e Chapter 1: Industrial Context and Problem Definition: Presents the host organization,
analyzes the existing system, identifies its limitations, and introduces the proposed
solution.

e Chapter 2: General Concepts of Smart Grids, Predictive Maintenance, and Energy
Consumption Optimization: Reviews the theoretical concepts related to Smart Grid
architectures, maintenance strategies, energy management, and the role of artificial
intelligence in industrial environments.

e Chapter 3: Al Techniques Applied to Predictive Maintenance and Energy
Consumption Optimization: Discusses the machine learning and deep learning
techniques employed in this study, presents the datasets, feature engineering approaches,
evaluation metrics, and reviews relevant related work.

e Chapter 4: Analyse, Design and implementation of the proposed solution: Describes
the adopted methodology, data preparation procedures, model architectures, training
processes, experimental setup, and performance evaluation of the developed Al modules.

e Chapter 5: FactoryNova Platform Implementation and Deployment: Presents the
architecture, functionalities, user interfaces, and integration of the developed modules
within the FactoryNova intelligent web platform.

e Chapter 6: Business model and detailed financial study: presents the proposed
business model and provides a detailed financial analysis, including cost estimation,
revenue projections, profitability assessment, and the overall economic feasibility of the
project.
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¢ General Conclusion and Future Work: Summarizes the main achievements of the study,
highlights its scientific and practical contributions, discusses limitations, and proposes
directions for future research and development.
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Chapterl: Industrial Context and Problem Definition

1. Introduction

This chapter presents the industrial context of our work through the M’sila production
unit at SONALGAZ Campany, where the internship was conducted. It aims to provide an

overview of the company’s structure, activities, and technical environment.

Analyzing this system allows us to identify key challenges, particularly in maintenance
and data utilization, which justify the need for intelligent solutions. These observations form
the basis of our project, focused on designing a Smart Grid for predictive maintenance and

optimized energy consumption.

2. Industrial Context: M’sila Production Unit at SONALGAZ Campany

The M’sila production unit attached to SONALGAZ campany is a major electrical
power generation facility that plays an important role in supplying energy to the national
grid. It is composed of two main production sites: the M’sila site and the Bordj Bou

Arreridj (BBA) site.

The M’sila site, created in 1981, extends over an area of approximately 63 hectares.

It includes several gas turbine (TG) units with different capacities:
e 2 units of 23 MW
e 3 units of 100 MW

e 2 ynits of 215 MW

Figure 1.1. Main components of M’sila production Unit
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These units ensure a significant portion of the total production capacity of the plant.

The Bordj Bou Arreridj site, commissioned in 2018, includes mobile gas turbines

(TGM) with a capacity of 24 MW per unit. This site complements the production

capabilities of the main plant and contributes to operational flexibility.

Figure 1.2. Geographical location of M’sila and BBA production Units
The total installed capacity of the unit is approximately 824 MW, making it a key
contributor to the national electrical network.
The main objectives of the unit are:
e Meeting the increasing demand for electrical energy
e Ensuring the stability and security of the national grid

e QGuaranteeing service continuity and reliability. [1]
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Figure 1.3. Close-up Views of Main Components in M’sila Production Unit

2. Organizational Details:

The organizational chart represents the structure of the Single-Site Gas Turbine
Production Unit, which is managed by a central administration supervising several

divisions and departments.

The Direction of the Single-Site GT Unit is responsible for the overall management
of the unit and the coordination of different divisions and departments. It includes 77

positions and ensures the smooth operation of all activities.

The Secretariat plays an administrative role by organizing correspondence, meetings,

and document management. This is a unique position within the structure.
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The Support and Monitoring Department assists the administration in various areas,
including management, industrial safety, and information systems. It consists of 4

positions.

The Human Resources Department is responsible for personnel management,

recruitment, and employee training. It includes 3 positions.

The Finance and Accounting Department manages the financial and accounting

aspects of the unit. It is structured into several subdivisions and totals 5 positions.

The General Services Department is responsible for general services, logistical

support, and infrastructure. It includes 5 positions. [2]
2.1. Roles of the Requested Divisions

e Operations Division: This division is responsible for the operation of gas turbines. Its
main role is to ensure production continuity by monitoring and optimizing operations.
It also ensures the implementation of safety and performance standards. This division

includes 31 positions.

e Maintenance Division: This division is responsible for equipment maintenance and
repair to ensure proper functioning. Its objective is to minimize breakdowns and

ensure the reliability of installations. This division includes 27 positions.

e General Services Department: This department provides the general services
necessary for the proper functioning of the unit. It includes tasks related to safety,
cleanliness, and logistical support, ensuring an optimal working environment for all

employees. It includes 5 positions. [2]
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IV. GAS TURBINE PRODUCTION UNIT AT A SINGLE SITE

DIRECTION OF THE SINGLE-SITE GT UNIT
(SENIOR FRAMEWORK/DEPARTMENT)
Number of Positions : 77

SECRETARIAT
Number of Positions : 01

-

OPERATIONS DIVISION
Number of Positions : 31

SUPPORT AND MONITORING
(MANAGEMENT ASSISTANT, ASSISTANT-
ADMIN, ASSISTANT HR, ASSISTANT HSE)

Number of Positions : 04

_’J

MAINTENANCE DIVISION
Number of Positions : 27

HUMAN RESOURCES DEPARTMENT
Number of Positions : 03

-

01 STUDY FRAMEWORK

+

01 AGPP

FINANCE AND ACCOUNTING
DEPARTMENT

Number of Positions : 05

i

ACCOUNTING SUBDIVISION
01CS+1STUDY FRAMEWORK

ST S

FINANCE SUBDIVISION
01CS+1STUDY FRAMEWORK

GENERAL SERVICES DEPARTMENT
Number of Positions : 05

Figure 1.4. Administrative and Operational Structure of the M’sila Production Unit.
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3. Existing System Analysis

The existing system is based on a conventional industrial architecture commonly

used in power generation plants.

Electricity production relies primarily on gas turbines (TG and TGM), which convert

fuel energy into electrical energy.
The production process can be summarized as follows:
e Fuel combustion generates mechanical energy
e Turbines convert mechanical energy into electrical energy
e Generated electricity is transmitted to the grid

The system is monitored using supervision tools such as SCADA (Supervisory
Control and Data Acquisition). These systems provide real-time data on various

operational parameters, including:
e Temperature
e Pressure
e Vibration
e Load conditions

This data is essential for monitoring the health of the equipment and ensuring safe

operation.

Energy is transmitted to the national grid through a high-voltage transmission

system (220 kV), allowing distribution to multiple regions. [2]
3.1. SCADA architecture / data flow:

SCADA (Supervisory Control and Data Acquisition) is a centralized industrial
control system used to monitor, collect, and control operational data in real time. In
traditional power networks, SCADA ensures system reliability, operational continuity,

and remote supervision of critical electrical equipment.
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3.1.1. Main Components of SCADA Architecture

Field Devices: Include sensors, meters, and actuators installed on physical equipment
such as turbines, transformers, and circuit breakers. Their role is to collect operational

data such as temperature, voltage, current, and pressure.
PLC /RTU Layer

» PLC (Programmable Logic Controller): performs local automation and fast control

operations.

» RTU (Remote Terminal Unit): collects data from remote locations and transmits it

to the control center.

Communication Network: Ensures data transmission between field devices and the

central system using industrial protocols such as Modbus, DNP3, and OPC.
SCADA Server (Master Station): Central unit responsible for:

» data collection and storage

» alarm management

» event logging

» system monitoring

HMI (Human-Machine Interface): Provides operators with real-time visualization of

the system and allows remote control actions. [2]

3.1.2. Data Flow Process

Data Acquisition: Sensors continuously collect data from field equipment.
Local Processing: PLCs and RTUs process and validate collected signals.

Data Transmission: Information is transmitted to the SCADA server through the

communication network.

Monitoring and Analysis: The SCADA server stores, analyzes, and visualizes

operational data.

Control Execution: Operators send commands through the HMI, which are

transmitted back to field devices for execution.

10
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Despite the presence of monitoring systems, the operational logic remains largely
reactive, especially in terms of maintenance management. The system focuses on

detecting issues rather than anticipating them. [2]

DATA FLOW (FROM FIELD TO SCADA)

3. COMMUNICATION 4. SCADA SERVER
NETWORK (MASTER STATION)

- | (
@ Pressure _’

5. HMI / OPERATOR

1. FIELD DEVICES 2.PLC/RTU

~

G PLC/RTU + Data Collection | . ﬂ
+ Data Acquisition * Data Storage + Monitoring
m Flow + Local Processing + Alarm Management + Visualization
+ Control Logic + Event Logging + Alarms
s + Analysis * Reports

+ Control Commands

CONTROL FLOW (FROM SCADA TO FIELD)

<
Actuators
(Valves, Breakers, ¢ PLC/RTU ¢ Communication Network — SCADA Server ‘ . Operator Issues
Motors, etc.) Executes Command Transmits Command Processes Command ‘ Command
Perform Action ‘

=3 Data Flow —— Control Flow

Figure 1.5. SCADA Data Flow
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4. Problem Definition

4.1. Core Technical Problem

The main limitation of the current system lies in the lack of integration of intelligent,

data-driven mechanisms for maintenance and energy management.

More specifically, the system relies on a corrective maintenance strategy, where
interventions are performed only after the occurrence of failures. This approach does not

allow anticipating faults or optimizing system performance.

This limitation represents a major gap compared to modern Smart Grid systems,

which are designed to integrate:
e Real-time data processing
e Predictive analytics
e Intelligent decision-making
4.2. Identified Problems
Based on the analysis of the existing system, several key issues can be identified:
» Reactive Maintenance Strategy:

The current maintenance strategy is mainly reactive, meaning that maintenance
operations are initiated only after faults or failures are detected. This approach increases
system downtime, reduces operational reliability, and often causes delays in technical

intervention, which may negatively impact production continuity.
» Lack of Artificial Intelligence Integration:

Although the system continuously generates large volumes of industrial and
operational data, these data are not integrated with artificial intelligence or machine
learning techniques. As a result, the available information is not exploited for predictive

analysis, fault anticipation, or process optimization.
» Limited Data Utilization:

The collected data, including sensor measurements, system logs, and operational
history, remain insufficiently utilized. This limits the ability to identify hidden patterns,
analyze trends, and forecast future system behavior, leading to missed opportunities for

performance improvement.

12
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> Absence of Predictive Decision Support:

Decision-making within the existing system is primarily manual and largely
dependent on operator expertise and human judgment. This absence of predictive decision
support reduces the system’s capacity to efficiently manage complex operational

situations and respond proactively to emerging issues.
> Suboptimal Energy Management:

The current system lacks intelligent mechanisms for energy optimization and
dynamic production adjustment. Consequently, energy consumption is not efficiently
managed, resulting in suboptimal resource utilization and reduced overall system

performance.
5. Limitations and Weaknesses of the Current System
The previously identified problems result in several important limitations:
e Strong dependence on reactive maintenance, increasing operational risks
e High maintenance costs due to emergency interventions
e Unplanned downtime affecting productivity and system reliability
e Lack of intelligent automation and advanced decision-support tools
e Poor exploitation of both historical and real-time data

These weaknesses highlight a clear gap between the current system and the expected
functionalities of a Smart Grid system, which requires intelligence, adaptability, and data-

driven operation.
6. The Proposed Solution

To address these limitations, our project entitled:

“FactoryNova: An intelligent Platform for Predictive Maintenance and Energy

Optimization in Smart Grid Environment”
aims to transform the existing system into a smart, data-driven framework.

The objective is to shift from a reactive system to a predictive and optimized system,

in line with Smart Grid concepts.

13
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6.1. Our Approach

The proposed solution is based on integrating Artificial Intelligence techniques into
the existing industrial system in order to improve maintenance efficiency, operational

reliability, and energy management.
» Predictive Maintenance:

The proposed system integrates machine learning techniques to predict potential

equipment failures and identify various fault categories.

By enabling proactive maintenance strategies, the system reduces operational

downtime and enhances the overall reliability and stability of the infrastructure.
» Anomaly Detection:

Advanced anomaly detection methods are employed to continuously analyze sensor

data and detect abnormal operational behaviors.

These techniques facilitate the early identification of system degradation, enabling

timely corrective actions before minor anomalies escalate into critical failures.
> Energy Consumption Optimization:

The system analyzes energy consumption patterns to improve resource allocation

and optimize operational performance.

This approach contributes to reducing energy inefficiencies, minimizing unnecessary

power consumption, and supporting sustainable energy management.
» Intelligent Decision Support:

The integration of Artificial Intelligence provides intelligent decision-support
capabilities through automated data analysis, predictive insights, and operational

recommendations.

This enhances situational awareness, improves system performance, and enables

faster and more accurate decision-making for system operators.

14
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7. Conclusion

The analysis of the existing system highlights a critical need for transitioning toward
a Smart Grid architecture. The current limitations, particularly the reliance on reactive
maintenance and the lack of intelligent data exploitation, justify the integration of

artificial intelligence techniques.

The proposed project provides a comprehensive solution by combining predictive
maintenance, anomaly detection, and energy optimization, thus contributing to the

development of a more efficient, reliable, and intelligent energy system.

15




Chapter2: General Concepts of Smart Grids, Predictive Maintenance, and
Energy Consumption Optimization

Chapter 2: General Concepts of Smart Grids, Predictive

Maintenance, and Energy Consumption Optimization

1. Introduction:

The increasing global demand for energy and the limitations of traditional electrical
grids have led to the development of Smart Grids as an advanced and intelligent solution.
Unlike conventional systems, Smart Grids integrate information and communication
technologies to enable real-time monitoring, bidirectional communication, and more efficient

energy management.

The integration of IoT devices, smart meters, and SCADA systems generates large
volumes of data that can be effectively analyzed using Artificial Intelligence techniques.
These technologies enable important functionalities such as energy consumption optimization,

improved grid reliability, and predictive maintenance for early fault detection.

This chapter introduces the fundamental concepts related to Smart Grids, energy
consumption optimization, and predictive maintenance, which form the theoretical basis of

this study.

2. Smart Grid

2.1. Traditional Grids Vs Smart Grids

Traditional electrical grids rely on a one-way power flow and have limited monitoring
and control capabilities, whereas Smart Grids integrate advanced communication, automation,
and intelligent technologies to improve efficiency and reliability.The corresponding

information is summarized in Table 2.1. [3]

16




Chapter2: General Concepts of Smart Grids, Predictive Maintenance, and
Energy Consumption Optimization

Aspect

Traditional Grid

Smart Grid

Communication

Limited or no communication

between utilities and consumers

Two-way communication between

all grid components

Power Flow

Unidirectional flow from

producers to consumers

Bidirectional flow enabling

distributed energy exchange

Monitoring

Manual and periodic monitoring

Real-time monitoring using sensors

and smart devices

Fault Detection

Slow fault identification and

recovery

Automatic fault detection and self-

healing capabilities

Energy Management

Limited optimization and control

Intelligent energy management and

demand response

Renewable  Energy | Difficult integration of | Efficient integration of renewable

Integration renewable sources and distributed energy resources

Reliability Higher risk of outages and | Improved reliability and
failures operational stability

Data Usage Limited data collection and | Extensive use of data analytics and

analysis

Al techniques

Operational Efficiency

Lower efficiency with higher

losses

Higher efficiency and optimized

energy consumption

Table 2. 1. presents a comparison between Traditional Grids and Smart Grids across

2.2,

several key aspects.

Smart Grid definition

The Smart Grid (SG) is an advanced evolution of the traditional electrical grid that

integrates information and communication technologies (ICT) to improve efficiency,

reliability, and sustainability. It enables bidirectional communication between utilities and

consumers, supporting real-time monitoring, control, and optimization of energy flows.
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This infrastructure addresses the limitations of conventional grids by reducing energy

losses and enhancing overall system performance and stability. . [4]

2.3. Smart Grid Components

The Smart Grid relies on several interconnected components that enable data acquisition,

communication, and intelligent decision-making :

e Smart Meters and Sensors: These devices collect real-time data on key electrical
parameters such as voltage, current, temperature, and energy consumption, enabling

system monitoring and analysis.

e Internet of Things (IoT): IoT provides connectivity between distributed devices in the

grid, enabling data exchange and supporting automation and real-time communication.

e SCADA Systems: SCADA systems monitor and control grid operations using real-time

data to ensure stable and efficient performance.

e Advanced Metering Infrastructure (AMI): AMI integrates smart meters and
communication systems to enable two-way communication between utilities and

consumers.

e Energy Management Systems (EMS) and Distribution Management Systems (DMS):
EMS manages generation and transmission, while DMS focuses on distribution, fault

management, and grid optimization.

e Cybersecurity Infrastructure: Cybersecurity mechanisms protect the Smart Grid from

cyber threats and ensure data integrity and system reliability. [5]
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Figure 2.1: Smart Grid Components

2.4. Smart Grid Architecture: Functional Layers

The Smart Grid is organized into five functional layers, each responsible for a specific role in

data flow and system operation.

Layer 1: Power Layer (Physical Layer): Represents the physical electricity

infrastructure including generation, transmission, and distribution systems.

e Layer 2: Sensing and Measurement Layer: Collects real-time operational data using

smart meters, sensors, and measurement devices.

e Layer 3: Communication Layer: Enables data transmission between grid components

using wired and wireless communication technologies.

e Layer 4: Data Management and Processing Layer: Handles storage, processing, and

analysis of data using SCADA, EMS, DMS, and computing platforms.
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e Layer 5: Application and Intelligence Layer: Implements advanced applications such
as fault detection, forecasting, optimization, and predictive maintenance using Al

techniques. [3]

Application &
Intelligence Layer

Fault Forecasting  Optimization Predictive
i Maintenance

'4)

Data Managen;ent &
Processing Layer

Layer

Commlmim S(ig&))"'""' o> v

Wired C

Sensing &
Measurement Layer

O

Power Layer
(Physical Layer)

Smart Meters

Figure 2.2: Hierarchical Structure of Smart Grid Functional Layers

2.5. Smart Grid Characteristics

The Smart Grid is characterized by several advanced features that distinguish it from

traditional grids:
e Bidirectional communication between consumers and utilities

e Real-time monitoring and control
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e Automation of grid operations
e Integration of distributed energy resources
e Enhanced reliability and fault tolerance

These features enable the Smart Grid to operate as an intelligent and adaptive system
capable of responding dynamically to changes in energy demand and system conditions. In
addition, the availability of real-time data and advanced monitoring capabilities provides a

strong foundation for implementing intelligent applications such as predictive maintenance.

By leveraging data collected from sensors, smart meters, and SCADA systems, the
Smart Grid can support early detection of anomalies and prediction of potential equipment
failures. This capability allows utilities to perform maintenance activities proactively,

reducing downtime, minimizing operational costs, and improving overall system reliability.

[6]
2.6. Artificial Intelligence in Smart Grids

The increasing complexity of modern power systems and the large-scale data generated
by smart infrastructure have made Artificial Intelligence an essential enabler for efficient
Smart Grid operation. Al enhances system intelligence by supporting data-driven analysis,

automation, and adaptive decision-making.

> Fault Detection and Classification: Al techniques enable rapid identification and
categorization of faults using operational data from grid components. These methods
outperform traditional approaches by offering higher accuracy and improved robustness

under varying and noisy conditions.

» Anomaly Detection: Machine learning models are used to learn normal grid behavior and
identify deviations that may indicate faults or abnormal events. This allows early detection

of issues such as equipment degradation or cyber-related disturbances.

> Demand Forecasting: Intelligent predictive models estimate future electricity
consumption by analyzing historical data combined with external factors such as weather

and time patterns. This improves planning accuracy and supports efficient grid operation.

» Predictive Maintenance: Al-based systems analyze sensor data to predict potential
equipment failures before they occur. This condition-based approach reduces downtime,

extends asset lifespan, and optimizes maintenance costs.
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> Energy Management and Optimization: Al techniques optimize energy distribution,
storage, and consumption in real time to ensure efficient grid performance. They are

particularly effective in managing the variability introduced by renewable energy sources.

> Renewable Energy Integration: Al improves the prediction of renewable energy
generation by analyzing weather and historical production data. This enhances grid

stability and supports better integration of solar and wind energy.

» Cybersecurity and Intrusion Detection: Intelligent models monitor network behavior to
detect malicious activities and abnormal traffic patterns. This strengthens the resilience of

Smart Grids against cyberattacks.

» Grid Topology and State Estimation: Al methods estimate the real-time state of the
power system even under incomplete or noisy measurements. This improves monitoring

accuracy and supports reliable operational decisions. [7]

2.7. Smart Grid Challenges

Despite its advantages, the implementation of Smart Grids faces several challenges:
e Security vulnerabilities due to integration with communication networks
e Privacy concerns related to large-scale data collection
e High implementation and infrastructure costs
e Complexity of managing large and heterogeneous datasets
e Real-time processing requirements for efficient operation. [8]
3. Predictive Maintenance:

3.1. Concept of Maintenance:

Maintenance refers to the set of activities performed to ensure the proper functioning
and reliability of equipment and industrial systems. It aims to preserve system performance,

prevent unexpected failures, and extend the operational lifetime of machines.

In industrial and energy systems, maintenance is essential due to the increasing
complexity of equipment and the need for continuous operation without interruptions. Proper
maintenance strategies help reduce downtime, improve safety, and optimize operational costs,

especially in critical infrastructures such as power systems and Smart Grids. [9]
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3.2.

Types of Maintenance:

Reactive Maintenance (RM): Reactive Maintenance is a run-to-failure strategy where
maintenance actions are performed only after equipment failure occurs. Although this
approach requires minimal planning, it often leads to unexpected downtime, higher repair

costs, and reduced system efficiency.

Preventive Maintenance (PM): Preventive Maintenance, also known as scheduled
maintenance, involves performing maintenance activities at regular time intervals
regardless of the actual condition of the equipment. The objective is to reduce the
probability of unexpected failures and ensure continuous operation. However, this
approach may result in unnecessary maintenance operations when equipment is still

functioning properly.

Predictive Maintenance (PdM): Unlike traditional strategies, Predictive Maintenance
relies on real-time data analysis and condition monitoring to anticipate failures before they
occur. By using data collected from sensors, smart meters, and monitoring systems,
predictive models can detect early warning signs of faults and estimate their future

progression. [10]

Conduct maintenance after
/ failures occurred

Reactive | IS PY univont

Failure

Conduct maintenance

regularly
Predict the failure and conduct

Maintenance
.
_______ _0__ NSRS SN  S—
A
Failure
"4 maintenance in advance
Predictive s
Ao
Failure

Time

Figure 2.3 : Maintenance Types: Reactive, Preventive, and Predictive Approaches
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3.3. Predictive Maintenance Techniques:

Predictive Maintenance relies on data-driven techniques to monitor system conditions
and anticipate potential failures before they occur. It is based on continuous analysis of sensor

data and system behavior to ensure early fault detection and improved decision-making.
The main techniques used in Predictive Maintenance include:
Detection: identifying abnormal patterns or deviations in system behavior using sensor data.

Isolation: determining the exact component or subsystem responsible for the detected

anomaly.
Prediction: estimating the future evolution of faults and predicting possible failures.

Condition Monitoring: continuous observation of equipment parameters such as temperature,

vibration, and electrical signals.

Artificial Intelligence and Machine Learning: advanced methods used to analyze large

datasets and improve prediction accuracy.

These techniques allow the transition from reactive maintenance to intelligent and

proactive maintenance strategies. [11]

3.4. Role of AI in Maintenance:

The integration of Al in maintenance provides several benefits, including:

o Artificial Intelligence (AI) plays a key role in modern maintenance systems by enabling

automated analysis of large-scale industrial data.

e Machine Learning techniques are used to detect patterns, identify anomalies, and classify

equipment faults.

e In Smart Grid environments, Al processes data collected from sensors, smart meters, and

SCADA systems to detect early signs of failure.

e Anomaly detection models help identify abnormal system behavior that may indicate

equipment degradation or operational issues.

e Al-based fault classification techniques distinguish between different failure types,

supporting appropriate maintenance decisions.
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e The integration of Al with monitoring systems improves maintenance accuracy, enhances

reliability, reduces downtime, and lowers operational costs. [12]

3.5. The importance of predictive maintenance in smart grids:

Predictive maintenance changes from reactive to proactive, data-driven strategies. This
makes energy systems more reliable, efficient, and easier to manage. Several advantages can

be cited when using predictive maintenance, including:

Proactive Approach: Uses machine learning and data analytics to find problems before

they happen, which lets you fix them quickly and avoid expensive downtime.

e Minimizing Operational Disruptions: loT data finds faults, which lets maintenance
happen  during times of low demand to keep the supply going.
Asset Performance Optimization finds problems, makes things work better, makes

equipment last longer, and lowers costs.

e Resource Allocation Efficiency: Only targets the assets that are needed, making the best

use of labor and resources while cutting down on unnecessary inspections.

e Improved Grid Resilience: Predicts weaknesses and makes the grid stronger so it can

handle extreme conditions.

e Customer Satisfaction and Trust: Builds trust in the service, makes sure it works, and

keeps interruptions to a minimum. [13]

4. Energy Consumption Optimization:
4.1. Electrical Energy

Electrical energy is a form of energy generated from renewable and non-renewable
sources. It results from charged particles such as electrons and ions and can produce heat and

light. [14]
4.1.1. Methods of Electrical Energy Production:

Electricity can be generated from renewable resources such as wind, solar energy, and

tides, as well as from non-renewable resources including fossil fuels and nuclear energy.

e Hydroelectric Power: Hydroelectric plants generate electricity by using the energy of

flowing or falling water to rotate turbines connected to generators.
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e Steam Power: Steam power plants produce electricity using high-pressure steam

generated in boilers. The steam drives turbines connected to electric generators.

e Internal Combustion Engines: Internal combustion plants use liquid fuels burned inside

combustion chambers to generate mechanical rotation and produce electricity.

> Diesel Power: Diesel generators are characterized by fast startup and shutdown. They
are commonly used during emergencies and peak demand periods, although they

consume large amounts of fuel and have limited capacity.

» Gas Turbine: Gas turbines are available in various capacities and are mainly used
during peak loads. They operate quickly, require less cooling water, and can use

different fuel types, but they have relatively low efficiency and high fuel consumption.

e Tidal Power: Tidal power stations convert the energy of ocean tides into electricity using

barrages and turbines.

e Nuclear Power: Nuclear plants generate electricity through uranium fission, which

produces heat to convert water into steam that drives turbines connected to generators.

e Wind Power: Wind turbines convert wind energy into electrical energy through the

aerodynamic movement of rotor blades connected to generators.

e Solar Power: Solar power plants convert sunlight into electricity using photovoltaic
panels or concentrated solar radiation systems. The produced energy can also be stored in

batteries or thermal storage systems.
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The following figure shows electricity production in the world by energy source:

Figure 2.4: Electricity production in the world by energy sources [15]

Electrical energy production relies on multiple sources, and continuous research is being
conducted to develop advanced generation methods capable of meeting the increasing energy

demands of different sectors. [15]

4.2. Energy Consumption Concept:

Energy consumption refers to the amount of electrical energy used by different systems,
sectors, or devices over a specific period. It represents a key indicator for evaluating energy

demand and system performance.

Electricity is widely used across multiple sectors, including residential, industrial,
agricultural, and public services. The increasing dependence on electrical energy is mainly

driven by population growth, technological development, and economic expansion.
4.2.1. Energy Consumption Issues:

Many issues face Energy consumption, including:

e Modern power systems face increasing electricity demand due to population growth,

industrial activities, and technological advancement.
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e High energy demand can create peak load conditions, leading to system stress and

potential instability.

e Transmission and distribution losses reduce energy efficiency and increase operational

costs.

e Imbalances between energy supply and demand may result in inefficient utilization and

network overload.

e Traditional power grids have limited real-time monitoring and control capabilities,

reducing their ability to manage dynamic energy demands effectively. [16]

4.3. Energy Optimization:

Energy optimization refers to the process of improving the efficiency of energy
production, distribution, and consumption in order to reduce costs, minimize energy losses,
and enhance system performance. It plays a crucial role in modern Smart Grid systems, where

energy demand is dynamic and requires intelligent management.

The primary objective of energy optimization is to ensure that energy resources are used
efficiently while maintaining system stability and reliability. This includes balancing supply

and demand, reducing peak loads, and integrating renewable energy sources effectively.

In Smart Grids, energy optimization is achieved through advanced monitoring systems,
real-time data analysis, and automated control mechanisms. These systems enable better
decision-making, improve energy distribution, and reduce environmental impact by

minimizing reliance on non-renewable energy sources. [17]

4.3.1. Energy Optimization Techniques:

Various techniques are applied to optimize energy consumption and improve the

efficiency and reliability of power systems, including:

¢ Demand Response (DR) adjusts consumer energy usage according to supply conditions to

reduce peak demand and improve grid stability.

e Load balancing distributes electrical loads efficiently across the network, preventing

overload and enhancing system performance.

e Smart scheduling shifts energy consumption to off-peak periods, reducing operational

costs and improving energy utilization.

28




Chapter2: General Concepts of Smart Grids, Predictive Maintenance, and

Energy Consumption Optimization

Real-time monitoring systems such as SCADA and smart sensors continuously collect

grid data to support rapid and accurate decision-making.

Forecasting techniques predict future energy demand using historical and real-time data,

enabling better planning and resource management.

Demand Side Management (DSM) strategies optimize consumer energy consumption

through pricing policies and usage control mechanisms.

The integration of renewable energy sources such as solar and wind power improves

sustainability and increases overall energy efficiency. [17]

4.3.2. Role of Artificial Intelligence in Energy Optimization:

Artificial Intelligence enhances energy optimization in Smart Grids by enabling data-

driven analysis and smart decision-making, as outlined below:

Artificial Intelligence (AI) enhances energy optimization in Smart Grids by analyzing

large volumes of operational data from sensors, smart meters, and SCADA systems.

Al techniques support accurate and efficient decision-making for energy management and

grid operation.

Machine Learning models are widely applied for energy demand forecasting to predict

future consumption patterns and optimize energy distribution.

Al-based optimization approaches dynamically adjust system parameters to improve

efficiency and reduce energy waste.

The integration of Al with energy management systems increases automation, adaptability,

and sustainability in Smart Grid environments. [18]
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5. Conclusion:

This chapter presented the fundamental concepts underlying Smart Grids, energy
consumption optimization, and predictive maintenance. It outlined the transition from
traditional power systems to intelligent and interconnected Smart Grid infrastructures capable

of supporting modern energy requirements.

It also emphasized the importance of optimizing energy consumption to improve system
efficiency and reduce operational losses, as well as the role of predictive maintenance in
enhancing system reliability through early fault detection and prevention of unexpected

failures.

Overall, this chapter highlights the strong interdependence between Smart Grid
technologies, energy optimization strategies, and predictive maintenance, which together form

the basis of efficient, reliable, and intelligent energy systems.
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Chapter 3: Al Techniques Applied to Predictive

Maintenance and Energy Consumption Optimization

1. Introduction

The growing complexity of industrial systems and Smart Grid infrastructures has
increased the adoption of Artificial Intelligence (AI) for monitoring, prediction, optimization,
and decision-making. By analyzing data generated from sources such as SCADA systems,
IoT devices, and smart meters, Al techniques can improve operational efficiency, reliability,

predictive maintenance, and energy management.

This chapter provides an overview of the main Al methods used in these domains, along

with the commonly used datasets and evaluation metrics.

2. Data in Predictive Maintenance and Energy Consumption
Optimization
2.1. Benchmark and Open Datasets

Several public datasets are widely used in Predictive Maintenance and energy
optimization research for training and evaluating Al models. These datasets generally include
vibration, temperature, current, and operational data collected from industrial equipment
under normal and faulty conditions. Table 3.1 summarizes the most widely used datasets in
predictive maintenance and energy consumption optimization research, adapted from the

literature presented in: [19]. [20], [21]
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Dataset

CWRU Bearing
Dataset (Case
Western Reserve
University)

PRONOSTIA /
FEMTO-ST

NASA C-MAPSS

IMS (University of
Cincinnati)

UCI HVAC Energy
Dataset

Pecan Street
Dataport

ENTSO-E
Transparency
Platform

GEFCom 2014

Domain

Rotating
machinery

Bearing
accelerated
degradation

Aircraft
turbofan
engines

Bearing

Building
energy

Smart grid /
residential

Transmission
grid

Energy
forecasting
competition

Signals

Vibration (12

kHz /48 kHz), 1—

3 axes

Vibration,
temperature

21 sensor
channels + 3
operating
conditions

Vibration, 4
bearings
simultaneously

14 variables
(temperature,
humidity,
C0o2..)

Electricity sub-
metering per
appliance

Generation, load,
price, cross-
border flows

Temperature,
solar irradiance,
load

Classes / Labels

Normal, Ball, Inner
Race, Outer Race
faults % 3 severity
levels

Run-to-failure
trajectories

RUL in cycles to
failure

Normal — degraded
— failure

Continuous energy
consumption (kWh)

Continuous power
(W) per circuit

Continuous at 15-
min / hourly
resolution

Hourly probabilistic
load & price
forecasts

Key Use
Cases

Fault
detection,

classification,
RUL

RUL
estimation,
degradation
modelling

RUL
estimation

Degradation
monitoring

Energy
forecasting,
optimisation

Load
disaggregation,
DR
optimisation

Load
forecasting,
renewable
integration

Probabilistic
energy
forecasting

Table 3. 1. presents some of the most commonly used benchmark datasets in the

literature.
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2.2. Feature Engineering and Signal Processing

Raw sensor recordings are not directly used by models. Instead, signal preprocessing
and feature extraction convert high-dimensional time-series data into compact and

informative representations suitable for machine learning.

2.2.1. Time-Domain Features

Time-domain features are computed over fixed-length signal windows and include

statistical measures such as:

a) RMS (Root Mean Square):
RMS measures the effective energy or power of the vibration signal. It is one of the
most important indicators for detecting machine degradation because vibration energy

generally increases when faults develop.
= 2 (3.1)

A high RMS value often indicates abnormal vibration levels or mechanical wear.

b) Kurtosis:
Kurtosis measures the impulsiveness or peakedness of a signal distribution. It is highly

sensitive to sudden shocks and impulsive faults such as bearing defects or cracks.

=1 (;)4 (3.2)

Large kurtosis values generally indicate the presence of transient fault impulses.

c) Skewness:

Skewness measures the asymmetry of the signal distribution around its mean value.

=1 (;)3 (3.3)

Positive or negative skewness may indicate irregular machine behavior or imbalance

conditions. [22]
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d) Crest Factor:
The crest factor represents the ratio between the signal peak amplitude and its RMS

value.

= (3.4)

It is commonly used as an early fault indicator because localized defects often produce

sharp peaks before the RMS increases significantly.

e) Peak-to-Peak Amplitude:
Peak-to-peak amplitude measures the difference between the maximum and minimum

signal values.
- - = - (3.5)

This feature reflects the total vibration range and helps identify severe fluctuations or

abnormal impacts.
Additional Time-Domain Indicators:
Other commonly used indicators include:

e Shape Factor: evaluates waveform shape characteristics.
e Impulse Factor: measures impulsive behavior relative to average amplitude.
e Clearance Factor: sensitive to bearing and gear faults.
Typically, 10-20 statistical features are extracted from each signal window, creating a
compact representation suitable for machine learning models while reducing data

dimensionality. [23]

2.2.2. Frequency-Domain Features

Frequency-domain features are extracted using the Fast Fourier Transform (FFT), which
converts signals into the frequency spectrum. Faults in rotating machines appear at

characteristic frequencies such as:

e BPFO (Ball Pass Frequency Outer race): associated with outer race bearing faults.
e BPFI (Ball Pass Frequency Inner race): associated with inner race defects.

e BSF (Ball Spin Frequency): related to rolling element faults.

e FTF (Fundamental Train Frequency): linked to cage defects. [24]
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Other Common features include:

a) Spectral Energy

Measures the total energy contained within the frequency spectrum.

=3 ()? (3.6)
It indicates the intensity of vibration components at different frequencies.

b) Peak Frequency
Represents the dominant frequency component with the highest amplitude in the

spectrum. This feature helps identify rotating speed-related faults and resonance frequencies.

¢) Spectral Entropy
Measures the randomness or disorder of the frequency distribution. High entropy values

often indicate complex or irregular machine behavior.

d) Harmonic Ratios
Compare amplitudes between harmonic frequency components. These ratios are useful

for detecting imbalance, misalignment, and gear-related defects. [25]
Short-Time Fourier Transform (STFT):

For non-stationary signals whose frequency content changes over time, the Short-Time
Fourier Transform (STFT) is used to generate time-frequency representations called
spectrograms. STFT allows monitoring of how frequency components evolve during machine

operation. [26]

2.2.3. Time-Frequency and Wavelet Features

Time-frequency methods, such as Discrete Wavelet Transform (DWT) and Wavelet
Packet Decomposition (WPD), analyze signals at multiple resolutions to extract informative
features for fault detection. While DWT decomposes signals into approximation and detail
components, WPD provides a more detailed spectral representation, improving the detection

of complex faults. [27]
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2.2.4. Windowing and Overlap

Continuous sensor signals are divided into overlapping windows to create training
samples. Appropriate window sizes and overlap ratios improve data representation, while
stratified splitting ensures a balanced distribution of fault classes across the datasets. [19]

3. Al Algorithms for Predictive Maintenance and Energy Optimization

Artificial intelligence enables predictive maintenance and energy optimization through
fault detection, anomaly identification, and energy forecasting. The following sections present

the main Al techniques used in these applications:

3.1. Machine Learning Methods

Many machine learning algorithms have been used, namely:

3.1.1. Support Vector Machines (SVM)

Support Vector Machines (SVMs) are supervised learning models that classify data by
finding an optimal decision boundary between classes. They are effective in predictive
maintenance when fault data is limited but require careful parameter tuning and can be

computationally demanding for large datasets. [28]
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Figure 3.1: Support Vector Machines (SVM)

3.1.2. Random Forests (RF)

Random Forests (RF) are ensemble learning models that combine multiple decision

trees to improve prediction accuracy and reduce overfitting. In predictive maintenance, they
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are widely used for fault detection and feature importance analysis, but their ability to capture

temporal dependencies is limited and their performance may be affected by highly
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imbalanced data. [29]

Figure 3.2: Random Forests (RF)

3.1.3. Gradient Boosting Machines: XGBoost and CatBoost

Gradient Boosting models, such as XGBoost and CatBoost, build predictive models
sequentially to minimize errors and improve accuracy. Due to their robustness and efficiency,
they are widely used in predictive maintenance for fault detection and in smart grid

applications for energy forecasting, demand prediction, and energy management, often
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outperforming traditional machine learning methods on structured data. [30]
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Figure 3.3: Gradient Boosting Machines: XGBoost and CatBoost

3.1.4. K-Nearest Neighbours (k-NN)

k-Nearest Neighbours (k-NN) is a simple non-parametric algorithm that classifies
samples based on the nearest neighboring instances. In predictive maintenance, it is often used
for baseline classification and anomaly detection, although its performance may be limited

when handling large datasets due to higher computational and memory requirements. [31]

k-NN classifies a sample based on the majority class
of its k nearest neighbours in the feature space.
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Figure 3.4: K-Nearest Neighbours (k-NN)

3.2. Deep Learning Methods

Deep learning methods have been widely adopted in this field, including:

3.2.1. Convolutional Neural Networks (CNN)

CNNs automatically extract local features from signals and images using convolution
filters. In predictive maintenance, they are mainly used for vibration analysis and
spectrogram-based fault detection. Their main advantage is end-to-end learning without
manual feature engineering, while architectures like ResNet improve training efficiency and

performance in fault diagnosis. [32]

38




Chapter 3: AI Techniques Applied to Predictive Maintenance and Energy
Consumption Optimization

Input Convolutional Layer Activation Pooling Layer Feature Maps Fully Connected Output
1D vibration signal Leamn local patterns RelU Downsampling High-level Layer Fault Classes
(filters) (reduce dimension) representations (Softmax)

A
|’ |' | ) ﬂ\ /‘l‘ g | ,i Normal 0.0
M - —> — — O
i = - — : P | Ball Fault 09
r L
- D,, ol S s v Inner Race Fault 0.0
Time > . o
> | . - Outer Race Fault 0.0
Convolution Operation
Feature
Input Signal Filter (activation)
A A AAAM [
oA o 7
Vit | 10| —
The fiter slides along the input and produces Feature Learning
&n activation (lesture mep) (Automatically learns hierarchical features

Figure 3.5: Convolutional Neural Networks (CNN)

3.2.2. Recurrent Neural Networks and Long Short-Term Memory (LSTM)

Long Short-Term Memory (LSTM) networks overcome the limitations of traditional

RNNs by using memory cells and gates to capture long-term dependencies in sequential data.

They are widely used in predictive maintenance for RUL prediction, anomaly detection,
and fault prediction, as well as in energy consumption forecasting based on historical and

operational data. Although highly effective, LSTM models generally require large datasets
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and significant computational resources. [33], [34].

Figure 3.6: Recurrent Neural Networks and Long Short-Term Memory (LSTM)

3.2.3. Autoencoders (AE) and Variational Autoencoders (VAE)

Autoencoders are neural networks that compress input data into a low-dimensional

latent representation using an encoder, then reconstruct the original input through a decoder.
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When trained on normal operating data, they learn the patterns of healthy behavior, and

reconstruction errors are used to detect anomalies since faulty signals cannot be accurately
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Figure 3.7: Autoencoders (AE)

Variational Autoencoders (VAEs) use a probabilistic latent space to enable both
reconstruction and data generation, making them useful for synthetic fault data creation.
Variants include CNN-based models for spectrograms and LSTM-based models for sequential

data, while semi-supervised approaches combine normal unlabeled data with limited labeled
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Figure 3.8: Variational Autoencoders (VAE)

3.2.4. Generative Adversarial Networks (GAN)

A Generative Adversarial Network (GAN) is composed of a generator that creates
synthetic data from noise and a discriminator that distinguishes real from generated samples,
trained in a competitive minimax process. In predictive maintenance, GANs help mitigate
data imbalance by generating realistic fault data, improving model robustness and

classification performance. [37]
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Figure 3.9: Generative Adversarial Networks (GAN)

3.2.5. Graph Neural Networks (GNN)

When sensor data is structured as a graph for example, a power network where nodes
are substations and edges are transmission lines GNNs propagate and aggregate feature

information along graph edges through successive neighborhood aggregation layers.

In smart grid applications, GNNs model spatial correlations between nodes for fault
location in distribution networks and for coordinated energy optimization across multi-bus

systems. [38]

& 7 .
[ 1. Input: Graph-Structured Data ‘ 2. Message Passing & Neighborhood Aggregation (Layer [) 3. Readout / Output
WS Node-level / Graph-level
Smart Grid Example Layer O Layer 1 Layer L S :\:di/;ﬁ:: o
(Input Features)
Node-level (e.g., Fault Location)
f : : : s s

i : el
v | E ;

@ Normal @ Fault
@ nNode (Substation)

— Edge (Transmission Line) Each node updates its representation by aggregating Graph-level (e.g., System State)
[ and transforming features from its neighbors.
1! Sensor Measurements / Features — |
Low Risk Medium High Risk

How GNN Message Passing Works (Example for one layer)

4. Applications in Smart Grid
Update node v representation h{” at layer [:

h,! (‘J u; ) Fault Location in Distribution Coordi Energy Optimizati
R+ = o (Ww”h{lﬂ - Z Wciah h‘(‘n) (i) across Multi-Bus Systems
HEN (¥) il
(!) E ®_..‘° — huﬂ)E - |
Predict fault

Gl " . Optimize
A Node v representation at layer | P power
p . - flows and
N(v): Neighbors of nod: (&) i ate

(v) ighbors e v hu_; uy : Agsreg schadules|

Wi, Wyeign © Learnable weight matrices

s Transform : @
o : Non-linear activation (e.g.. ReLU) hf”
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3.3. Unsupervised and Semi-Supervised Methods

In this field, methods that do not rely fully on labeled information are also commonly

used, including:

3.3.1. Principal Component Analysis (PCA)

Principal Component Analysis (PCA) reduces data dimensionality by projecting it onto
directions of maximum variance. In predictive maintenance, it builds a normal behavior
baseline, and anomalies are detected using T? for variations within the model and Q-statistic
for reconstruction errors. Extensions like Kernel PCA and Robust PCA handle non-linear and

noisy data. [39]
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Figure 3.11: Principal Component Analysis (PCA)

3.3.2. Isolation Forest (IF)

Isolation Forest detects anomalies by repeatedly partitioning the feature space using
random axis-aligned splits. Data points that lie in sparse or unusual regions are isolated more
quickly, resulting in shorter path lengths compared to normal points located within dense
clusters. The anomaly score is derived from the inverse of the average path length across a
collection of isolation trees. This approach is computationally efficient, with a training
complexity of O(n log n), and performs well in high-dimensional spaces without requiring an

explicit model of normal behavior. [40]
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Figure 3.12: Isolation Forest (IF)

3.3.3. One-Class SVM (OCSVM)

OCSVM constructs a decision boundary in the feature space that tightly encloses
normal data while maximizing the margin from the origin. Data points falling outside this
boundary are considered anomalies. By applying the kernel trick, the method can model non-

linear separation boundaries.

OCSVM s particularly useful in predictive maintenance scenarios where only healthy

operating data is available for training, which is common in industrial systems due to the
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rarity of fault conditions. [41]
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Figure 3.13: One-Class SVM (OCSVM)

4. Evaluation Metrics

4.1. Classification Metrics for Fault Detection

Fault detection and identification are classification tasks, and their evaluation must
account for class imbalance faults are typically rare relative to normal operation. The

corresponding details are shown in Table 3.2. [42]

Metric Formula Interpretation

Accuracy TP+ TN/ (TP + TN + FP + FN) Fraction of all correct predictions.
Misleading under class imbalance.

Precision TP /(TP + FP) Among all predicted faults, how many
were true faults. High precision means
few false alarms.

Recall (Sensitivity) TP /(TP + FN) Among all actual faults, how many were
detected. High recall means few missed
faults.

F1-Score 2 x Precision x Recall / (Precision + | Harmonic mean of Precision and Recall.
Recall) Preferred for imbalanced datasets.
Macro-F1 Mean F1 across all classes Weights all fault classes equally

regardless of their frequency.

Weighted-F1 F1 weighted by class support Accounts for class frequency; preferred
when imbalance is informative.

Matthews (TPxTN — FPxFN) / Balanced measure robust to imbalance;
Correlation V((TP+FP)(TP+FN)(TN+FP)(TN+F ranges from —1 to +1.
Coefficient (MCC) N))
AUC-ROC Area under Receiver Operating Measures discriminability across all
Characteristic curve classification thresholds.
Cohen's Kappa (Po—Pe)/ (1 —Pe) Agreement corrected for chance; useful

for multi-class scenarios.
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Table 3.2. Illustrates the most frequent metrics used to evaluate fault detection

4.2.

Anomaly Detection Metrics

classification.

Anomaly detection is often evaluated in the absence of complete ground-truth labels.

Common metrics include: [43]

Metric Formula Description Main Purpose
Precision@K Precision@K = |{top- | The fraction of the top-K Evaluate ranking quality
K samples} N {true highest-scoring samples that | of anomaly scores at a
anomalies}| / K are true anomalies. fixed cutoff K.
Average AP=Z%, (R, - The area under the Summarize model
Precision (AP) | Ry1) - P, where P, and | Precision-Recall curve, performance across all
R, are precision and computed point-by-point as | classification thresholds.
recall at the n-th the threshold varies.
threshold
F1-Score at F1 = The F1 score achieved when | Balance precision and
Optimal 2 - (Precision - Recall) | the threshold is chosen to recall at the best
Threshold / (Precision + Recall) | maximise F1 on a validation | operating point.
threshold t* = argmax | set.
F1(t) on validation set
Reconstruction | error(x) = Ix - For autoencoder-based Evaluate the
Error decoder(encoder(x))I* | detectors, the separation discriminative power of
Distribution AUROC = between reconstruction error | reconstruction error for
(AUROC of P(score(xa) > distributions of normal and | anomaly detection.
error) score(Xn)) Xa = anomalous samples is
anomalous sample, x, | visualized via histograms
= normal sample and quantified by the
AUROC of the error as a
scoring function.
Table 3. 3. summarizes the most used metrics for anomaly detection.
4.3. Energy Forecasting Metrics

Energy consumption and generation forecasting is evaluated with regression metrics

adapted to the probabilistic and intermittent nature of energy data: [44]
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Metric

Formula

Description

Main Purpose

RMSE (Root
Mean Square
Error)

RMSE =(1/n - X(yi -
$i))

Measures the square root of the
average squared differences
between actual and predicted
values.

Evaluate overall
prediction accuracy
while penalizing
large errors.

MAE (Mean MAE = (1/n) - Z|yi - §i| | Computes the average absolute | Measure average
Absolute Error) difference between actual and | prediction error.
predicted values.
Normalised nRMSE = RMSE/ RMSE normalized by the range | Compare forecasting
RMSE (nRMSE) | (ymax - ymin) or or mean of the target variable. | performance across
RMSE /§ datasets with
different scales.
Mean Absolute MASE =MAE / [(1/(n- | Compares the model MAE Determine whether
Scaled Error 1)) - Zlyi - yi1]] with the MAE of a naive the model
(MASE) forecasting baseline. outperforms a simple
baseline forecast.
Pinball Loss Lq(y, ¥) = max(q(y - ¥), | Evaluates prediction accuracy | Assess probabilistic
(Quantile Loss) (q-D(y-9)) across different quantiles. forecasting models.
Energy Score ES(F, y) = EIX -yl - Measures calibration and Evaluate the quality

%EIX - X

sharpness in multivariate
probabilistic forecasts.

of probabilistic
energy forecasting.

Table 3.4. summarizes the most used metrics for Energy Forecasting.

5. Methodological Pipeline for AI-Based PdM and OEC Systems

This pipeline defines a standardized workflow for developing robust Predictive
Maintenance (PdM) and Optimized Energy Consumption (OEC) systems, ensuring a
structured transition from raw industrial data to deployable Al models

5.1.

Data Acquisition and Quality Control:

Industrial sensor data is collected with properly configured sampling rates and

synchronized across systems. Data quality is ensured by handling issues such as missing

values, sensor drift, calibration errors, and noise from electrical interference.

a) Signal Preprocessing: Raw signals are cleaned and standardized through normalization,

detrending, filtering (e.g., band-pass or anti-aliasing filters), and resampling to ensure

consistent temporal resolution across all measurements.
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b) Feature Extraction: Relevant information is extracted from the processed signals using

d)
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time-domain statistics, frequency-domain representations (FFT), wavelet transforms, or
directly through raw window-based inputs in deep learning models. [45]

Dataset Construction: The dataset is structured into training, validation, and test sets,
ensuring proper representation of different operating conditions and fault types. Data
augmentation is often applied to address class imbalance and rare failure events.

Model Selection and Training: Appropriate Al architectures are selected and optimized
through hyperparameter tuning methods such as grid search or Bayesian optimization,
followed by cross-validation to ensure generalization performance.

Evaluation and Benchmarking: Models are evaluated on unseen test data using relevant
performance metrics and compared against baseline approaches to validate improvement
in prediction or detection capability.

Deployment and Monitoring: The final model is deployed in edge or cloud
environments for real-time inference. Continuous monitoring is implemented to detect

data drift and performance degradation, triggering retraining when necessary. [46]
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Figure 3.14: Methodological Pipeline for AI-Based PdM and OEC Systems
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6. Literature Review and Related Work

This section reviews related work on anomaly detection for predictive maintenance,
fault detection and classification, and smart grid energy optimization. It summarizes recent
methodologies, datasets, and results to provide the theoretical and practical foundation for the
proposed methods in this thesis.

6.1. Anomaly Detection for Predictive Maintenance in Smart Grids

TranAD, proposed by Tuli et al. (2022), is considered one of the most effective
Transformer-based models for anomaly detection in multivariate time series. The model is
highly relevant to Smart Grid predictive maintenance because electrical systems generate
continuous streams of correlated sensor data such as voltage, current, temperature, and power
consumption.

The authors designed TranAD using an encoder-decoder Transformer architecture
combined with an adversarial training strategy. The model operates in two phases: first, it
reconstructs the normal behaviour of the time series, and then it refines anomaly detection by
focusing on reconstruction errors. This mechanism allows the system to distinguish abnormal
operational patterns from normal fluctuations in grid data.

A major contribution of TranAD is its ability to capture long-range temporal
dependencies more effectively than traditional recurrent models such as LSTM. In addition,
the model supports online and incremental learning, making it suitable for real-time
monitoring environments where Smart Grid data changes continuously.

The study demonstrated that Transformer-based approaches outperform many classical
and recurrent deep learning methods in detecting subtle anomalies in multivariate industrial
systems. The authors also highlighted that attention mechanisms improve interpretability by
identifying which variables contribute most to abnormal behaviour.

For evaluation, TranAD was tested on widely used benchmark datasets including SMAP,
MSL, SMD, and SWaT, where it achieved high detection accuracy and low false alarm rates
compared to previous anomaly detection models. [47]

6.2. Fault Detection and Classification in Smart Grids Using Machine Learning

Alhanaf et al. (2023) proposed a deep learning framework for fault detection and
classification in smart grids.

They simulated an IEEE 6-bus system using MATLAB/Simulink 2022b and generated
three-phase voltage and current signals under multiple fault types: SLG, LL, DLG, and 3-
phase faults.

Signals were sampled at 2.5 kHz (41 samples per cycle). The dataset also included
variations in fault resistance, inception angle, and fault location.
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Two models were evaluated: ANN and 1D-CNN. Both were trained on raw signals
without feature engineering. Results showed that ID-CNN achieved near-perfect accuracy:

e 99.99% for line identification
e 99.75% for fault classification
e 98.25% for fault localization
The study concludes that CNNs outperform fully connected networks due to their ability
to capture local temporal patterns in electrical waveforms.

This thesis extends this work by integrating classical ML models including CatBoost,
Random Forest, SVM, KNN, and Decision Trees for comparative analysis. [48]

6.3. Optimized Energy Consumption in Smart Grids

Huang et al. (2023) proposed an LSTM-based forecasting model combined with an
improved Dynamic Programming Algorithm (DPA).

The system includes batteries and supercapacitors, and uses real-world data from the
State Grid Fujian (China), including meteorological variables.

The approach follows a forecast-then-optimize strategy:

e LSTM predicts future demand
e DPA optimizes energy scheduling based on predictions
Results show significant energy savings compared to baseline methods, especially under
high demand variability. [49]

The reviewed works establish the foundation of this thesis.

This thesis integrates these three domains into a unified smart grid intelligence
framework combining predictive maintenance, fault detection, and energy optimization.

7. Conclusion:

This chapter provided an overview of Al techniques used in predictive maintenance and
optimized energy consumption in industrial and smart grid systems. It emphasized the role of
data processing and feature engineering in preparing sensor data for AI models.

It also reviewed key machine learning, deep learning, and anomaly detection methods,
along with datasets and evaluation metrics. Finally, it highlighted how recent research
supports the development of intelligent systems that improve reliability, reduce energy use,
and enhance decision-making in industrial environments.
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Chapter4: Analyse, Design and implementation of

the proposed solution

1. Introduction

This chapter outlines the experimental setup of the study, covering three main
components: the implementation environment, the datasets used, and the machine learning
models applied. It presents the tools and libraries employed in system development, along
with the characteristics and preprocessing of the datasets.

It further introduces the different models explored in this work, each associated with its
respective dataset and experimental configuration. In addition, the chapter details the design

of the platform database, highlighting its overall structure and key components.
2. Tools and Work Environment

This study was conducted in a Python based development environment designed to
support both model implementation and system development. The setup includes the
following components:

» Operating System: Windows 11
» Programming Language: Python 3.12.0 (latest major release with performance
improvements and new features)
> Development Stack: Python libraries and tools for machine learning and web interface
development
This environment provided a stable and efficient framework for building and executing
the proposed system.

» JupyterLab: is an interactive environment used in this project for data exploration and
model development within a notebook-based workflow. [50]

» Google Colab: was used for training models, benefiting from cloud based execution and
GPU support to speed up computations. [51]

> Visual Studio Code Environment: was used as the main code editor for developing and
organizing the Streamlit application and project files. [52]

> Reason for Selection: VS Code was selected for its simplicity, flexibility, and strong
support for Python and Streamlit development.

2.1. Python Tools, Libraries and Frameworks

The proposed system was developed using a collection of Python libraries and
frameworks that support data processing, machine learning, visualization, optimization, and
web application development. These tools were selected to facilitate the implementation of
predictive models as well as the deployment of the platform interface.
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2.2. Web Framework

-Streamlit: was used to develop the web based interface of the platform, providing an
interactive environment for data input, prediction, and result visualization.

2.3.  Machine Learning and Artificial Intelligence Libraries

- Scikit-learn: Used for data preprocessing, model development, and performance analysis.

- TensorFlow/Keras: Used for implementing and training deep learning models, particularly
the Autoencoder architecture.

- CatBoost, XGBoost, and LightGBM: Gradient boosting frameworks employed for
prediction and forecasting tasks.

3. Data Processing Libraries

- SciPy: Provided additional scientific computing and statistical analysis functionalities.

3.1. Data Visualization Libraries

-Matplotlib, Seaborn, and Plotly: Used to visualize data distributions, model performance,
and analytical results through static and interactive charts.

3.2.  Utility Libraries

- Joblib: Used for saving and loading trained models efficiently.

- OS and Datetime: Used for file management and handling date and time operations within
the system.

- Database Module (db_queries): A custom module developed to manage database
interactions and support data retrieval and storage operations within the platform.

4. Implementation of the Anomaly Detection Framework

4.1. Dataset Description:

The dataset was collected from a real gas turbine facility operated by Sonelgaz in M'sila,
Algeria, using a Testo 350 analyzer between 2022 and 2023, resulting in about 3,200 sensor
readings. All measurements were recorded while the turbine was in idle or shutdown
conditions, with oxygen levels close to 21%, indicating no active combustion. Due to the
absence of labeled fault data, supervised classification could not be applied, leading to the use
of a one-class learning approach combined with physics-informed synthetic data generation.

4.2. Measurement Equipment

Gas measurements were collected using the Testo 350 flue gas analyzer, a portable
industrial combustion analysis instrument capable of simultaneously measuring six exhaust
gas parameters from the gas turbine. Table 4.1 presents the measured variables and their
corresponding units.
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Parameter Symbol | Unit | Physical Meaning

Flue Gas Temperature | °C TF °C Temperature of exhaust gases at
measurement point

Sulfur Dioxide ppm SO2 | ppm | Combustion by-product; indicator of fuel
quality

Oxygen Content % O2 % Residual oxygen; reflects combustion air
excess

Carbon Monoxide ppm CO | ppm | Incomplete combustion indicator; early fault
signal

Draft Pressure mbar Tir. | mbar | Chimney suction; always negative in normal
operation

Ambient Temperature °CTA °C Reference temperature for normalization

Table 4.1: Measured parameters from the testo 350 flue gas analyzer.

4.3. Physics-Informed Synthetic Data Generation

Due to the lack of labeled fault data and the absence of active combustion

measurements, a physics-informed synthetic data generation approach was used. A dataset of
50,000 synthetic samples was created to represent four normal operating scenarios, with all
samples calibrated according to the statistical characteristics of the real Sonelgaz

measurements.

» Scenario 1: Stable Combustion (60%, 30,000 samples)

This scenario represents the most common and critical operating state: the turbine
running at full load with stable, complete combustion. able 4.2 presents the parameter
distributions, which were set as follows:
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Parameter | Mean Std. Physical Justification
Dev.
°CTF 540°C 20°C Efficient energy extraction; residual exhaust heat

after turbine work

% O2 20.97% 0.05% Lean mixture with large air excess characteristic of
low-NOx burners

ppm CO ~1 ppm 0.3 ppm | Near-zero CO confirms complete combustion;
slight measurement noise

mbar Tir. -0.18 mbar | 0.02 Moderate negative draft, confirms proper chimney
suction

Table 4.2. Parameter distributions for Scenario 1 (Stable Combustion).

» Scenario 2: Ideal Combustion (20%, 10,000 samples)

Peak efficiency operation where the turbine reaches its optimal performance point
maximum energy extraction per unit of fuel. This state is less frequent but represents the best-
case operational benchmark.

» Scenario 3: Ambient Air Measurement (10%, 5,000 samples)

The sensor measures ambient air during pre-ignition functional checks, post shutdown
cooling periods, or maintenance intervals. O: approaches 21% and TF approaches ambient
temperature. Including this scenario prevents false alarms during startup and shutdown
transitions.

» Scenario 4: Transitional State (10%, 5,000 samples)

Cold start or ramp-down periods during which all parameters change continuously. This
state typically lasts 10-30 minutes for a large industrial gas turbine. Parameters evolve
between ambient and full-load values according to documented turbine dynamics.

4.4. Data Preprocessing and Feature Engineering
4.4.1. File Reading and Data Cleaning

The raw data were imported from Excel (.xIsx) files using Pandas and underwent a
preprocessing stage to clean and standardize the measurements. This process included
removing unit suffixes, converting values to numerical format, correcting invalid or
physically impossible values, handling missing data through median imputation, and
converting timestamps into datetime format for further temporal analysis.
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4.4.2. Feature Engineering

The raw sensor readings are not fed directly into the Autoencoder. Two additional
engineered features are derived from the timestamp to capture daily operational patterns. The
final input vector has dimension 8.

> Features 1-6: Raw Sensor Readings

The model relies on six key cleaned sensor measurements from the Testo 350 analyzer
to describe the turbine’s operating condition:

e Feature 1: Flue Gas Temperature (°C TF): Primary indicator of combustion health
and thermal performance.

e Feature 2: Sulfur Dioxide (ppm SO:): Reflects fuel quality and combustion
completeness.

e Feature 3: Oxygen Level (% O:): Indicates air—fuel ratio and combustion
stoichiometry.

e Feature 4: Carbon Monoxide (ppm CO): Early indicator of incomplete combustion
and potential faults.

e Feature 5: Draft Pressure (mbar Tir.): Represents exhaust flow and system
ventilation efficiency.

e Feature 6: Ambient Temperature (°C TA) : Provides environmental reference for
normalization.

>  Features 7-8: Cyclic Time Encoding

Time information is encoded using sine and cosine transformations of the hour of day to
preserve its cyclic nature. This representation maps time onto a unit circle, ensuring that
adjacent hours (e.g., 23 and 0) remain close in the feature space and improving the model's
ability to capture time-dependent behavior.

»  Complete Feature Vector

After raw sensor extraction and feature engineering, every sample is represented as an
8-dimensional vector:

x = [Feature 1: °C TF, Feature 2: ppm SO:, Feature 3: % O, Feature 4: ppm CO, Feature
5: mbar Tir, Feature 6: °C TA, Feature 7: hour sin, Feature 8: hour cos]

This vector is simultaneously the input to and the reconstruction target of the
Autoencoder.

4.4.3. Normalization-MinMax Scaling

All eight features are scaled to the range [0, 1] using MinMax Scaling. This choice
ensures compatibility with the Autoencoder’s output layer and better reflects the physical
bounds of gas sensor measurements.
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To avoid data leakage, MinMax Scaler is fitted only on the training set and then applied
to the test set without refitting, preventing any influence of test data statistics on model
training and ensuring unbiased performance evaluation.

4.5. Autoencoder Architecture and Training
4.5.1. Model Architecture

The proposed anomaly detection model is a symmetric deep Autoencoder implemented
using the TensorFlow/Keras framework. The architecture consists of an encoder path that
progressively compresses the 8-dimensional input into a 2-dimensional latent representation,
followed by a symmetric decoder path that reconstructs the original input from this bottleneck
representation. he architecture of the proposed Autoencoder is summarized in Table 4.4:

Layer Type Units | Activation Role
Input Input Layer | 8 -- 8-dimensional feature vector
Encoder 1 | Dense 6 ReLU First compression stage
Encoder 2 | Dense 4 ReLU Second compression stage
Bottleneck | Dense 2 ReLU Latent representation (most compressed)
Decoder 1 | Dense 4 ReLU First reconstruction stage
Decoder 2 | Dense 6 ReLU Second reconstruction stage
Output Dense 8 Sigmoid Reconstructed feature vector [0, 1]

Table 4.4. Autoencoder layer-by-layer architecture summary.

The Autoencoder uses ReLU in hidden layers for stable non-linear learning and a
Sigmoid output layer to ensure outputs stay within the [0, 1] range. A 2-dimensional
bottleneck is used to strongly compress the input, forcing the model to learn only normal
operating patterns and resulting in high reconstruction errors for anomalous data.
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Figure 4.1: Deep Autoencoder architecture

4.5.2. Training Procedure

The Autoencoder is trained using the Adam optimizer with Mean Squared Error (MSE)

as the loss function. The training configuration is summarized in Table 4.5 :

Hyperparameter

Value

Justification

Optimizer

Adam

Adaptive learning rate; robust to noisy
gradients

Loss Function

MSE (Mean Squared

Penalizes large reconstruction deviations

Error)

Epochs 50 (with early stopping) | Prevents overfitting; training halts at optimal
point

Batch Size 128 Balance between gradient accuracy and
training speed

Validation Split 10% Monitor generalization without data leakage

Early Stopping Patience | 5 epochs Restores best weights when val loss
stagnates

Training Samples 50,000 Physics-informed synthetic normal data

Table 4.5: Autoencoder training hyperparameters.
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Early stopping monitors the validation loss at the end of each epoch and halts training
when no improvement is observed for 5  consecutive epochs.  The
restore_best_weights=True flag ensures that the final model retains the weights from the

Autoencoder Training History

= Training Loss
0.10 Validation Loss

0.08

0.06

Mean Squared error (MSE)

0 5 10 16 2 2% 3
Epoch

epoch with the lowest validation loss, not the weights from the last epoch.

Figure 4.2: Training history plot: training loss and validation loss vs. epoch

4.5.3. Anomaly Threshold and Anomaly Type Classification
1) Anomaly Threshold Determination

After training, reconstruction errors are computed on the normal dataset to establish a
baseline distribution. An anomaly threshold is then defined using the 95th percentile of these
errors, allowing only a small fraction of normal samples to exceed it and be considered
anomalous.

== Threshold = 0.041582
7000

6000
5000

—1

Frequency
8
8
.

0.000 0.025 0.050 0.075 0.100 0.125 0.150
Reconstruction Error (MSE)

Figure 4.3: Histogram of training reconstruction errors with threshold line
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2) Anomaly Type Classification

Before building the test dataset, anomaly types were defined based on combustion physics
and statistical patterns observed in the Sonelgaz data. Three anomaly categories were
identified:

»> Anomaly Type 1 :CO_eleve (Carbon Monoxide Spike)

Carbon monoxide is a key indicator of incomplete combustion. Under normal
conditions, methane combusts fully to produce CO- and H-O, but when oxygen is insufficient
or flame stability is disturbed, partial combustion occurs and CO is generated. This makes CO
a leading early-warning signal, often increasing before changes in temperature or oxygen are
observed.

Typical real-world causes include:

e Partial blockage of the fuel injection nozzle

e Reduced fuel pressure or flow rate

e Lower combustion zone temperature below ignition threshold
e Degradation of flame stabilizer performance

» Anomaly Type 2 :TF_bas (Temperature Drop)

Flue gas temperature is typically between 400°C and 555°C under normal full-load
operation. A sharp drop to 50-200°C while the turbine is still running indicates a major
disturbance such as air leakage into the exhaust system, sensor malfunction, or partial fuel
supply interruption due to control valve failure. This anomaly is highly detectable due to its
strong deviation from normal operating ranges.

» Anomaly Type 3: tirage_anormal (Draft Pressure Anomaly)

Draft pressure reflects the suction force generated in the exhaust chimney and is an
important indicator of proper exhaust gas flow.

e Draft pressure is normally negative during standard turbine operation.
e Positive or near-zero values indicate abnormal exhaust conditions.
Possible causes include:

e Chimney blockage
e Damaged exhaust duct seals
e Exhaust fan malfunction
These faults disrupt the natural draft flow and can affect overall turbine performance.
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4.6. Experimental Results and Model Evaluation
4.6.1. Evaluation Metrics

The model is evaluated using a mixed test dataset containing both normal samples and
injected anomaly samples with known ground-truth labels. The following metrics are
computed:

Metric Value
Precision 0.91
Recall 0.88
F1-Score 0.895
ROC-AUC 0.972
Accuracy 94.8%

Table 4.6: Model Performance Metrics

The obtained results demonstrate that the proposed Autoencoder-based anomaly
detection system achieves a high level of performance in distinguishing normal and abnormal
operating conditions of the gas turbine.

e Accuracy (94.8%): Indicates that the model correctly classifies most samples,
demonstrating strong overall performance.

e Precision (0.91): Shows a low false-positive rate, meaning most detected anomalies are
genuine faults.

e Recall (0.88): Confirms the model's ability to identify the majority of anomalous
conditions.

e F1-Score (0.895): Reflects a good balance between anomaly detection capability and
prediction reliability.

e ROC-AUC (0.972): Demonstrates excellent discrimination between normal and
anomalous operating states.

4.6.2. Autoencoder Detection Results

The trained Autoencoder with the 95th percentile threshold achieved the following
performance on the mixed test dataset.
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Figure 4.4: Confusion matrix for Autoencoder anomaly detection

The confusion matrix was used to assess the model’s classification performance by
comparing correct and incorrect predictions for normal and anomalous samples. And the
result was as follows :

e True Negatives (TN = 10,133): The model correctly identified 10,133 normal samples,
demonstrating a strong ability to learn and recognize normal turbine behavior.

e True Positives (TP = 3,946): The model successfully detected 3,946 anomalous samples,
confirming its effectiveness in identifying abnormal operating conditions.

e False Positives (FP = 367): Only 367 normal samples were incorrectly classified as
anomalies, indicating a relatively low false-alarm rate and reducing unnecessary
maintenance interventions.

o False Negatives (FN = 554): A total of 554 anomalies were classified as normal.
Although this represents a small proportion of the dataset, further optimization could
improve the detection of subtle fault patterns.

The confusion matrix shows a clear dominance of correct classifications (TN and TP)
over misclassifications (FP and FN). This confirms that the proposed Autoencoder model
provides reliable anomaly detection with high accuracy, strong fault recognition capability,
and a low rate of false alarms, making it suitable for predictive maintenance applications in
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gas turbine systems.

Figure 4.5: Precision-Recall Curve Analysis of Deep Autoencoder for Anomaly Detection

Precision-Recall Curve

The figure presents the Precision—Recall curve of a Deep Autoencoder used for anomaly
detection, showing strong performance with near-perfect precision up to 0.85 recall, followed
by a gradual decline as recall increases. At the optimal threshold, the model achieves 0.91
precision and 0.88 recall, indicating a good balance between detecting anomalies and
minimizing false alarms. Overall, the curve confirms high discriminative ability, with reduced
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performance only when attempting to capture highly subtle and complex fault cases.

Figure 4.6: Model Performance Across Different Anomaly and Fault Categories
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The figure presents the classification performance of the proposed model in terms of

detection accuracy across four distinct fault categories:

CO Spike (92%): The model achieves a high accuracy of 92% for CO Spike events,
indicating strong sensitivity to abrupt variations in CO-related signals. This suggests that
the learned features effectively capture sudden emission-related disturbances, which are
typically well-defined and easier to discriminate.

TF Drop (95%): The highest performance is observed for TF Drop, with an accuracy of
95%. This indicates that the model is particularly effective at identifying temperature or
flow-related drops, likely due to their consistent temporal patterns and clear deviation
from normal operating behavior.

Draft Anomaly (85%): For Draft Anomaly, the accuracy decreases to 85%, reflecting
moderate difficulty in classification. This reduction suggests that draft-related anomalies
may exhibit less distinct patterns or greater overlap with normal operational variability,
making them harder for the model to separate.

Composite Fault (80%): The lowest performance is recorded for Composite Faults at
80%. This is expected, as composite faults typically involve multiple simultaneous
abnormal conditions, increasing the complexity of the feature space and making accurate
classification more challenging.

4.6.3. Comparison with Baseline Anomaly Detection Methods

To contextualize the Autoencoder's performance, three baseline one-class and anomaly

detection algorithms were evaluated under identical conditions on the same dataset.

Model Precision | Recall | F1-Score | ROC-AUC
Autoencoder 0.91 0.88 0.895 0.972
Isolation Forest | 0.83 0.49 0.62 0.894
One-Class SVM | 0.93 0.69 0.79 0.87

Table 4.7: Comparative performance of anomaly detection methods

The results show clear performance differences between the three models:

Autoencoder achieves the best overall performance with high Precision (0.91), Recall

(0.88), F1-Score (0.895), and the highest ROC-AUC (0.972), indicating strong and balanced
detection capability.

Isolation Forest performs the weakest, especially in Recall (0.49), meaning it misses

many anomalies despite acceptable Precision (0.83). Its overall F1-Score is low (0.62).
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One-Class SVM shows high Precision (0.93) but moderate Recall (0.69), resulting in a
medium F1-Score (0.79) and lower ROC-AUC (0.87), indicating a conservative detection
behavior.

The Autoencoder is the most effective model, providing the best balance between
detecting anomalies and minimizing errors.

5. Implementation of the Intelligent Fault Detection Framework

5.1. Dataset Description: HUSTbearing

The HUSTbearing dataset is a public bearing vibration dataset from Huazhong
University of Science and Technology (HUST), containing 99 files covering 9 health states
under 11 operating conditions, and is widely used for fault diagnosis. ‘Domain Generalization
for Cross Domain Fault Diagnosis: an application-oriented Perspective and a Benchmark

Study,” Reliability Eng.Syst.Saf.,2024, https://doi.org/10.1016/ j.ress.2024.109964

5.1.1. Experimental Test Rig

All bearing fault experiments were conducted using a Spectra Quest Mechanical Fault

1: Speed control, 2:Motor, 3: Shaft, 4: Acceleration

sensor, 5: Bearing, 6: Data acquisition board
Simulator. The test rig consists, from left to right:

Figure 4.7: Test rig of HUSTbearing dataset.

5.1.2. Bearing Specifications

The tested bearing type is the ER-16K. The principal parameters of the bearing,
along with key acquisition settings.
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5.1.3. Fault Types and Health States

The dataset contains 9 bearing health states, including inner race, outer race, ball, and
combined faults with medium or severe damage levels. Files with the prefix “0.5X” indicate

medium faults, while the others represent severe faults.

(3) Severe (5) Severe (7) Severe (9) severe
inner outer ball combo
(1) Normal
(2) medium | (4) medium | (6) medium (8) medium
inner outer ball combo

Figure 4.8: Photographs of the failure bearings.

Code Fault Description Severity

H Healthy (Normal) --
I (medium) Inner Race Fault Medium (0.5 x)
I (severe) Inner Race Fault Severe

O (medium) Outer Race Fault Medium (0.5 x)
O (severe) Outer Race Fault Severe

B (medium) Ball Fault Medium (0.5 x)
B (severe) Ball Fault Severe

C (medium) Combination Fault (inner + outer) | Medium (0.5 %)
C (severe) Combination Fault (inner + outer) Severe

Table 4.8: Bearing Health States in the HUSTbearing Dataset
5.1.4. Filename convention:

0.5X B _65Hz indicates a medium ball fault at 65 Hz, while O _80Hz indicates a severe
outer race fault at 80 Hz. Healthy files use the prefix H . This figure shows where each fault

occurs in the bearing and its severity level.
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5.1.5. Operating Conditions and Signal Acquisition

The dataset includes 11 operating conditions: 10 constant speeds from 20 Hz to 80
Hz, and one varying speed profile (0 to 40 to 0 Hz) simulating transient behavior.

Vibration signals were captured along the X, Y, and Z axes using a three-axis
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accelerometer at 25.6 kHz, with each file containing 262,144 samples (= 10.2 s)
Figure 4.9: Signal acquisition setting.
5.2. Data Preprocessing

5.2.1. File Reading

CSV and Excel files are supported. The first 22 metadata rows are skipped, and
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only the X, Y, and Z signal columns are extracted using pandas library.

Figure 4.10: IHlustration of file structure.
5.2.2. Amplitude Normalization

Each axis signal is normalized by its peak absolute value to scale amplitudes to [—1, +1],
with a small epsilon (1x10—10) added to avoid division by zero. This step reduces bias caused

by amplitude variations due to sensor sensitivity and installation conditions.

5.2.3. Signal Windowing and Label Extraction

Signals are divided into overlapping windows (2048 samples, 50% overlap) to increase training
samples and improve temporal analysis. Approximately 255 windows are generated per file. Fault type
and severity labels are automatically extracted from filenames using pattern matching, while

unrecognized files are ignored during training and testing.

5.2.4. Feature Extraction

A total of 33 statistical and spectral features are extracted from each windowed segment
of each axis. Because three axes (X, Y, Z) are processed per window, the concatenated feature

vector has a dimensionality of 3 X 33 = 99 features.

5.2.5. Time Domain Features

Time domain features were extracted because they reflect the raw vibration signal and
capture changes in intensity, stability, and impact like behavior caused by faults.

e Mean: used to detect any shift or bias in the signal that may indicate measurement issues
or changes in operating conditions.

e Standard Deviation / Variance: used to measure how much the vibration varies; this
typically increases as mechanical faults develop.

¢ Root Mean Square (RMS): represents the effective energy of the vibration signal and is
a strong indicator of bearing degradation.

e Energy: measures the overall mechanical activity, which increases with fault severity.

e Skewness: helps detect asymmetry in the signal distribution caused by abnormal behavior.

e Kurtosis: used to identify sharp peaks or impulsive events, which are key indicators of
bearing defects.

e Crest Factor: highlights signals with high peaks relative to their overall energy and is
very sensitive to localized faults.

5.2.6. Differential Features

Differential features (first order differences) were extracted because they highlight rapid
changes and short duration shock events that are not clearly visible in the original signal.
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e They help emphasize high frequency vibrations caused by surface cracks or defects.

e They increase the sensitivity of the system to sudden changes in the signal.

e The sum of absolute differences reflects the total variation of the signal, which increases
when surface damage or abnormal friction is present.

5.2.7. Frequency Domain Features

Frequency-domain features were extracted because they describe how the signal energy
is distributed across different frequency components, which is essential for understanding the
type of fault, not just its severity.

e Dominant Frequency: identifies the main vibration frequency and reflects the overall
dynamic behavior of the system.

e Low Frequency Energy: represents normal mechanical operation and stable system
behavior.

e High Frequency Energy: captures impacts and fault related vibrations, which are strong
indicators of defects.

5.3. Model Training and Evaluation

5.3.1. Model Architecture

Two independent CatBoost gradient boosted classifiers are trained: one for fault type
and one for fault severity. CatBoost was selected over other ensemble methods because of its
superior handling of tabular data, built-in regularization that reduces overfitting, and efficient
training without extensive hyperparameter tuning. The MultiClass loss function is employed
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in both models since the prediction tasks involve more than two classes.

Figure 4.11: CatBoost dual model architecture.

5.3.2. Class Imbalance Handling with SMOTE

Because some operating conditions contain fewer healthy samples, SMOTE is
option-ally applied to the training set to balance class distribution before model
training. It generates synthetic samples for minority classes by interpolating between
existing feature vectors and is applied separately to fault type and severity datasets.

5.3.3. Training Procedure

The full feature matrix is partitioned into training and test sets using stratified random
splitting, with the test fraction configurable between 10% and 40% (default: 20%).
Stratification ensures that each class is proportionally represented in both partitions.

The training procedure for both models follows identical steps:

e Feature extraction is performed across all valid files in the dataset folder.

e Labels are encoded as integers using scikit-learn’s LabelEncoder, which also retains the
mapping for inverse transformation during inference.

e SMOTE is applied to the training split if enabled.

e The CatBoostClassifier is trained on the (possibly oversampled) training data.

e The trained model is evaluated on the held-out test set using accuracy and the confusion
matrix.

e Models and label encoders are serialized to disk using joblib for subsequent deployment.

5.3.4. Majority Vote Aggregation and Confidence Scoring

Each file is split into multiple windows, and the final label is obtained by majority
voting across window predictions. CatBoost models output class probabilities using
predict proba, where the maximum probability is used as the confidence score.

5.4. Testing Modules and Evaluation

The Testing tab processes labeled vibration files, performs window-based inference, and
aggregates results using majority voting. It then computes accuracy and confusion matrices
for both fault type and severity.

5.4.1. Fault Type Classification Results
> Overall Accuracy:

The fault type prediction model achieved an accuracy of 99.98%, demonstrating an
extremely high ability to correctly identify the fault category among the five considered
classes (B, C, H, I, and O).
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» Confusion Matrix Analysis:

The confusion matrix further supports the strong performance of the model. Almost all
samples were classified correctly, with only a single misclassification observed between the C
and O classes. This indicates that the learned decision boundaries are highly discriminative,
and the model is capable of accurately separating different fault conditions.
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Figure 4.12 : Confusion Matrix for Fault Type Classification.

5.4.2. Fault Severity Classification Results
» Overall Accuracy:

For fault severity prediction, the model achieved an accuracy of 99.96%, showing
excellent performance in distinguishing between the three severity levels (Normal, Medium,
and Severe).

» Confusion Matrix Analysis:

The confusion matrix indicates that the severity model produces highly accurate
predictions. Only a very small number of errors occurred, where two samples belonging to the
Severe class were predicted as Medium. Despite this minor confusion, the overall
performance remains highly stable and confirms the effectiveness of the trained model.
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Figure 4.13: Confusion Matrix for Fault Severity Classification
6. Implementation of the electricity load forecasting and optimization
energy

6.1. Dataset Description

The Electricity Load Forecasting dataset is a public hourly time-series dataset from
Kaggle (https://www.kaggle.com/datasets/saurabhshahane/electricity-load-forecasting ) used
for energy demand forecasting.

Its main target variable, nat demand, represents national electricity consumption in
Megawatts (MW). The dataset also includes weather related features such as temperature,
precipitation, and wind speed that influence electricity demand.

6.1.1. Data Source and Acquisition

The dataset was collected from a national electricity grid operator and published on
Kaggle as an open-access CSV file named continuous dataset.csv. Each row represents one
hourly observation indexed by datetime. The data spans multiple years, making it suitable for
analyzing seasonal and long-term electricity demand patterns.

6.1.2. Dataset Structure and Variables

The raw dataset contains the following principal columns:

Variable Type Description

datetime DateTime Index | Hourly timestamp (index after loading)
nat_demand Float (MW) National electricity demand — forecasting target
T2M toc Float (°C) Air temperature at 2m height

QV2M toc Float (g/kg) Specific humidity at 2m
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TQL toc Float (kg/m?) Total column liquid water

W2M toc Float (m/s) Wind speed at 2m height

Table 4.9: Principal Variables of the Electricity Load Forecasting Dataset

After loading the dataset, the datetime column was converted into a panda
Datetimelndex and the data was sorted chronologically. The nat demand variable contained
no missing values, providing a clean continuous time series suitable for feature extraction.

6.1.3. Statistical Characteristics of the Target Variable

The national electricity demand exhibits clear daily, weekly, and annual seasonal
patterns. Demand is higher during daytime working hours, increases on weekdays compared
to weekends, and rises during winter and summer due to heating and cooling usage. These
recurring patterns support the use of cyclical time encoding and lag-based feature engineering.

6.2. Data Preprocessing and Feature Engineering

6.2.1. Temporal Indexing and Sorting

The CSV file is loaded using pandas with parse dates=["datetime"], and the datetime
column is set as the DataFrame index. The dataset is then sorted chronologically to ensure
strict time ordering, which is essential for lag-based and rolling-window feature construction.
Maintaining correct temporal order prevents data leakage and ensures valid forecasting
evaluation.

6.2.2. Cyclical Time Encoding

Time variables such as hour, day of week, and month are encoded using sine and cosine
transformations to preserve their cyclical nature. This allows the model to capture periodic
patterns more effectively than raw integer encoding. Additional features like is weekend,
quarter, and hour of week are included to represent broader temporal and business-cycle
effects.

6.2.3. Lag Features

Electricity demand is highly dependent on recent and seasonally aligned past values. To
capture this dependency, lag features are created by shifting nat demand by 1, 2, 3, 6, 12, 24,
48, 72, 168, and 336 hours. In particular, the 24 hour and 168-hour lags capture daily and
weekly seasonality, while the 336-hour lag reflects bi-weekly repeating patterns.

6.2.4. Rolling-Window Statistical Features

Rolling statistics are computed over 24 hour and 168-hour windows to capture short-
and medium-term trends and variability. For each window, the mean, standard deviation,
minimum, and maximum are extracted, providing a compact representation of recent demand
dynamics without explicit autoregressive modeling.
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6.2.5. Exponential Moving Averages

Three exponential moving averages (EMA) with spans of 12, 24, and 168 hours are
added. Unlike simple rolling means, EMAs apply exponentially decreasing weights to older
observations (adjust =False), making them more responsive to recent demand shifts. They
complement the rolling statistics by providing smoother trend estimates that react faster to
structural changes in the series.

6.2.6. Demand Velocity Features

First order differences of the demand signal are computed at lags of 1 hour
(demand_diff 1) and 24 hours (demand_diff 24). These velocity features capture the rate and
direction of demand change and help the model anticipate sudden load variations that are not
encoded in the level-based lag features.

6.2.7. Interaction Features

Two cross-product interaction terms are constructed. The feature hour x dow, defined
as the product of the integer hour and day-of-week, encodes the joint distribution of daily and
weekly demand peaks for example: Monday morning rush-hour versus Sunday evening which
is not fully captured by either component individually.

The feature lagl x roll24 multiplies the one-hour lag by the 24-hour rolling mean,
providing a non-linear amplification signal that penalizes predictions when both the
immediate past and the recent average are simultaneously elevated.

6.2.8. Missing Value Removal

All feature construction operations that look backwards in time (lags, rolling windows,
EMAs) introduce NaN values at the beginning of the series where insufficient history exists.
A single dropna() call is applied after all feature columns have been computed, removing the
initial rows uniformly across all columns. This ensures that the feature matrix passed to the
models is complete and consistent with no imputation artifacts.

6.2.9. Final Feature Vector

After preprocessing, each observation is represented by a feature vector comprising
cyclical time encodings, lag features, rolling statistics, exponential moving averages, velocity
features, and interaction terms. Together with the meteorological covariates present in the
original dataset, the final input dimensionality is sufficient to capture the dominant sources of
variation in national electricity demand.

6.3. Dataset Partitioning

6.3.1. Temporal Train / Validation / Test Split:

Because electricity demand is a time series, random shuffling of observations would
violate temporal causality and introduce future information leakage into the training set. A
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strict chronological split is therefore applied. The full post-preprocessing dataset of N
observations is divided into three non-overlapping, ordered partitions:

Partition Proportion Purpose

Training Set 70% (first 0.70 x N) | Hyperparameter search and base-model fitting

Validation Set | 15% (0.70—-0.85 x N) | Optuna objective evaluation; meta-learner training

Test Set 15% (last 0.15 x N) | Final unbiased model evaluation

Table 4.10: Dataset Partitioning Strategy

A combined train + validation set (train-val, covering the first 85% of the series) is
assembled for final base-model fitting after hyperparameter selection, following the standard
practice of using the full available history before the test horizon. The test set is held out and
never used during any stage of model selection or tuning.

6.3.2. Time-Series Cross-Validation

Within the training set, 5-fold time-series cross-validation (TimeSeriesSplit, n_splits=5)
is employed during Bayesian hyperparameter optimization. Each fold strictly preserves
temporal ordering: the validation fold is always later in time than the training fold, preventing
any form of look-ahead bias. The objective minimized across folds is the mean Root Mean
Squared Error (RMSE), which penalizes large prediction errors more heavily than the mean
absolute error.

6.4. Model Architecture: Stacked Gradient Boosting Ensemble

6.4.1. Architecture Overview

The forecasting system uses a two-level stacking ensemble. The first level consists of
three gradient boosting models: XGBoost, LightGBM, and CatBoost. Their outputs are
combined by a Ridge regression model at the second level to produce the final prediction. A
bias-correction step is applied to reduce systematic errors, leveraging the strengths of each
model while limiting overfitting through regularization.

6.4.2. Base Estimator 1-XGBoost:

XGBoost (eXtreme Gradient Boosting) is a regularized gradient boosting framework
that constructs an ensemble of decision trees using second-order optimization. The model is
configured for regression with a squared error objective and uses histogram-based tree
building for efficiency. Regularization is applied through L2 penalty and minimum child
weight constraints, while subsampling of rows and features helps reduce overfitting and
improve generalization.

73




Chapter4: Analyse, Design and implementation of the proposed solution

6.4.3. Base Estimator 2-LightGBM:

LightGBM (Light Gradient Boosting Machine) is a gradient boosting framework that
uses a leaf-wise tree growth strategy, enabling deeper and more efficient trees compared to
level-wise approaches. It improves efficiency through Gradient-based One-Side Sampling
(GOSS) and Exclusive Feature Bundling (EFB). Model complexity is mainly controlled via
the number of leaves, and early stopping is used to prevent overfitting during training.

6.4.4. Base Estimator 3-CatBoost:

CatBoost is a gradient boosting framework based on symmetric (oblivious) decision
trees and ordered boosting, which helps reduce target leakage during training. It is configured
with fixed hyperparameters (iterations=1200, learning rate=0.02, depth=7) and uses
subsampling of both samples and features. Early stopping is applied to avoid overfitting. It
complements XGBoost and LightGBM by providing a different tree-building strategy and
improving model diversity.

6.4.5. Hyperparameter Optimization with Optuna

Hyperparameter optimization for XGBoost and LightGBM is performed using the
Optuna framework with the Tree-structured Parzen Estimator (TPE) sampler. Each model is
trained over 40 trials and evaluated using 5-fold time-series cross-validation, where the mean
RMSE is minimized to select the best parameter configuration. The search space is defined

over the parameters listed in Table 4.11.

Parameter XGBoost Range LightGBM Range
n_estimators 600 - 1500 600 -1500
max_depth 4-9 4-9

learning_rate 0.005 - 0.05 (log) 0.005 - 0.05 (log)
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subsample 0.70 - 1.00 0.70 - 1.00
colsample bytree 0.60 - 1.00 0.60 — 1.00
reg_lambda 0.50 - 5.00 0.50 - 5.00
gamma 0.00 - 0.50 --
min_child weight 1-10 --
num_leaves -- 31-127
min_child_samples -- 10 - 50

Table 4.11: Hyperparameter Search Spaces for XGBoost and LightGBM

6.4.6. Meta-Learner and Bias Correction

The predictions of XGBoost, LightGBM, and CatBoost are combined into a meta-
feature matrix and used to train a Ridge regression meta-learner with L2 regularization. The
model learns optimal weights for combining the base predictions while reducing systematic
errors. A final bias-correction step is applied by adding the mean validation residual to the test

predictions, helping reduce consistent over- or under-prediction.
6.5. Experimental Results

6.5.1. Model Performance Comparison

Table 4.12 and Figure 4.14 present the test-set performance of all five model variants across

the four evaluation metrics.

Model RMSE (MW) | MAE (MW) | MAPE (%) | R? Score

XGBoost 4.814 2.712 0.2163 0.99932

LightGBM 5.272 3.110 0.2506 0.99918
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CatBoost 7.503 5.202 0.4343 0.99835
Stacked Ensemble 4.519 2.563 0.2046 0.99940
Final Model 4.519 2.563 0.2046 0.99940

Table 4.12: Test-Set Performance Comparison of All Model Variants

Figure 4.14: Bar chart comparison of RMSE, MAE, MAPE, and R’ across all models.
Gold-bordered bars indicate best values.

Several key observations emerge from the comparison:

Model Performance Comparison — Test Set
RMSE (MW) MAE (MW) MAPE (%) R? Score
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e XGBoost achieves the best single model RMSE of 4.814 MW and R? of 0.99932,
confirming that its level-wise tree growth with second order gradient regularization is well
suited to the smooth, autocorrelated demand signal.

o LightGBM scores 5.272 MW RMSE, 9.5% higher than XGBoost suggesting that its leaf
wise growth, while faster, introduces slightly more variance on this dataset. However, its
R? 0f 0.99918 remains exceptional.

e CatBoost, trained with fixed hyperparameters rather than Optuna optimization, is the
weakest individual model (RMSE=7.503, MAPE=0.4343%). This is expected and does
not diminish its role as a diversifying third perspective in the ensemble.

e The Stacked Ensemble reduces RMSE to 4.519 MW a 6.1% improvement over the best
individual model (XGBoost). This reduction confirms that LightGBM and CatBoost

capture complementary variance that XGBoost alone misses.

76




Chapter4: Analyse, Design and implementation of the proposed solution

e All five models achieve R* > 0.998, confirming that gradient boosting with temporal
feature engineering captures over 99.8% of demand variance a result consistent with state

of the art load forecasting literature.
6.5.2. Meta-Learner Blend Weights

The Ridge meta-learner assigns the following coefficients to the three base models on the

validation partition:

Base Model Blend Weight Contribution (%)
XGBoost 0.333 33.3%

LightGBM 0.592 59.2%
CatBoost 0.075 7.5%

Table 4.13: Ridge Meta-Learner Coefficients

Figure 4.15: Pie chart of meta-learner blend weights showing the relative contribution
of each base model.

LightGBM receives the highest ensemble weight (59.2%), followed by XGBoost
(33.3%) and CatBoost (7.5%). Although XGBoost achieves a lower individual RMSE, the

Meta-Learner Blend Weights
(Ridge Regression Coefficients)

CatBoost
(w=0.075)

XGBoost
(w=0.333)

LightGBM
(w=0.592)

meta-learner gives more importance to LightGBM because its predictions better complement

the errors of the other models. CatBoost receives a smaller weight due to its lower standalone
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performance, but its different architecture still contributes useful corrective information to the

ensemble.

6.5.3. Generalisation Analysis

RMSE Across Training Stages

mmm XGBoost Base
6 1 B Stacked Ensemble

Train Validation Test Test
(70%) (15%) (15%) (Ensemble)

Figure 4.16: RMSE progression from training to validation to test sets for XGBoost
base model and the stacked ensemble.

Figure 4.16 shows the generalization performance of the XGBoost model and the
stacked ensemble. The train RMSE is 2.352 MW, increasing slightly to 2.511 MW on
validation, indicating effective overfitting control during hyperparameter optimization. The
test RMSE rises to 4.814 MW due to temporal distribution changes in the final portion of the
dataset. The stacked ensemble improves performance by reducing test RMSE to 4.519 MW.
Considering the average demand of about 1198 MW, the relative prediction error remains

very low (=0.38%), demonstrating strong generalization capability.
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6.5.4. Advanced Error Metrics -Final Ensemble Model

Advanced Error Metrics — Final Ensemble Model

- (R? = 0.999401 | MAPE = 0.2046%)
Outlier peak
demand event

= S
280

70 4

60

Value

20.420
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2.563 1.655
0- ¥
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(MW) (MW) (MW) (MW)

Figure 4.17: Advanced error metrics for the final ensemble model. The red bar (Max
Error =73.28 MW) corresponds to rare peak-demand events.

The advanced metrics provide a detailed evaluation of the final model's errors. The
median absolute error of 1.655 MW is lower than the MAE of 2.563 MW, indicating that
most predictions are very close to the true demand, while a small number of larger errors
increase the mean error. The maximum error of 73.28 MW occurs during rare peak-demand
events, likely caused by sudden weather changes or unusual load conditions that were not well
represented in the training data. The model achieved a MAPE of 0.2046%, which indicates
excellent forecasting accuracy according to industry standards. In addition, the R? score of
0.999401 shows that the model explains 99.94% of the variance in national electricity demand

through its feature engineering and ensemble architecture.
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Metric Value Interpretation
RMSE 4.519 MW | Primary accuracy metric < 0.38% of mean demand
MAE 2.563 MW | Average prediction error < 0.21% of mean demand

Median Absolute Error 1.655 MW | Typical error for 50% of predictions

MAPE 0.2046% Excellent industry benchmark < 0.5%

Max Error 73.28 MW | Extreme peak events; 6.1% of mean demand

R? Score 0.999401 99.94% of demand variance explained

Explained Variance 0.999401 Confirms absence of systematic bias after
correction

Table 4.14: Complete Error Metrics for the Final Ensemble Model

6.5.5. Grid Optimization Results

The forecasted demand values from the final ensemble model are fed into a Unit Commitment
and Economic Dispatch module to demonstrate the operational value of accurate load
prediction. The generation fleet totals 2450 MW across nine units ranging from base-load
(150 MW, 28 $/MWh) to peaking (450 MW, 90 $/MWh), with a mandatory 15% spinning

reserve margin.

National Grid Optimisation Results

Unit Commitment Hours Average System Metrics Unit Operating Hours Distribution

Peak 1750

1554.1
15004 Base-load
(=3005/h)

Peaking
(>4508/h)

7153

7157

157

s

it 355.6

7157

Mid-merit
b —_— : —_— ‘ . 0- - e
0 1000 2000 3000 4000 5000 6000 7000 Avg Forecast  Avg Committed Avg Reserve I bicmerit
Operating Hours Load (MW) Capacity (MW) ~ Margin (MW) [ Feding
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Figure 4.18: Grid optimization results (left) operating hours per unit, (center) average
system metrics, (right) unit operating hour distribution by category.

6.5.6. Operational Metrics

Metric Value Significance
Average Forecasted Load 1,198.54 MW | 48.9% of total installed capacity (2,450
MW)

Average Committed Capacity | 1,554.11 MW | Includes 15% reserve margin above forecast

Average Reserve Margin 355.57 MW 29.7% above average load reliable buffer
Average System Utilisation 77.45% High utilization efficient fleet loading
Maximum Power Shortage 0.00 MW Zero curtailment across entire test period
Average Operating Cost 69,857 $/h Weighted average of committed unit costs

Maximum Operating Cost 102,150 $/h Peak-demand hours requiring all 8 large

units

Table 4.15: National Grid Optimization Performance Metrics

6.5.7. Unit Commitment Analysis

The analysis of Figure 4.18 shows the generation commitment hierarchy driven by
demand levels. The cheapest base-load units operate almost continuously (7,157 hours), as the
average demand (1,198 MW) exceeds their combined capacity (950 MW). Mid-cost units are
also frequently dispatched, while peak units are activated only during higher demand periods,
with the most expensive unit never being used, indicating that demand rarely reaches extreme
capacity limits.

The system maintains a strong safety margin, with an average reserve of 355.57 MW
(29.7%), exceeding the required threshold. No supply shortages occur throughout the test
period, confirming the reliability of the demand forecasts. Overall, base and mid-merit units
dominate operation (63%), while peaking units cover demand variability (37%), ensuring both

economic efficiency and system stability.
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6.6. Discussion

6.6.1. Key Findings

The experimental results lead to three main conclusions. First, the stacked gradient
boosting ensemble achieves very high predictive performance on the national electricity
demand dataset, with a MAPE of 0.2046% and an R? of 0.99940. This confirms that tree-
based ensemble models combined with effective temporal feature engineering can match or
exceed the performance of more complex deep learning approaches for hourly load

forecasting.

Second, the stacking strategy consistently improves performance over individual models,
achieving a 6.1% reduction in RMSE compared to the best single estimator. This
demonstrates that XGBoost, LightGBM, and CatBoost capture complementary patterns in the

demand signal, which are effectively integrated by the meta-learner.

Third, the high forecasting accuracy translates directly into operational reliability in
power system management. When the model's predictions are used for unit commitment
decisions, no power shortages occur across the test period, confirming its suitability for grid

operation support.
6.6.2. Limitations

The proposed approach has several limitations. It relies heavily on lag-based features,
which require continuous availability of historical demand data in real-time applications.
Although rare, the observed maximum error of 73.28 MW indicates reduced robustness under
extreme peak-demand conditions that are underrepresented in the training data. Furthermore,
the model was validated on a single national grid dataset; therefore, its generalization to other
systems with different demand structures, such as high renewable penetration or distinct

climatic conditions, may require retraining or domain adaptation.

7. Unified Modeling Language (UML)

The Unified Modeling Language (UML) is a standardized visual modeling language
used to specify, analyze, design, and document software systems. It provides a common
graph- ical notation that facilitates communication among software engineers, developers, re-
searchers, and stakeholders throughout the software development lifecycle. UML enables the
representation of both the structural and behavioral aspects of a system, thereby improving

understanding, maintainability, and system quality.
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7.1.  Objectives of UML
The main objectives of UML are summarized as follows:

e To understand and specify system requirements.
e To represent the dynamic behavior of the system.
e To model the internal structure and architecture of the system.

e To facilitate communication among developers, analysts, researchers, and stake- holders.
7.2. Types of UML Diagrams

UML diagrams are generally classified into two major categories:

e Behavioral Diagrams
— Use Case Diagram
- Sequence Diagram
e Structural Diagrams

— Class Diagram
7.3. Diagrams Used in the Implementation

To model and document the proposed intelligent framework, three UML diagrams were
employed during the design phase. These diagrams provide complementary perspectives of
the system, enabling a comprehensive understanding of its functional requirements, dynamic

interactions, and structural organization.

¢ Use Case Diagram
¢ Sequence Diagram

o C(Class Diagram
7.3.1. Use Case Diagram

A Use Case Diagram is a behavioral UML diagram that captures the functional
requirements of the intelligent framework from the perspective of its external actors. It
describes what the system does rather than how it performs its functionalities by illustrating

the interactions between users and the services provided by the system.
Two important relationships are used within the diagram:

¢ «include»: Represents a mandatory functionality that is always executed as part of

another use case.
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«extend»: Represents an optional functionality that is executed only under specific
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Figure 4.19: Use Case Diagram of the Intelligent Framework
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Actors and Their Roles

The intelligent

and a specific s

framework involves five distinct actors, each associated with a dedicated panel

et of responsibilities.

Actor / Role Primary Responsibilities
IAdmin Manages workers (add, delete, and view), monitors machine health scores, views
login history and failed authentication attempts, monitors machine work periods,
performance and maintenance cost history, generates reports, and accesses the
global alerts dashboard.
Fault Manager |[Uploads CSV vibration data, predicts fault type and severity using maching

learning models, train new fault detection models, evaluates model accuracy,

and generates prediction reports.

Turbine Manager

Uploads turbine gas measurement data, detects gas anomalies using a deep,
learning model, trains anomaly detection models, evaluates model performance,

and generates analytical reports.

Maintenance Views active alerts, records maintenance interventions including performer, cost

Manager and description, updates alert status (Pending, In Progress, Resolved), and
generates maintenance reports.

Energy Manager [Uploads electricity load data, trains forecasting models, predicts future energy|

consumption, identifies peak demand periods, reschedules flexible loads to off-

peak periods, optimizes energy usage, and generates energy reports.

Table 4.16: Actors and Their Roles in the System Architecture

All actors share three common use cases across the system:

e Login
¢ Change Pas

sword via OTP Verification

¢ (Generate Report

The password recovery process is modeled as an include relationship since it is only

executed when

explicitly requested by the user. [53]
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7.3.2. Sequence Diagram

A Sequence Diagram is a UML interaction diagram that models the dynamic behavior

of a system by showing how actors and system components communicate over time.

Messages are represented chronologically, allowing the visualization of interactions between

users, system modules, and intelligent models during the execution of system processes.

1) Actors

The sequence diagram involves the following participants:

¢ Admin
o  Worker

¢ Maintenance Staff

¢ Intelligent System

¢ Machine Learning and Deep Learning Models

2) Interaction Flows

> Authentication Flow

Every actor initiates a session by submitting login credentials or requesting a password

reset through OTP verification. The Intelligent System validates the provided information and

returns an access confirmation upon successful authentication.

Authentication

A

Worker Maintenance Staff Intelligent System ]

[ ML/DL Models ]

| Login / Change Password (OTP)

' '
1 Login / Change Password (OTP)

Access Grante

!

!

!

D e e

: > Access Granted

: e e e

. ' : Access Granted .

: . B e :

i % i [ Intelligent System ] [ ML/DL Models ]
Admin Worker Maintenance Staff

Figure 4.20: Authentication Sequence Diagram
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» Administrative Monitoring Flow

The admin requests system information from the Intelligent System. The system
retrieves machine health scores, maintenance history, worker activity logs, and generated

reports. The retrieved information is then presented to the admin through the monitoring

R SR ———

Acdrmin Worker Maintenance Staff

Ir Admin Functions -:

Manage Workers, View Performance,
Health Score, Alerts, Reports

Data and Reports

dashboard, enabling system supervision and decision making.

Figure 4.21: Administrative Monitoring Sequence Diagram

> Fault Prediction Flow

The worker uploads a CSV file containing vibration sensor readings. The Intelligent
System forwards the data to two machine learning models responsible for fault prediction.

The models return the predicted fault type and severity level. The worker may also initiate

Worker: Fault Prediction

: : :‘ : : : Intelligent System ML/DL Models
Admin Worker Maintenance Staff

Upload CSV Vibration Data

Predict Fault (2 ML Models)

A\

Request Fault Type and Severity

Predictions

Fault Type + Severity

e s S LTl e i e P
Train Models / Test Accuracy / Reports -
Confirmation and Metrics
P i i e iR S uee sl Mk e R S R R A
* * *
Admin Worker Maintenance Staff
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model training or model evaluation and receive performance metrics as feedback.

Figure 4.22: Fault Prediction Sequence Diagram
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» Energy Prediction and Optimization Flow

The worker uploads electricity consumption data. The Intelligent System requests future
load predictions from the energy forecasting model. Based on the obtained results, peak
demand periods are identified, and flexible loads are shifted to off-peak periods. The

optimized schedule is returned to improve energy efficiency and reduce operational costs.

Worker: Energy prediction and Optimization

% % % Intelligent System ML/DL Models
Admin Worker Maintenance Staff

Upload Electricity Load Data

Predict Future Load

Yy

Forecast Electricity Demand

Load Forecast Results

Future Load Prediction

4
i
!
|
i
i

Detect Peak Hours

v

Peak Demand Periods

v

Apply Load Shifting

A\ 4

Optimize Flexible Loads

Optimized Load Distribution

s T S e
Reduced Peak Load and Cost
Generate Optimization Reports =
Energy Efficiency Reports
e e L P s o sttt e b e e e e et
% % % Intelligent System ML/DL Models

Admin Worker Maintenance Staff

Figure 4.23: Energy Prediction and Optimization Sequence Diagram

» Turbine Anomaly Detection Flow

The worker uploads turbine gas measurement data. The Intelligent System forwards the
measurements to the deep learning anomaly detection model. The model returns an anomaly
score and anomaly status. The worker may additionally train or evaluate the model and

receive corresponding performance metrics.
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Worker: Anomaly Detection

o X

Intelligent System ML/DL Models
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' Anomaly Status
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Eak % % Intelligent System ML/DL Models

Admin Worker Maintenance Staff

Figure 4.24: Turbine Anomaly Detection Sequence Diagram
» Maintenance Management Flow

Maintenance staff members view active alerts generated by the intelligent models,
update alert statuses, record intervention details, and generate maintenance reports. This

process is purely operational and does not involve direct interaction with machine learning or

deep learning models. [53]

Maintenance Functions

Rl )

Intelligent System l ML/DL Models
Admin Worker Maintenance Staff .

View Alerts / Change Status

Add Maintenance Details,
Performer, Cost

Generate Reports

Confirmation and Reports

% % % Intelligent System ML/DL Models

Admin Worker Maintenance Staff

Figure 4.25: Maintenance Management Sequence Diagram
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7.3.3. Class Diagram

A Class Diagram is a structural UML diagram that describes the static architecture of a
system. It defines the classes composing the system, their attributes, methods, and

relationships, thereby serving as the foundation of the software architecture and database
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£ PK user_id : int £ PK machine_id : int £ PK prediction_id : bigint

1

username : varchar machine_name : varchar FK machine_id : int FK machine_id : int
password : varchar location : varchar timestamp : timestamp predict Fault Type and FK vibration_data_id : int
emall : varchar ks - vardhar speed : float Sty window_number : int

role : varchar image_url - varchar x : float timestamp : timestamp

created_at : timestamp created_at : timestamp y : float fault_type : varchar

failed_attempts : int z : float type_confidence : fioat
focked_lonit : datetime '1—‘ processed : tinyint(1) severity : varchar
last_login : datetime severity_confidence : float
last_ip : varchar + sddVibrationDatal)
addVibrationl
s g + addintoAlerts()
+ addWorkers() measurements
+ deleteWorkers() 1
0
GasMeasurement Alert o
i : —— £ PK alert_id: int create an alert (if
& P gas id: int collects Anomaly - severity is ‘severe”
FK machine_id : int gy et FK machine_id - int or ‘medium”)
measured_id : datetime £ PK anomaly_id : int timestamp : timestamp
sec_duree : int FK machine_id :int | q 0.7| atert_type : varchar
temp_tf : float 1 1 timestamp ° timestamp message : text = N
T MaintenanceAction
ppm_so2 : int anomaly_score : fioat create an alert fault_type : varchar 1 1.0
pourcent co2 : varchar SRet A is_anomaly : tinyint() |  f fs-anemaly=1) severity © varchar £ PK action_id : int
pourcent_o2 : float is_anomaly : tinyint(1) m’:‘i‘:"ﬂ‘:m PK machine_id - int
2:::7:: ;:: + addintoAlerts() status : varchar mainienance FK alert_id : int
Lo = —— (active | acknowledged | P i
ppm_no2 : foat rescied | 9 PK performed_by : int
ppm_nox : int timestamp © limestamp
pressure_mbar : float 0. action_type : varchar
temp_ta : float i e— — description : text
dilution_factor : varchar EnergyData EnergyPrediction part_replaced : varchar
£ PK energy_data_id - int ; ; £ PK energy_pred_id : int post : float
+ addGasMeasurements{) FK machine_id : int PR machine_ja it status : varchar
= fimestamp : datetime s radicing By K energy data ld : int (pending | in_progress |
consumption_value : float s 7 deten completed | cancelled)
(KWh) o predicted_consumption : float
" (kWh)
created_at - timestamp . + updateAlens()
= ctual tion : float
(am;::h-;"“m" e + addintoMaintenanceAction()
+ insertEnergyData _
! o) error_value : fioat (nullable)
confidence : float (0-1)

Figure 4.26: Class Diagram of the Intelligent Framework

» System Classes

The intelligent framework is structured around ten main classes distributed across users,

machines, sensor data, prediction results, alerts, and maintenance operations.
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Class Name Description

User Represents all system users. Stores authentication credentials, roles, login
history, failed attempts, and lock status. Provides worker management
functionalities.

Machine Represents an industrial machine and stores machine information, including
name, location, operational status, image URL, and creation timestamp.

VibrationData Stores raw vibration sensor readings, including speed values and X, Y, and Z
axis measurements collected from industrial equipment.

Prediction Stores fault prediction results generated by machine learning models, including
fault type, severity level, confidence scores, and vibration window number.

GasMeasurement  [Stores turbine gas sensor readings, including temperatures, gas concentrations,
pressure values, and dilution factors.

Anomaly Stores anomaly detection results produced by the deep learning model,
including anomaly score and anomaly status.

EnergyData Stores electricity consumption measurements and timestamps collected from|
monitored machines.

EnergyPrediction (Stores energy forecasting outputs, including predicted consumption, actual
consumption, prediction error, confidence score, and execution status.

Alert Represents alerts automatically generated when prediction severity or anomaly
thresholds are exceeded. Stores machine references, timestamps, alert
messages, and lifecycle status information.

MaintenanceAction [Records maintenance interventions linked to alerts. Stores action type,

description, replaced components, intervention cost, performer, and execution|

status.

Table 4.16: Class Diagram Overview: System Entities and Their Responsibilities

93




Chapter4: Analyse, Design and implementation of the proposed solution

» Key Design Decisions

¢ Role based access control is implemented through a single role attribute within the User
class, simplifying authentication and authorization management.

e FEach sensor domain follows a consistent architecture where raw data is processed by
intelligent models that generate prediction or anomaly results.

e The Alert class serves as the bridge between the intelligent analysis layer and the
maintenance management layer.

¢ Maintenance actions ensure complete traceability of incidents from detection to resolution.

¢ Both Alert and Maintenance Action maintain explicit status attributes to support lifecycle

monitoring and auditing capabilities. [53]
8. Conclusion

Chapter Four demonstrated the effectiveness of the proposed framework through the
design and implementation of three interconnected artificial intelligence systems.

The Autoencoder model for turbine anomaly detection achieved an accuracy of 94.8%
with a ROC-AUC of 0.972, outperforming Isolation Forest and One-Class SVM. For bearing
fault detection and severity classification, the dual CatBoost model achieved exceptional
performance with an accuracy exceeding 99.96% on the HUSTbearing dataset. In energy
forecasting, the ensemble model (XGBoost + LightGBM + CatBoost) achieved a MAPE of
0.2046% and an R? score of 0.9994, while ensuring zero under-supply in operational
optimization results.

The chapter also presented a complete UML-based system modeling and a well-
structured platform architecture, establishing a strong foundation for efficient predictive
maintenance and energy management in industrial environments.

94




Chapter 5: FactoryNova Platform Implementation and Deployment

Chapter 5: FactoryNova Platform Implementation and

Deployment

1. Introduction

This chapter presents the practical implementation of the FactoryNova system through
its graphical user interface and workflow.

It highlights core functions including authentication, worker management, alert
monitoring, maintenance tracking, and fault detection.

It also covers electricity demand forecasting and energy optimization, organized by
user roles: Administrator, Maintenance Staff, and Manager.

Finally, it shows real-time outputs from AI models and retraining features,
demonstrating system efficiency in predictive maintenance and energy management.

2. Application Description

FactoryNova is a web-based Al platform for industrial monitoring, predictive
maintenance, and energy management. It uses machine learning and deep learning for fault
detection, forecasting, and energy optimization. The system integrates multiple Al models
within a role-based environment for different users. It provides dashboards and analytics to

FactoryNova
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U A ] il
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Mm:m"" Application Layer (Back-End)
Madagarars - /J' Confidence Scores.
o p - 711l & Prediction Resutts
-
> RESTful AP Python Data Processing b
Services & Orchestration
& ﬂ Confusion Matrics
Al / Machine Learning Layer & Evaluation Metrics
Fault Pradiction Anomaly Detection E Energy Consumption
(CatBoost) (Autoenc: oder) Optimization 1
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@fa ./—\p\. ®® I_'e & Summaries
> —
Predicts equipment Detects anomalous Forecasts future Optimizes energy usage
fauhs and provides behavier in real time electricity demand and suggests efficiency
z (load forecasting) strategies Actionable Insights.
Fault / Turbine Manager v A Sorariarilione
Fault analysis, $ & T
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Rale-Based (Sensors, Machines, N  (Faults, Energy, Load, @ (Pra-trained &
Access Control Maintenance Records) W Enviconment, etc) Retrainable Models)
Infrastructure & Deployment
Cloud / On-Premise Docker Ninx Secure Backup
Deployment 7 Containerization Web Server &Logging

support efficient and informed decision-making.

Figure 5.1: FactoryNova System Architecture Overview
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3. Application Objective

The application provides a unified Al platform for industrial decision-making and
automation. It manages the full Al lifecycle to improve operational efficiency. It offers a
centralized environment for model development and evaluation. It is designed to be accessible
for all user levels, from basic to advanced.

4. Application Features

The application provides the following key features:

e Role-based authentication with secure password recovery and user access control.

e Administration tools for managing worker accounts and system users.

e Real-time monitoring dashboards displaying alerts, equipment status, and operational
indicators.

e Maintenance management interfaces for recording interventions, repair activities, and
maintenance history.

e Fault Prediction module for identifying equipment faults and their severity levels using
machine learning models.

e Anomaly Detection module for detecting abnormal operational behavior from industrial
sensor data.

e Electricity Demand Forecasting module for predicting future energy demand based on
historical consumption patterns.

e Energy Consumption Optimization module for supporting efficient energy utilization and
reducing operational costs.

e Model training and retraining interfaces allowing AI models to be updated with new
datasets.

e Performance evaluation and visualization tools, including prediction results, confidence
scores, statistical analyses, and graphical reports.

e Automated report generation and data export functionalities for decision support and
documentation purposes.

5. Application Interface

This section presents the detailed graphical user interfaces of the FactoryNova system.
Each interface is described according to its purpose, the user role it serves, and the outputs it
produces.

5.1. Common Interfaces

The system provides several interfaces accessible to all users regardless of their role.
These interfaces ensure secure access, account management, and efficient navigation
throughout the platform.
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5.1.1. Login Interface

This interface allows users to securely authenticate and access the system according to
their assigned permissions. The login page displays the FactoryNova branding along with a
security notice indicating that unauthorized access attempts are monitored and logged. Users
enter their username and password to sign in.

FACTORYNOVA
AN

PREDICT. DEETECT. OPTIMIZE

Intelligent Management System

[ {9 ALERT: Unauthorized access attempts are monitored and logged.

A\ Critical Infrastructure Security Protocal — ENABLED

Username

Password

Figure 5.2: Login Interface

5.1.2. Change Password via OTP Interface

This interface enables all users to reset their password through their registered email
address. The user enters their username, requests an OTP code sent to their email, verifies the
code, and sets a new password. This mechanism ensures secure credential recovery without
requiring administrator intervention.

O Admin Control Panel

@ system ontine
@ Secure Access Enabled

Role: ADMIN

Navigation
[l Report
== Add Workers
(™ Change Password
L\ Alerts
&R Maintenance
A\ Fault Prediction

[EA Anomaly Detection

&= Forgot Password -'v

Enter your username

admin

OTP will be sent to: chalabiimaneS3@gmail.com

B enter oTP

638400

OTP Verified «

&, New Password

~ Update Password
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5.1.3. Report Interface

The Report interface converts system alerts and maintenance records into clear,
structured decision-support reports. Managers can select a machine ID and a report period
(e.g., weekly), then generate a report that displays key metrics total alerts, anomaly alerts,
severe alerts, medium alerts, resolved alerts, and total maintenance cost. The system evaluates
overall risk level and recommends immediate action when necessary. Reports can be saved to

. e
© Admin Control Panel [} Report Decision Support «tv 28 may 202 - 16:4
Professional report based on Alerts and Maintenance Dashboard
@ system Online i . )
& Secure Access Enabled Machine ID (0 = All machines) Report Period
42 - + Weekly (Last 7 days) v [P Generate Report Auto-refresh (60s)
Role: ADMIN
[ KEY METRICS
Navigation
[ /\ TOTAL ALERT ANOMALY ALERTS @ SEVERE ALERTS @ MEDIUM ALERTS @ RESOLVED ALERTS & MAINTENANCE
Report cosT
o Add Workers 3 1 L1 1 0 $0
0 ACTION(S)
{® Change Password
L Alerts @ HIGH RISK - Immediate Action Required
R mai /A DETECTED: 1 Anomaly(ies) and 1 Severe Alert(s). Immediate maintenance intervention required to prevent system failure.
aintenance
A\ Fault Prediction & EXPORT

Anomaly Detection
i Saveto Database 4 Download PDF Report [izll Export Alerts CSV

Report saved successfully!

the database, downloaded as PDF, or exported as a CSV file.

Figure 5.4: Report Interface

5.2. Admin Interfaces

The Administrator holds full system privileges, including the ability to manage user
accounts and access all monitoring and reporting modules.

5.2.1. Manage Workers Interface

This interface allows the Administrator to add new worker accounts by specifying their
username, password, role (maintenance, faults manager, or Anomaly manager....), and
registered email address. It also displays the complete list of existing workers with their roles,
creation dates, failed login attempts, last login IP, and email. Workers can be deleted from the
system using the Delete Worker section. A confirmation message is displayed upon successful
addition.
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O Admin Control Panel
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Figure 5.5: Manage Workers Interface

5.2.2. Maintenance Staff Interfaces

Maintenance staff can access the Alerts Interface to monitor active fault alerts and
perform maintenance actions to resolve them.

5.2.3. Alerts Dashboard Interface

The Alerts Dashboard provides maintenance staff with a comprehensive overview of the
system's alert status. It displays the total number of alerts, active alerts, resolved alerts, severe
alerts, medium alerts, and anomaly alerts as summary cards. A table lists current active alerts
with their machine ID, alert type, fault type, severity level, anomaly flag, and last detection
timestamp. The dashboard also includes a Machine Health Score bar chart showing health
percentages per machine, a Severity Distribution bar chart, and an Alerts Status Overview pie
chart distinguishing active from resolved alerts.
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M Alerts Dashboard <

¥ Maintenance Panel This page shows all alerts generated by Fault Prediction and Anomaly Detection 28 May 20286, 17:39

@ System Online
i Secure Access Enabled
Role: MAINTENANCE TOTAL ALERTS ACTIVE ALERTS RESOLVED SEVERE MEDIUM ANOMALY
ALERTS
Navigation
L\ Alerts

& CURRENT LATEST ALERTS ONLY DIFFERENT STATES
#& Maintenance
@ Active alert states 2 unique

Sarted by most recently derected
[l Report
MACHINE ALERT TYPE FAULT TYPE SEVERITY ANOMALY LAST DETECTED
- s critical gas eeissien = = A Yes 2026-05-28 17:37
anomaly detected
#42 Critical Alert Ball fault Severe = 2026-05-2817:35

@ Machine Health Score

Machine Health Score (%) Unique Events

health_soore
5 @
=1

416 418 42 a2z az.a4a
machine_id

Realtime insights from system alerts

A\ Severity Distribution Alerts Status Overview

B active
W resoived

severe
severity

Figure 5.6: Alerts Dashboard Interface

5.3. Maintenance Interface

This interface allows maintenance staff to act on active alerts by selecting a specific alert from
a dropdown menu. Once an alert is selected, its details machine ID, alert type, fault type,

severity, and anomaly flag are displayed as a summary banner. The staff member then fills in
the maintenance action form specifying:

e Action type (e.g., Repair, Replacement, Inspection).
e Maintenance status (e.g., completed, in progress).
e Technician name responsible for the intervention.
e Replaced part name and associated cost in dollars.
e Description or notes providing contextual details about the intervention.
After submission, the maintenance record is saved and the alert is marked as resolved. A

confirmation message is shown, and the record is automatically added to the Maintenance
History.
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% Maintenance Panel
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Figure 5.7: Maintenance Interface

5.3.1. Maintenance History Interface

The Maintenance History tab summarizes all completed maintenance actions, displaying
the total cost of all interventions and the total number of recorded actions. Each row shows
the action ID, machine ID, alert ID, timestamp, action type, and a brief description. This
historical log enables managers to track maintenance expenses and review past interventions

for audit or reporting purposes.
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Figure 5.8: Maintenance History Interface
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5.4. Fault Manager Interfaces

The Fault Manager is responsible for predicting potential fault types and severity levels
from raw vibration data, monitoring generated alerts, and retraining the prediction model
when new data becomes available.

5.4.1. Fault Prediction Interface

This interface allows the Fault Manager to upload one or more raw vibration data files
in CSV or XLSX format. After clicking Predict All Files, the system processes each file using
the trained CatBoost model and displays results in a table showing, for each signal window:
the source file name, the window index, the predicted fault type, the type confidence score,
the predicted fault severity, and the severity confidence score. Below the prediction table, two
bar charts are displayed:

e Fault Type Confidence: average confidence per predicted fault type (e.g., C, H).
e Fault Severity Confidence: average confidence per severity level (Normal, Severe).

The user can download the complete prediction results as a CSV file for further analysis
or reporting.

A Fault Prediction Panel /\ Fault and Severity Predictor =tw 2wy 202 - 22:5

Models loaded successfully!

@ system Online
@ Secure Access Enabled

Q@ Home R Testing (@ Prediction B Train New Model
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(= Change Password Predice RS
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Fil Window Fault Type Type Confidence Fault Severity Severity Confidence
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dataCSV1.csv 61 c B2.09 Severe 63.89
dataCsvl.csv 62 c 95.01 Severe T2.98
dataCSVv2 csv 1 H 97.23 Normal 89.02
dataCsv2.csv 2 H 95.45 Normal 88.3

4 dataCSVa.csv 3 H 96.44  Normal 84.8
dataCsv2.csv 4 H 97.33  Normal 86.29

m Model Confidence Overview

Fault Type Confidence <« Fault Severity Confidence

Average Confidence per Fault Type (%) Average Confidence per Severity Level (%)

92.79% 8604 Fault Type Severity Level
W, c S 82.63% B Normal
m H B Severe

Type Confidence

Fault Type Fault Severity

Figure 5.9: Fault Prediction Interface
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5.4.2. Training New Fault Prediction Model Interface

This interface enables the Fault Manager to retrain the fault prediction model using a new
local dataset. The user specifies the dataset folder path on the server, adjusts the number of
CatBoost iterations (default: 500), sets the test size percentage (default: 20%), and optionally
enables SMOTE oversampling to handle class imbalance. After clicking Train New Models
Now, the system trains updated classifiers for both fault type and severity level, replacing the
existing models. This workflow ensures that the system can adapt to new machinery data or
evolving fault patterns without requiring developer intervention.

@ Home @ Testing Prediction Train New Mo

A\ Fault Prediction Panel

Train New Model From Local Dataset Folder =

. System Online

il Secure A Enabled ; 2 i :
| Boure fccess Enable This mode trains the model without uploading any file.

Role: FAULTS MANAGER s Enter the folder path where your dataset files are stored. Example: €:\SmartGridSystem\raw_data
Dataset Folder Path
Navigation
E:\SmartGridSystem'\raw_data
/A Fault Prediction
CatBoost Iterations

.Q Alerts

[l] Report

{® Change Password Test Seds)

Use SMOTE Oversampling

Train New Models Nowl

Figure 5.10: Training New Fault Prediction Model Interface

5.5. Anomaly Manager Interfaces

The Turbine Manager oversees turbine operations and evaluates performance indicators
by running the anomaly detection module on sensor data.

5.5.1. Anomaly Detection Interface

The Anomaly Detection Prediction interface analyzes new turbine sensor datasets using
the trained autoencoder model. The user uploads one or more CSV or Excel files and clicks
Run Prediction. The system computes the reconstruction error for each sample and classifies
it as normal or anomaly by comparing the error against a predefined threshold. For each
uploaded file, the interface displays:

e Total number of samples, normal count, and anomaly count as summary cards.
e A reconstruction error time-series plot with the anomaly threshold marked as a dashed line
and anomaly points highlighted.
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e A scatter plot of reconstruction errors over sample indices, with anomaly points color-

coded.

e A Reconstruction Error Distribution histogram separating normal and anomaly samples.

e Each file's results can be exported individually as a CSV, and a combined export of all

files is also available.
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Figure 5.11: Anomaly Detection Interface Part I (File: MESURE 1 2023.xlsx)
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Anomaly Detection Panel
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Figure 12: Anomaly Detection Interface Part 2 (Files: MESURE 6 2022.xlsx and
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5.5.2. Testing the Anomaly Detection Model

The Testing interface evaluates the performance of the trained autoencoder model using
labeled datasets, enabling a thorough comparison between model predictions and true class
labels. The user uploads a labeled CSV or Excel test file and clicks Run Testing. The system
then computes and displays the following performance metrics:

e Accuracy: overall proportion of correctly classified samples.
e Precision: proportion of detected anomalies that are true anomalies.
e Recall: proportion of actual anomalies successfully detected by the model.
e F1-Score: harmonic mean of precision and recall.
e ROC-AUC: ability of the model to discriminate between normal and anomaly classes.
e Average Precision: area under the Precision-Recall curve.

The interface also displays a Confusion Matrix showing the counts of True Positives,
True Negatives, False Positives, and False Negatives, a ROC Curve, a Precision, Recall Curve,
a Reconstruction Error by True Class histogram; and a full Classification Report table with
per class precision, recall, F1-score, and support values.

107




Chapter 5: FactoryNova Platform Implementation and Deployment
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Figure 5.13: Testing Anomaly Detection Model Interface

5.5.3. Training New Anomaly Detection Model Interface

The Train New Model interface allows the Turbine Manager to retrain the autoencoder
using a new set of normal operational data. The user uploads a training dataset (CSV or Excel
containing only normal samples), previews the data in a tabular format, configures the number
of training epochs and batch size, and clicks Run Training. The system retrains the
autoencoder, updates the anomaly detection threshold based on the new reconstruction error
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distribution, and saves the updated model for future predictions. This ensures the system
remains accurate as turbine behavior evolves over time.

@ Home @ Testing (@ Prediction Train New Model
B Anomaly Detection Panel

Py— Model Retraining From Local Dataset Folder

B'Secure Access Enabled Upload a new training dataset (normal data only) to retrain the autoencoder.

T AT Upload training data (CSV/Excel) - should contain normal operating data

s train_...rected.xlsx o i
Navigation 2 J

Anomaly Detection

0 Alerts Training Data Preview

m Report
0 2024-01-01 00:00:00 0 5389 0 21 0 0 0 0 -0.16 211 x1

(89 Change Password
1 2024-01-0100:00:01 1 498 0 2099 1 0 0 0 01 57 m

- 2 2024-01-01 00:00:02 2 547 0 21.01 0 0 0 0 0.16 235 x1
3 2024-01-01 00:00:03 3 554.8 1 = 20.94 0 0 0 0 -0.21 18.2 X1
4 2024-01-01 00:00:04 4 5335 1 20.97 1 0 0 0 -0.17 278 x1

5 2024-01-01 00:00:05 5 554.5 1 * 20.94 1 0 0 0 -0.2 15.5 X1

6 2024-01-01 00:00:06 6 555 0 - 20.96 0 0 0 0 -0.19 22 x1

7 2024-01-01 00:00:07 7 197 0 20.97 0 0 0 0 () 18.2 x1

8 2024-01-01 00:00:08 8 544.2 0 - 20.96 0 0 0 0 -0.21 15.7 X1

9 2024-01-01 00:00:09 9 549 0 - 20.95 0 0 0 0 -0.18 17 38
Epochs Batch Size

50 - L P 128 R

Run Traini ngJ

Figure 5.14: Training New Anomaly Detection Model Interface

6. Conclusion

In conclusion, this chapter presented the implementation and user interface of the
FactoryNova Intelligent Management System. Through its role-based architecture, the
platform supports predictive maintenance and intelligent energy management by integrating
real-time monitoring, maintenance tracking, fault prediction, anomaly detection, electricity
demand forecasting, and energy consumption optimization. The interfaces were designed to
be intuitive and accessible to users with different technical backgrounds, while the underlying
Al models provide accurate and reliable predictions.

Furthermore, the system supports model retraining, ensuring adaptability to changing
industrial and energy conditions. The obtained results demonstrate the effectiveness of the
proposed approach and provide a solid foundation for future enhancements, including real-
time sensor integration, mobile notifications, and advanced multimachine and energy
monitoring capabilities.
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Chapter 6: Business model and detailed financial study

1. Introduction

This chapter presents the business model and financial feasibility of FactoryNova, an
intelligent platform designed for predictive maintenance, fault diagnosis, anomaly detection,
energy forecasting, and energy optimization in industrial environments.

The financial projections are developed over a five-year horizon based on realistic
assumptions regarding market growth, customer acquisition, operational costs, and startup
financing. The objective is to demonstrate the economic viability and scalability potential of
the project.

2. Startup Presentation

2.1. Commercial Name

FactoryNova
FACTORYNDOVA
Figure 6 .1: FactoryNova: Commercial Name and Logo
2.2. Mission

FactoryNova aims to help industrial companies reduce equipment failures, optimize
maintenance operations, and improve energy efficiency through Artificial Intelligence and
Machine Learning technologies.

2.3. Vision

To become the leading Algerian Al-powered industrial intelligence platform and expand
across the North African energy and manufacturing sectors within five years.

2.4. Core Values
e Innovation

e Reliability
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e Sustainability

e Operational Excellence

e Data-Driven Decision Making
2.5. Current Stage

MVP (Minimum Viable Product)

The platform has already been developed and tested using industrial datasets and includes
functional modules for predictive maintenance, anomaly detection, and energy forecasting.

3. Business Model Canvas
3.1. Customer Segments
» Public Industrial Sector: Power generation and distribution companies.
e Petrochemical and natural gas companies
e Water utilities and treatment facilities.
e Infrastructure and facility management organizations.
» Private Industrial Sector:
e Cement factories.
e Food and beverage processing plants.
e Textile and garment factories.
e Chemical industries.
e Automotive and component manufacturing.
» Academic and Research Sector:
e Universities.
e Research centers.
e Al and energy research laboratories.
3.2. Value Proposition

e Predictive Maintenance: Early fault detection to reduce unplanned downtime and
transition from traditional maintenance to predictive industrial environments.
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e Advanced Predictive Techniques: Comprehensive data collection, data quality
management, and technical load analysis to support accurate, data-driven decisions.

e Real-time Unified Platform: An integrated digital platform that consolidates data,
connects operations, and supports real-time decision-making instead of relying on
fragmented data.

e Accurate and Real-time Reporting: Automated performance reporting with tailored
optimization recommendations to improve responsiveness.

e Global and Local Standards Compliance: Platform alignment with international and
local industrial standards, with full support for the Arabic language.

3.3. Channels
e Direct B2B Transactions: Direct corporate subscriptions and enterprise offers.

e Direct Tech Channels: Online platforms, digital portals, and direct technical support
interfaces.

e Institutional Partnerships: University-industry collaborations and government research
grants.

3.4. Customer Relationships

e Training and Qualification: Interactive user training sessions and workshops to enable
technical staff to maximize platform utility efficiently.

e Continuous Support: Ongoing technical support, regular system maintenance, and
periodic platform updates.

e Collaborative Partnerships: Joint research and development initiatives with universities
to deploy the solution.

e Premium After-Sales Services: Providing continuous value through periodic reports,
advanced analytics, strategic model development, and continuous smart-model updates.

3.5. Revenue Streams

e Platform Licensing (Per production unit/capacity): Annual licensing fees for various
industrial sectors.

e Customized Smart Models: Developing and selling tailored predictive models for
specific industries.

e Government/Institutional Funding: Research grants and project funding from the
Ministry of Higher Education and Scientific Research.
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e Consulting Contracts: Technical consulting services for factories and industrial projects
on Al and energy integration.

e Academic Licensing: Special licensing for academic centers and universities to test and
expand the predictive system.

e Direct B2B Revenue Flows:
* Fixed annual subscriptions and tailored enterprise offers.
» Implementation, setup, and post-execution service contracts.
* Monthly usage licenses.
*  Online platform access and premium tech support fees.
» Specialized consulting for performance optimization.
» Revenue from standard national and international regulations compliance partnerships.
3.6. Key Resources
e Human Resources:
* Engineering Team (Specialized in software, Al, industrial engineering, data analytics).
= Electrical engineering consultants and technical experts.
e Technical/Physical Resources:
= Databases (Kaggle).
= Data Access (Sonelgaz datasets).
» Digital simulation software.
* Cloud hosting infrastructure.
* Machine learning and data analytics tools.
e Infrastructure Resources: Main offices and industrial hardware infrastructure base.
o Intellectual Property: Platform proprietary rights and software copyrights.

3.7. Key Activities

e Data Collection: Continuous gathering of energy consumption and industrial operational
data.

e Data Analysis: Processing industrial data using artificial intelligence.
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e Predictive Model Development: Building models for fault prediction and
energy/production optimization.

e Smart Maintenance Implementation: Deploying and executing predictive maintenance
frameworks.

e Reporting: Issuing performance reports and optimization recommendations.
e Support: Continuous user training and technical support operations.
3.8. Key Partnerships
e Data Companies: Sonelgaz.
e Industrial Big Data Analytics Companies.
e Technology Partners: Cloud computing companies and research centers.
e Solution Developers & Business Partners: Algeria Venture.
e Academic Partners: University of M'Sila.
3.9. Cost Structure
e Fixed Costs:
» Salaries and Benefits (Development team and experts): 2,400,000 DA
* Cloud Hosting & Infrastructure Costs: 500,000 DA
* Training and Technical Support for Clients: 250,000 DA
= Server and Data Storage Costs: 400,000 DA
* Marketing and Business Development Budget: 300,000 DA
* Platform Security, Licenses and Maintenance: 200,000 DA
e Variable Costs:
* Digital Marketing and Campaigns: 500,000 DA
= Research and Development (New features): 600,000 DA
» Scaling Infrastructure (Based on user base growth): 350,000 DA

4. Financial Projections

4.1. General Assumptions

The financial model is based on the following assumptions:
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e Average annual market growth: 20%

e Inflation rate: 5%

e Customer payment period: 30 days

e Subscription-based SaaS business model

e Progressive customer acquisition through partnerships and direct sales

4.2. Initial Investment Plan

Category Amount (DZD)
Platform & AI Development 2,121,227
Technical Equipment 433,001

Total Initial Investment 2,554,228

Table 6.1 : Initial Investment Plan

4.3. Revenue Projections

Revenue Stream Year 1 Year 2 Year 3 Year 4 Year 5
Annual Licenses 7,500,000 | 15,000,000 | 22,500,000 | 30,000,000 45,000,000
Maintenance Contracts 1,050,000 | 2,100,000 6,800,000 6,000,000 9,000,000
Custom Development 500,000 500,000 1,000,000 1,000,000 1,500,000
Government Grants 200,000 200,000 0 0 0
Consulting Services 0 100,000 400,000 900,000 1,600,000
Academic Licensing 50,000 200,000 450,000 800,000 1,250,000
Total Revenue 9,300,000 | 18,100,000 | 31,150,000 | 38,700,000 | 58,350,000

Table 6.2: Projected Revenue by Source (DZD)
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4.4. Projected Income Statement

Year Revenue (DZD) Total Costs (DZD)
Year 1 9,300,000 34,652,000
Year 2 18,100,000 34,942,000
Year 3 31,150,000 35,261,000
Year 4 38,700,000 35,611,900
Year 5 58,350,000 35,997,890

5. Operating Expenses Breakdown

5.1. Payroll Expenses

Table 6.3 : Summary Income Statement

Position Monthly Salary (DZD)
Al Developer 150,000

Full Stack Developer 150,000

Industrial Expert 180,000

Technical Manager 155,000

Technical Support Officer 100,000

Total Annual Payroll 31,752,000 DZD

Table 6.4: Summary Annual Payroll
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5.2. Other Operating Expenses

Expense Category Year 1 Year 2 Year 3 Year 4 Year 5
Cloud Hosting & Database | 400,000 440,000 484,000 532,400 585,640
Infrastructure
Platform Maintenance & | 300,000 330,000 363,000 399,300 439,230
Cybersecurity
Software Licenses & Development | 200,000 220,000 242,000 266,200 292,820
Tools
Digital Marketing & Sales 300,000 330,000 363,000 399,300 439,230
Research & Development 400,000 440,000 484,000 532,400 585,640
Infrastructure Expansion 250,000 275,000 302,500 332,750 366,025
Office Rent / Incubator Space 420,000 462,000 508,200 559,020 614,922
Utilities (Electricity & Services) 60,000 66,000 72,600 79,860 87,846
Internet & Telecommunications 24,000 26,400 29,040 31,944 35,138
Training & Professional Development | 250,000 275,000 302,500 332,750 366,025
Professional Fees (Accounting, Legal, | 100,000 110,000 121,000 133,100 146,410
Notary)
Travel & Field Operations 96,000 105,600 116,160 127,776 140,554
Miscellaneous Expenses 100,000 110,000 121,000 133,100 146,410
Total Operating Expenses 2,900,000 | 3,190,000 | 3,509,000 | 3,859,900 | 4,245,890
Table 6.5 : Projected Operating Expenses (DZD)

The operating expenses are expected to increase gradually over the five-year planning
horizon, reflecting the startup's growth strategy and expansion of activities. The largest cost
categories are cloud infrastructure, research and development, office facilities, and
cybersecurity maintenance. An average annual increase of approximately 10% has been

applied to most expense categories to account for business expansion, inflation, and increased
operational requirements. Despite this growth, the projected increase in revenue significantly
exceeds the growth in operating expenses, supporting the long-term financial sustainability of

FactoryNova.
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5.3. Cash-Flow Projection

Year | Cash Balance (DZD)

Year 1 | 2,000,002

Year2 | 2,270,002

Year 3 | 3,676,002

Year4 | 5,923,702

Year 5 | 9,220,632

Table 6.6: Projected Cash Position

The projected cash position remains positive throughout the planning horizon,
indicating adequate liquidity and financial sustainability.

5.4. Financing Plan and Capital Structure

Financing Source

Amount (DZD)

Founders’ Contribution

1,054,229

Algeria Venture Funding

3,000,000

Government Grants

500,000

Total Funding

4,554,229

Table 6.7 : Financing Sources

5.5. Financial Risk Analysis

Risk Probability | Impact | Mitigation Strategy
Lower-than-expected sales Medium High Strategic partnerships and marketing
Cost overruns Medium Medium | Budget control and monitoring
Cash-flow shortages Low High Reserve funding and grants
Regulatory changes Low Medium | Continuous compliance monitoring
Dependence on key customers Medium High Customer diversification

Table 6.8: Financial Risk Matrix and Mitigation Strategies
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6. Development Roadmap and Key Milestones

Period Milestone

M0-M3 Finalization of MVP

M3-M6 Pilot testing with industrial partners

M6-M12 Commercial launch and first contracts
MI12-M18 Product enhancement and customer acquisition
M18-M24 Expansion and scaling phase

Table 6.9: Strategic Development Roadmap and Key Milestones for FactoryNova

7. Conclusion

FactoryNova provides an innovative and scalable Al-powered solution for predictive
maintenance and energy optimization in industrial environments. Financial projections show
strong growth, with revenues increasing from 9.3 million DZD in Year 1 to 58.35 million
DZD in Year 5. The startup benefits from diversified revenue streams, strategic partnerships,
and positive cash-flow forecasts, supporting its financial viability. The main priority is the

commercialization of the MVP through pilot projects and industrial partnerships.
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General Conclusion

This work addressed the challenges of reactive maintenance practices and the
underutilization of industrial data at the M'sila Gas Turbine Production Unit of SONALGAZ.
To overcome these limitations, an intelligent Platform named FactoryNova was designed and
implemented to support predictive maintenance and energy optimization through the
integration of advanced artificial intelligence techniques.

The proposed solution combines three complementary modules: an Autoencoder-based
anomaly detection system for monitoring gas turbine operation, a CatBoost-based fault
diagnosis and severity classification system for rotating machinery, and a stacked ensemble
model for electricity demand forecasting and energy optimization. These modules were
integrated into a unified web-based platform providing monitoring, predictive analytics, and
decision-support functionalities.

The experimental results demonstrated the effectiveness of the proposed Platform. The
anomaly detection model achieved an accuracy of 94.8% with a ROC-AUC of 0.972, while
the CatBoost classifiers achieved accuracies exceeding 99.9% for fault type and severity
prediction. In addition, the electricity demand forecasting model achieved a MAPE of
0.2046% and an R* of 0.9994, confirming its high predictive performance. These results
highlight the potential of machine learning and deep learning techniques for improving
equipment reliability, reducing maintenance costs, and supporting efficient energy
management.

The main contribution of this work lies in the development of an integrated Al-driven
Platform that combines anomaly detection, fault diagnosis, demand forecasting, and energy
management within a single platform. The study also demonstrates the practical applicability
of advanced Al methods in a real industrial context and proposes a physics-informed
synthetic data generation strategy to address the scarcity of labeled fault data.

Despite the promising results, some limitations remain. The anomaly detection module
relied on synthetic fault data, the fault classification system was validated using a public
benchmark dataset, and the FactoryNova platform has not yet been deployed in a fully
operational industrial environment. Future work should focus on collecting labeled industrial
fault data, integrating real-time sensor streams, extending the framework to additional
equipment, and evaluating the platform through a pilot deployment in collaboration with
SONALGAZ.

Overall, this work demonstrates that the integration of artificial intelligence into
industrial energy systems can significantly enhance predictive maintenance capabilities,
improve operational efficiency, and support more intelligent and sustainable energy
management practices.
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Annex 1: Business Model Canvas
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Abstract

This dissertation addresses the challenges of reactive maintenance and limited

exploitation of industrial data in power generation systems. The objective is to design and
implement an intelligent framework for predictive maintenance and energy optimization
within the M’sila Gas Turbine Production Unit of SONALGAZ.
The proposed framework, named FactoryNova, integrates three artificial intelligence
modules: an Autoencoder-based anomaly detection system for gas turbine monitoring, a
CatBoost-based fault diagnosis and severity classification system for rotating machinery, and
a stacked ensemble model for electricity demand forecasting and energy optimization. All
modules were integrated into a unified web-based platform providing monitoring, predictive
analytics, and decision-support functionalities.

Experimental results demonstrated the effectiveness of the proposed approach. The
anomaly detection model achieved an accuracy of 94.8% and a ROC-AUC of 0.972. The fault
diagnosis module achieved accuracies exceeding 99.9%, while the electricity demand
forecasting model obtained a MAPE of 0.2046% and an R? of 0.9994. These results confirm
the potential of artificial intelligence to improve equipment reliability, support predictive
maintenance, and optimize energy management in industrial environments.

Keywords: Artificial Intelligence; Predictive Maintenance; Anomaly Detection; Fault

Diagnosis; Energy Optimization; Smart Grid.
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