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Abstract

The increasing complexity of microgrids demands sophisticated strategies for improved mainte-

nance and reliable operation. The integration of artificial intelligence (AI) in microgrids allows

for the analysis of system performance, anomaly detection, and malfunction identification, en-

hancing predictive maintenance capabilities and sustainable decision-making. To improve sys-

tem reliability and performance, accurate fault identification in microgrids is becoming crucial

for enhanced predictive maintenance of microgrids.

The first study presents advanced frameworks for microgrid predictive maintenance by perform-

ing a comprehensive correlative analysis of advanced recurrent neural network (RNN) architec-

tures, i.e., RNNs, Long Short-Term Memory (LSTM), and Gated Recurrent Units (GRUs) for

photovoltaic (PV) based dc microgrids. An algorithm is developed to detect faulty operations

of inverters which is indispensable for ensuring the reliability and sustainability of distributed

energy resources (DERs) in modern microgrid systems. The performances of the developed

advanced models have been compared with the conventional RNN-based techniques. Results

demonstrate strong predictive capabilities of all, with the proposed advanced LSTM method

outperforming RNN, GRU, and the traditional techniques.

The second study introduces an intelligent data-driven hybrid fault detection framework for

microgrid predictive maintenance utilizing an advanced hybrid deep learning (HDL) architec-

ture, combined with advanced data analysis and a residual-based dynamic threshold technique.

An adaptive gradient technique is employed to optimize the loss function of the proposed hy-

brid algorithm for microgrid predictive maintenance. The results show significant accuracy in

fault identification for predicting the maintenance needs within microgrids. This research offers

valuable insights for designing and enhancing hybrid algorithms for fault detection in microgrid

systems, contributing to advancements in predictive maintenance technology and promoting a

resilient and cost-effective microgrid operation.

The third study proposes a smart predictive maintenance framework for addressing the critical

research problems of accurately classifying DER operational states with maintenance alerts and

assessing the annual capacity degradation for enhanced predictive maintenance capabilities of

complex industrial microgrid scenario by coupling a novel power-aware adaptive kernel function

ii



with a hybrid Wiener-GRU degradation algorithm. The overall accuracy of 99% demonstrates

the excellent performance of the proposed framework which can allow early identification of

performance degradation, enabling proactive scheduling for the maintenance actions which can

ensure enhanced reliability, reduced maintenance costs, and improved operational efficiency in

complex microgrid networks.

Keywords: Artificial Intelligence (AI), Microgrid (MG), Predictive Maintenance, Inverters, Dis-

tributed Energy Resources, Fault Detection, Hybrid Deep Learning, Intelligent Hybrid Degradation

Algorithm, DER Capacity Degradation.
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Chapter 1

Introduction

1.1 Background

The increasing demand for renewable energy sources has led to the development of microgrid systems

that enable the integration of various renewable energy sources into the power grid [1]. A microgrid

is a small-scale power system that can operate independently or in conjunction with the main power

grid. The microgrid is comprised of distributed energy resources (DERs) such as solar photovoltaic

(SPV) systems, fuel cells (FCs), wind turbines, gas powered generators (GPGs), battery storage that

can generate and store electricity.

Several challenges are faced by the main power grid at present regarding the implementation of energy

storage devices at the grid level, through integrating complex DER for instance FCs, GPGs, SPVs,

and specifically through the utilization of power electronic devices on a large scale at many electric

grid levels as well as interconnecting between prosumers and microgrids.

In addition, the power grid might undergo through different disturbances which could result in a fault

or even lead to catastrophic damage on any rare circumstances. Harmonics generation, grounding,

load variations, wiring issues, and switching transients [2], [3] are some examples of these disturbances.

As a result, the significance of real time power grid condition monitoring as well as deployment of

predictive maintenance algorithm gets justified by these constraints. Consequently, the development

and implementation techniques on power system condition monitoring possessing efficient and ubiq-

uitous communication, identification of problems at the root level, classification of disturbances and

fault diagnosis have become significant topics to the engineers and researchers of both academia and

industry.

Due to the increasing number of demand as well as implementation of nonlinear loads in the power

system, the network of power system is becoming more complex than previous. This issue regarding

network complexity could be reduced through utilizing microgrids (MGs) possessing proper predictive

maintenance measures. Microgrids are a power supply system (small-scale) that possesses loads, energy

storage, and distributed generations (DGs) [4]. In accordance with the revolutionary advancement of
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modern technology, in the near future, it is expected that an increasing number of microgrids will be

connected to the distribution networks (DN). The prime motto of microgrids consists of supporting

the high penetration of renewable energy, improving the reliability of DN, enhancing the generation

efficiency in a sustainable power grid, and offering islanding operability [5]. Figure 1.1 depicts the

architecture of a microgrid system that comprises of wind turbine (WT), solar photovoltaic (PV)

system as the DERs, some local loads, and BESS.

Figure 1.1: Overview of a microgrid system.

DERs work as the primary source of providing electricity in a microgrid, encircling several small-scale

generation sources. These can comprise solar PVs, wind turbines for generating clean energy. The

BESS plays a vital role in the microgrid operation by storing the generated surplus energy during low

demand. These systems could be discharged when renewable sources are unavailable, or throughout

the peak demand; ensuring a steady power source. Inverters work as the heart of the microgrid system

through converting the DC power stored in BESS, and produced by the DERs into AC suitable for the

main grid and consumer usage. Inverters also perform a significant role of regulating the frequency

and voltage, ensuring a steady and reliable power supply. Consequently, it has become crucial to

ensure the efficient, reliable operation of both DERs and inverters within the microgrid network for a

sustainable and resilient power flow.

Predictive maintenance has emerged as a significant aspect of microgrid operations as it enables identi-

fying potential equipment failures in advance, reducing downtime, and increasing the overall efficiency

of the system. Machine learning-based techniques have a great potential to be effective in improv-

ing the accuracy of failure predictions, detecting, and diagnosing faults in real-time, and monitoring
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the health and remaining useful life of microgrid components. The integration of these techniques

with microgrid components can lead to reduced downtime, improved safety, overall efficiency, and

sustainability.

This chapter discusses the background, research motivation & gaps, the main objectives as well as the

contributions of this thesis focused on the advanced machine learning-based predictive maintenance

applications for microgrid systems. This thesis provides a comprehensive review of the state-of-the-art

machine learning techniques that could be used for microgrid predictive maintenance and highlights

the gaps and challenges that need to be addressed. Besides, advanced deep learning based models

and their correlative performance analysis, intelligent hybrid deep learning based architecture with

optimized error distribution function based on advanced data analytics for the predictive maintenance

of microgrid inverters, and microgrid DERs power signal analysis based advanced machine learning

architecture for classifying the priority based maintenance operations and forecasting of future power

capacity based on Wiener degradation model integrated advanced deep learning architecture have

been introduced in this thesis. This study also suggests future research directions in the field and

frameworks to improve predictive maintenance using machine learning for microgrid industries.

1.2 Research Motivation and Gaps

Significant challenges are emerging because of integrating the microgrid into DN through the dynamic

variances of different energy sources and the limitations of operating conditions. Issues like system

instability, high losses, and voltage rises can be ignited through improper operation and allocation of

microgrid [6]. To ensure the reliable and efficient operation of the microgrid, maintenance is a crucial

aspect that needs to be considered. Maintaining the stability and reliability of microgrid systems

can be challenging, given the diverse sources of energy and the complexities associated with their

integration. Traditional maintenance approaches, such as corrective and preventive maintenance, are

insufficient in addressing the maintenance needs of microgrid systems. These methods rely heavily on

periodic inspection and scheduled maintenance, which can be costly, time-consuming, and not very

effective.

Predictive maintenance is one approach that has gained significant attention due to its ability to

predict equipment failure before it occurs. This approach involves using data from various sensors and

analyzing it to identify patterns that indicate potential equipment failures. The quality of production

as well as control, costs and the downtime of a system or machine could be enhanced through utilizing

the contribution of performing predictive maintenance. Predictive maintenance is domain knowledge

and models which generally is historic data-based. Related trends, correlations, and behaviour patterns

could be predicted through machine learning or statistical models in predictive maintenance in order

to get ahead of awaiting failures in advance. Thus, the decision-making process could be enhanced for

the maintenance activity mainly to avoid the downtime.

In present times, most of the researched topics on microgrid are focused on the economic dispatching

[7], [8]. Research needs to be conducted on the predictive maintenance which is an essential tool for

ensuring the reliability and efficiency of microgrids. Machine learning techniques could be a promising
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medium in predictive maintenance due to their ability to handle large amounts of data and extract

useful information. By using data and machine learning techniques to predict equipment failures,

predictive maintenance is capable of allowing for the proactive identification of potential equipment

failures, reducing downtime, increasing the overall efficiency of the system, extending equipment life,

and improving safety. Additionally, it can lead to significant cost savings by reducing the need for

expensive repairs or replacements, and unnecessary scheduled maintenance. Through the integration of

sensors and IoT devices, machine learning techniques can further enhance the capabilities of predictive

maintenance of microgrids.

Machine learning-based predictive analytic has been applied to various industries, including manufac-

turing [9], [10], transportation [11], [12], [13], [14], [15], and healthcare [16], [17], [18], [19]. However,

its application in the microgrid system is still relatively new and requires further exploration. The

research motivation behind the use of machine learning in predictive maintenance of microgrid is to

develop effective maintenance strategies that can improve the reliability, performance, and safety of

the system while reducing maintenance costs. The use of machine learning algorithms can analyze

large amounts of data from various sources, identify potential faults in the system, and adapt to

changes in the system, making them more accurate and effective in predicting potential faults. The

implementation of machine learning in predictive maintenance of microgrid can lead to significant

cost savings, improve the safety of the system, and improve the overall performance of the system.

The increasing adoption of renewable energy sources in microgrids has increased the complexity of

the system, making the use of machine learning algorithms even more critical in ensuring reliable

operation.

1.3 Research Objectives

For addressing the challenges in the intelligent predictive maintenance operations of microgrid inverters

and DER, this thesis will focus on the three key objectives as well as the core aims of each objectives

as follows:

■ Objective 1: Carry out a correlative study of key monitoring deep learning models applied to

predictive maintenance in the context of microgrid inverters.

Aims:

– Highlighting the need for an effective and reliable predictive maintenance framework to

ensure the optimal performance of the microgrid.

– Conducting an extensive analysis of the importance and implementation of deep learning-

based techniques for fault detection of microgrid inverters.

– Exploring the comprehensive overview of the key steps involved in building advanced RNN,

GRU, and LSTM-based predictive maintenance framework for microgrid.

– Analysing different DL-based techniques critically for gaining insights into the strengths

and weaknesses of various techniques and selecting the most appropriate one depending

on the specific application.
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– Exploring their correlative performance in terms of a complex real-world microgrid sce-

nario.

■ Objective 2: To design an intelligent hybrid framework integrated advanced data analytics for

predictive maintenance of microgrid inverters with respect to complex exogenous factors.

Aims:

– Exploring the potential of intelligent hybrid DL-based techniques for improving predictive

maintenance performance for microgrid inverters.

– Developing a novel technique that can leverage advanced data analytics to achieve higher

accuracy with respect to complex exogenous factors for identifying the maintenance needs

of microgrid inverters.

– Investigating the design considerations and requirements specific to the system parameters

for generating priority based predictive maintenance alerts.

– Evaluating the performance of the proposed intelligent hybrid architecture in comparison

to other popular DL techniques for predictive maintenance in microgrid systems.

■ Objective 3: Designing a smart predictive maintenance architecture for classifying the DER

operational states and investigating the future power capacity degradation of microgrid DER

over time.

Aims:

– Designing a novel classification architecture for classifying the predictive maintenance

events of complex microgrid DER by analyzing the power signals.

– Developing an intelligent hybrid degradation algorithm by integrating Wiener degradation

model with advanced GRU architecture.

– Investigating the future degradation pattern and power capacity loss per year from the

DER power signals.

– Evaluating the performance of the proposed algorithm through implementing on a real-

world, public dataset of a complex microgrid network.

1.4 Major Contribution of the Thesis

The purpose of this study is to provide a comprehensive and critical correlative analysis of both ad-

vanced and intelligent hybrid machine learning-based predictive maintenance techniques for microgrid

network. This thesis presents a comprehensive review of the state-of-the-art machine learning tech-

niques that could be used for microgrid predictive maintenance and highlights the gaps and challenges

that need to be addressed. Besides, advanced DL-based algorithms and their correlative performance

analysis, intelligent hybrid deep learning based architecture with optimized error distribution function

based on advanced data analytics for the predictive maintenance of microgrid inverters, and microgrid

DER power signal analysis based advanced machine learning architecture to classify the priority based
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maintenance operations and forecast future power capacity degradation based on Wiener degradation

model integrated advance DL architecture have been introduced in this thesis.

The findings of the thesis can have significant implications for the development of effective and reliable

predictive maintenance frameworks for microgrid components and provide a useful guide for future

research and development in this area. The major contributions of this study can be seen from the

following key findings:

■ This thesis aims in exploring the potential scopes and frameworks of ML-based methods, their in-

nate pros and cons while developing the algorithms, challenges, available resources, data sources

and available public datasets in the context of microgrid predictive maintenance which could

serve as an excellent starting point for the future research in this emerging domain.

■ Designing of advanced DL-based algorithms and their correlative performance analysis with

respect to complex exogenous factors for predictive maintenance in the context of microgrid

inverters have been performed in this study. This study also explores the advantages and

weaknesses of each of the developed frameworks in terms of handling non-linear, temporal

patterns of exogenous factors while analyzing and implementing the microgrid inverter power

signals into the models.

■ Development of advanced hybrid machine learning-based predictive maintenance framework for

microgrid inverters along with a comprehensive overview of the key steps involved in building

advanced data analysis framework with respect to dynamic exogenous factors and their complex

non-linear characteristics to calculate the inverter performances on daily basis and detect the

exact malfunction operations for enabling proactive maintenance.

■ An intelligent ML architecture based on the power signal analysis of microgrid DERs has been

introduced in this thesis to classify the priority based maintenance operations and forecast future

power capacity degradation based on Wiener degradation model integrated with advanced DL

architecture. This can provide a useful guide for researchers and practitioners who aim to

develop intelligent predictive maintenance systems to monitor both the short term performance,

maintenance scheduling and long term performance through capacity degradation process for

the microgrid components.

1.5 Organization of the Thesis

This thesis has been organized as follows: Chapter 1 presents the research motivation & gaps, ob-

jectives of the study, and major contributions of this study. Chapter 2 investigates a comprehensive

literature review on the machine learning scopes on microgrid predictive maintenance, potential frame-

works and challenges. The importance of implementing advanced and hybrid machine learning-based

techniques in the context of predictive maintenance for microgrids has been emphasized in this chap-

ter. This highlights the need for an effective and reliable predictive maintenance framework to ensure

the optimal performance of the microgrid operations. In this regard, this chapter aims in exploring
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the potential scopes and frameworks of ML-based methods, their innate pros and cons while develop-

ing the algorithms, challenges, available resources, data sources and available public datasets in the

context of microgrid predictive maintenance which could serve as an excellent starting point for the

future research in this emerging domain.

Chapter 3 proposes three advanced DL-based algorithms and their correlative performance analysis

with other counterparts with respect to complex exogenous factors for predictive maintenance in the

context of microgrid inverters. This study also explores the advantages and weaknesses of each of the

developed frameworks in terms of handling non-linear, temporal patterns of exogenous factors while

analyzing and implementing the microgrid inverter power signals into the models. This can help gain

insights into the strengths and weaknesses of various techniques and to select the most appropriate

technique for their specific application in the future studies. Chapter 4 of this thesis presents a

comprehensive overview of the key steps involved in building advanced, hybrid machine learning-based

predictive maintenance framework for microgrid inverters. The dynamic exogenous factors and their

complex non-linear characteristics have been explored through an advanced data analysis framework

to calculate the inverter performances on daily basis and find out the exact malfunction operations

for proactive maintenance. This can provide a useful guide for researchers and practitioners who

aim to develop predictive maintenance systems for microgrid components with respect to complex

environmental factors.

Chapter 5 of this thesis introduces microgrid DERs power signal analysis-based advanced ML ar-

chitecture to classify the priority based maintenance operations and forecast future power capacity

degradation based on Wiener degradation model integrated with advanced DL architecture. The per-

formance of the proposed algorithm has been evaluated through implementing on a real-world, public

dataset of a complex microgrid network. This can provide an excellent starting point for researchers

who wish to explore and contribute to developing more advanced algorithms for microgrid predictive

maintenance applications. Chapter 6 finally concludes this thesis with remarks, summary, and future

research scopes.
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Chapter 2

Literature Review

2.1 Introduction

Predictive maintenance is an essential aspect of microgrid operations as it enables identifying potential

equipment failures in advance, reducing downtime, and increasing the overall efficiency of the system.

Machine learning-based techniques have a great potential to be effective in improving the accuracy

of failure predictions, detecting, and diagnosing faults in real-time, and monitoring the health and

remaining useful life of microgrid components. The integration of these techniques with microgrid

components can lead to reduced downtime, improved safety, overall efficiency, and sustainability. This

chapter investigates a comprehensive literature review on the machine learning scopes on microgrid

predictive maintenance, potential frameworks and challenges. The importance of implementing ad-

vanced and hybrid machine learning-based techniques in the context of predictive maintenance for

microgrids has been emphasized in this chapter. This highlights the need for an effective and reliable

predictive maintenance framework to ensure the optimal performance of the microgrid operations. In

this regard, this chapter aims in exploring the potential scopes and frameworks of ML-based methods,

their innate pros and cons while developing the algorithms, challenges, available resources, data sources

and available public datasets in the context of microgrid predictive maintenance which could serve

as an excellent starting point for the future research in this emerging domain to improve predictive

maintenance operations using machine learning for microgrid industries.

2.2 Background

The power system network is getting complex due to its interdependency with communication and

transportation networks, and interconnection of new loads due to electrification of different sectors.

This issue regarding network complexity could be reduced through utilizing MGs, possessing proper

predictive maintenance measures. MGs are typically a power supply (small-scale) system that consists

of loads, energy storage, and DGs. In accordance with the revolutionary advancement of modern

technology, in the near future, it is expected that an increasing number of microgrids will be connected
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to the distribution networks.

The main contributions of MGs consist of supporting the high penetration of renewable energy, improv-

ing the reliability of distribution networks, enhancing the generation efficiency in a sustainable power

grid, and offering islanding operability. MGs comprise several main components like distributed energy

resources, battery energy storage systems, and inverters that work together for generating, storing,

and distributing electrical energy.

DERs work as the primary source of providing electricity in a microgrid system, encircling several

small-scale generation sources. These can comprise solar PVs, wind turbines for generating clean

energy. The BESS plays a vital role in microgrid operation by storing the generated surplus energy

during low demand. These systems could be discharged when renewable sources are unavailable, or

throughout the peak demand; ensuring a steady power source. Inverters work as the heart of the

microgrid system through converting the DC power stored in BESS, and produced by the DERs

into AC suitable for the main grid and consumer usage. Inverters also perform a significant role of

regulating the frequency and voltage, ensuring a steady and reliable power supply.

Significant challenges are emerging because of integrating the microgrid into DN due to the dynamic

variances of different energy sources and the limitations of operating conditions. Issues like system

instability, high losses, and voltage rises can be ignited through improper operation and allocation of

microgrid [6]. To ensure the reliable and efficient operation of the microgrid, maintenance is a crucial

aspect that needs to be considered. Maintaining the stability and reliability of microgrid systems

can be challenging, given the diverse sources of energy and the complexities associated with their

integration. Traditional maintenance approaches, such as corrective and preventive maintenance, are

insufficient in addressing the maintenance needs of microgrid systems. These methods rely heavily on

periodic inspection and scheduled maintenance, which can be costly, time-consuming, and not very

effective.

Predictive maintenance is one approach that has gained significant attention due to its ability to

predict equipment failure before it occurs. This approach involves using data from various sensors and

analyzing it to identify patterns that indicate potential equipment failures. The quality of production

as well as control, costs and the downtime of a system or machine could be enhanced through utilizing

the contribution of performing predictive maintenance.

Most of the recent researched topics on microgrid are focused on the economic dispatching [7], [8],

and energy management [20], [21]. Research needs to be conducted on the predictive maintenance

which is an essential tool for ensuring the reliability and efficiency of microgrids. Machine learning

(ML) techniques could be a promising medium in MG predictive maintenance due to their ability to

handle large amounts of data and extract useful information. By using data and ML techniques to

predict equipment failures, predictive maintenance is capable of allowing for the proactive identification

of potential equipment failures, reducing downtime, increasing the overall efficiency of the system,

extending equipment life, and improving safety. Additionally, it can lead to significant cost savings

by reducing the need for expensive repairs or replacements, and unnecessary scheduled maintenance.

Through the integration of sensors and IoT devices, ML techniques can further enhance the capabilities
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of predictive maintenance of microgrids.

ML-based predictive analytic has been applied to various industries, including manufacturing [9], [10],

[22], transportation [14], [15], and healthcare [16], [17]. However, its application in the microgrid sys-

tem is still relatively new and requires further exploration as there is no recent review work conducted

focusing on the ML based predictive maintenance prospects for microgrid, challenges, limitations of

the techniques, a general guideline for building this framework, required microgrid data sources and

available datasets. The research motivation behind the use of ML in microgrid predictive maintenance

is to develop effective maintenance strategies that can improve the reliability, performance, and safety

of the system. The use of ML algorithms can analyze large amounts of microgrid data from various

sources, identify potential faults in the system, and adapt to changes in the system, making them

more accurate and effective in predicting potential faults. The implementation of ML in predictive

maintenance of microgrid can lead to significant cost savings, improve the safety of the system, and

improve the overall performance of the system. The increasing adoption of renewable energy sources

in microgrids has increased the complexity of the system, making the use of ML algorithms even more

critical in ensuring reliable operation.

The novelty of this study lies in synthesizing diverse ML procedures in terms of designing micro-

grid PdM models, proposing a framework for designing ML based predictive maintenance models for

microgrid components, highlighting the excellent prospects of ML based microgrid predictive main-

tenance towards real-world applications, illustrating sources of microgrid data and publicly available

data sources of microgrid which can be very supportive specially in testing, developing methodologies

for future studies for enhancing microgrid reliability and efficiency. The contributions of this chapter

are five-fold through the following key findings:

■ This study emphasizes the importance of implementing ML-based techniques in the context

of microgrid predictive maintenance. This highlights the need for an effective and reliable

predictive maintenance framework to ensure the optimal performance of the microgrid.

■ This chapter proposes a comprehensive overview of the key steps involved in building an ML-

based predictive maintenance framework for microgrid components. This can provide a useful

guide for academia and practitioners who aim to develop predictive maintenance systems for

microgrids.

■ Different ML-based techniques for predictive maintenance in the context of microgrid compo-

nents, their pros and cons have been critically analyzed in this study. This can enable the reader

to gain insights into the strengths and weaknesses of various techniques and to select the most

appropriate technique for their specific application.

■ This study explores several public data sets for microgrid and a detailed overview of the mi-

crogrid data sources for maintenance. This can provide a starting point for future studies to

explore and contribute new data sources for microgrid predictive maintenance.

■ This chapter outlines some recommendations for future studies in the field of microgrid predictive

maintenance. This includes exploring the compatibility of recently implemented ML techniques
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Figure 2.1: Structural flow diagram of this chapter.

with microgrid predictive maintenance applications and identifying potential areas for further

research.

This analysis can hold noteworthy practical implications. Industries can harness ML-based microgrid

predictive maintenance strategies to increase energy reliability as well as minimize operational costs.

Different countries and regions can implement supportive policies and regulations through promoting

resilient microgrids, resonating with sustainability and climate goals. The research community and

policy makers can have significant insights from this study and further contribute by setting standards

for reducing emissions and enhancing grid resilience, progressing climate commitments as well as the

UN sustainable development goals. Ultimately, this study can pave the way for a cost-efficient, greener,

and sustainable energy future.

Fig. 2.1 illustrates the structural flow of this chapter. Methodology of this study has been discussed in

Section 2.3. Different maintenance approaches for microgrids, and ML-based predictive maintenance

framework for microgrid components have been analyzed in Section 2.4. Section 2.5 presents different

ML-based predictive maintenance techniques and critical analysis of each techniques in terms of mi-

crogrid predictive maintenance application. Section 2.6 constitutes a detailed overview on microgrid

data sources for predictive maintenance. Several public datasets of microgrids, and implementation

tools have been discussed in Section 2.7. Finally, this study has been summarized in Section 2.9 with

concluding remarks for future research directions.

2.3 Methodology

A systemic approach has been used in the developed methodology for microgrid predictive mainte-

nance. Concentrating on the last five years of research, the preliminary steps incorporated a com-

prehensive exploration from academic databases. A rigorous analysis has been conducted on those

selected studies emphasizing the methodologies, pros and cons. This work contributes to a holistic

perspective through synthesizing findings from other research. By exploring key insights on the ap-

plicability of ML approaches in microgrid predictive maintenance, the methodology provides a robust

understanding not only of the current landscape but also the emerging trends through synthesizing

latest articles for exploring the scopes, guiding the future works in this pivotal research domain.

The procedures for searching and selecting articles for this analysis constitute few steps. Fig. 2.2
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Figure 2.2: Article search process utilized in this study.

depicts the keyword-based selection process utilized for this study. Searching procedures involved key-

words like “predictive maintenance”, “microgrid”, “machine learning”, and “fault detection”. Relevant

other review works conducted on microgrids had been chosen as well for comparing the contribution

of this study. Table 2.1 illustrates some recently conducted review on microgrids, their focus, and the

contribution comparison. Fig. 2.4, and Fig. 2.4 illustrate the information sources, and articles from

different publishers utilized for this analysis respectively in percentage.

ML is a technique of designing, creating and implementing of systems or computer-based applications

capable of learning the analysis pattern on the basis of input and/or output data. It is mainly based

on a core idea which is the machines are given the access of data and utilizing that information,

Figure 2.3: Article sources utilized for this study.
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Figure 2.4: Articles from different publishers utilized in this analysis.

Table 2.1: Conducted review on microgrids and the survey focus.

Ref. Focus ML MG
PdM

MG data
sources

Public
datasets

[23] MG energy management, generation and
load forecasting, control

✓ × × ×

[20] Renewable energy consumption, and
power load forecasting

✓ × × ✓

[24] MG digital twin, energy management × × × ×
[21] Energy management, operation optimiza-

tion for solar powered MG
✓ × × ×

[25] Energy management techniques and stan-
dards of MG

✓ × × ×

[26] Challenges in cyber-attack identification
in MG

✓ × × ×

[27] Technical aspect, challenges, and scopes
for installing MGs

✓ × × ×

[28] Operation and Control Strategies, mod-
elling, islanding detection of MGs

× × × ×

[29] Hydrogen based MG energy management
with some experimental platforms

✓ × × ×

[30] MG energy management with specific fo-
cus on IEEE standards for control and
MG operation

✓ × × ×

[31] Virtual power plants and different
scheduling issues of MGs

✓ × × ×

[32] Integration of electric vehicles in MG us-
ing deep learning

✓ × × ×

This
study

ML based PdM for MGs, future applica-
bility, potential framework, sources and
avilable MG public data

✓ ✓ ✓ ✓
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Figure 2.5: Scopes of ML-based microgrid predictive maintenance.

they will possess the capability of learning themselves extensively [33]. On the basis of the specific

training, the ML algorithms learn through experience or knowledge. After that the models are capable

of generalizing on the basis of the interpretation from the wide range of cases and performing actions

accordingly. Different other branches have been arisen from data analysis, ranging from pattern

recognition and data mining to different predictive analytics. Fig. 2.5 illustrates the scopes for

adopting ML based predictive maintenance techniques for MGs over traditional methods.

• Accuracy improvement in predicting microgrid equipment failure:

Improving accuracy in predicting failure is one of the key scopes of using ML for predictive

maintenance in microgrids. ML algorithms can analyze large amounts of data and learn from it

[34], allowing for more accurate predictions of equipment failure. This is achieved through the

use of supervised and unsupervised learning algorithms [35] that can be trained on historical

data to predict the probability of microgrid component failure.

For example, supervised learning algorithms such as Random Forest [36], [37], [38] and Support

Vector Machine (SVM) [39], [40], [41] can be trained on historical data to predict the probability

of microgrid component failure. The algorithm can then be used to predict the likelihood of

microgrid failure based on sensor data. Unsupervised learning algorithms such as K-means [42],

[43] and Gaussian Mixture Models (GMM) [44], [45] can be used to identify patterns in the

sensor data and detect anomalies that indicate potential failure.

Additionally, ML models can continuously improve by learning from new data and adapting to

changing conditions. This allows the model to improve over time and become more accurate in

predicting failure. Whereas, the traditional methods rely on rule-based algorithms and heuris-

tics, which can be prone to errors and may not be able to adapt to changing conditions. These

methods may not be able to handle large amounts of microgrid data, which can lead to less

accurate predictions of probable failure.

• Real-time monitoring and detection of microgrid faults:

Real-time monitoring and detection of faults [46] is another key attribute of using ML for PdM.

ML algorithms can be used to analyze microgrid sensor data in real-time, which allows for the
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detection of patterns that indicate a potential fault. This can help to identify potential issues

before they become critical and minimize the impact of maintenance on the operation of the

microgrid.

For example, ML algorithms can be used to analyze sensor data from generators [47], [48],

transformers [49], [50], and other equipment in the microgrid. By analyzing sensor data in

real-time, ML algorithms can detect patterns that indicate a potential fault, such as abnormal

vibration or temperature changes. This can allow for the early detection of potential failure,

which can help to reduce the maintenance impacts on the microgrid operation.

In contrast, traditional methods may not provide real-time monitoring capabilities and may not

be able to detect and diagnose faults until they have already occurred. This can lead to power

outages and increased maintenance costs.

• Flexibility to adapt to changing conditions of microgrid:

ML algorithms can be easily adapted to changing conditions, which can allow the models to

continuously improve and adapt to changing conditions. For example, ML algorithms can

be trained on new data, which will allow the models to adapt to changing conditions in the

microgrid. This can be achieved through continuous updating of the training data with new

sensor data and historical data.

ML algorithms can be adapted to changing conditions by using techniques such as transfer

learning [51], [52] and domain adaptation [53], [54]. These techniques can enable the models

to adapt to changing conditions by fine-tuning the models on new microgrid data, rather than

retraining the models from scratch.

Whereas, traditional predictive maintenance methods may require manual adjustments and

may not be able to adapt to changing conditions. This can lead to less accurate predictions of

microgrid failure and increased maintenance costs.

• Automation of the microgrid maintenance process:

ML algorithms can automate the process of predicting microgrid failure, which can reduce the

need for manual intervention and increase overall efficiency.

For example, ML algorithms can automate the process of predicting failure through analyzing

the microgrid sensor data and historical data, and making predictions based on patterns and

trends [55] in the data, which can reduce the need for manual input and analysis. Additionally,

ML algorithms can be used to optimize the scheduling of maintenance activities [56], [57], which

can help to minimize the impact of maintenance on the operation of the microgrid as well.

Automation of the microgrid predictive maintenance process can also help to reduce the work-

load of maintenance personnel, allowing them to focus on other tasks. This can increase overall

efficiency and productivity, which can lead to cost savings in the long term. In contrast, tra-

ditional approaches may require manual input and analysis, which can be time-consuming and

prone to errors. This can lead to increased maintenance costs and decreased overall efficiency.

• Scalability to handle large microgrids:
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Scalability to handle large microgrids can be another scope for using ML for microgrid predictive

maintenance. ML algorithms can be used to analyze large amounts of data and therefore can be

scaled to handle large microgrids. For example, ML algorithms can be used to analyze sensor

data from a large number of devices in a microgrid. By analyzing sensor data in real-time, ML

algorithms can detect patterns that indicate a potential fault, allowing for proactive maintenance

and reducing the likelihood of power outages.

Scaling ML algorithms for large microgrids can be achieved by using distributed computing

techniques [58] such as parallel computing [59], [60] as well as cloud computing [61]. These tech-

niques allow for the processing of large amounts of data in a short amount of time. Additionally,

ML algorithms can be optimized for large microgrids by using techniques such as dimensionality

reduction [62], [63], feature selection [62], [64], and ensemble methods [65], [66].

Whereas, traditional procedures may not be able to handle large amounts of data from large

microgrids. This can lead to less accurate predictions of equipment failure.

• Incorporation of domain knowledge to improve predictions:

ML algorithms can be trained to incorporate domain knowledge [67] provided by experts, which

can help to improve the accuracy of microgrid failure predictions. Such as, ML techniques can

be trained to incorporate expert knowledge [68], [69] on the typical failure modes of microgrid,

which can contribute in improving the accuracy of failure predictions.

The incorporation of domain knowledge can be done by using techniques such as feature en-

gineering [44], [70], which is the process of creating new features from raw data. This allows

to incorporate expert knowledge on the typical failure modes of microgrid, which can help to

improve the accuracy of failure predictions.

In contrast, traditional techniques may not be able to incorporate domain knowledge. Conse-

quently, less accurate predictions of when equipment is likely to fail and increased maintenance

costs might happen.

• Cost-effectiveness in the long term:

Implementing ML-based predictive maintenance can reduce microgrid downtime, maintenance

cost, and microgrid component replacement, which can lead to cost savings in the long term. For

example, by using ML-based predictive maintenance, it is possible to identify potential issues

before they become critical and hence the need for equipment replacements can be reduced

which can minimize the downtime and maintenance costs.

Additionally, ML-based predictive maintenance can contribute in optimizing the scheduling of

maintenance activities, which can result in reducing the impact of maintenance activities on the

microgrid operations. This can help in minimizing the downtime and maintenance costs as well.

Conversely, traditional methods may not be able to reduce downtime, maintenance costs, and

equipment replacement in the long term. This can lead to increased maintenance costs and

decreased overall efficiency.

16



The purpose of this study is to provide a comprehensive and critical analysis of ML-based predictive

maintenance techniques in the context of microgrid. The findings can have significant implications for

the development of effective and reliable predictive maintenance frameworks for microgrid and provide

a useful guide for future research and development in this area. In this analysis, potential sources of

error can comprise unavailability of real-time microgrid failure data, assumptions of models that might

not have captured real-world complexities accurately, and uncertainties while predicting maintenance

requirements. Underlying assumptions can be improved with robust data collection, better model

validation compared to real-world scenarios, as well as acknowledging the intrinsic unpredictability of

certain events.

2.4 Maintenance Strategies for Microgrids

Different systems are getting way more complex in the present energy sector than previous. Different

faults as well as incidents are getting originated from this increasing complexity. All of the operational

processes in a system could be troubled in case of the failure of any parts of the system. As a result,

maintenance of the machineries or parts of the system is very significant.

Various types of maintenance approaches could be found from the literature. These maintenance tech-

niques can be categorized into three main branches [71] which constitutes corrective maintenance (CM)

which is also called run to failure technique, preventive maintenance, and predictive maintenance. All

these techniques can be implemented for microgrid maintenance.

In case of corrective maintenance, the microgrid maintenance process is carried out when the critical

parts or machinery of the system is at the saturation level or failure. Prolonged losses of energy

production can be led through unexpected failures in case of this approach. Moreover, it may result in

expensive replacements as well as repairs, or even safety risks at some point since the system reaches

to failure.

For preventive maintenances which is also known as planned or time-based maintenances, the microgrid

maintenance processes are taken place in accordance with periodic intervals irrespective of the health

condition of the components. As a result, the service period of the compromised parts of the system

is not completely utilized [72].

With different more complex systems than previous, the present world is experiencing different sorts

of faults from this increasing complexity which results in a significant harm to the environment, items,

and people. Under such circumstances, the effectiveness of the conventional maintenance procedures

such as preventive and corrective maintenance might be largely compromised.

Consequently, an efficient approach is required for upgrading the performance of system reliability.

This efficient approach is capable of evolving from time based preventive maintenance to condition-

based maintenance. This transition to condition-based maintenance (CBM) is referred as predictive

maintenance. Through machine learning, equipment behavior patterns as well as trends could be

predicted in predictive maintenance. As a result, the pending failures could be anticipated in advance
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which results in an enhanced decision-making outcome in case of maintenance activities that specially

helps in minimizing the system downtime [73].

There are several benefits of predictive maintenance over the other maintenance techniques. In the

context of microgrid, predictive maintenance can provide several benefits like improved reliability and

availability of microgrids, better maintenance planning, increased microgrid equipment life, improved

safety, decision making and overall efficiency, better data-driven decisions, reduced downtime of micro-

grid components, better use of microgrid resources, and improved sustainability. Table 2.2 summarises

the pros and cons of each maintenance technique in the context of microgrid components.

Table 2.2: Maintenance techniques in the context of microgrid components.

Method Pros Cons Summary

Preventive
Mainte-
nance

- Can Help pro-
long component
lifespan.
- Can minimize
the risk of sudden
failures.

- Not cost-
effective for MG
due to scheduled
downtime.
- Causes superflu-
ous maintenance
whereas ma-
chineries are still
functional.

- Can be suitable for machineries
where wear and tear arise grad-
ually, the impacts of failure are
acute.
- Incompetent where components
hardly fail before reaching their
expected lifecycle.
- Can be suitable for compo-
nents like transformers, inverters,
switchgear.

Corrective
Mainte-
nance

- Lower upfront
costs.
- Minimal opera-
tional interruption
until any malfunc-
tion occurs.

- Risks of more
unexpected fail-
ures.
- Downtime
throughout fail-
ures can be
expensive.

- Can be suitable for components
having low failure chances and
the impact is not severe.
- Can be suitable for MG com-
ponents like BESS, inverters, con-
trollers.

Predictive
Mainte-
nance

- Can minimize
the downtime and
maximize compo-
nent lifespan.
- Decreases over-
all maintenance
costs.
- Enhanced com-
ponent reliability
and overall safety.

- Initial invest-
ment on monitor-
ing systems
- For data anal-
ysis, skilled
personnel are
required.

- Leverages ML into data ana-
lytics for making proper mainte-
nance decisions.
- Highly effective for any systems
where early detection of any po-
tential failure is essential.
- Can be suitable for MG com-
ponents like DERs, BESS, in-
verters, generators, transformers,
controllers, sensors, switchgear.

2.4.1 Predictive Maintenance Framework for microgrid

An ML-based microgrid predictive maintenance framework has been proposed in this study focusing

on the key elements of the microgrid. This can provide a structured procedure for deploying ML

based predictive maintenance for the microgrid components. Fig. 2.6 depicts the proposed ML-based
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Figure 2.6: ML-integrated predictive maintenance framework for microgrid.

predictive maintenance framework for microgrid. The predictive maintenance routine begins with the

acquisition of data utilizing different sensors. This can be sensor data from inverters regarding power,

temperature; or BESS sensor data possessing charge, discharge; or can be DER sensor data having

energy generation and weather conditions.

After that, the main process of the microgrid predictive maintenance framework starts with the data

analysis, which includes data validation and preparation, data exploration and visualization, and

feature engineering. In this step, the data collected from MG components are validated and prepared

for further analysis. Data exploration and visualization are performed to identify any patterns or

trends in the MG data that may indicate a fault in the microgrid. Feature engineering involves

selecting the relevant features that can be used to train the ML algorithm. Extracted features from

this step form the main foundations of developing precise predictive maintenance models.

Next stage is the implementation of the ML algorithms, which includes model selection, training, and

validation. The ML algorithm is selected based on the type of data and the specific problem that

needs to be solved. Table 2.3 illustrates a systematic workflow on required data, suitable ML methods

for designing a predictive maintenance framework for microgrids.

Model training is the process of teaching the ML algorithm to recognize the patterns in the data that

indicate a fault in the microgrid. The algorithm learns to differentiate between normal and faulty

data by identifying the features that are most important for distinguishing between the two.

Validation needs to be performed then to ensure that the ML algorithm is accurate and reliable. The

validation process involves testing the algorithm on a set of data that is different from the data used

for training. This helps to ensure that the algorithm can generalize to new data and is not overfitting

to the training data. Finally, predictive alerts can be implemented through real-time monitoring

integrated with fault detection algorithms.

Then is to perform the maintenance action based on the predictions made by the ML algorithm. Once

the algorithm has identified a fault in the microgrid, appropriate maintenance action can be taken
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Table 2.3: An overview on designing ML-based predictive maintenance framework for microgrid.

For Data Suitable
ML models

Summary

Inverters - Sensor data
like voltage,
current, tem-
perature
- Power flow
- Operational
data

- LSTM
- Hybrid DL
models with
auto-encoders
- Classifica-
tion
- Regression

- Real-time insights into inverter health
can be modelled using sensor data.
- Temporal patterns can be captured us-
ing LSTM, while anomaly detection model
identifies inverter faults.
- Inverter states can be monitored using
operational data where classification mod-
els can identify control states, unusual be-
haviours.

BESS - Sensor
data possess-
ing charge,
discharge,
temperature
- Mainte-
nance records

- LSTM
- Classifica-
tion
- Regression
- Time-Series
Analysis
- Hybrid DL
models with
auto-encoders

- BESS performance can be monitored us-
ing sensor data.
- Fault classification and maintenance
needs can be predicted.
- BESS energy flow patterns can be eval-
uated using time-series analysis, unusual
behaviours can be flagged by LSTM.

DER - Sensor data
having power
generation,
weather con-
ditions
- Mainte-
nance records
- Load pro-
files

- Classifica-
tion
- LSTM
- Regression
- Time-Series
Analysis
- Hybrid
models

- DER efficiency based on environmental
factors can be modelled.
- Power generation patterns can be identi-
fied from time-series analysis i.e., ARIMA
can model and predict the power genera-
tion trends over time.
- Energy output i.e., future generations
from PV, wind turbine can be estimated
using regression models with historical
data and environmental factors.
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to prevent further damage or downtime. This may include replacing faulty components, performing

repairs, or adjusting the operating parameters of the microgrid. This can help achieve enhanced energy

efficiency and grid resilience.

2.5 Machine Learning in Predictive Maintenance

A number of advantages can be achieved through adopting ML strategies in predictive maintenance.

It is very beneficial, significant, and cost-effective strategy to the various companies to navigate and

detect the faults at the earlier stages [74]. Some critical analysis on different ML-based techniques for

predictive maintenance in the context of microgrid has been conducted in this section.

Table 2.4 lists a relative comparison among ML based maintenance techniques for microgrid under

real-time scenarios.

Table 2.4: Relative comparison of some existing microgrid maintenance schemes.

Reference [75] [76] [77] [78]

Deployed
method

Discrete Wavelet
Transform (DWT)
and extreme learn-
ing machine (ELM)
based method

Hilbert trans-
form along with
communicating
through micro-
processor relays

Discrete Fourier
Transform as
well as DT
based differen-
tial protection

Wavelet
Transform
and Decision
Tree (DT)
based method

Input
features

Standard de-
viations using
coefficients from
both current &
voltage signals
extracted through
DWT

Superimposed
reactive energy
enumerated
from sampled
current & volt-
age signals

Frequency, am-
plitude & phase
angle of the cur-
rent & voltage
signals

Change in en-
ergy, entropy
& standard
deviation of
current signal

Examined
test cases

15525 N/A 287 1152

Performed
tasks

Fault classification,
mode detection &
faulty section iden-
tification

Faulty location
estimation, zone
identification &
fault detection

Only fault detec-
tion

Fault classifi-
cation & de-
tection

Response
time

Less than one cycle
(16.6 ms)

73 ms One & a half cy-
cle (25 ms)

Between 1.5-
2.5 cycles (25-
41.7 ms)

Real time
valida-
tion

On OPAL-RT test
bed

Was not per-
formed

Was not per-
formed

On OPAL-RT
test bed
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Figure 2.7: Steps for the Hilbert transform.

2.5.1 Support Vector Machine (SVM)

SVM applications are generally involved in clustering of input data, classification as well as regression

analysis [79]. The SVM algorithm normally pursues the closest means, that it calls, bolster vector. A

line is then drawn by the algorithm for interfacing them when the closest means are determined by it.

Because of having the high precision, this is very popular ML approach which is being implemented

both for the relapse investigation and classification issues.

The SVM technique has been described to be a proven method by many researchers that is well suited

in case of dealing with disturbances classification regarding power systems. For extracting the required

features, an adaptive approach of chirp mode searching has been utilized in [80]. For the classification

of power quality disturbance, a Grasshopper optimization method has been implemented here as well

for optimizing the SVM parameters. Another SVM based technique for a practical PV plant which

can discriminate between grid fault statuses and islanding, has been carried by [81].

SVM algorithm has been proven to be promising in predicting the remaining useful life (RUL) of

a microgrid battery energy storage system. This RUL prediction could have a better performance

through implementing the SVM method [82], [83]. The performance of SVM technique has been

described [84] to be better than ANN due to the generalizability in terms of dealing with prediction

issues.

SVM techniques can contribute in the predictive maintenance of the PV panels, wind turbines in a

microgrid system as well. SVM has been described [85] to be capable of implementing small samples,

modeling non-linearities, modifying for predicting long-term with faster processing in terms of PV

PdM. Moreover, a robust fault detection as well as location identification technique for ac microgrid has

been proposed in [39] with combined SVM and Gaussian process regression technique. A classification

accuracy of 99.5% has been mentioned here, outperforming than some traditional approaches.

A PdM for wind turbines has been carried by the studies conducted in [86] where for extracting the

behavioural patterns of the wind turbine bearings, a vibration signal analysis-based procedure has

been conducted. Moreover, for classifying the fault types, different ML based techniques like k-means,

SVM, k-nearest neighbour (k-NN) had been implemented.

For the proper classification of the faults, it is necessary to demodulate the vibration signal for ex-

tracting the respective features. For this reason, in order to analyse the bearing fault patterns, Hilbert

transform has been conducted for demodulating the signal. Fig.2.7 demonstrates the procedures for

computing the Hilbert transform.
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At the last stage, after implementing the inverse Fourier Transform of the signal, a complex-valued

signal was yielded where the Hilbert-transform pair had been formed through a real as well as an

imaginary part. After implementing the ML techniques, accuracies of 78.8%, 81.8%, 87%, and 81.8%

have been described for the SVM, K-means, k-NN, and Euclidean distance techniques respectively.

One of the main benefits of using SVM for microgrid predictive maintenance is its ability to handle

non-linear and complex systems. SVM uses a kernel trick to transform the data into a higher dimen-

sional space where it can be separated by a linear boundary, allowing it to model non-linear decision

boundaries. This makes SVM well suited for microgrid systems that have complex and non-linear

relationships between the input data and the target variable.

However, SVM has some limitations, such as it can be sensitive to the choice of kernel and the

regularization parameter. This can make it difficult to optimize the SVM model for a specific problem.

Additionally, SVM can be sensitive to the presence of outliers in the data.

2.5.2 Random Forest

For modeling high dimensional information, random forest could be a suitable technique because of

possessing the capability of managing categorical, continuous, binary information of data as well as

handling lost values. A massive number of individual decision trees are possessed by RF technique,

which are capable of performing as an ensemble [87], as followed by the name random forest. It can

be used for performing tasks associated with regression as well as classification. RF techniques have

been described as capable of performing a good role in case of lower number of observations or samples

than the number of variables [88] .

Within the RF procedure, each tree sets for a class prediction. Finally, the expectation of the algo-

rithm becomes the class having the most votes or decision trees. The models can be made effective

accordingly. For most of the scenarios, the accurate model is led by the combination of these massive

sets of random decision trees.

There are some key factors where attention should be focused though RF techniques are an assembly

of decision trees. First of all, decision trees are being generated through RF where the nodes and

rules are generated through decision trees by utilizing the enumeration of index measures as well as

the information gain. Secondly, RF algorithms evade the overfitting issue in most of the cases whereas

deep decision trees might suffer from it. Because, RF algorithms involve in working along the random

subsets of the features. After that smaller trees get built by RF from these random subsets [88], [89].

A work based on RF model has been implemented for generating the predictive technique dynamically

by [90]. An upgraded version of the work has been implemented by the study conducted in [91], where

a monitoring technique for wind turbines has been conducted. For this purpose, operational data as

well as status data had been utilized for designing the RF method where the operational data involved

in the wind turbine performances and the status data associated with the activated as well as dis-

activated alarms. Upgraded data processing speed, automation as well as scalability were described

to be the contributions done in [90]. Moreover, in comparison with the predictive accuracy of the
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previous study conducted by [91], an enhanced result of 5.54% has been described here.

There had been some other RF based approaches implemented in the literature. A study incorporating

Park’s vector with RF algorithm has been conducted in terms of the squirrel-cage induction motor

in [92] for detecting the short-circuit faults associated with the stator-windings. Moreover, a fault

detection procedure for PV arrays has been implemented in [93] based on the RF algorithm. Different

monitoring data like temperature, output power and PV array current have been utilized here for

identifying the PV array faults.

On the basis of these studies, it could be mentioned that RF technique could be an effective tool

for microgrid predictive maintenance. Its ability to handle high-dimensional data, model non-linear

relationships, and its ability to improve the accuracy of predictions make it a valuable tool for microgrid

predictive maintenance. RF can be used to predict the likelihood of generator failure, predict the

likelihood of equipment failure, predict the RUL of microgrid components.

However, the computational cost and sensitivity to outliers should be considered when implementing

RF algorithm. Despite these limitations, RF could be a great tool for microgrid predictive mainte-

nance and can be used effectively in conjunction with other ML techniques to increase the overall

performance.

2.5.3 Artificial Neural Network (ANN)

ANN methods have a notable implementation for possessing the tendency of processing a wide range of

non-linear, random and fuzzy information compared to existing traditional ML approaches. ANN ar-

chitectures are broadly connected and mostly adopted technique that include fitting systems basically

for the processing of unclear data, large scale and complex structures [94].

For the ANN training stage, a learning dataset comprised of various samples of actual cases are

the prerequisite [79] where the learning dataset needs to be larger adequately which depends on the

complexity as well as structure of the problem of the undergoing case. On the other hand, an overfitting

issue might be induced through utilizing larger sized learning dataset and hence the performance of

the algorithm might fall because the generalizing capability of the ANN architecture gets decreased

accordingly. As a result, establishing the proper balance between the over training and generalization

of the model is significant. Fig. 2.8 depicts the basic steps for implementing an ANN based predictive

maintenance architecture.

ANN architectures have been implemented by a number of researchers in the power system predictive

maintenance. For example, in order to classify and detect the power quality (PQ) disturbances of both

single and combined variants depending on both noisy and dynamic environments, this technique has

been adopted in many works. A real time disturbance identification model on the basis of ANN

architecture has been adopted by studies conducted in [95], [96]. The technique has been described to

be capable of classifying single as well as combined PQ disturbances along with real time detection.

Additionally, for processing the PQ attributes, a combined technique of both variational mode decom-

position as well as practical mode decomposition implemented with Hilbert transformation process has
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Figure 2.8: Basic steps for an ANN-based predictive maintenance architecture.

been adopted in some studies [97], [98], [99]. After that for identifying not only single but also com-

bined PQ features, an online sequential technique with extreme learning model has been utilized. The

proposed methodology has been described to be capable of possessing relatively higher classification

precision, lower computational complexity, and better performance on anti-noise capability.

Moreover, ANN algorithms can contribute to anomaly detection of the PV panels in a microgrid

system. An ANN based predictive maintenance of the PV system has been deployed in [100]. On

the basis of the comparison between the predicted and actual or measured ac power production, the

anomaly detection algorithm has been implemented here and the ac power has been predicted by

the ANN architecture. This study has been described to be capable of achieving a better anomaly

detection rate with a predictive detection rate higher than 90%.

In addition, ANN technique can contribute in terms of the predictive maintenance of the wind turbines

in a microgrid system. A neural network-based technique for tackling the nonlinear converter model

in a doubly-fed induction generators (DFIG) wind turbine has been implemented by [101]. The neural

network architecture was developed based on the radial basis function for the identification of the

inter-turn short circuits. Another work based on the ANN architecture has been conducted in [102]

for specifically monitoring the operational situations of the wind turbine. This technique has been

mentioned as capable of recognizing the faults taking place in the critical parts of the WT system. For

this purpose, the vibration data have been collected by the researchers here not only under degraded

situation but also healthy situation. Then for classifying the characteristics under both healthy and

faulty conditions, the predictive analysis had been implemented through an ANN architecture. From

the results section, a classification precision of 92.6% has been described by the authors.

These studies demonstrate the effectiveness of ANN for microgrid predictive maintenance. ANNs

can be used to predict the likelihood of equipment failure, predict the health and RUL of microgrid

components. However, the computational cost and sensitivity to outliers should be considered when

implementing ANNs.
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Figure 2.9: Concept of a Fuzzy Expert System.

2.5.4 Fuzzy Expert Systems (FES)

Fuzzy logic, being capable of emulating human decision and intelligence, is a type of probabilistic logic

which is dissimilar to binary logic. The truth values of the variables of fuzzy logic might vary ranging

from zero to one. For coping with the complex problems associated with the domain of search as well

as control and decision of the question answering, the higher generalization capability of fuzzy logic is

required. A rule based fuzzy logic has been illustrated as a block diagram in Fig. 2.9. Fuzzy rules as

well as fuzzy sets are implemented as a basis instead of Boolean sets by the system. Corresponding

membership functions along with fuzzy rules possessing the ability of emulating human decision and

intelligence comprises a fuzzy set [103].

For the classification and automatic detection purpose of power system faults, fuzzy logic application

has been implemented in different studies [104], [105], [106]. Moreover, the GA or ANN based learn-

ing capabilities are adopted by adaptive fuzzy logic architecture for adjusting the parameters of the

algorithm which can result in an upgraded system performance for monitoring the PQ disturbance

parameters [106], [107], [108].

FES can be an efficient tool in terms of microgrid energy storage systems (ESS). A FES based control

architecture has been implemented in [109], capable of decreasing the grid fluctuation as well as

enhancing the ESS life-cycle in a microgrid. Moreover, a muti-objective FES based microgrid ESS

maintenance system has been implemented in [110] where the FES has been deployed with a combined

hydrogen as well as battery ESS for ensuring the power demand of the microgrid system. The system

has been described to be effective in prolonging the lifespan of the devices.
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Another FES model has been deployed in [111] for the predictive maintenance of low-voltage dc mi-

crogrids. The proposed approach has been described to be capable of faster fault diagnosis regardless

of current magnitude, type of faults as well as the feeding capacity of the power supply in dc micro-

grids through monitoring of instantaneous current. Another FES integrated predictive maintenance

technique of a hybrid microgrid has been implemented in [112]. The proposed method has been de-

scribed to be capable of intelligent fault identification and diagnisation of microgrids with a higher

effectiveness.

One of the main benefits of using FES for predictive maintenance can be their ability to handle

uncertainty and imprecision. Microgrid systems often have a large number of sensors that generate

data that is uncertain and imprecise. FES can handle such data effectively, making them well suited

for microgrid systems. However, FES can be challenging to design and implement, especially when it

comes to incorporating domain knowledge. Additionally, they can be computationally expensive and

may not perform well when dealing with large datasets.

2.5.5 Deep Learning Approaches

Deep learning comprises of deep belief networks as well as deep neural networks, convolutional neural

network (CNN), and RNN. One of the most significant attributes of the DL architecture is possessing

the inherent capability of learning optimal features automatically from the input signal [113]. As a

result, unlike other feature extraction procedures, excessive time for extracting the features is not

required.

The latent powerful applicability of the DL architectures is still under exploration by many studies

in the area of power system analysis. These architectures possess a higher possibility of future appli-

cability in estimating, detecting, and predicting different power system issues extensively because of

having higher pattern recognition and feature extraction capabilities. Consequently, DL architectures

have been adopted in many recent works for addressing and reducing PQ disturbances [114], [115],

[116], residential load controlling [117], maintenance of PV panels [74].

DL architectures can contribute to the PV panel predictive maintenance in microgrid systems. For

instance, a CNN based DL architecture has been deployed by [118] for the PV panel predictive

maintenance where the power curve of a PV panel has been predicted in terms of the neighboring

panels on a daily basis. For pointing out the malfunctioning PV panel, the power curve deviation

has been analyzed between the observed or actual panel and the predicted curve. The large deviation

values indicated the possibility of the malfunctioning PV panels.

DL techniques have been proven to be promising in predicting the RUL of a microgrid BESS. This

RUL prediction could have a better performance through implementing the neural network [119] as

well as mutated LSTM techniques and could be performed with relatively higher accuracy rate if

implemented with a combination of multiple linear regression and RNN [120], where the degradation

data could be reflected more efficiently [121].

A new DL architecture for predicting the multi-forward-step voltages of battery systems more ac-
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curately, an LSTM technique has been implemented in [122] where the robustness as well as the

precision rate of the proposed architecture has been verified through the comparisons among various

hyper-parameters. Another improved DL technique has been proposed by [123] capable of describing

online capacity changes where a deep convolutional neural network (DCNN) architecture has been

implemented for enumerating the battery power portion [124] on the basis of current, temperature as

well as voltage prediction during the charging process.

For learning the long-term dependencies regarding the degradation of battery capacity, an LSTM-RNN

architecture has been deployed in [125] where the procedure has an adaptive optimization capability

through implementing a resilient mean square based back-propagation technique. For addressing the

over fitting issue, the dropout procedure has been applied by the authors. An upgraded DCNN

architecture has been deployed with integrated and transfer learning based battery capacity [126]

estimation. For the data set, daily-cycle data of eight implantable battery cells for 10 years have

been implemented for the RUL prediction and 8 sub-models based on DCNN have been trained in

accordance with [127].

DL techniques are getting increasingly promising for implementing predictive maintenance applica-

tions. With the ability to automatically learn features from large amounts of data, DL methods are

expected to play an increasingly important role in microgrid predictive maintenance in the future.

Table 2.5 reflects the significant pros and cons of SVM, RF, ANN, FES, and DL techniques in terms

of designing ML-based predictive maintenance for microgrid components.

Each of the ML techniques has its own set of complexity, accuracy, merits and demerits, limitations.

The limitations of this study can include data quality issues, more comprehensive cost assessments,

lack of analysis with detailed environmental impacts as well as more regulatory complexities. Future

analysis can involve exploring the scalability of ML methods for accommodating larger and more

complex microgrids, performing case studies throughout diverse microgrid settings for assessing the

performance and applicability of predictive maintenance models, long-term environmental and eco-

nomic evaluations, and interdisciplinary tactics to overcome these issues.

2.6 Microgrid Data Sources

A number of interesting and advanced application fields have been paved in power systems through

the advancement in data analytics like reliable grid operations and management, load profiling and

management, smart-meter analytics, predictive maintenance, energy forecasting, outage management

and so forth. For ensuring advanced services in the power grid, microgrid possesses different sensors,

control systems, advanced technologies and data transmission. Hence, for carrying out advanced

analytics for predictive maintenance, it is very significant to learn about the sources of the microgrid

related data. Fig.2.10 illustrates the categorization of microgrid data sources.
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Table 2.5: Critical analysis of some ML techniques in terms of designing predictive maintenance
for microgrid components.

Methods Pros Cons

SVM
• Can be effective in identify-
ing non-linear relationships from
multi-dimensional data from mi-
crogrids

• Less vulnerability to overfitting
issue compared to other tech-
niques

• Can be suitable for identifying
complex patterns from inverter
performance, anomaly detection
in DERs, BESS health predic-
tion.

• Can have sensitivity to parame-
ter tuning for achieving optimal
performance; Complexity may
increase with large datasets

• Limited interpretability in terms
of detecting specific faults

• May require deep knowledge
while choosing appropriate ker-
nel functions

RF
• Can be robust in predicting
battery health, identifying sub-
tle deviations in inverter be-
haviour, and anomalies from
PV, wind turbine power gener-
ation datasets.

• Can handle high-dimensional
DERs, battery, inverter data.

• Can be effective in modelling
non-linear relationships from
microgrid data.

• May require longer times for
training large scale BESS,
DERs, inverter datasets

• Prone to overfitting if not con-
figured properly

• Less interpretability and sensi-
tivity to outliers

• Complexity may increase in
terms of multi-dimensional data
from large scale microgrids

ANN
• Can be effective for capturing
complex features from inverter
data, estimating battery degra-
dation, fault detection from
DERs data

• Capability of handling high-
dimensional microgrid data effi-
ciently

• Can be effective in modelling
non-linear patterns from in-
verter, battery, PV or wind tur-
bine datasets

• Vulnerability to overfitting in
case of small-scale microgrid
datasets

• Complex ANN models might re-
quire to go through extensive
parameter tuning

• Substantial data pre-processing
as well as cleaning might be re-
quired

• Less interpretability than other
simpler models
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FES
• Can be suitable for handling
imprecise data from inverters,
DERs and modelling the uncer-
tainties in BESS health predic-
tion

• Can be robust for systems with
qualitative variables like in-
verter datasets, noisy BESS or
DERs data

• Can provide interpretability and
reasoning for the fault detection
of different components

• Less capability in capturing
complex non-linear behaviours
from the large datasets

• May not perform well in case
of highly quantitative BESS and
DERs data

• Knowledge acquisition could be
time-consuming, challenging

• Domain experts are required for
establishing the fuzzy rules

• Limited scalability in case
of handling large microgrid
datasets

DL
• Can be excellent at forecasting
battery degradation, modelling
non-linear and complex inverter
behaviours, complex faults in
PV panels and wind turbines

• Effective to handle multi-
dimensional BESS, inverter
data, and capture non-linear
relationships from DER data

• Capability of learning complex
features from BESS data ro-
bustly, can be excellent for the
anomaly detection in DERs, in-
verters

• Higher computational complex-
ity along with deep architectures

• May require large labelled
datasets for training the deep
networks

• Can be prone to overfitting
while having insufficient in-
verter, BESS or DERs data

• Can be Less interpretable than
the traditional models due to
complexity
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Figure 2.10: Microgrid Data Sources for Maintenance.

2.6.1 Sensor data

Different sensors implemented for the operational or maintenance purpose are a feasible data source.

Among these wireless networked sensors, cloud storage, phasor measurement units (PMU), IoT, and

some specialized monitoring sensors are significant.

Sensor data from equipment such as solar panels, wind turbines, generators, and power distribution

systems can be used to train ML models to predict when equipment is likely to fail. This data can

include information on temperature, vibration, current, voltage, and other parameters.

One of the key sources of big data utilized in MG are the wireless networked sensors [128]. For instance,

for the inspection of PV modules this type of data has been utilized in [129]. This type of data could

be comprised of power, solar intensity of each PV module, current, temperature, voltage as well as

serial numbers.

The cloud could serve as one of the data sources as well where the data could be collected through

meters, smart homes as well as sensors. Some other benefits like fault-tolerant storage, security as

well as availability could be facilitated by the cloud [130].

PMUs are sources of fault disturbance recorders. Current, phase angles, frequency, and voltage are

mainly logged with response to the time stamp in PMU. It is capable of communicating through

the GPS as well. A vast amount of data are generated through the PMU. For instance, about 5.6

Terabytes of data could be generated per year from only forty PMUs [131].

Another source for the data is the IoT [132]. Networked sensors which are embedded in different devices
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are represented through the IoT. There are some other sources which are normally the specialized

monitoring sensors. These are ceilometer, anemometer, speed, strain, power, stresses and acceleration

data collected from bearing sensors, gearbox, blades of the WT [133], outage management systems,

frequency disturbance recorders (FDR) as well as wide-area monitoring systems (WAMS) [134].

These sensor data can provide insight into the health and performance of equipment in the microgrid,

and can be used to predict when equipment is likely to fail. For example, high vibration levels in a

wind turbine can indicate a problem with the gearbox, while high temperatures in a solar panel can

indicate a problem with the cooling system.

2.6.2 Load related data

This is normally comprised of various data sources regarding the load management i.e., the smart

meters, gas consumption, temperature, cooling or heating, customers life patterns, water status, and

consumer questionnaire [135]. This load related data could be an extensive data source. Such as,

if data are collected after every 15 minutes, then 2920 Terabytes of data could be generated [136].

From energy consumption data like consumption patterns, the load types can be known. The acquired

information of loads could be shared through the consumers as well [137].

2.6.3 Battery storage data

Energy storage systems for microgrid like battery related data are utilized for this purpose. Different

data regarding internal states of the battery, state of charge/ discharge (SoC)/ (SoD), voltage, tem-

perature, state of health (SoH), current, terminal voltages, and fault detection data are included by

the battery management system [138].

2.6.4 Distributed generation data

The relation regarding the total generated power in terms of the consumption are mainly formed by

this generation data set. In comparison with the total required or consumed power by the loads,

whether the generated power is adequate or insufficient are represented through this data. Every

renewable energy source possesses own data-set generated by it.

WT generation possesses data related to control and monitor depending on various sensor data i.e.,

implementing temperature sensor PT100 for the gearbox temperature, enclosure temperature, casting

temperature, and external air temperature [139]. The wind direction is obtained through the wind

vane and wind speed can be calculated by utilizing anemometer. Other WT generation data can

be obtained from humidity sensors, rotational speed measurement (i.e., hall effect sensors), electrical

current as well as voltage measurements, and tower movement measurements (i.e., accelerometers).

Different data regarding current limit, temperature status, generated power, tilt angles, pump head

specifications, mirror dimensions, ultrasonic signals utilized for identifying possible damage as well as

orientation of the collector are generated through concentrated solar plant (CSP) [140]. Additionally,

some other data related to market demand as well as meteorological information measured through
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barometer, hygrometer, cloud cover, pluviometer, pyrometer, anemometer, thermometer, and radiance

index are also generated by CSP. Besides, data related to different measurement flows, grid assessment,

set points, grid variables, and control commands as well as real-time online data are provided by

SCADA [141].

2.6.5 Equipment data

For the monitoring as well as management purposes different data are generated from various equip-

ment i.e., transmission lines, circuit breakers, transformers, substations, switch gears as well as cables

[142].

Data regarding short circuit current, transformer dielectric loss, nominal data, manufacturer, polariza-

tion index, fault source, resistance, insulation data, fault recorders, description, capacity, connection,

load data, cooling system, oil pressure, discharge, release data, tap-change data, moisture content,

tripped situations, ground current, and transformer model are included in transformer data [143].

A big data source is generally represented by this equipment monitoring data. Energy management

system data i.e., equipment power, voltage, frequency, current can be included in equipment monitoring

data. Besides, transformer lubricant or oil status, ventilation, healthy operation are represented by

real-time monitoring data as well. Moreover, current as well as voltage waveforms could be utilized

for enumerating the power quality like the flicker index, and total harmonic distortion [144].

Switch-gear data possess information regarding discharge level and moisture content. Transmission

lines data comprise of leaning of the tower, electrical signal waveforms as well as voltage sag. Substa-

tion data constitutes of location, name, type, pollution status, and ID. Besides, circulation current,

discharge as well as temperatures are represented in the power cables data [143].

In addition, for the purpose of renewable energy monitoring, remote telemetry units (RTU) are utilized

[145]. Besides, equipment diagnostics data could be comprised of data regarding previous faults,

voltage dips records, faults descriptions, trip times, previous disturbances, location, transients as well

as digital protection data.

2.6.6 Historical data

Historical data [146] on equipment failures and maintenance activities can be used to train ML models

to predict when microgrid component is likely to fail. This data can include information on the type

of failure, the cause of the failure, and the time and location of the failure. This type of data can

provide insight into the common failure modes of equipment in the microgrid, and can be used to

predict when similar failures are likely to occur in the future. For example, if a particular type of

generator has a history of failing due to overheating, ML models can be trained to predict when that

generator is prospecting to failure due to overheating in the future.
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2.6.7 Weather and Power Demand data

Weather data [147] can be utilized in modeling ML architectures to predict when equipment or any sub-

system is likely to have any failure. This data can include information on temperature, precipitation,

wind speed, and other weather conditions.

Power demand data include information on the amount of power being utilized by the microgrid and

the power demand at different times of the day [148]. Power demand data can be used to predict

when microgrid component is likely to fail due to high power demand, such as generators failing due

to overloading.

2.6.8 Smart Meter and Maintenance Log data

Smart meter and maintenance log data can be used in modeling ML architectures to predict when

equipment or any sub-system is likely to have any failure. Smart meter data [149] can include in-

formation on the energy profile and amount of energy being consumed by individual customers at

different times of the day. This data can be implemented for microgrid protection [150] through pre-

dicting when any system is likely to fail due to changes in energy demand, such as energy distribution

systems failing due to increased demand.

The types of maintenance activities that have been performed throughout the year [151], the dates of

the maintenance activities, and the results of the maintenance activities are stored in the maintenance

log data. This type of data can provide insight into the effectiveness of maintenance activities and

can be used to predict when microgrid component is likely to fail due to a lack of maintenance or

inadequate maintenance.

In summary, these are several potential data sources that can be used for modeling ML-based tech-

niques on microgrid predictive maintenance. It is important to note that, data quality, data availability

and data accessibility are important factors to consider when implementing ML-based techniques on

microgrid predictive maintenance. Data should be cleaned, pre-processed, and transformed to be

compatible with modeling and training ML algorithms.

2.7 Public Data Sets for Microgrid

Table 2.5 illustrates some publicly available data sources of microgrid which can be utilized for testing

as well as evaluating predictive maintenance techniques. Upcoming studies might find these public

data sets supportive specifically in testing, and developing robust methodologies as well as comparing

with different procedures implemented in predictive maintenance applications so far under different

scenarios.

2.7.1 Implementation Tools

Machine learning techniques have emerged as an essential tool in the field of microgrid predictive

maintenance. These techniques can be used to analyze data collected from microgrid equipment and
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Table 2.5: Available public data sets for microgrid.

Reference Dataset description

[152] OpenAMIData- Contains structured energy data generated
by every five minutes possessing time, date, value, and time
stamp

[153] NREL dataset- Geospatial data as well as contains large data
sets regarding energy resources like solar, wind, Hydrogen,
wave power, geothermal, biomass

[154] Sinogreenergy- Datasets regarding solar generation have been
provided

[155] DataWorld- Two microgrid datasets regarding levelized cost
of electricity (LCOE), and load modelling

[156] EnergyPlus- Contains dataset for researchers and engineers
related to energy consumption in whole buildings

[157] Liege Microgrid Open Data- PV, microgrid load consumption,
and weather data including humidity, precipitation, snow, air
temperature, solar irradiation

predict when failure is likely to occur. There are several software platforms that can be used to design

and implement ML techniques in microgrid predictive maintenance, such as Matlab, Python and R.

Matlab is a powerful numerical computing platform that is widely used in academia and industry. It

has a wide range of built-in functions and toolboxes [158], [159] for data analysis and machine learning.

It also has a wide community [160], [161] in terms of users and developers.

Python is an open-source programming language that is widely used in the field of data science and

machine learning. It has a large number of libraries and frameworks for machine learning, such as

scikit-learn, PyTorch, TensorFlow and Keras [162]. It has a large community [163] of users and

developers to learn from and get help from.

R is another open-source programming language that is designed for data analysis and visualization.

It has a large number of libraries and frameworks for machine learning, such as caret [164] and mlr

[165]. R is also known for its powerful visualization capabilities, which makes it an ideal tool for data

exploration and understanding.

In summary, each of these platforms has its own strengths and weaknesses. Therefore, it is important

to consider the specific needs of the application and the resources available when choosing a software

platform for designing and implementing ML techniques in microgrid predictive maintenance.

2.8 Conclusion

The possibility of future equipment failures while operation can be avoided by monitoring the equip-

ment health through predictive maintenance. Data from different equipment sensors are collected and
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then predictive algorithms are then implemented on the basis of those data. One of the most signifi-

cant contributions of predictive maintenance is that which piece of equipment needs to be replaced or

repaired in future can be identified.

The contributions of this analysis lie in proposing a framework for designing ML-based predictive

maintenance models for microgrid components, synthesizing diverse ML procedures in terms of de-

signing microgrid predictive maintenance models, exploring sources of MG data and publicly available

datasets, in-depth analysis of future prospects based on latest adopted ML techniques from literature

which can be very supportive specifically in testing, developing methodologies for future studies with

enhanced operational efficacy, grid resilience, and reliability. These insights can help develop sophisti-

cated engineering plans for designing more robust microgrid systems with better energy system regula-

tions. Besides, ML based microgrid predictive maintenance strategies can extend component lifespans

and hence lead to substantial cost savings. This can help promoting responsible grid management,

enhancing energy sustainability, and minimizing carbon emissions which resonate with Environmental,

Social, and Governance (ESG) initiatives.

ML-based predictive maintenance techniques like SVM, RF, ANN, FES, and DL offer diverse ad-

vantages, they can vary in terms of complexity and practical implementation. Challenges comprise

of limited availability of failure data in real-life scenarios, modeling interpretability, data labeling,

and handling large datasets. Future research should be focused on designing hybrid models, data

integration in real-time, integrating weather data while model building since generations from the

DERs highly depends on weather conditions, and more robust feature engineering for selecting the

most significant features from high volume of data which can improve the accuracy of the potential

failure detection of microgrid components in the model. This can help provide continuous innovative

solutions for ensuring their sustainability, reliability, and resilience in the context of evolving greener

energy landscapes.
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Chapter 3

Advanced Deep Learning Based

Predictive Maintenance of Microgrids:

A Correlative Analysis

3.1 Introduction

This chapter presents advanced frameworks for microgrid predictive maintenance by performing a

comprehensive correlative analysis of advanced RNN architectures, i.e., RNNs, LSTM, and GRUs for

PV-based dc microgrids. Key contributions of this analysis are development of advanced architectures

based on RNN, GRU and LSTM, their correlative performance analysis, and integrating adaptive

threshold technique with the algorithms to detect faulty operations of inverters which is indispensable

for ensuring the reliability and sustainability of DERs in modern microgrid systems. The proposed

models are trained and evaluated with a dataset of diverse real-world operational scenarios and en-

vironmental conditions. Moreover, the performances of those advanced models have been compared

with the conventional RNN-based techniques. The achieved decremental MAE scores from 12.102

(advanced RNN) to 10.182 (advanced GRU) to 8.263 (advanced LSTM) and incremental R² scores

from 0.941 (advanced RNN) to 0.958 (advanced GRU), and finally to 0.971 (advanced LSTM) demon-

strate strong predictive capabilities of all, while the proposed advanced LSTM method outperforming

other counterparts. This study can contribute to the emerging technology for predictive maintenance

of MGs and provide significant insights into the modeling and performance of RNN architectures

for improving fault detection in microgrid systems. The findings can have noteworthy implications

to enhance the efficiency and resilience in microgrid systems, thereby evolving the renewable energy

technologies in power sector and contributing to the sustainable and greener energy landscape.

37



3.2 Background and Contribution

The modern energy landscape is experiencing a profound transformation, following an unprecedented

shift towards sustainability with the unification of renewable energy sources (RES) into power sys-

tems at present. In this dynamic context, dc microgrids are emerging as a pivotal advancement in

this modern energy infrastructure, providing an efficient platform towards the seamless integration of

these large number of RES and loads within the broader network of ac grids [166]. These dc micro-

grid systems can play a significant role in achieving technological innovation in power systems with

promising improvements in terms of energy resiliency, efficiency as well as economic viability [167],

[168].

Remarkably, the appeal of dc microgrids is increasing for their unique features, including improved ef-

ficiency, reduced losses and immunity to the harmonics and synchronization issues frequently plaguing

ac grids [169], [170]. The ability to overcome these limitations places dc microgrids at the forefront

of this evolving energy paradigm, offering a versatile resolution in the context of the integration of

DERs to facilitate the transition towards sustainable, resilient power systems. SPV systems stand

out in this context as an outstanding generation source within the spectrum of RES by contributing

to the evolution of microgrid systems through harnessing the abundant, clean, and renewable energy

from the sun [169], [171]. The scalability and cost-effectiveness of SPV generations have fueled its

recent widespread deployment, placing it a top role in the global push towards the renewable energy

adoption. Nevertheless, the variable and intermittent attribute of solar energy, influenced by diverse

factors like solar irradiation and ambient temperature, brings many inherent challenges, mainly in

terms of maintaining the stability of the power output from these SPVs into microgrid systems.

ML methods have emerged as a powerful tool in recent times in order to detect and respond to

different types of power system faults, offering the potential of enhancing predictive maintenance

and upgrading the resilience of the microgrid system. The application of ML-based data-driven [172]

predictive maintenance models is getting widely adopted by different industries such as healthcare

[16], transportation [15], and manufacturing [9], [10]. Nevertheless, its implementation on microgrid

systems is still a relatively new area which requires further exploration.

Besides, most of the latest researched areas regarding microgrid are based on energy management [21],

and economic dispatching [7]. Study has been conducted by [24] on microgrid digital twin focused on

the energy management of microgrid. Another work [26] explored the microgrid challenges regarding

cyber attack detection. Study conducted in [173] investigated digital twin technology for the capacity

estimation of battery energy storage of MGs. A convolutional-LSTM based model has been explored

in [174] for predicting the voltage stability of microgrid. Research conducted by [31] discussed various

DERs scheduling issues on microgrid, Monte Carlo simulation integrated genetic algorithm technique

based on sensor networks has been investigated in [175] for microgrid risk assessment, and [29] explored

different experimental platforms for the energy management of hydrogen-based microgrids.

A protection technique for low-voltage ac microgrid based on voltage sags, current magnitudes as well

as direction of active power flow was proposed in [176] using MATLAB/Simulink platform, which

shown a good performance specifically for low impedance faults. Another study [177] explored high
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and low resistance dc faults based on the relay ground current and inductor voltage for low-voltage

microgrid network using PSCAD/EMTDC platform. In addition, [178] investigated a protection

strategy for islanded microgrid incorporating short-circuit fault identification using PSCAD/EMTDC

platform. Study conducted in [179] investigated microgrid fault identification under both high and

low impedance operating conditions based on power quality control technique using PSCAD/EMTDC

platform. There are limited studies based on advanced ML techniques for microgrid predictive main-

tenance specifically on fault detection of microgrid inverters in the present literature.

Recently, the susceptibility to anomalies within the power system escalates as microgrid architectures

have become more complex by integrating diverse DERs and inverters. Inverters, functioning as the

essential components of microgrid systems, play an utmost role in terms of converting the dc power

generated by RES into ac power compatible with grid integration as well as end-user consumption.

Anomalies or faults, characterized by the deviations from the expected or normal measurements, can

manifest because of various factors such as inverter faults, load fluctuations, or system oscillations.

The detection of faults has become vital for ensuring safe and resilient power supply [180], [181].

For ensuring uninterrupted and reliable energy flow, developing advanced ML-based predictive model

focusing on inverter fault detection for microgrid applications has become crucial.

Besides, deep learning methods are gaining a great attention in recent times [182]. Having powerful

feature vectors with higher dimension and deeper network structure, DL-based architectures can be

excellent avenue for predictive analytics-based fault detection applications compared with traditional

ML techniques. Because, the learning algorithms of traditional ANN-based techniques converge slowly

and in terms of fault detection, these traditional techniques have poor interpretability [183]. Moti-

vated by the enormous potential of DL in the realm of microgrid operations, this study explores the

application of advanced RNN-based DL architectures as well as their comparative performances in

order to identify anomalies from the power signals of dc microgrid inverters. The goal of this work

lies in providing a comprehensive correlative analysis of these methods, illuminating their respective

strengths in terms of microgrid predictive analytics based fault detection. The contributions of this

chapter are threefold through the following key points:

■ Advanced DL-based predictive maintenance algorithms for microgrid: For identify-

ing microgrid inverter anomalies under different real-world exogenous factors, three advanced

architectures based on RNN, GRU and LSTM have been presented in this article. The loss

function of the advanced algorithms has been leveraged for optimizing the error rates which en-

hances the generalizability of the algorithms and capabilities of capturing both short and long

term temporal dependencies from the complex microgrid data-points. The adaptability of those

techniques to the changing patterns of inverter power signals gets increased consequently. As a

result, the overall efficacy of the anomaly detection algorithms gets enhanced.

■ Advanced RNN-based correlative analysis: In the context of microgrid inverter fault

detection, a correlative study among advanced RNN-based DL architectures has been introduced

in this research work. For capturing the temporal dependencies as well as patterns in the

inverter data-points, each of the advanced DL architectures has been leveraged, providing a
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comprehensive evaluation of the performances of the implemented and conventional approaches

in terms of identifying anomalies from microgrid inverter data.

■ Adaptive threshold integration: An adaptive threshold-integrated anomaly detection pro-

cedure has been implemented with the advanced DL architectures. Based on the statistical

properties of the prediction errors of the deployed DL architectures, the threshold level gets

adjusted by the proposed technique. Consequently, the sensitivity to anomalies of those models

gets enhanced, which enables an efficient detection of deviations from the microgrid inverter

power signals.

The following presents the remaining structure of this work. Section 3.3 describes the problem state-

ment. Methodology of this study has been presented in Section 3.4. Section 3.5 describes the findings

with simulation results. The discussion with a correlative analysis of the results has been presented

in Section 3.6. Finally, the article has been concluded in Section 3.7 with remarks.

3.3 Problem Statement

A new era has emerged in the spectrum of sustainable energy through the rapid adoption of RES into

MG systems specifically by the promising SPVs as the DER. Nevertheless, this magnificent transfor-

mation in power systems comes with challenges. Specifically, for ensuring the resilient and efficient

power generation and distribution through MGs which are equipped with [184] diverse inverter-based

resources (IBRs), it is crucial to monitor the inverter performances through anomaly detection. Fig-

ure 3.1 depicts the overview of a dc MG system possessing BESS, some local loads, and SPVs as the

DER.

One of the key challenges of the microgrid DERs specifically SPVs is the inherent highly dependency

on environmental aspects like ambient temperature and irradiation. Any fluctuations impacting by

these aspects may cause faults or anomalies in terms of the ac output power yielded from the inverters.

Besides, different system complexities and load fluctuations can amplify the possibilities of anomalies.

To ensure the stability of the system and prevent any unexpected power losses, maintaining the

operational efficacy and reliability of microgrid inverters is significant. Consequently, to enhance the

longevity and stable operation of microgrid architectures, the significance of detecting these inverter

anomalies effectively is paramount.

For addressing these exclusive challenges risen through the dynamic nature of modern microgrid sys-

tems, the conventional techniques are not effective enough to identify microgrid inverter anomalies

proactively for maintaining the system performance and reducing downtime. Conventional techniques

are not capable of adapting to diverse fault scenarios and evolving conditions in case of real-world

modern microgrid scenarios [185]. The overall system efficiency and power quality are directly im-

pacted by these inverter performances within the microgrid network. Anomalies or faults encountered

in microgrid inverters can be identified by analyzing the fluctuation patterns of the ac power, that are

influenced greatly by few factors.
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Figure 3.1: Illustration of a dc microgrid network.

The non-linear power characteristics of SPVs, and temporal dependencies are the most critical factors.

Consequently, the inverter output ac power is dynamic, which is highly influenced by time-series

dependencies such as variations in the temperature and irradiation patterns. Conventional techniques

[186] might not be able to identify the intricate temporal dependencies and external factors present

in modern microgrid networks and might not be effective enough without explicit domain knowledge.

These limitations emphasize the modeling of more advanced techniques that possess adaptive detection

capabilities along with addressing these nuanced patterns in the microgrid inverter performances.

Having inherent memory capabilities, advanced techniques based on RNN, GRU, and LSTM can be

tailored to learn these complex temporal dependencies. Nevertheless, the implementation of these

models for correlative performance analysis in predictive maintenance applications for dc microgrids

still remains unexplored. For identifying the intricacies encountered in terms of MG inverter fault

detection, the integration of advanced RNN-based DL architectures such as RNN, GRU, and LSTM

can be a promising avenue. Moreover, there is no recent study of comprehensive comparative analysis

focused on these DL techniques in the context of fault detection scenarios of microgrid inverters in

the present literature. Furthermore, study [187] describes that in terms of power grid applications,

the performance comparisons of LSTM and GRU architectures are still an unexplored research area.

By exploring an in-depth analysis focused on the advanced RNN-based fault detection architectures,

this study aims to bridge this gap. This research work focuses on evaluating the efficacies of the ad-

vanced RNN-based DL architectures, compared with the conventional methods in the context of fault
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detection scenarios of microgrid inverters under different operational conditions through implementing

real-world data. The findings from this research work can provide significant insights regarding the

pros and cons of the techniques which can pave the way for developing advanced maintenance strategies

in future for the continuation of more resilient and efficient evolution of dc microgrid systems.

In this advanced RNN, GRU, and LSTM-based correlative analysis, the critical environmental factors

that affect the output ac power from inverters have been utilized in the feature vector X(t) for

modeling these algorithms where Iirr(t), Tm(t), Ta(t), and PAC(t) represent the irradiance, module,

ambient temperatures, and ac power respectively:

X(t) = [Iirr(t), Tm(t), Ta(t), PAC(t)] (3.1)

For identifying the temporal dependencies properly, the historical patterns of the vector have been fed

into the algorithms:

X = [X(t), X(t− 1), X(t− 2) . . . , X(t− n)] (3.2)

The predicted output power (ACPredicted) has been modeled by implementing the advanced RNN,

GRU, and LSTM algorithms according to the following equation where f is the learning function for

the temporal sequence and θt indicates the optimized model parameters of the advanced algorithms.

ACPredicted(t) = f(X; θt) (3.3)

3.4 Proposed Methodology

A brief overview on the utilized data set and data processing for this study, proposed advanced RNN-

based DL architectures: RNN, GRU, and LSTM integrated with an adaptive threshold-based approach

has been introduced in this section to identify anomalies from the dc microgrid inverters. Figure 3.2

illustrates the proposed structure of the advanced DL-based correlative analysis on microgrid inverter

fault detection.

3.4.1 Data set

A real-world dataset incorporating a dc microgrid has been implemented for this comparative study.

The data had been collected for 30 days from December 2022 to January 2023 with timestamp of

15 minutes interval. Reflecting the intrinsic challenges in real world scenarios, this dataset comprises

diverse operational conditions. Capturing the dynamics of a complex real world dc microgrid, key

attributes of environmental parameters such as irradiation (W/m2), ambient and module temperatures

(◦C), and electrical parameters such as produced dc power (kW) from the DER and converted ac power

(kW) from the inverters had been recorded.
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Figure 3.2: Overview of the proposed work.

Python programming language has been implemented for this correlative analysis. Python 3.10, Intel

Core i7-1185G7, 3.00 GHz processor on 11th Gen machine with 16 GB RAM, 64-bit OS with kernel

version 22H2 and build 19045.5487 specifications have been used while developing the algorithms.

Different Python libraries and frameworks like Pandas, Matplotlib, TensorFlow, scikit-learn, NumPy,

and Keras have been utilized, which enabled tasks like data cleaning, data visualization, statistical

analysis, and model building and implementation.
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3.4.2 Data Processing

For improving the performance of the algorithms, it is crucial to choose the most important features

from the data [188]. For finding the most significant features from this dataset, a statistical technique

has been implemented. For calculating the linear associations among various features within the

dataset, the correlation analysis has been performed. The correlation coefficient (γRZ), indicating the

linear association between two features R and Z, has been enumerated using the following equation:

Figure 3.3: Correlation Heat-map of Features.

γRZ =

∑
(Ri − R̄)(Zi − Z̄)√∑

(Ri − R̄)2
∑

(Zi − Z̄)2
(3.4)

Here, Ri and Zi indicate the individual data points of features R and Z, R̄ and Z̄ denote the means

of R and Z respectively.

The correlations (γXY ) from each pair of features X and Y from the dataset have been computed.

This analysis helps find the redundant features from dataset. A high positive value (γ ≈ 1) indicates

a high linear association between the features. Figure 3.3 illustrates the correlation (γXY ) coefficients

among each pair of features. From the figure, it can be seen that (γDC, AC = 1), which indicates the

strongest positive correlation between the features ac and dc powers. As a result, the dc power feature

has been omitted during model training. This helps reduce the complexity by improving the model

interpretability as well as performance while minimizing multi-collinearity.

After this, data with the selected features has been prepared for training the advanced DL models as

can be seen from Algorithm 3.1. Data (X) was scaled and then divided into sequences (T ) with test

size (Ts).
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Algorithm 3.1: Data Preparation for the Developed Advanced DL Algorithms.

Input: X,T, Ts

Output: XTrain, XValid, XTest

1 Scale Data : XScaled → (X −Xmin)/(Xmax −Xmin)
2 Divide into Sequences→ XSeq

3 XSeq ← [XScaled[i : i+ T ] for i in range (length(XScaled)− T + 1)]
4 Split into→ XTrain, XValid, XTest

5 XTrain, XValid, XTest → Train.Test.Split(XSeq,Ts = 0.2)

3.4.3 Advanced RNN Architecture

RNN is a type of DL architecture which includes internal memories that enable capturing the sequential

dependencies from the data through recurrent connections. Temporal orders of the input sequences

are considered in the RNN architectures, enabling them to be a suitable candidate for processing

sequential information [189]. In the context of anomaly detection in microgrid inverters, an advanced

RNN architecture has been leveraged in this study for predicting the deviations from the ac power

signals.

Figure 3.4: Advanced RNN Layer for Microgrid predictive maintenance.

Figure 3.4 illustrates the internal architecture of the implemented advanced RNN model for the micro-

grid inverter fault detection. The equation for the implemented advanced RNN algorithm integrated

with ReLU activation function is:

Ht = ReLU(Mih ·Xt +Mhh ·Ht−1 + bh) (3.5)

Here, for the time step t, the input and the updated hidden state are indicated by Xt, and Ht

respectively. Previous hidden state is represented by Ht−1 for the time step (t− 1). Hidden layer bias

is bh, and the utilized weight matrices are denoted by Mih and Mhh for input-to-hidden and hidden-to-

hidden layers, respectively. ReLU indicates the rectified linear unit activation function implemented

in the algorithm. Yt indicates the model output at the time step t as follows:

Yt = Ht (3.6)
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3.4.4 Advanced LSTM Architecture

LSTM technique can be an excellent approach in the context of microgrid inverter fault detection.

This is a version of neural network which is connected to RNN family. Having a number of layers for

processing each time step, LSTM architectures have proven to be more efficient than the traditional

RNNs [190]. LSTM is capable of retaining long-term dependencies of data from many time steps

before, making it well-suited for time-series data like inverter power analysis. Figure 3.5 illustrates

the internal architecture of the implemented advanced LSTM model for the microgrid inverter fault

detection.

Figure 3.5: Advanced LSTM Cell Operation for Microgrid Predictive Maintenance.

Here, at each time step t, the input (xt) and hidden state (ht−1) get processed by the advanced LSTM

cell from previous time state to generate a new hidden state (ht). The forget, input, and output gates

are responsible for deciding what information to discard or retain from previous hidden state (ht−1)

as well as the current input. Forget gate (ft) decides what information to drop from previous hidden

state, while input gate (it) and the candidate cell state C̃t determine which new information to add

to the current hidden state. Corresponding equations utilized for this advanced LSTM architecture

are described as follows:

ft = σ1(Mf [ht−1, xt] + bf ) (3.7)

Here, ht−1 denotes the output in time step (t − 1), Mf and bf represent the weight matrix and the

bias, and σ1 indicates the sigmoid activation function.

it = σ2(Mi[ht−1, xt] + bi) (3.8)
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Here, (Mi, bi) denote the weight matrix and the bias.

C̃t = tanh(Mc[ht−1, xt] + bc) (3.9)

Here, for the candidate cell state, (Mc, bc) indicate the weight matrix and the bias, and tanh is the

hyperbolic tangent activation function.

Ct = ftCt−1 + itC̃t (3.10)

Here, Ct−1 indicates the previous cell state.

In these equations, σi represents sigmoid activation function, (M, b) represent the weight matrix and

the bias respectively, for the corresponding gates and state. Finally, which information to process from

current cell state gets determined by the output gate (yt), and the next hidden state (ht) is computed

by multiplying the cell state passed through the tanh activation function and the output gate. The

corresponding equations of the output and next hidden state (ht) of this advanced LSTM layer are as

follows:

yt = σ3(My[ht−1, xt] + by) (3.11)

ht = yt tanh(Ct) (3.12)

3.4.5 Advanced GRU Architecture

GRU is a part of RNN and variant of LSTM architecture. In the context of microgrid inverter fault

detection, GRU is capable of both capturing long-term dependencies and addressing gradient vanishing

issues. Moreover, in terms of processing smaller dataset, GRU could be a more appropriate technique

than LSTM which has been reported in the study conducted in [191]. Figure 3.6 illustrates the

basic structure of the proposed advanced GRU architecture which has been leveraged for detecting

the microgrid inverter faulty operations. For governing the model operations, this advanced GRU

architecture possesses a number of equations as well as parameters which have been defined as follows:

Ut = σu(Mu · [Ht−1, Xt] + bu) (3.13)

Rt = σr(Mr · [Ht−1, Xt] + br) (3.14)

H̃t = tanh(Mh · [Rt ·Ht−1, Xt] + bh) (3.15)

Ht = (1− Ut) ·Ht−1 + Ut · H̃t (3.16)

Yt = σo(Mo ·Ht + bo) (3.17)
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Figure 3.6: Advanced GRU Layer Operation for Microgrid Predictive Maintenance.

Here, for time step t, Xt and Yt indicate the input and output vectors; the update and reset gates,

candidate and latest hidden states are represented by Ut, Rt, and H̃t, Ht, respectively; σi denotes the

sigmoid activation function; Ht−1 denotes the previous hidden state obtained from the previous time

step (t − 1); the vector concatenation between Ht−1 and Xt has been indicated through [Ht−1, Xt];

bu, br, bh, bo are the corresponding bias vectors, and Mu,Mr,Mh,Mo are the respective weight matrices

for update and reset gates, hidden state of candidate and the output.

3.4.6 Adaptive Optimization of Error

For training the learning parameters of the implemented advanced DL architectures, adaptive stochas-

tic techniques can be outstanding solutions. This can be computationally effective optimization tech-

nique [192] with less memory requirements for finding the optimal points and can be core of various

engineering applications. An adaptive stochastic optimization technique has been implemented in the

advanced DL algorithms for optimizing the error functions. It adapts the learning rates for each pa-

rameter during training, providing an effective optimization strategy in scenarios with changing data

distributions or model parameters.

In mathematical terms, the adaptive learning rates are calculated using two moving averages: expo-

nentially decaying averages of both past gradients (dt) and past squared gradients (rt). The decay rates

regarding these moving averages get controlled by the parameters α1 and α2. The model parameters

(θ) of this adaptive stochastic technique are then updated based on the following equations:

dt = α1 · dt−1 + (1− α1) · Lt (3.18)

rt = α2 · rt−1 + (1− α2) · L2
t (3.19)
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Here, the gradient of the loss at time step t is represented by Lt with respect to the parameters. After

that, the moving averages get bias-corrected through the following implemented equations:

d̂t =
dt

1− αt
1

(3.20)

r̂t =
rt

1− αt
2

(3.21)

Here, αt
1 and αt

2 are the bias-corrected parameters. The model parameters then get updated finally

using the following equation:

θt = θt−1 −
η√

r̂t + ϵ
· d̂t (3.22)

Here, the learning rate is indicated by η, and for preventing the division by zero, a small constant has

been applied which is denoted by ϵ.

3.4.7 Adaptive Threshold for Microgrid Fault Detection

In this work, a scenario has been considered where Sc denotes the differences between real ac power

(ACReal) and the predicted output (ACPredicted) as follows:

Sc = |ACReal −ACPredicted| (3.23)

An adaptive threshold (Th) based anomaly detection procedure has been implemented which can be

enumerated based on the statistical analysis of Sc. The mean and standard deviation of Sc have been

utilized to identify the anomalous data points from the ac signal as follows:

Th = µ+ k · σ (3.24)

Here, µ, and σ indicate the mean and standard deviation of Sc, respectively; k is a constant regarding

the sensitivity of Th. With the Th value enumerated, faults can be detected based on whether the Sc

value of the ac signal exceed this adaptive threshold point by the following equation:

Fault =

1 if Sc > Th

0 Normal
(3.25)

This adaptive threshold approach allows for a dynamic identification of anomalies based on the statisti-

cal properties of the prediction errors. It’s crucial to fine-tune the value of k based on the characteristics

of the implemented data and the algorithm parameters.
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3.5 Results

In this section, the process of model training, compilation as well as evaluation for this study have

been discussed briefly with results.

3.5.1 Model Training

This step includes feeding the training data to the advanced DL algorithms as well as updating the

parameters iteratively till the DL architectures converge to minimum error. For all the models, 100

epochs with batch size 10 have been utilized. To handle the overfitting issue, a 0.2 validation split

was employed, allocating 20% of the training data for validation purposes during model training and

enhancing the generalizability of the advanced algorithms to new data.

Figure 3.7 depicts the training and validation of the DL architectures capturing the differences between

model predictions and real values. A significant decrease of errors can be observed through the adaptive

stochastic optization of the error functions from Fig. 3.7(a) for advanced RNN, Fig. 3.7(b) for advanced

GRU, and Fig. 3.7(c) for advanced LSTM after several epochs (x-axis). The trained architectures are

then implemented in model compilation for detecting microgrid inverter faults from the real ac signal.

3.5.2 Model Compilation and Evaluation

The implemented advanced RNN, LSTM, and GRU architectures are guided into the parameter space

efficiently by the implemented adaptive stochastic optimization technique which helps to achieve an

enhanced adaptability to changing patterns of inverter’s ac power signals during fault detection. For

identifying the anomalous points from the inverter’s ac output power, the proposed adaptive threshold

technique is implemented. Figure 3.8 illustrates the identification of the anomalous data points by in-

tegrating the adaptive threshold technique by the algorithm for each of the advanced DL architectures

between the actual and predicted ac power.

The threshold levels of the implemented advanced DL frameworks get adjusted dynamically based on

the statistical properties of the optimized prediction errors of the DL architectures. The highlighted

stars are the potential anomalous data points from the real ac power signal identified by the advanced

algorithms based on the adaptive threshold. The threshold lines can be seen at different positions

that were adjusted dynamically by the algorithms. In Fig. 3.8(a), for the advanced RNN model, the

dynamic threshold (black line) is lower than the advanced LSTM and GRU models. Hence, it captured

more data points to be faulty on 22, 24, 30 and 31 December which have been highlighted in red stars

by the algorithm. In Fig. 3.8(b), for the advanced GRU model, the threshold (green line) is a bit

higher than the advanced RNN model and it identified a bit less data points than the advanced RNN

model but a bit more data points than the advanced LSTM model to be faulty (highlighted black

stars) on 22, 24 and 31 December.

In Fig. 3.8(c), for the advanced LSTM model, the threshold (black line) had been adjusted by the

algorithm dynamically at a bit higher point than the advanced RNN and GRU models, and identified

a bit less data points from the real ac power signal to be faulty (highlighted purple stars) on 22, 24
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(a)

(b)

(c)

Figure 3.7: Training, Validation Loss of the advanced DL Algorithms: (a) Advanced RNN
method. (b) Advanced GRU method. (c) Advanced LSTM method.
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(a)

(b)

(c)

Figure 3.8: Adaptive Threshold Integrated Method With: (a) Advanced RNN model. (b)
Advanced GRU model. (c) Advanced LSTM model.
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(a)

(b)

(c)

Figure 3.9: Identification of MG Inverter Faults by the Proposed: (a) Advanced RNN archi-
tecture. (b) Advanced GRU architecture. (c) Advanced LSTM architecture.
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(a)

(b)

(c)

Figure 3.10: Detected MG Inverter Faults by the: (a) Conventional RNN Method. (b) Con-
ventional GRU Method. (c) Conventional LSTM Method.

54



and 31 December than other counterparts.

Figure 3.9 and 3.10 illustrate the detected inverter faults from the proposed advanced and traditional

DL methods, respectively. For the adaptive threshold integration, the sensitivity to anomalies of those

models becomes enhanced, enabling efficient detection of deviations from the microgrid inverter power

signals. The models identified the faults denoted by dotted points which were encountered on 22th,

24th, and 31st December, 2022 from the dataset.

For evaluating the performances of the implemented DL methods, the R-squared (R²) and MAE

matrices have been utilized for this analysis. The matrices have been enumerated through the following

equations:

R2 = 1−
∑N

i=1(Yi − Ŷi)
2∑N

i=1(Yi − Ȳ )2
(3.26)

MAE =
1

N

N∑
i=1

|Yi − Ŷi| (3.27)

Here, N indicates the total number of samples; Yi, and Ŷi denote the real values from the ac signal

and the predicted values by the models, respectively; Ȳ indicates the mean of the real values.

3.6 Discussion

The implemented advanced DL techniques shown better performances than the conventional methods

in terms of detecting microgrid inverter anomalies. Each of the implemented architectures went

through a careful training and evaluation. The developed advanced LSTM architecture demonstrated

a correlative superiority over other methods in terms of both prediction accuracy and deviation from

real values. The proposed advanced LSTM, GRU, and RNN model achieved R² scores of 0.971, 0.958,

and 0.941, MAE scores of 8.263, 10.182, and 12.102, respectively; whereas the traditional LSTM, GRU,

and RNN methods achieved R² scores of 0.949, 0.937, and 0.911, MAE scores of 11.847, 12.545, and

15.188, respectively. Table 3.1 enlists the performances of the DL architectures in terms of detecting

microgrid inverter faults. The findings from here demonstrate a progressive correlative improvement

from conventional to developed advanced RNN to GRU and LSTM method in the context of error

reduction as well as prediction accuracy.

A satisfactory performance was achieved from the advanced RNN method with R² score of 0.941

and MAE scores of 12.102. Nevertheless, it possesses some limitations while capturing long-term

dependencies from the sequential microgrid data. Because of less capability of tackling gradient

vanishing issues than other two counterparts while processing long sequences, it’s performance was

affected when retaining and compiling long-term dependencies from the microgrid inverter power

signals. This resonates with the need for models that have improved memory capabilities and possess

better capturing capabilities of temporal patterns, which are very significant in terms of discerning

subtle deviations from the output ac power trends with respect to the external factors.
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Having capabilities of handling gradient vanishing issues, the advanced GRU architecture provided

better performance of a higher R² value: 0.958 and lower MAE: 10.182 than the advanced RNN

and traditional LSTM, GRU, and RNN methods. This enhanced performance was achieved through

the architectural improvement with two gating mechanisms for an enhanced regulation of informa-

tion flow. The relevant past information regarding irradiation, temperature variations, and output

ac power were retained whereas the redundant data were discarded through the update gate. Conse-

quently, the sequential temporal dependencies of the microgrid inverter power outputs with complex

environmental factors were better processed by this method. With a better capturing capability of

temporal dependencies in the time series data, this model can be more efficient in the context of

microgrid fault detection.

The advanced LSTM method outperformed with the lowest MAE: 8.263 and highest R² value: 0.971,

compared to other DL counterparts. Advanced LSTM architecture incorporated gating mechanisms as

well as cell states, allowing most enhanced memory retention and discarding of redundant information.

The inherent gradient vanishing problem of standard RNN was handled by the cell state mechanism

through retaining the long-term dependencies into the model. Consequently, the significant historical

patterns which impact the output ac power with variations due to environmental factors like irradi-

ance, temperatures were better preserved than other methods. This allows an enhanced reduction of

noise sensitivity as well as output ac power fluctuations which can be caused by external factors or

transient faults. As a result, this method was capable of differentiating between normal deviations in

power generation with the external factors and real anomalies more precisely, enhancing the predictive

maintenance capabilities thereby.

In the context of predictive maintenance, a lower MAE score demonstrates more precise identification

of anomalies, indicating reduction of both false negatives which cause missed faults and false positives

which cause unnecessary maintenance triggers. The advanced LSTM algorithm outperformed other

counterparts with the lowest MAE. Besides, the incremental enhancement of R² scores from 0.941

(advanced RNN) to 0.958 (advanced GRU) to 0.971 demonstrates that the advanced LSTM model is

more accurate than other DL methods in terms of modeling intricate temporal dependencies from the

microgrid inverter performance with respect to the external factors. From the correlative performance

analysis, it can be said that the advanced LSTM algorithm can be more robust with the capabilities

of capturing both short and long-term dependencies from the complex data-points for identifying

Table 3.1: Correlative Permormance Evaluation of Different DL Models

Methods R² Score MAE

Advanced RNN 0.941 12.102

Advanced GRU 0.958 10.182

Advanced LSTM 0.971 8.263

Conventional RNN 0.911 15.188

Conventional GRU 0.937 12.545

Conventional LSTM 0.949 11.847
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anomalies in microgrid applications to minimize unexpected failure risks and ensure consistent power

flow through the microgrid network to improve overall system efficiency and stability.

3.7 Conclusions

This correlative study advances the DL-based avenues for the inverter fault detection in microgrid

applications by conducting a comprehensive correlative performance analysis on advanced and con-

ventional RNN, GRU, and LSTM architectures. The proposed adaptive threshold-based technique

enhanced the performance of the anomaly detection algorithms through adjusting the threshold point

dynamically. Both adaptability of the model to changing patterns and training efficacy were improved

through the implementation of adaptive stochastic optimization technique. The achieved incremental

enhancement of R² scores from 0.941 (advanced RNN) to 0.958 (advanced GRU), and finally to 0.971

(advanced LSTM) suggest that the advanced LSTM model is more accurate and robust than other

counterparts in minimizing prediction errors while processing intricate temporal dependencies from

the microgrid inverter power signals with respect to complex environmental factors. The applicability

of these DL methods is promising, but still has challenges in terms of generalization through diverse

microgrid scenarios for an enhanced malfunction diagnosis to improve overall microgrid energy effi-

ciency by minimizing downtime. Besides, some limitations of this research consist of computational

complexity, data dependency as DL architectures highly depend on historical high-quality data and in

the case of missing values or inconsistencies in the data set the prediction accuracies can be affected,

and some factor variability as in this analysis some other factors such as SPV module aging, microgrid

topology variations, cloud cover variations were not considered, which can affect the performance of

microgrid inverters over time. Developing more advanced hybrid architectures considering these limi-

tations, with more enhanced interpretability and error reduction capabilities with IoT setups can be

an excellent avenue for real-time implications of diverse large-scale microgrid scenarios. Future stud-

ies can focus on exploring real-time implementation, enhancing robustness with respect to intricate

external factors, integration of multiple data sources through diverse DER scenarios, and addressing

scalability concerns while deploying on large-scale, diverse microgrid setups.
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Chapter 4

Advanced Hybrid Deep Learning

Based Framework for Microgrid

Inverter Predictive Maintenance

4.1 Introduction

The increasing complexity of microgrids demands sophisticated strategies for improved maintenance

and reliable operation. The integration of artificial intelligence (AI) into microgrids allows for the

analysis of system performance, anomaly detection, malfunction identification, and generating alerts

through continuous monitoring in case of any unexpected drop in performance enabling reliable op-

erations and maintenance, enhancing predictive maintenance capabilities and sustainable decision

making. To improve system reliability and performance, accurate fault identification and generating

maintenance alerts according to the performances over time is becoming crucial for enhanced predic-

tive maintenance of microgrids. This study introduces an intelligent data-driven hybrid framework

for microgrid predictive maintenance utilizing a hybrid deep learning architecture, combined with

advanced data analysis and a residual-based dynamic threshold technique. The loss function of the

proposed hybrid algorithm has been optimized for enhancing microgrid predictive maintenance. The

results show significant accuracy in predicting the maintenance needs within microgrids. This chapter

can offer valuable insights for designing and enhancing hybrid algorithms for advanced maintenance in

microgrid systems, contributing to advancements in predictive maintenance technology and promoting

a resilient and cost-effective operation of microgrids.

4.2 Background and Contribution

A new era of proficiency and resilience in sustainable energy systems has emerged through the in-

tegration of microgrids into modern power systems. Microgrids are attracting significant research

interest due to their advantages in terms of stability, controllability, economic efficiency, and reliabil-
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ity [193]. In today’s evolving energy landscape, microgrids are advancing by seamlessly integrating

diverse DERs and loads within the extensive networks of ac grids [166]. Through the rapid growth

of DERs in distribution systems, specifically the SPV generations are contributing in transforming

the conventional passive networks [194] into more active entities, for example microgrids. Being the

key sources of energy in microgrids, DERs encircle a number of small-scale generation sources. In

this context, the SPVs stand out being a promising generation source of microgrids by capturing the

abundant availability of renewable and clean solar energy from sun [195]. SPV systems are experienc-

ing a boom [196] in power systems at present. The recent widespread adoption of this technology has

been fueled by their cost-effectiveness and scalability. Yet, the diverse intermittent attributes of SPV

systems cause major protection concerns. For addressing these protection concerns and enhancing the

operational reliability within microgrid network, fault detection in microgrid predictive maintenance

has become an essential tool [188] and is one of the most significant challenges which demands the

greatest research attention [197]. Besides, highly dependence of SPV systems on environmental factors

i.e., irradiation and temperatures cause many challenges, specifically in the context of desired output

power into microgrid systems which demands for more advanced fault detection, and maintenance

alert over time based frameworks for an enhanced predictive maintenance of microgrids.

Fault detection is one of the most critical steps of predictive maintenance for getting rid of any potential

catastrophic failures [198].For detecting and responding various faults in power system, machine learn-

ing based techniques are emerging as a robust solution, extending the potential of upgrading predictive

maintenance and improving the microgrid system resiliency. Various industries are widely implement-

ing these data-driven ML-based predictive maintenance applications for instance in manufacturing

[199], [200], mining [201], healthcare [202], and transportation [203]. However, the implementation of

ML-based predictive maintenance frameworks for microgrid systems is still a relatively new field that

demands further investigation. Moreover, most of the recent research works on microgrid systems are

mainly focused on the economic dispatching [7] as well as energy management [21], [204], [205].

Besides, research has been performed by [26] on microgrid challenges, specifically focused on cyber

attack detection. Another study was conducted in [24] focusing the digital twin technology specifically

for microgrid energy management. For dc microgrid clusters, a support vector machine integrated

classification technique has been presented in [206] for high-impedance faults. A multi-layer perceptron

neural network (MLPNN)-based classification method for locating dc arc fault for dc microgrids has

been proposed by [207] with a testing accuracy of 93.3%. A morphological operator based classification

technique integrated with multi class AdaBoost algorithm has been implemented for dc microgrids

in [197] for detecting the feeder faults. A study in [176] explored a protection strategy for low-

voltage (LV) ac microgrids by analyzing features such as active power flow direction, voltage sags, and

current magnitudes. Using MATLAB/Simulink, the results demonstrated strong performance under

low-impedance faults in balanced conditions but were less effective in unbalanced scenarios.

Another study [208] investigated LV microgrid protection issues related to the point of common cou-

pling, distributed generation, and line faults through harmonic distortion measurements. Simulations

were conducted using microgrid test systems on the PSCAD/EMTDC platform. Further research in

[178] expanded on microgrid protection techniques, analyzing islanded microgrid scenarios with short-
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circuit faults using PSCAD/EMTDC. Similarly, [177] employed PSCAD/EMTDC to detect high- and

low-resistance dc faults in LV microgrids based on inductor voltage and relay ground current. Ad-

ditional research [179] examined microgrid faults under varying impedance conditions using a power

quality control scheme.

Machine learning based approaches have also been explored. In [78] a decision tree and wavelet

transform-based method was developed to classify microgrid faults with 97% accuracy on a dataset

of 3,860 samples. Another ML technique integrating wavelet transforms in [209] achieved an overall

classification accuracy of 97.76% in test cases. A data-driven approach has been presented in [196] for

locating short-circuit line faults that occur in dc microgrids by utilizing a tranfer learning technique

where an overall classification accuracy of 90% has been reported. Another work on multi-criterion

system integrated neural network technique has been conducted by [210] for detecting different low

impedance line faults for low voltage dc microgrids. Besides, study conducted by [31] explored different

scheduling issues of microgrid DERs, and [29] presented various experimental platforms for hydrogen-

based microgrids focused on energy management. In the current literature, there is no study conducted

on advanced HDL architectures regarding microgrid predictive maintenance with respect to exogenous

factors, specially on fault detection and continuous monitoring through maintenance alerts over time

integrated frameworks for microgrid inverters.

With the integration of different DERs and inverters, microgrid structures are becoming more complex

recently. As a result, the vulnerability to faults and malfunctions is escalating within the power system.

Being the core of the microgrid structures, inverters perform the major role of power conversions

suitable for main grid integration and end-user consumption. Faults or anomalies are identified through

any irregularities with respect to the normal or expected values. To ensure a resilient and steady power

flow within microgrid systems, developing advanced hybrid ML-based techniques for fault identification

integrated with microgrid inverter continuous performance monitoring by generating maintenance

alerts over time has become essential. Besides, deep learning techniques with their deeper network

layers and powerful feature vectors having higher dimensions [211] could be more effective compared

to the conventional ML methods.

HDL-based architectures have proven highly effective in capturing complex temporal patterns and

fluctuations from vast and intricate input data. This is achieved by leveraging robust feature vectors

and the deeper network layers of DL models in combination with other techniques [212]. As a result,

there has been a significant increase in adopting HDL-based methods. Developing such techniques

presents a promising opportunity for predictive analytics applications, particularly in fault detection

and continuous monitoring based maintenance alert generation for microgrid inverters.

From the literature gap, there is no present study based on advanced HDL-based microgrid inverter

performance monitoring system by identifying faults and generating priority-based maintenance alerts

over time with respect to complex external factors. This study introduces multiple technical inno-

vations, including an advanced HDL framework that integrates multi-parameter analysis of domain-

specific features. In addition to output power, key factors such as inverter efficiency, ambient and

module temperatures, and irradiance are incorporated through advanced data analytics to enhance
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real-world applicability. Furthermore, the hybrid model architecture, combined with a residual-based

dynamic threshold framework, improves algorithm accuracy in predicting maintenance needs based

on external factors. The research contributions of this study are threefold:

■ Advanced Data Analysis for Microgrid Predictive Maintenance: The first contribution

of this work is the development of an advanced multi-parameter based data analysis technique

integrating domain-specific features for the proposed HDL framework. This technique is vital

for uncovering underlying patterns, identifying external factors, and detecting potential issues

that may hinder microgrid operations. The developed data analysis technique establishes a

strong foundation for model training, which can enhance the accuracy and interpretability of

the predictive maintenance framework for microgrid inverters, ultimately improving predictive

maintenance capabilities within the microgrid network.

■ Advanced HDL Architecture Based Predictive Maintenance for Microgrid: The sec-

ond contribution of this work is the the design and integration of an intelligent HDL architecture

that incorporates an advanced long short-term memory-autoencoder (LSTM-AE) algorithm,

specifically tailored for this study. The HDL architecture is specifically designed to capture

dynamic and complex patterns within the AC power signals of microgrid inverters with respect

to exogenous factors. Additionally, the MAE loss function of the proposed hybrid algorithm has

been optimized to improve the adaptability of the model. By minimizing MAE rates between

actual and predicted data points, the error distribution is optimized, which can significantly

improve predictive maintenance effectiveness within the microgrid system.

■ Residual Based Dynamic Threshold Integrated PdM Framework: Another notable

contribution of this work is the deployment of a residual-based dynamic threshold technique

within the algorithm. Traditional approaches often struggle to adapt to the complexity and

dynamics of microgrid inverters, which can lead to delayed responses and false alarms in the

presence of critical, fluctuating data points. Proposed technique enhances predictive mainte-

nance capabilities by dynamically adjusting threshold points with respect to deviating external

factors. This increases the responsiveness of the HDL framework to subtle deviations under

varying operational conditions, enabling it to more effectively distinguish between potentially

critical anomalies and normal variations during microgrid operation.

By advancing predictive maintenance frameworks, this research contributes valuable insights into

the evolving landscape of renewable energy-powered microgrids. Identifying inverter performance

degradation before critical failure can provide significant practical benefits for microgrid operators and

maintenance teams, enabling proactive maintenance strategies that reduce costs and system downtime.

Addressing the urgent need for effective microgrid maintenance, this study strengthens predictive

maintenance capabilities, enhancing system resilience, reliability, and efficiency which resonates with

UN’s sustainable development goals.

The remainder of this study is structured as follows: Section 4.3 summarizes the problem statement of

the study. Section 4.4 provides a detailed overview of the proposed methodology. Section 4.5 presents
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the results and discussion of the advanced HDL framework. Finally, Section 4.6 concludes the work

with summary and concluding remarks.

4.3 Problem Statement

With the increasing rapid applications of RES in microgrid systems, specifically by integrating the

promising SPV technology, a new dawn of sustainable and decentralized energy sector has been emerg-

ing. Nevertheless, several challenges have been appeared as well with this transition. Among these

concerns, the major challenge is to ensure the resiliency as well as reliability of the inverter operations

within the microgrid network. Because, it is the prerequisite for ensuring the efficient and stable

generation and distribution of power through microgrid networks that are equipped with a variety of

inverter based resources. Therefore, monitoring the performances of inverters throughout microgrid

systems is very significant. This can be performed by anomaly or fault detection which is one of the

most critical cores of predictive maintenance. Through accurate identification of faults, and continu-

ous performance monitoring by generating priority based maintenance alerts over time, the predictive

maintenance competency can be enhanced significantly within the microgrid network. Figure 4.1 il-

lustrates a clear overview of a microgrid network which includes SPVs as the DER, BESS, and several

local loads.

Figure 4.1: Microgrid System Overview.

One of the major issues regarding microgrid DERs, and particularly SPVs, includes the intrinsic high

reliance on the external aspects for example solar irradiation as well as ambient temperature. In case

of any deviations influenced by these external aspects may result in abnormalities or faults in the

context of the produced ac powers by the microgrid inverters. Consequently, it is essential to find out

if there are any irregular limitations due to the external factors or it is the malfunctioning inverters.
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The successful identification of these abnormalities is crucial for enhancing the stable performance as

well the resiliency of microgrid system.

A combined DL-based architecture with other efficient techniques can be more robust in identifying the

nuance pattern deviations from microgrid inverter ac output signals. Besides, there is a research gap in

implementing advanced HDL frameworks in the current literature in terms of predictive maintenance

in microgrid applications. Moreover, in power grid applications, implementing advanced DL models,

their performance comparison [187] still remain an unexplored research topic.

In case of the recent real-world, dynamic microgrid operational scenarios, ML-based traditional algo-

rithms are not efficient enough to identify the variety of nuanced failure scenarios and varying patterns.

Furthermore, traditional ANN-based methods do not have robust interpretability in terms of predic-

tive analytics. Moreover, the learning algorithms of these methods converge slowly [21]. All these

limitations highlight the need of developing advanced hybrid models possessing adaptive predictive

maintenance capabilities that can address these varying nuanced patterns from the microgrid inverter

power signals with respect to deviating external factors.

Developing an advanced hybrid architecture for the detection of faulty operations and continuous per-

formance monitoring by generating priority based maintenance alerts over time for microgrid inverters

under complex and dynamic operational scenarios is getting essential to enhance the microgrid pre-

dictive maintenance competency. In contrast to conventional ML models which are not strong enough

to discern the complex temporal dependencies and deviations from the input data-points, hybrid DL

models include deeper network cores and advanced feature vectors to overcome these issues. Relevant

features can be extracted significantly, the sequential patterns can be modeled, and the nuanced abnor-

malities from the data-points can be detected with higher robustness and performance by combining

different efficient techniques in hybrid models.

Through implementing real-world microgrid data, this study aims to investigate the effectiveness of

advanced HDL framework under diverse operating conditions. The outcome of this research can offer

significant insights into the modeling and implementation of advanced HDL frameworks that can open

an outstanding avenue towards the future development of advanced predictive maintenance plans for

the uprising adoption of microgrid systems, directing to a greater resilient and efficient green energy

landscape.

4.4 Proposed Methodology

Being an advanced HDL architecture, the proposed algorithm possesses the strength of combining

both traditional statistical techniques and advanced DL methods for identifying the anomalous pat-

terns from the multi-sensor microgrid data. The advanced HDL model is capable of capturing both

spatial and temporal dependencies which has been leveraged in the context of microgrid systems where

there are numerous external factors which can impact the performance of the inverters for example

any sudden changes in temperature, irradiation or any other factors. An overview of the implemented

microgrid dataset in this research, an advanced data analysis procedure incorporating different data
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Figure 4.2: Proposed Advanced HDL Framework for Microgrid Predictive Maintenance.

64



assessment techniques for the required features selection and preparation of dataset, the proposed ad-

vanced HDL architecture, adaptive gradient of MAE estimation technique for the hybrid architecture,

subsequently integrated with a residual based dynamic threshold framework have been described in

this section for identifying the faults as well as generating predictive maintenance alerts from the mi-

crogrid inverters. Figure 4.2 illustrates the proposed structure of the advanced hybrid DL framework

for microgrid predictive maintenance.

4.4.1 Data set

A microgrid dataset possessing real-world scenario has been utilized in this research. Data was col-

lected from December 2022 for 30 days until January 2023. Diverse operational scenarios which reflect

different inherent real world challenges have been incorporated in this dataset. Prime features like

ambient and module temperatures, dc power produced by the DER, solar irradiation, and yielded

ac power converted by the inverters were recorded that captures a real-world, complex microgrid

dynamic.

Python programming language was utilized for this research work. Intel Core i7 with 3.00 GHz

processor having 16 GB RAM on 11th Gen machine with Python 3.10 and 64-bit OS had been

implemented. Different frameworks and libraries from Python i.e., Matplotlib, TensorFlow, Pandas,

scikit-learn, Keras, and NumPy had been implemented that enabled different stages of the algorithm

such as data visualization and processing, data cleaning, model building, statistical analysis, and

model implementation for microgrid predictive maintenance.

4.4.2 Advanced Data Analysis

For designing an accurate and robust predictive maintenance framework, the role of data analysis is

crucial for ensuring the data quality, discerning underlying patterns, and identifying potential issues

such as missing values, outliers, or any external factors that hinder the performance of the microgrid

inverters. An advanced data analysis technique has been designed integrated with this HDL framework

to determine the potential problem in the microgrid system. The advanced data analysis technique

has been described in this subsection followed by several procedures.

Temperature Assessment

The module and ambient temperatures from the microgrid dataset have been analyzed in this step to

figure out if there is any abnormal temperature fluctuations in the system which might be caused by

any issues regarding poor ventilation, weather issues, or shading.

Figure 4.3 illustrates the module and ambient temperature analysis carried throughout 1 month dur-

ing the day. Here, it can be seen that there is no irregularity or sudden drop in the module and

ambient temperatures during the day, indicating the system is getting enough sunlight. The module

temperature is ranging around (25-50)◦C and the ambient temperature is ranging around (20-28)◦C

during the day, and there is no drastic fluctuation in the data, indicating no abnormal temperature

behaviour.
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Figure 4.3: Temperature Assessment of the Microgrid Data.

Figure 4.4: Irradiation Analysis from the Microgrid Data.

Checking for Dirty Arrays

This step focuses on finding if there are dirty arrays in the system. For this purpose, the irradiance

received through the arrays over 1 month period during the day has been investigated. If there is any

significantly reduced irradiance data during the maximum sunlight hours (11 am to 4 pm), then there

might be any shading issues or potential dirt accumulation on the arrays.
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Figure 4.4 depicts the irradiance or sunlight intensity captured through the arrays during the day.

It can be seen that the irradiation index is ranging around 0.6 to 0.9 during the maximum sunlight

hours and there had been no drastic fall or zero values observed from the data which means the system

should be receiving adequate sunlight intensity without any significant obstruction, dust, or shading.

Figure 4.5: AC Output Power Analysis.

Figure 4.6: Conversion Efficiency Analysis.

Inverter Output Power Assessment

The converted power by the inverters has been analyzed in this step. All the data-points from the

ac output of the inverters have been normalized and scaled. Figure 4.5 illustrates the converted ac

power by the microgrid inverters. It can be seen that almost all of the inverters are converting regular

output power during the maximum sunlight hours. But there had been some irregularities like 0

output power values during this time (11 am to 4 pm) when both the irradiance and temperature were

high according to the previous assessments. This indicates potential fault scenarios in the inverter

operations within the microgrid system.

Moreover, the power conversion efficiency has been analyzed on a daily basis all throughout 30 days
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where the conversion trend was downward for most of the times with respect to the average efficiency

(70.51%) as can be seen from Figure 4.6.

Under-performing Inverter Identification

In this step, all the parameters from the analysis have been utilized to identify if any under-performing

inverter in the system. The parameters have been modeled using the following equation:

AC(t) = a · I(t)
[
1− b · T (t) + I(t)

800(c− 20)− 25
− d · ln I(t)

]
· ηinv (4.1)

Here, AC(t) indicates the performance of the inverters in converting to ac power, I(t) denotes the

irradiation values over time t, temperature has been indicated by T (t), ηinv indicates the efficiency of

the inverters, and a, b, c, d represent the model co-efficients.

Figure 4.7: Identification of Under-performing Inverter for Microgrid Predictive Maintenance.

Figure 4.7 depicts the individual inverter performances in the microgrid system in terms of converting

the produced power to ac. During the maximum sunlight hours, almost all the inverters are performing

similar except INV-9 which is showing some drastic fall in the converted ac power as can be seen from

the figure in blue line. From the analysis, it is evident that INV-9 is losing power during the conversion.

Now, the identification of the faulty operations and generating maintenance alerts will be investigated

in depth in the next stages of this advanced HDL framework.

Data Processing

There are plenty of features having numerous information on a raw dataset normally. All the features

do not possess the information of interest always. As a result, it is very important to find the most

significant features from the dataset [188] in order to minimize the training complexity and enhance
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the predictive maintenance performance. For this advanced HDL framework, a statistical analysis-

based procedure has been deployed to find the most relevant features from the dataset. The Pearson’s

correlation coefficient (γUV ) that represents the linear association between a pair of features such as

U and V , has been enumerated using the following equation:

Figure 4.8: Correlation Heat-map of Features for Microgrid Predictive Maintenance.

γUV =

∑
(Ui − Ū)(Vi − V̄ )√∑

(Ui − Ū)2
∑

(Vi − V̄ )2
(4.2)

Where,

• The individual data points from features U and V are represented by Ui and Vi respectively,

• The means of U and V are Ū and V̄ respectively.

The correlations (γUV ) within every pair of features U and V had been enumerated from the dataset.

The redundant features can be identified from the dataset using this analysis. The linear association

within the features is high in terms of a higher positive value (γ ≈ 1). Figure 4.8 depicts the correlation

(γUV ) coefficients within every pair of features of the dataset. The strongest positive correlation

(γDC, AC = 1) within the features dc and ac powers can be observed here. The dc power feature had

been omitted consequently for the model training to minimize the model complexity through reducing

multi-collinearity.

Data (X) had been prepared, scaled and divided into sequences (XSeq) after that having a test size

of (Ts) according to the Algorithm 4.1:

69



Algorithm 4.1: Data Preparation for the Advanced HDL Model for Microgrid PdM.

Input: X,T, Ts

Output: XTrain, XValid, XTest

1 Data Scaling : XScaled → (X −X.min())/(X.max()−X.min())
2 Dividing Data into Sequence→ XSeq

3 [XScaled[i : i+ T ]→ XSeq for i in range (length(XScaled)− T + 1)]
4 Split Data, Ds → XTrain, XValid, XTest

5 Ds → Train.Test.Split(XSeq,Ts=0.15)

Figure 4.9: LSTM Layer Operation of the Advanced HDL Framework for Microgrid PdM.

4.4.3 LSTM Layer of the Proposed Advanced HDL Framework for

Microgrid Predictive Maintenance

LSTM layers could be an excellent avenue for the predictive maintenance application in microgrid

systems. It is a type of neural network that is linked to the RNN class. Having a number of layers

for processing each time step, this technique has proven to be more effective than the conventional

RNN because of possessing a number of layers which can process each time step more efficiently [190].

Moreover, it can retain the long-term dependencies from the diverse data-points from previous time

steps. An advanced LSTM network has been tailored in this HDL framework specifically for capturing

the dynamic and complicated data patterns from the ac power signals of the microgrid inverters.

During each time step t, the implemented advanced LSTM layer of the HDL framework processes the

input Xt as well as the hidden state Ht−1 from the prior time step for initiating new hidden state

Ht, as can be seen from Figure 4.9. The decision for retaining or discarding any information from the

prior hidden state and the current input are managed by the input, forget, and output gates. The

forget gate (Gf
t ) regulates which information to eject from the prior hidden state whereas the input

gate (Gi
t) along with the candidate cell state (C̃t) decide what new information should be added on

the current hidden state.

The equations expressing the mathematical operations in different corresponding gates and states with
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the utilized parameters for this advanced HDL framework have been described as follows:

Gf
t = Sf (M

f
w[Ht−1, Xt] +Bf ) (4.3)

Here, Ht−1 indicates the output in time step (t− 1), M f
w and Bf denote the weight matrix as well as

the forget gate bias respectively, and S1 represents the implemented sigmoid activation function for

this gate.

Gi
t = Si(M

i
w[Ht−1, Xt] +Bi) (4.4)

Here, (M i
w, Bi) denote the implemented weight matrix as well as the input gate bias respectively.

C̃t = tanh(M c
w[Ht−1, Xt] +Bc) (4.5)

Here, tanh represents the hyperbolic tangent activation function utilized at the candidate cell state,

(M c
w, Bc) denote the implemented weight matrix as well as the bias for candidate cell state respectively.

The cell state equation is represented as follows:

Ct = Gf
t Ct−1 +Gi

tC̃t (4.6)

Here, Ct−1 is the cell state of the prior time step. In those above equations, the sigmoid activation

function has been represented by Si, the weight matrices as well as the biases of the corresponding

gates have been denoted through Mw and B. The hidden state output from the previous time step

was represented by Ht−1, the cell state and the input at the current time step have been indicated

through Ct and Xt respectively.

The processing of information from the current cell state had been decided through the output gate

Yt finally. The new hidden state Ht gets enumerated after that through multiplying the cell state

processed by the tanh activation function as well as the output gate. The equations for the output

gate and new hidden state utilized for this advanced HDL framework have been described as follows:

Yt = Sy(M
y
w[Ht−1, Xt] +By) (4.7)

Here, (My
w, By) represent the implemented weight matrix as well as the output gate bias respectively.

The new hidden state can be expressed by the following equation:

Ht = Yt tanh(Ct) (4.8)
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Figure 4.10: Auto-encoder Architecture of the Advanced HDL Framework for Microgrid PdM.

4.4.4 LSTM-AE Architecture of the Proposed Advanced HDL Model

for Microgrid Predictive Maintenance

For enabling the unsupervised learning as well as extraction of features, an LSTM-AE architecture

has been tailored into the advanced HDL framework to discern intricate, relevant-nuanced patterns

from the data-points. The auto-encoder layer of the HDL framework captures the complex temporal

patterns and any subtle deviations from the output ac power of the microgrid inverters with a robust

reconstruction of the input sequences.

Fig. 4.10 illustrates an overview of the implemented autoencoder architecture where the basic com-

ponents include the input layer, encoder and decoder layer, and finally the output layer. The input

layer receives the input data from the microgrid inverter output power signals which already have

been processed through the advanced LSTM layers of the HDL model by capturing both long-term

dependencies and modeling of sequential patterns.

The input data are encoded then by the encoder layer into a lower-dimensional space which is also

called the latent space vector. The temporal dependencies as well as any long-term patterns from the

data-points are extracted. The output from the last encoder layer is the latent space representation

of the input data. The mathematical equations for the implemented auto-encoder architecture can be

expressed as follows:

HEnc
t = E(HEnc

t−1 , Xt) (4.9)

Vt = HEnc
t (4.10)

where, the input data is Xt, HEnc
t is the hidden state of the encoder layer of the advanced HDL

framework at time step t, and E indicates the function for the signals being processed by the advanced

LSTM layers. Vt represents the latent space representation of the input data at time t. The latent

space representation of the signal is then decoded back into the original input data-points by the
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decoder layer of the advanced HDL framework. The temporal dependencies and long-term patterns

are then reconstructed back from the data by the following equations:

HDec
t = E(HDec

t−1 , Zt−1) (4.11)

Zt = F(HDec
t ) (4.12)

Here, HDec
t is the hidden state and Zt is the output of the decoder layer at time step t, F represents

a fully connected layer, and Zt represents the reconstructed input data at time step t.

The final output of the auto-encoder architecture from the reconstructed signal is generated by the

output layer, which should be similar as the input if there are no faults or deviations. The final output

(Yt) of the auto-encoder model at time step t can be represented by the following equation:

Yt = Zt (4.13)

Algorithm 4.2 illustrates the overall architecture of the developed auto-encoder model:

Algorithm 4.2:Auto-encoder Configuration of the Proposed Advanced HDL Framework.

1 Encoder: LSTM followed by dense layer.
2 for inputs→ Input(shape = (T,D)) do
3 LSTM(32, activation =′ relu′)(inputs)→ x;
4 outputs→ Dense(8, activation =′ relu′)(x);
5 Encoder = Model(inputs, outputs);

6 end
7 Decoder: LSTM followed by dense layer with ’relu’ activation function.
8 for Decoder inputs→ Input(shape = (8, )) do
9 Dense(32, activation =′ relu′)(Decoder inputs)→ x;

10 x = RepeatV ector(T )(x);
11 Decoder outputs→ LSTM(D, return sequences = True)(x);
12 Decoder = Model(Decoder inputs,Decoder outputs)

13 end

Both capturing of long-term dependencies and modelling of sequential data-points have been excelled

by harnessing the advanced LSTM layers into the HDL model. Finally, the auto-encoder layer of the

advanced HDL algorithm enables the framework of discerning the compact representations of normal

operating conditions from the anomalous data-points.

4.4.5 Adaptive Gradient Estimation of MAE

For enhancing the accuracy of the proposed advanced HDL architecture, an adaptive gradient-based

optimization technique has been implemented in this work for optimizing the error distribution. The

error distribution has been optimized through decreasing the MAE rates between the actual and
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predicted data points. The advantages of both root mean square propagation and adaptive gradient

descent strategies have been leveraged in this study in order to update the parameters iteratively to

minimize the MAE.

Firstly, for each weight (Mw) as well as bias (B) of the proposed advanced HDL architecture, the

parameters get initialized at (M 0
w) and (B0) respectively. The first (p) and the second moments (q)

get initialized to zero (p0 = 0, q0 = 0). After that, for time step t, the parameters are updated following

several stages. The gradient of the MAE loss function (Gt) gets enumerated firstly (Gt =
∂mae
∂M t

w
, ∂mae

∂Bt )

with respect to each parameter. The biased first moment (pt) gets updated after that at the decaying

rate (θ1) using the following equation:

pt = θ1 · pt−1 + (1− θ1) ·Gt (4.14)

The biased second moment (qt) gets updated then at the decaying rate (θ2) according to the following

equation:

qt = θ2 · qt−1 + (1− θ2) ·G2
t (4.15)

After that, the computed first and second moment estimations are bias-corrected (pcorrt ) and (qcorrt )

respectively through the following implemented equations:

pcorrt =
pt

1− θt1
(4.16)

qcorrt =
qt

1− θt2
(4.17)

Utilizing the bias-corrected moment estimations, the parameters are then updated finally according

to the following equations:

M t
w = M t−1

w − α · pcorrt√
qcorrt + ϵ

(4.18)

Bt = Bt−1 − α · pcorrt√
qcorrt + ϵ

(4.19)

Here, the learning rate has been represented by (α), and a constant had been implemented to prevent

the division by zero which has been indicated by (ϵ).
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4.4.6 Residual Based Dynamic Threshold Framework

For enhancing the predictive maintenance capabilities of the developed advanced HDL algorithm, a

residual based dynamic threshold framework has been introduced. Based on the real world micro-

grid data characteristics, the proposed framework can improve the predictive maintenance capabilities

through adjusting the threshold point dynamically. In case of any nuanced deviations in the opera-

tional conditions, the proposed algoritm’s responsiveness gets enhanced to distinguish between poten-

tially critical faults and the normal variations more efficiently during operations with high dependence

on complex external factors through this framework:

■ Enumeration of Residuals: After training the proposed architecture through implementing the

adaptive gradient estimation based optimization method, the converted ac power values (ẑt)

from the inverters are predicted by the algorithm. The residuals (st) are enumerated to be the

absolute differences between the predicted and the actual ac power values (zt).

st = |ẑt − zt| (4.20)

■ Moving Average of the Residuals: For capturing the trend in the prediction errors of the algo-

rithm, the moving average of the residuals has been enumerated. At the time step t, the moving

average of the residuals is calculated through the following equation:

s̄t = β · st + (1− β) · s̄t−1 (4.21)

Here, s̄t and s̄t−1 are the moving averages of the residuals at the time steps t, and (t − 1)

respectively and β denotes the smoothing operator.

■ Standard Deviation of the Residuals: For quantifying the variableness in the prediction errors

of the proposed advanced hybrid algorithm, the standard deviation of the residuals is calculated

through the following equation:

σt =
√
k · (st − s̄t)2 + (1− k) · σ2

t−1 (4.22)

Here, σt and σt−1 represent the standard deviations of the residuals at the time steps t, and

(t− 1) respectively and k denotes the weighting factor.

■ Enumeration of the Dynamic Threshold: Based on the standard deviation of the residuals as

well as the moving averages, the dynamic threshold point at the time step t is then calculated

using the following equation:

τt = s̄t + v · σt (4.23)

The threshold point gets set to be a multiple (v) of the standard deviation (σt) above the moving

average (s̄t). Here, v represents the sensitivity of the dynamic threshold framework.
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■ Identification of Faults: The faults get detected finally based on if the absolute differences

between the predicted and the actual ac power values exceed the dynamic threshold point (τt)

at any time step t according to the following equation:

Microgrid Inverter Faults =

1 if |ẑt − zt| > τt

0 Normal
(4.24)

This residual based dynamic threshold framework integration enhances the model’s fault detection

capability through remaining flexible while enabling it responsive to varying patterns in the converted

ac power signals by the inverters. The dynamic tailoring of the threshold points based on the residuals

helps the fault detection framework in adapting to changing operational conditions of real-world

scenarios, enabling it more robust in terms of detecting faults within complex microgrid operations.

4.4.7 Maintenance Alerts

By integrating non-linear patterns from the inverter operations and temporal dependencies along with

the dynamic threshold, different alert regions have been generated in this work for the predictive

maintenance. The proposed advanced HDL framework is capable of reconstructing normal inverter

operations, and associated deviations between the real and reconstructed signals, triggering different

alerts for predictive maintenance when the relevant regions get breached.

Based on the deviations between the real and reconstructed ac signals from the inverters with respect

to time steps, few alert regions are generated through the advanced HDL framework. The alerts have

been highlighted depending on breaching the regions ϵcr, ϵsr, and ϵer implementing distinct colors in

terms of the priority of the maintenance operations.

Maintenance alerts have been classified in the proposed advanced framework by the following equation:

Maintenance Alerts =


Careful : if ϵcr < st ≤ ϵsr

Serious : if ϵsr < st ≤ ϵer

Emergency : if ϵer < st

(4.25)

Here, careful, serious, and emergency regions are indicated by ϵcr, ϵsr, and ϵer , respectively. Rather

than being arbitrarily assigned to static values, maintenance alerts were classified using the frame-

work’s dynamic thresholding mechanism. Historical inverter performance was analyzed through

residual-based dynamic thresholding under varying external factors such as irradiance, ambient tem-

perature, and module temperature to identify baseline deviation points for alert regions, following

steps (14–31) of Algorithm 4.3. This time-adaptive normalization mechanism allowed the framework

to scale deviation patterns dynamically, reducing false alarms during periods of low irradiance and

temperature, such as late evening, night, or early morning. Algorithm 4.3 illustrates the developed

predictive maintenance framework of the proposed advanced HDL architecture to predict the mainte-

nance needs within microgrid system:
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Algorithm 4.3: Advanced HDL framework for microgrid predictive maintenance.

Input: X = {x1, x2, . . . , xt, xN} - Sequence of multivariate MG data variables;
xt ∈ Rp represents a p-dimensional vector for the time instance t

parameter: N - Total number of samples, Xi - the actual observed values from the
data-points of the AC power signals, Yi is the predicted values from the
advanced HDL framework, X̄ is the mean of the actual values, k is the
weighting factor, standard deviation of the residual is σt

Output: Yt → Identify encountered faults and trigger alerts for microgrid PdM
1 Identify under-performing inverter by solving:

AC(t) = a · I(t)
[
1− b · T (t)+I(t)

800(c−20)−25
− d · ln I(t)

]
· ηinv

2 Solve equation (2)
3 Normalize the input data X
4 for i = 1 to N do

5 Sample a data point from X
6 Input the data point → Advanced HDL framework:
7 Solve equation (3) to (8)
8 Encode the data-points using: HEnc

t = E(HEnc
t−1 , Xt)

9 Compress those into latent space vector: Vt = HEnc
t

10 Decode and reconstruct the data-points by implementing equation (11) to (13)

11 Calculate: R2 = 1−
∑N

i=1(Xi−Yi)
2∑N

i=1(Xi−X̄)2

12 Enumerate: MAE = 1
N

∑N
i=1 |Xi − Yi|

13 Optimize the MAE to the minimum level by solving equation (14) to (19)
14 Calculate the residual values using the formula: st = |ẑt − zt|
15 Enumerate the moving average of the residuals using the formula:

s̄t = β · st + (1− β) · s̄t−1

16 Solve: σt =
√
k · (st − s̄t)2 + (1− k) · σ2

t−1

17 Enumerate the dynamic threshold: τt = s̄t + v · σt

18 if |ẑt − zt| < τt then
19 Classify the data point as normal
20 end
21 else
22 Classify the data point as a fault
23 end
24 PdM Alerts:
25 for each time step t do
26 if st > ϵer then
27 Emergency Alert
28 else if ϵsr < st ≤ ϵer then
29 Serious Alert
30 else if ϵcr < st ≤ ϵsr then
31 Careful Alert

32 end

33 end
34 Return classified input as normality or fault
35 Trigger PdM alerts
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To accurately reflect real-world microgrid inverter performance, the proposed framework’s mainte-

nance alerts were developed and tested using complex historical microgrid data. These alerts effec-

tively identified inverter performance fluctuations at 15-minute intervals, prioritizing issues to assist

microgrid maintenance operators in making informed decisions. This capability enhances system ef-

ficiency by minimizing potential downtime and failures. The framework demonstrated high accuracy

when applied to retrospective microgrid data. Future research will explore real-time implementation,

continuous performance monitoring, and automated maintenance scheduling under diverse operational

conditions.

4.5 Results and Discussion

The training of the advanced HDL algorithm for microgrid predictive maintenance, model compilation

and evaluation have been described briefly in this section.

Figure 4.11: Training and Validation of the Advanced HDL Framework

4.5.1 Model Training for Microgrid Predictive Maintenance

The proposed framework was trained over 100 epochs with a batch size of 10. A structured data-

splitting approach was employed to ensure rigorous performance evaluation. The algorithm was trained

on 65% of the dataset, enabling it to learn diverse real-world operational scenarios, including variations

in module and ambient temperatures, microgrid inverter efficiency, irradiance, and ac power fluctua-

tions. To optimize the dynamic thresholding strategy and prevent overfitting, 20% of the training data

was allocated for validation, with early stopping applied. For an unbiased assessment of predictive

accuracy, the remaining 15% of unseen data was reserved for testing.

Figure 4.11 illustrates the training as well as the validation of the proposed HDL framework for

microgrid predictive maintenance incorporating the differences within the predicted values from the

model and the real values. After passing several epochs, a remarkable reduction in losses can be seen

from the figure. The trained advanced HDL architecture is implemented after that for the model

compilation to identify the anomalies from the ac power signals of microgrid inverters, and generate
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different alerts for maintenance based on their operations.

Figure 4.12: Gradient-based Optimization of MAE Distribution Function.

Figure 4.13: Residual-based Dynamic Threshold for Fault Detection.

4.5.2 Compilation and Evaluation of the Advanced HDL Model

The developed advanced HDL model is directed towards the parameter space effectively. The error

distribution of the algorithm is optimized through a gradient-based minimization of the MAE rates

between the actual and predicted data points of the microgrid inverter power signal from the ad-

vanced HDL framework as can be seen from Figure 4.12. Figure 4.13 illustrates the integration of the

residual-based dynamic thresholding method within the advanced HDL framework. On December 31,

2022, faulty signal peaks—residual values exceeding 160—were identified from the microgrid inverter

outputs. These peaks correspond to faulty or under-performing operations, consistent with the pat-

tern observed in Figure 4.12, where error distribution was minimized. Based on this, the algorithm

dynamically calculates the residual threshold by analyzing deviations from normal operational be-

havior. Faulty signal points are then detected, and under-performing operations are classified within

residual-based alert regions.
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Figure 4.14: Detected Fault (INV-9) at 11.15 am.

Figure 4.15: Detected Fault (INV-9) at 1.45 pm.

Figure 4.16: Detected Fault (INV-9) at 2.00 pm.

Figure 4.17: Detected Fault (INV-9) at 2.15 pm.
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Figure 4.18: Priority Based Predictive Maintenance Alert Regions.

Figure 4.19: Triggered Alerts for Microgrid Predictive Maintenance Operations.

81



The detected faults of the microgrid inverter from the advanced HDL framework had been illustrated

in Fig. 4.14 to Fig. 4.17. The encountered inverter faults had been identified with the specific inverter

number and time-frame of the encountered faults from the real ac signals by the proposed framework

denoted through the purple dotted points that occurred on 31/12/22 from the microgrid dataset. It

can be seen that the faults encountered on 31st December 2022 from the time-frame 11.15 am to 1.45

pm, then 2.00 pm to 2.15 pm during the maximum sunlight hours by the inverter 9.

Figure 4.18 clearly illustrates how alert regions were generated by the advanced HDL algorithm,

prioritizing maintenance operations during peak sunlight hours (11 AM to 4 PM) while effectively

preventing false alarms under low irradiance and temperature conditions. Here, light orange, purple,

and red regions indicate careful, serious, and emergency events respectively for predictive maintenance

during the inverter operations. After that, through integrating non-linear patterns from the inverter

operations and temporal dependencies along with the dynamic threshold, the proposed framework

triggers different predictive maintenance alerts when the relevant regions get breached throughout

inverter operations.

Figure 4.19 depicts the maintenance alerts for all inverter operations during the maximum sunlight

hours based on breaching the regions. Here, the orange, purple, and red dots indicate the careful,

serious, and emergency alerts for predictive maintenance respectively. It can be seen that one careful

alert (orange dot) was generated for INV-8 at 3.45 pm, and all the careful, serious, and emergency

alerts were triggered for INV-9 during the maximum sunlight hours on each time steps according to

the priority based on the generation performance.

For the evaluation process, the R² score as well as MAE matrices are implemented in this work to assess

the performances of the proposed advanced HDL framework for microgrid predictive maintenance. The

evaluation matrices are calculated through the equations as follows:

R2 = 1−
∑N

i=1(Xi − Yi)
2∑N

i=1(Xi − X̄)2
(4.26)

MAE =
1

N

N∑
i=1

|Xi − Yi| (4.27)

Where, total number of samples has been denoted by N . Xi indicates the actual values from the

data-points of the ac power signals, X̄ represents the mean of the actual values, and the predicted

values from the advanced HDL framework have been denoted by Yi.

4.5.3 Discussion

The developed advanced HDL architecture has shown outstanding performance in the context of de-

tecting microgrid inverter faults and generating the maintenance alerts for predictive maintenance.

The proposed model had been implemented with a careful training and evaluation procedures. The ad-

vanced HDL framework attained an R² value of 0.992 and MAE score of 3.246, respectively. Table 4.1
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enlists the proposed advanced HDL model’s performance with respect to the traditional RNN, GRU,

and LSTM techniques where it can be seen that the proposed framework outperforms the RNN, GRU,

and LSTM models in terms of detecting faults and generating maintenance alerts for the predictive

maintenance scenarios of microgrid inverter operations.

Table 4.1: Permormance Evaluation of the Proposed HDL Framework.

Models R² Score MAE Value

GRU 0.937 12.545

LSTM 0.949 11.847

RNN 0.911 15.188

Proposed Framework 0.992 3.246

The traditional DL-based methods provided a good performance for microgrid predictive maintenance

scenarios but still have few limitations especially for RNN, during processing the diverse microgrid

data to capture long-term dependencies. Being capable of tackling gradient vanishing concerns, GRU

method scored a lower MAE and higher R², yielding a better performance than the RNN technique.

GRU method could be more competent for predictive maintenance applications with a better ability

to capture temporal dependencies from the diverse microgrid data. LSTM technique performed better

providing a higher R² and lower MAE score than the RNN and GRU methods which makes it more

efficient for microgrid predictive maintenance applications.

DL-based methods performed well but still possess few limitations for handling diverse large scale

microgrid data which resonates with the demand for more advanced hybrid approaches including

advanced memory capacity along with enhanced capabilities to capture temporal patterns. The pro-

posed advanced HDL technique leveraged both advanced LSTM architecture and autoencoders which

enabled a remarkable performance through capturing temporal patterns as well as reconstructing

the input sequences properly along with learning the compact attributes of normal condition. The

developed advanced HDL framework achieved higher performance than other counterparts.

4.6 Conclusions

The advanced HDL-based framework developed in this work for microgrid predictive maintenance

achieved an outstanding R² score of 0.992 and MAE of 3.246, demonstrating the framework explains

99.2% of the variance in the data, indicating a noteworthy accuracy in discerning the underlying

patterns for identifying faults and generating predictive maintenance alerts from the multi-sensor

microgrid data. Moreover, the low MAE score 3.246 demonstrates the precision of the algorithm, as it

indicates the average absolute difference between the actual and predicted values, signifying minimal

predictive errors.

This highlights the efficacy and robustness of the developed framework in handling multi-sensor,

complex microgrid datasets which can be a significant tool in the context of advancing future research

in this emerging domain. This study also progresses the advanced HDL-based avenues for predictive
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maintenance applications in complex microgrid scenarios. By integrating advanced data analysis,

residual-based dynamic threshold framework, optimizing the algorithm’s error distribution function,

and generating different priority based alerts, the proposed framework can pave the way towards more

enhanced predictive maintenance techniques for microgrid networks.

Hybrid advanced DL algorithms have promising applicability but still possess few challenges in the

context of generalization and scalability concerns regarding large-scaled diverse microgrid scenarios.

There are some challenges despite the success of this work. One of the crucial challenges that might im-

pact the performance and generalization capability of the algorithm involves the complexity of model

design and hyperparameter tuning. Integrating more data from other factors, such as variations in mi-

crogrid topology, module aging, load profiles, cloud cover, and energy sources, can further enhance the

generalizability of the algorithm. Moreover, substantial computational resources might be required for

practical implications in terms of complex, large-scale microgrids for algorithm training and inference.

Addressing these limitations, scalability issues, implementing in real-time, and integration of multiple

data sources from diverse microgrid operational scenarios will be explored for future studies.
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Chapter 5

Smart Predictive Maintenance for

Microgrid DER: A Data-Centric

Framework

5.1 Introduction

The necessity of developing sophisticated frameworks is getting indispensable with the rising complex-

ity of microgrid systems for advanced and resilient maintenance ensuring reliable system operations.

To enhance the operational efficiency and reliability of different energy sources in complex micro-

grids, advanced predictive maintenance frameworks are becoming essential for mitigating downtime

and improving system resilience. The integration of intelligent machine learning in microgrids enables

advanced performance analysis, early detection of malfunctions, triggering performance alerts by con-

tinuous monitoring if any sudden fall in power generations allowing advanced maintenance and reliable

operation, upgrading predictive maintenance competence and sustainable resolution. To enhance the

operational efficiency and system reliability of microgrids, advanced analysis of system performance

and prompting maintenance alerts if any system malfunction or sudden drop in power generations

from different energy sources are getting essential for enhancing the predictive maintenance capa-

bilities. An intelligent hybrid ML-based predictive maintenance framework has been introduced in

this work uniquely tailored on a real world complex microgrid scenario through advanced analysis

of power signals, classifying the operational states within priority based maintenance events, analyz-

ing the power degradation pattern and remaining future capacity from different energy sources. The

developed framework has been implemented on a public dataset of complex microgrid network and

achieved significant accuracy in terms of predicting maintenance needs within different energy sources.

This study is expected to establish a benchmark in advanced predictive maintenance of microgrids for

future research and assist the stakeholders in enhancing the operational reliability, energy resilience,

and long-term sustainability.
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5.2 Background and Contribution

The emerging global demand for energy, in combination with the need for sustainable development,

has underlined the significant role of microgrids in the context of revolutionizing the global energy

sector. The global demand for energy is expected to rise 50% by 2050 and to mitigate this demand,

the integration of RES is required to be extended by 12% per year. In this context, microgrids

are reshaping the conventional centralized grid paradigm by offering a transformative solution for

integrating RES to achieve localized energy independence. The outstanding capabilities of microgrids,

such as operating in conjunction with the main grid or autonomously, enable flexibility and resilience

in energy distribution that can improve the reliability and accessibility of energy specifically in remote

and under-served areas [188].

The coupling of diverse RES into microgrids fosters a global sustainable and clean energy landscape

through promoting grid resiliency, decreasing environmental degradation, and improving energy ef-

ficiency. All these viable features of microgrids resonate closely with the Sustainable Development

Goals (SDGs) [213] of the United Nations, specifically Goal 7 that supports the affordable, sustain-

able and clean modern energy ecosystem, Goal 9 that fosters the building of a resilient system that

promotes sustainability for industries and Goal 13 that underscores climate action. Despite enormous

potentials, it still remains a challenge to ensure the efficiency and reliability within microgrid network,

particularly because of the complex, dynamic interactions within diverse components of microgrids.

Fig. 5.1 illustrates the architecture of a complex industrial microgrid network composed of photo-

voltaic systems (PVS), fuel cells (FC), and gas-powered generator (GPG) as the DERs, ESS and some

loads.

The complexity is rising with the rapid integration of diverse DER into the microgrid network. Pre-

dictive maintenance can perform an outstanding role to address these challenges, which enables the

continuous advanced monitoring of diverse DER of microgrids through key performance matrices, for

example by analyzing active power signals of the microgrid DER, classifying their operational states

and analyzing power degradation pattern for the upcoming years. This can ensure proactive mainte-

nance ahead of any unexpected failure, to stop any sudden disruption of energy into the network.

Energy management [214] and economic aspects [7] of microgrids are focused mainly in most of the

current studies. Besides, a few studies have been conducted on fault detection. Research conducted in

[197] focused the identification of feeder faults for dc microgrids by integrating multi-class AdaBoost

algorithm with morphological analysis based classification method. Besides, multi-layer perceptron

neural network model has been implemented in [207] for classifying dc arc faults in microgrid network

where the method achieved 93.3% testing accuracy. Advanced deep learning based algorithms and

their comparative performance analysis have been conducted in [215] for the identification of inverter

faults in dc microgrids. A protection technique has been proposed in [176] by using features like current

magnitudes, voltage sags and active power flow direction for low-voltage ac microgrids. Implementing

on MATLAB/Simulink platform, the model showed better performance for balanced conditions in

detecting low-impedance faults. Besides, dynamic threshold integrated advanced hybrid deep learning

based algorithm has been developed in [216] for detecting the microgrid inverter faults and generating
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Figure 5.1: Microgrid System with diverse DER.

performance alerts. The algorithm had been implemented on a complex microgrid database in Python-

3.10 with different exogenous factors and achieved 99.2% accuracy.

Another research [208] based on harmonic distortion measurements investigated the protection prob-

lems of LV microgrid focusing on point of common coupling, line faults, and distributed generation.

The simulations were performed using the microgrid test systems on PSCAD/EMTDC platform. In

addition, further investigation was carried on microgrid protection in [178] which was implemented

on islanded microgrid scenario in PSCAD/EMTDC by integrating short-circuit faults. Based on the

relay ground current and inductor voltage, another research was conducted utilizing similar platform

in [177] to detect high and low resistance dc faults on LV microgrid system. An ML-based study has

been conducted in [78] that investigated microgrid protection issues by integrating decision tree and

wavelet transform methods to identify and classify faults. The developed algorithm was implemented

on a data set consisting of 3860 samples, and the decision tree-based method was reported capable

of identifying faults with an overall accuracy of 97%. Another ML-based technique integrating with

wavelet transform has been investigated for microgrid fault detection in [209]. An overall accuracy of

97.76% was found for classification using testing cases.

Moreover, research has been conducted on different scheduling issues for microgrid DER in [31].

Several studies have been performed on different DER like PVS, FC, and GPG separately on various
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aspects. For example, extensive studies [217], [218], [219], [220] have been conducted on the fault

detection of PVS using different factors such as temperature, irradiance, voltage deviation, images.

Similarly, a wide range of research has been performed for analysing the degradation patterns of FC

from the electrochemical signals [221], [222], [223], [224], and GPG which is utilized as a backup power

source has been studied in [225], [226], [227], [228] to identify generator irregularities and robust state

estimation to enhance resilience.

Most existing studies only focus on the separate components of microgrids. There is a research gap

in the context of developing advanced predictive maintenance framework considering the dynamic

interaction of power flow within these diverse DER, classification of the operational states, and their

capacity degradation over time in a complex microgrid scenario. In addition, traditional techniques, for

example, rule-based and static threshold integrated deterministic methods are not capable of adapting

to the dynamic and complex nonlinear characteristics of microgrids under diverse DER and operating

states. Consequently, these traditional techniques have lower scalability, higher maintenance costs,

and less efficiency and reliability in terms of diverse DER integration. By adopting cutting-edge ML

algorithms in operation and maintenance applications of microgrids can amplify system reliability and

sustainability. Advanced ML frameworks facilitate [185] accurate forecasting and diagnostic of mal-

functions that can enable intelligent decision making for enhanced predictive maintenance frameworks

to ensure operational reliability and prolonged DER performance within microgrid network.

Achieving reliability and sustainability in microgrid operations demands the development of advanced

scalable ML-based predictive maintenance frameworks which can enhance operational efficiency while

reducing the downtime and maintenance costs. Notwithstanding the widespread application of ML-

based techniques for the predictive analytics and maintenance in different sectors like healthcare [229],

[230], agriculture [231], transportation [232], construction [200], telecommunications [233], aerospace

[234], mining [235], water treatment plants [236] and manufacturing [237], their advanced implemen-

tation for the continuous monitoring-based predictive maintenance framework of complex microgrid

systems with diverse DER remains unexplored. From the present literature, there is a research gap in

addressing the advanced predictive maintenance of microgrids through classifying dynamic operational

states and analysing the capacity degradation by continuously monitoring active power signals from

diverse microgrid DERs simultaneously. This gap underscores the demand for an advanced framework

that can analyse the dynamic intricacies among diverse subsystems with actionable scheduling alerts

and power capacity degradation modeling to improve the predictive maintenance capabilities in a

complex microgrid scenario.

Existing studies focus on basic time-series forecasting or anomaly detection for microgrid compo-

nents separately, lacking the classification of dynamic operational states of DERs, real-time actionable

scheduling alerts and capacity degradation modeling of each DER simultaneously. The novelty of this

work lies in addressing these knowledge gaps and implementing on a practical setup of a complex,

industrial microgrid system. The major research contributions and technical novelties of this chapter

are five-fold by the following key points:

■ Integrated Dynamic Classification and Degradation Forecast: Proposed framework
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uniquely integrates the real-time classification of dynamic operational states of complex DERs

with long-term capacity degradation-aware forecasting from the power signals of PVS, FC, and

GPG within the microgrid network which can enable short-term performance alerting with

monthly scheduling and long-term capacity planning simultaneously. The developed novel

power-aware adaptive kernel-based classifier is capable of classifying the subtle intricacies of

dynamic and interactive DER power signals and generating maintenance alerts.

■ Intelligent Hybrid Capacity Degradation Algorithm: This study introduces an intelligent

hybrid degradation model, capable of simulating real-world physical degradation patterns by

stochastic modeling of the DER active power signals through Wiener process and developing an

advanced GRU architecture simultaneously for capturing the nonlinear temporal dependencies

from the degradation process. This advanced hybrid model enables practical long-term forecasts

of microgrid DER power capacity degradation process.

■ Multi-Level Maintenance States with Actionable Scheduling: Based on the dynamic

active power signals of each DER, a four-level classification of the operational states: normal,

careful, serious, and emergency have been defined in the proposed framework, instead of just

binary health status. This nuanced stratification can allow more granular insights in more

informed decision making for proactive maintenance. Moreover, this intelligent framework in-

troduces actionable schedule planning based on the multi-level maintenance alerts on a monthly

window from the real power signals of each DER which bridges the gap between practical sched-

ule planning and operational forecasting-only based methods.

■ Enhancing Operational Interpretability: Proposed smart predictive maintenance approach

integrates data-driven intelligent threshold engineering across the PVS, FC, and GPG power

signals with sophisticated visualization framework. The classification thresholds have been engi-

neered empirically in the algorithm based on the real signal distribution and domain constraints

of each DER. Capacity degradation forecasts, maintenance alerts and scheduling have been visu-

alized in monthly summary heatmaps with time-aligned, severity-colored alert plots to enhance

practical reliability and operational interpretability.

■ Extensive Validation with Industrial microgrid Public Dataset: An extensive validation

has been performed for the developed predictive maintenance framework on a publicly available

“Mesa del Sol” microgrid [238] incorporating PVS, FC and GPG as DERs. This work can be

an excellent starting point to explore and develop advanced microgrid predictive maintenance

frameworks for academia and industries.

This chapter explores the multifaceted contributions of developing advanced predictive maintenance

frameworks for microgrid industries to addressing the energy crisis of the modern world. This study

offers close alignment with the UN’s SDGs by promoting affordable modern energy and sustainable

infrastructure for upgrading the efficiency and resilience of the power industries. In addition, it

underlines the importance of developing intelligent predictive maintenance frameworks coupled with

advanced hybrid ML algorithms to improve the operational efficiency, reliability, and resilience of
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microgrids to build more sustainable energy landscape which can have notable implications for policy

makers, academia and industries.

Section 5.2 describes the background and contributions of this chapter. Section 5.3 formulates the

problem statement of this study. Methodology of the proposed work has been described in Section

Section 5.4. Section 5.5 presents the results and discussion of the proposed predictive maintenance

framework. Finally, this work has been concluded in Section 5.6 with remarks.

5.3 Problem Formulation

Microgrids play a significant role in the paradigm shift of the modern energy landscape by integrat-

ing diverse DER such as FC, GPG, and PVS. These systems illustrate their outstanding ability to

contribute to local energy autonomy as well as improve sustainability and energy resilience through mi-

crogrid networks. Nevertheless, maintaining the ultimate reliability of these systems amidst complex

and dynamic operational conditions in microgrids demands advanced and robust predictive mainte-

nance frameworks. This research work aims to enhance microgrid performance and reliability by using

historical data from a public dataset of a complex microgrid setup, to classify the complex DER op-

erational states in their dynamic interactions and analyze the DER capacity degradation over time to

address the maintenance needs preemptively.

5.3.1 Power Models of Microgrid DER

Assuming that the power outputs of the Microgrid DERs (in kW) at time t, for PVS, fuel cell, and

GPG have been denoted by PPVS(t), PFC(t), and PGPG(t), respectively. These time-dependent active

power signals are mainly subjected to different operational and physical characteristics of the system.

Let the efficiency of PVS be ηPVS, surface area (m²) of the PVS panels be SPVS, Solar irradiance

(W/m²) be I(t) at time t, and the corresponding system losses like shading or wiring losses are denoted

by PPVS loss. The power generated from the PVS can be represented by the following equation:

PPVS(t) = ηPVS · I(t) · SPVS − PPVS loss (5.1)

Let the FC efficiency be ηFC, the hydrogen reactive enthalpy (J/mol) be ∆HFC, hydrogen flow rate

(mol/s) be ṅH2(t), and the corresponding system losses like electrical and thermal losses are represented

by PFC loss. The power generated from the FC can be represented by the following equation:

PFC(t) = ηFC ·∆HFC · ṅH2(t)− PFC loss (5.2)

Let the GPG efficiency be ηGPG which (0 ≤ ηGPG ≤ 1) indicates the chemical to electrical energy

conversion rate, CVgas be the calorific volume (J/kg) of natural gas that denotes the released quantity

of energy during combustion of per unit gaseous mass, Ṁgas(t) be the gaseous mass flow rate (kg/s)
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at time t, then the produced power can be denoted by the following equation:

PGPG(t) = ηGPG · Ṁgas(t) · CVgas (5.3)

If the gaseous mass flow rate is represented in the context of gaseous density (ρgas) and volumetric

(V̇gas(t)) flow rate, then:

Ṁgas(t) = V̇gas(t) · ρgas (5.4)

Considering the corresponding total losses such as electrical, thermal losses, and mechanical losses of

generator for friction, the actual power generated from the GPG can be represented by the following

equation:

PGPG(t) = ηGPG · V̇gas(t) · ρgas · CVgas − PGPG loss (5.5)

5.3.2 Feature Engineering

For enhancing the accuracy of the classification and capacity degradation algorithms, feature engineer-

ing is a crucial tool which can tailor the overall predictive maintenance framework by extracting the

most significant patterns from the raw signals of the complex microgrid DER. Different time-domain

measures have been implemented in this work for this purpose. For statistical attributes such as mean,

standard deviation and variance, the following equations have been implemented respectively with a

sliding window (w) on the power signals for analyzing the power deviations:


µPPVS(t) =

1
wPV S

∑wPV S
i=1 PPVS(t− i)

µPFC(t) =
1

wFC

∑wFC
i=1 PFC(t− i)

µPGPG(t) =
1

wGPG

∑wGPG
i=1 PGPG(t− i)

(5.6)


σPPVS(t) =

√
1

wPV S

∑wPV S
i=1 (PPVS(t− i)− µPPVS(t))

2

σPFC(t) =
√

1
wFC

∑wFC
i=1 (PFC(t− i)− µPFC(t))

2

σPGPG(t) =
√

1
wGPG

∑wGPG
i=1 (PGPG(t− i)− µPGPG(t))2

(5.7)


Var(PPVS(t)) = σ2

PPVS(t)

Var(PFC(t)) = σ2
PFC(t)

Var(PGPG(t)) = σ2
PGPG(t)

(5.8)

For understanding the trend of the power signals, the rate of change per time step t, and cumulative

power have been investigated by the following equations respectively:
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
∆PPVS = PPVS(t)− PPVS(t− 1)

∆PFC = PFC(t)− PFC(t− 1)

∆PGPG = PGPG(t)− PGPG(t− 1)

(5.9)


C(PPVS(t)) =

∑t
i=1 PPVS(i)

C(PFC(t)) =
∑t

i=1 PFC(i)

C(PGPG(t)) =
∑t

i=1 PGPG(i)

(5.10)

The power dynamics has been investigated on the basis of the trends of the signals for detecting

the periodic fluctuations and transient behaviors. The power deviations have been investigated then

following the equation:


δP (PVS) =

PPVS(t)−Pnominal, PVS

Pnominal, PVS

δP (FC) =
PFC(t)−Pnominal, FC

Pnominal, FC

δP (GPG) =
PGPG(t)−Pnominal, GPG

Pnominal, GPG

(5.11)

5.3.3 Classification of Operational States

The powers from the PVS, FC, and GPG systems PPVS(t), PFC(t), PGPG(t) are analysed to classify

the operational states OS(t) of the DER based on the advanced engineered features Y:

OS(t) = f(Y(t), α) (5.12)

Here, at time step t, the feature vector Y(t) is represented by the following equation:

Y(t) =


[µPPVS(t), σPPVS(t),Var(PPVS(t)), δPPVS(t),C(PPVS(t))]

[µPFC(t), σPFC(t),Var(PFC(t)), δPFC(t),C(PFC(t))]

[µPGPG(t), σPGPG(t),Var(PGPG(t)), δPGPG(t),C(PGPG(t))]

(5.13)

5.3.4 DER Capacity Degradation Analysis

A novel hybrid algorithm by integrating stochastic Wiener degradation process with advanced GRU

architecture has been implemented in this work. After extracting the temporal patterns from the

stochastic degradation process of the DER power signals, the degradation process has been modeled

by the hybrid algorithm where P̂w
PVS(t+1), P̂w

FC(t+1), and P̂w
GPG(t+1) are the capacity degradation

of PVS, FC, and GPG respectively for the upcoming 5 years. The yearly power degradation (kW ) of

each DER is calculated and then annual capacity loss is computed according to the following equation:
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Figure 5.2: Proposed Smart Intelligent Predictive Maintenance Framework.

PDER
y (%) =

(
P̂y−1 − P̂y
P̂y−1

)
× 100 (5.14)

5.4 Methodology

This study introduces an intelligent predictive maintenance framework which facilitates advanced

predictive insights for complex microgrid operations with a robust classification model implemented

on a dynamic, real-world microgrid scenario for classifying the DER operational states. Besides, the

work also focuses on developing an advanced forecasting algorithm for analyzing the future power

degradation pattern and capacity loss of the microgrid DER in advance for proactive maintenance

to improve the operational efficacy and reliability of the system. An overview of the utilized public

dataset for this research work, advanced data analysis technique integrating different analytics for

data preparation and identification of most significant features, and the proposed advanced predictive

maintenance framework have been presented in this section for the proactive maintenance of a dynamic,

real-world microgrid scenario. Figure 5.2 shows the step by step processes of the proposed advanced

microgrid predictive maintenance framework.
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5.4.1 Data set

In this study, a public dataset [238] has been implemented that incorporates a dynamic real-world

microgrid scenario. The microgrid consists of PVS (50kW ), FC (80kW ), and GPG (240kW ) as the

DER. Different data on power, voltage, temperature and frequency had been collected from May 2022

for 15 months until July 2023. In this data set, dynamic operational scenarios that reflect diverse

real-world challenges have been incorporated.

The active power values of the DER—specifically PVS, FC, and GPG were found negative at certain

time intervals during pre-processing. In order to ensure consistency and relevance for microgrid pre-

dictive maintenance analysis, these negative values had been clipped to zero, considering the DER

were not able to produce active powers into the microgrid network. This approach helps to identify if

the developed framework is capable of classifying those true zero-generation events accurately to check

if that aligns with the real-world operational perspective that zero power output from a generation

source constitutes an emergency state issuing an immediate maintenance alert, thereby upgrading the

algorithm’s sensitivity to potential failures and system down-times.

Python 3.10 programming language was implemented for this study. Different libraries and frameworks

such as TensorFlow, scikit-learn, Matplotlib, Keras, Pandas and NumPy were utilized which enabled

different parts of the framework such as data cleaning, visualization and processing, statistical analysis,

model designing and implementation for the microgrid predictive maintenance framework.

5.4.2 Advanced Data Analysis

The performance of the implemented algorithms can be impacted significantly by the extreme outliers

through affecting the statistical analytics of the algorithm notably. For handling the extreme outliers

of the microgrid dataset, an interquartile range technique [239] (IQRT) has been deployed in this

study. This IQRT is capable of designing more robust base for the advanced data analytics.

The implemented IQRT in this work can be expressed as the range between two quartiles i.e. the first

P1 and the third P3 quartiles of the microgrid data distribution as follows:

IQRT = P3 − P1 (5.15)

Here, P1 and P3 indicate the 25th and the 75th percentiles of the microgrid data, respectively. Con-

sidering the utilized dataset Y having i features and j observations. Here, Ymn indicates the m-th

observation from the n-th feature. The quartiles have been calculated for every feature fn as follows:

P1(fn) = Quantile(fn, 0.25) (5.16)

P3(fn) = Quantile(fn, 0.75) (5.17)

Here, Quantile(fn, p) denotes the point below which a fraction p of the microgrid data in feature fn
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lies. The IQRT of each feature fn is enumerated by:

IQRT(fn) = P3(fn)− P1(fn) (5.18)

For each feature fn, the lower and upper bounds have been calculated for mitigating the extreme

outliers from the microgrid data by the following equation:

Bl(fn) = P1(fn)− 1.5× IQRT(fn) (5.19)

Bu(fn) = P3(fn) + 1.5× IQRT(fn) (5.20)

From every observation Ymn, in case of any value lying outside these bounds, it gets replaced by the

median value M(fn) of the corresponding feature as follows:

Ymn =

M(fn), ifYmn < Bl(fn) orYmn > Bu(fn)

Ymn, else
(5.21)

The implemented IQRT has proven to be a powerful tool for the advanced high-dimensional data

analysis in this work. The integrity of the complex microgrid data distribution has been preserved by

handling the extreme outliers of the data set that could degrade the model performance by distorting

the statistical measures.

The microgrid data set contains 18 features that consist of numerous information regarding different

attributes. Consequently, it is crucial to identify the most relevant and important features to improve

the PdM performance within the system and to reduce the training complexity. In this study a

nonparametric-based advanced measure has been implemented to classify the correlation of highly

nonlinear attributes of the microgrid dataset.

The correlation coefficient ρK,L between two attributes K and L has been enumerated through the

following monotonic function where m indicates the observation number and for each i-th observation,

the difference in the ranks between K and L has been denoted by di :

ρK,L = 1−
6
∑m

i=1 d
2
i

m(m2 − 1)
(5.22)

The correlation matrix M of the dataset Y having n features can be enumerated as an n× n matrix

by the following equation:

M =


1 ρ12 · · · ρ1n

ρ21 1 · · · ρ2n
...

...
. . .

...

ρn1 ρn2 · · · 1

 (5.23)

After that feature pair analysis has been conducted for determining the key features for this predictive
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Figure 5.3: Feature Selection using Mean Absolute Spearman Correlation.

maintenance framework. The features having |ρ| value greater than ϵ were considered to be redundant

where ϵ is the algorithm threshold. For this analysis, the set of all features from the microgrid dataset

has been defined as: F = {f1, f2, . . . , fn}. Here, the setR consisting redundant features was calculated

using the following equation:

R = {(fm, fn) | |ρmn > ϵ} (5.24)

Based on the absolute differences enumerated from the Spearman correlation method, the redundant

features are omitted and the key features for this study have been selected as can be seen from the

Figure 5.3. The set of key features is A. The importance for each feature fj from the microgrid

dataset has been defined by the following equation:

I(fm) =
1

|A|
∑
fn∈A

|ρmn − ρ̄| (5.25)

Here, the mean of the correlation coefficient of key features is represented by ρ̄ such that:

ρ̄ =
1

|A|2
∑
fm∈A

∑
fn∈A

ρmn (5.26)

5.4.3 Classification States

The data from the PVS, FC, and GPG systems are implemented here for modeling the classifi-

cation states. After the advanced feature engineering step, the feature vector X(t) at time step

t is implemented to classify the operational states OS(t) of the microgrid DER. Here, OS(t) ∈
{Normal,Careful,Serious,Emergency}. The operational states have been determined by the following

equation where PDER(t) indicates the power, T
N
th, T

C
th, and T S

th are the dynamic state thresholds of the
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specific DER respectively.

OS(t) =



Normal State, if PDER(t) ≥ TN
th

Careful State, if TN
th > PDER(t) ≥ TC

th

Serious State, if TC
th > PDER(t) ≥ T S

th

Emergency State, if PDER(t) < T S
th

(5.27)

An adaptive power-aware decision function capable of dynamically tuning the decision boundaries

in terms of power variations is designed for the classification model. In lieu of a static kernel, this

power-aware adaptive kernel function can adjust dynamically with power fluctuations which has been

implemented according to the Equation 5.30. This adaptive classification model determines the oper-

ational states of microgrid DER based on advanced feature-engineered power vectors.

K(Ym,Yn) = exp

(
−ζ ∥Ym −Yn∥2

σ2
PDER

+ γ

)
(5.28)

Here, ζ denotes the adaptability parameter of the kernel function, stability is ensured by σ2
PDER

under

power fluctuations, and division errors are prevented by γ in the case of near-zero variability. This

adaptive decision boundary adjusts dynamically according to the following power-aware function:

Lm

(
w · f(Y∗

m) + bs
)
≥ 1− θm (5.29)

Here, Lm indicates the classification label for every m-th sample of the DER power signal. The orien-

tation of the decision boundary is represented by the weight vector (w). The nonlinear transformation

operation is performed by f(Y∗
m) for the robust classification accuracy, where the feature vector has

been mapped (Y∗
m) into a higher-dimensional space. The decision score for classifying every m-th

sample is enumerated through the dot product w · f(Y∗
m). For improving the classification accuracy,

the decision boundary is optimized by the bias operator (bs). In this proposed adaptive classification

algorithm, instead of fixed margin of 1 used in conventional classification method, an adaptive mar-

gin (1 − θm) has been implemented where the power deviation-based decision challenges have been

addressed by the following equation:

θm = τe−κ|δP | (5.30)

Here, flexibility operator for the decision boundary and sensitivity operator for the power deviations

are τ and κ respectively. The relative deviation is calculated through |δP | with respect to the nominal

power of each DER. Algorithm 5.1 shows the step by step procedure of the proposed adaptive power-

aware Kernel-based approach.
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5.4.4 DER Power Degradation Analysis

For analyzing the microgrid DER power degradation over time and the capacity losses in the upcoming

years, a hybrid approach incorporating Wiener degradation model with advanced GRU architecture

has been presented in this study. The Wiener process in this hybrid approach implements stochastic

degradation pattern for capturing the active power losses from the microgrid DER. The degradation

trends have been enumerated through tailoring the variability and drift components in the algorithm.

The advanced GRU layer of this hybrid model is implemented to capture the complex temporal

patterns from the power signals and forecast the gradual degradation rate in the upcoming years to

predict the proactive maintenance needs in advance. Algorithm 5.2 explains the proposed intelligent

hybrid degradation process step by step.

Stochastic Degradation Pattern

This process aims in modeling the DER active power degradation pattern from the complex MG

database. Stochastic Wiener model has been implemented here to discern the degradation rate from

the active power signals of each DER according to the following equation:

Pw
DER(t) = PDER(0) + βtq + γWDER(t) (5.31)

Here, Pw
DER(t) indicates the degradation rate of the power signals for each DER at time step t, initial

power capacity of each DER is represented by PDER(0), the drift and variability coefficients for the

stochastic degradation model are β and γ which indicate the DER aging rate and degradation volatility,

respectively. WDER(t) denote the Brownian motion in the standard Wiener degradation process for

the DER. The model is non-linear when q ̸= 1. Different DER has varying aging depending on the

working conditions, built, and locations. The drift coefficient β has been randomized for characterizing

the variability in gradual DER performance degradation. The stochastic distribution for coefficient β

has been represented by the following equation where the randomness of the DER degradation pattern

is measured through the variance (σβ) and mean values (µβ) of the normal distribution:

β ∼ N (µβ , σ
2
β) (5.32)
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Algorithm 5.1: Adaptive Kernel-based Classification: DER Operational States.

Input: Y = {yt | t = 1, 2, . . . , (T − 1), T} - input sequence of DER power signals,
where yt ∈ {PPVS(t), PFC(t), PGPG(t)}

parameter: τ, κ→ kernel hyper-parameters, w → sliding window size,
OS(t) ∈ {Normal,Careful, Serious,Emergency} → DER operational
states, TN

th, T
C
th, and T S

th indicate the dynamic state thresholds
Output: Classification label Li of operational states OS(t) for each time step t.

/* Step 1: Feature Extraction */

1 foreach yt ∈ {PPVS(t), PFC(t), PGPG(t)} do
2 for t = w + 1 to T do
3 Compute all the equations from (6) to (11)
4 Form feature vector:

Y(t) =


[µPPVS(t), σPPVS(t),Var(PPVS(t)), δPPVS(t),C(PPVS(t))]

[µPFC(t), σPFC(t),Var(PFC(t)), δPFC(t),C(PFC(t))]

[µPGPG(t), σPGPG(t),Var(PGPG(t)), δPGPG(t),C(PGPG(t))]

5 end

6 end
/* Step 2: Operational states OS(t) Assignment */

7 foreach {PPVS(t), PFC(t), PGPG(t)} ∈ PDER(t) do
8

OS(t) =


Normal State, if PDER(t) ≥ TN

th

Careful State, if TN
th > PDER(t) ≥ TC

th

Serious State, if TC
th > PDER(t) ≥ T S

th

Emergency State, if PDER(t) < T S
th

9 end
/* Step 3: Adaptive Kernel Function */

10 foreach pair (Ym, Yn) do

11 Compute Euclidean distance: ∥Ym − Yn∥ =
√∑n

k=1(Ym,k − Yn,k)2

12 Implement adaptive kernel similarity function:

13 K(Ym,Yn) = exp

(
−ζ ∥Ym−Yn∥2

σ2
PDER

+γ

)
14 end

/* Step 4: Classification with Dynamic Decision Boundary */

15 foreach Y ∗
m do

16 Compute adaptive kernel margin: θm = τ · e−κ|δP |

17 Compute decision boundary function: Lm

(
w · f(Y∗

m) + bs
)
≥ 1− θm

18 if Lm = +1 then
// Classified normal state as decision boundary satisfied

19 else
// Classified other states according to OS(t)

20 end

21 end
22 return Classification labels (Lm) for all time steps (t = 1, 2, . . . , T )
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Algorithm 5.2: Intelligent Hybrid Algorithm to Analyze DER Degradation.

Input: Y = {yt | t = 1, 2, . . . , (T − 1), T} - input sequence of DER power signals,
where yt ∈ {PDER(t)}

parameter: β, γ, q → drift, variability, and model coefficients, w → sliding window
size, PDER(0)→ initial power capacity of each DER

Output: Yearly DER power and capacity degradation: ˆPw
DER(t+ 1), ∆P%

y

/* Step 1: Apply Stochastic Degradation Process */

1 foreach yt ∈ {PPVS(t), PFC(t), PGPG(t)} do
2 for t = 1 to T do
3 Measure Randomness: β ∼ N (µβ, σ

2
β)

4 Compute degradation of each DER by implementing Wiener process:

Pw
DER(t) = PDER(0) + βtq + γWDER(t)

5 end

6 end
/* Step 2: Model DER Degradation Sequences */

7 foreach PDER(t) do
8 Quantize Pw

DER(t) into sequences of length w
9 For each yt ∈ {Pw

DER(t)}:
10 Govern Update Gate: ut = σu(Gu · [ht−1, yt] + vu)
11 Govern Reset Gate: rt = σr(Gr · [ht−1, yt] + vr)

12 Compute Candidate State: h̃t = tanh(Gh · [rt · ht−1, yt] + vh)

13 Enumerate Latest Hidden State: ht = (1− ut) · ht−1 + ut · h̃t

14 Output: zt = σo(Go · ht + vo)

15 end
/* Step 3: Compile Advanced Hybrid Degradation Process */

16 for e = 1 to 50 do
17 Predict next-step power degradation for each batch of sequences:

ˆPw
DER(t+ 1) = σo(Go · ht + vo)

18 Minimize MSE loss: L = 1
N

∑N
t=1

(
ˆPw
DER(t+ 1)− Pw

DER(t+ 1)
)2

19 end
/* Step 4: Forecast DER Power Degradation and Capacity Loss */

20 for t = T + 1 to T + 5 ∗ 365 do
21 Generate power degradation forecasts for each DER

22 Enumerate yearly capacity loss (kW ): ∆Py = P̂y−1 − P̂y

23 Compute annual capacity degradation rate (%) for each DER:

∆P%
y =

(
∆Py

P̂y−1

)
× 100

24 end

25 return ˆPw
DER(t+ 1), and ∆P%

y per year for each DER
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Forecast DER Degradation with Advanced GRU Architecture

An advanced GRU architecture has been tailored into this hybrid approach for modeling the temporal

variations from the DER power signals followed by the stochastic Wiener process to better capture

the degraded temporal dependencies over time. Figure 5.4 depicts the mechanisms of the advanced

GRU architecture for analyzing and modeling the DER degradation pattern. In order to govern the

advanced layer operations, this architecture implements a number of parameters and equations that

have been presented as follows:

Figure 5.4: Advanced GRU layer for modeling microgrid DER power degradation pattern.

ut = σu(Gu · [ht−1, yt] + vu) (5.33)

rt = σr(Gr · [ht−1, yt] + vr) (5.34)

h̃t = tanh(Gh · [rt · ht−1, yt] + vh) (5.35)

ht = (1− ut) · ht−1 + ut · h̃t (5.36)

zt = σo(Go · ht + vo) (5.37)

Here, for each time stamp t, yt and zt represent the input and output feature vectors for the advanced

GRU layer. The update and reset gate operations, candidate and latest hidden states operations have

been indicated by ut, rt, and h̃t, ht, respectively; σ indicates the implemented sigmoid activation

function at the corresponding gates and output; The previous hidden state yielded from previous time

stamp (t−1) has been represented by ht−1; the concatenation between the vectors ht−1 and yt has been
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expressed through [ht−1, yt]; vu, vr, vh, vo represent the corresponding bias vectors and Gu, Gr, Gh, Go

indicate the implemented weight matrices at the update gate, reset gate, candidate hidden state and

the output, respectively for the advanced GRU operation of the MG DER data.

5.5 Results and Discussion

The evaluation and performance of the power-aware adaptive kernel function for classifying the DER

operational states, the training and validation of the intelligent hybrid degradation algorithm for ana-

lyzing the gradual degradation process from DER power signals and remaining capacity are presented

in this section.

5.5.1 Classification of DER Operational States

To evaluate the effectiveness of the proposed power-aware adaptive kernel-based algorithm in terms

of classifying the DER operational states, four standard metrics have been utilized for the evaluation

which are: accuracy, precision, recall, and F1-score. These evaluation metrics have been enumerated

in the context of confusion matrix that marks the counts between actual classes and predicted classes.

For the implemented multi-class classification among normal state, careful state, serious state, and

emergency state, these metrics have been enumerated per class and averaged into macro or weighted

average afterwards. Here, the positive instances which have been predicted correctly by the algorithm

are counted as true positives (TP), the negative instances which have been predicted correctly by the

algorithm are counted as true negatives (TN). Conversely, the positive and negative instances that

have been predicted incorrectly by the algorithm are counted as false positives (FP) and false negatives

(FN), respectively. The proportion of total correct predictions is denoted by accuracy. The overall

correctness is represented by it which has been computed for the proposed classifier by the following

equation:

Accuracy =
TP + TN

TP + TN + FP + FN
(5.38)

How many of the positive labels were predicted exactly by the classifier can be measured by precision.

The algorithm’s ability of not identifying a negative label as positive is reflected by precision. Besides,

how many of the actual positive instances were captured exactly by the classifier can be quantified by

recall or true positive rate. This is an essential metric in predictive maintenance applications as missing

an emergency maintenance can lead to significant penalty or system downtime. Another important

metric specifically in case of quantifying any imbalanced classification performance is F1-score which

can be computed by balancing both recall and precision by the following equations:

Precision =
TP

TP + FP
(5.39)
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Recall =
TP

TP + FN
(5.40)

F1-score =
2× Precision× Recall

Precision + Recall
(5.41)

Figure 5.5 depicts the classified operational states over time with maintenance alerts for the microgrid

DER operations where Fig. 5.5(a), (b), and (c) illustrate the classified operational states for PVS, FC,

and GPG over time respectively. The purple, orange, and red circles indicate the careful, serious, and

emergency operational states respectively of the microgrid DER for proactive decision making as can

be seen from the figure.

For enumerating the maintenance schedules of each DER based on the classified operational states, a

scheduling function has been implemented according to the following equation where s is the monthly

frequency for the alert states for each DER, the set for all time-steps in a particular month a is

represented by Mt, and I[·] represents the indicator function.

F (s)
DER(a) =

∑
i∈Mt

I [Lm(PDER(t)m(i)) = s] (5.42)

Figure 5.6 depicts the monthly DER maintenance scheduling based on the classified alert counts where

Fig. 5.6(a), (b), and (c) illustrate the monthly predictive maintenance scheduling with alert events for

PVS, FC, and GPG respectively. The purple, orange, and red colored bars indicate the careful, serious,

and emergency events based on the classified operational states respectively. The purple stacked bar

indicates early performance degradation signs, orange stacked bar identifies significant drop, and the

red stacked bar indicates critical failure.

5.5.2 DER Power Degradation Analysis

For analyzing the DER power degradation and predicting required maintenance over time by the

yearly capacity losses, a novel hybrid approach by coupling Wiener stochastic degradation process with

advanced GRU architecture has been implemented. Figure 5.7 illustrates the training and validation

step of the proposed advanced hybrid degradation architecture where a noteworthy minimization of

training and validation losses (close to 0) are noticeable for all DER after 50 epochs. The developed

advanced model is implemented then to forecast the DER power degradation process over next 5 years

following the equations:

ˆPw
DER(t+ 1) = σo(Go · ht + vo) (5.43)

L =
1

N

N∑
t=1

(
ˆPw
DER(t+ 1)− Pw

DER(t+ 1)
)2

(5.44)
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(a)

(b)

(c)

Figure 5.5: Classified Operational States with Maintenance Alerts: (a) PVS. (b) FC. (c) GPG.
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(a)

(b)

(c)

Figure 5.6: Monthly DER Maintenance Scheduling by Alert Counts: (a) PVS. (b) FC. (c)
GPG.
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Figure 5.7: Training and Validation of the advanced Hybrid Degradation Algorithm.

Figure 5.8 depicts the power degradation process of the microgrid DER for the upcoming 5 years

where Fig. 5.8(a), (b), and (c) illustrate the gradual yearly power capacity degradation of PVS, FC,

and GPG respectively. For enabling efficient predictive maintenance planning in advance, the annual

power losses (kW ) during operations and the percentage of capacity degradation for each of the DER

have been calculated using the following equations:

∆Py = P̂y−1 − P̂y (5.45)

P%
y =

(
∆Py
P̂y−1

)
× 100 (5.46)

5.5.3 Discussion

Table 5.1 illustrates the performance of the proposed predictive maintenance approach for microgrid

using the DER power signals. The scores of 0.99, 0.99, and 0.99 for accuracy; 1.00, 0.97, and 0.99

for precision; 0.96, 1.00, and 0.99 for recall; 0.98, 0.99, and 0.99 for F1-score for PVS, FC, and

GPG respectively indicate the excellent performance of the proposed method for enabling proactive

maintenance for complex industrial microgrid system with diverse DERs.

Figure 5.9 illustrates the percentage of annual power capacity degradation of microgrid DER for the

upcoming 5 years where Fig. 5.9(a), (b), and (c) depict the gradual decremental yearly remaining

capacity rate (%) for PVS, FC, and GPG respectively. A decremental remaining capacity of 98.48%

to 97.42% to 95.98% to 94.58% and finally to 93.20% for PVS, 98.01% to 94.69% to 91.62% to 87.98%
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(a)

(b)

(c)

Figure 5.8: Degradation Process of Microgrid DER: (a) PVS. (b) FC. (c) GPG. 107



(a)

(b)

(c)

Figure 5.9: Annual Capacity Degradation (%) of Microgrid DER: (a) PVS. (b) FC. (c) GPG.
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Table 5.1: Performance Evaluation of the Proposed PdM Framework for Diverse DERs.

DER Accuracy Precision Recall F1-Score

PVS 0.99 1.00 0.96 0.98

FC 0.99 0.97 1.00 0.99

GPG 0.99 0.99 0.99 0.99

and finally to 86.42% for FC, and 97.92% to 94.18% to 92.91% to 91.07% and finally to 89.28% for

GPG, respectively can be observed from the developed intelligent hybrid degradation approach.

The performance of the developed predictive maintenance technique has been compared with respect

to traditional popular ML methods like SVC and RF. Figure 5.10 depicts the relative performance

comparison of the proposed model with SVC and RF in terms of accuracy, precision, recall, and

F1-score where the ash, blue, and purple colored bars represent the performances of the SVC, RF,

and proposed model respectively. The overall scores of 92.8%, 95.7%, and 99.3% for accuracy; 87.5%,

92.7%, and 98.8% for precision; 87.5%, 94.5%, and 97.3% for recall; 87.5%, 93.4%, and 98.1% for

F1-score of the SVC, RF, and proposed technique respectively indicate the excellent performance of

the proposed method for enabling proactive maintenance for complex industrial microgrid system with

diverse DERs.

The developed predictive maintenance framework demonstrated excellent performances in terms of

Figure 5.10: Relative Performance Comparison of the Proposed Model for Diverse DERs.
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both classifying the complex DER operational states and analyzing the DER gradual degradation

pattern and remaining capacity. However, there could be some challenges if implemented to more

complex, diverse, and larger industrial microgrid setups. Handling the uncertainty and variability

in the power signals from diverse, complex DER is one of the major challenges. Besides, tackling

the scalability concern in the context of larger microgrid network and balancing the sensitivity and

robustness are crucial for minimizing the false positives and negatives which are very significant in

predictive maintenance applications.

5.6 Concluding Remarks

A novel hybrid ML-based framework has been developed in this study for addressing the critical re-

search problems of accurately classifying DER operational states with maintenance alerts and assessing

the annual capacity degradation for enhanced predictive maintenance capabilities of complex microgrid

scenario by coupling a power-aware adaptive kernel function with a hybrid Wiener-GRU degradation

algorithm. The overall accuracy of 99% demonstrates the excellent performance of the proposed frame-

work which can allow early identification of performance degradation, enabling proactive scheduling

for the maintenance actions which can ensure enhanced reliability, reduced maintenance costs, and

improved operational efficiency in complex microgrid networks. This can pave the way for a resilient,

sustainable and greener energy landscape. Despite the merits, there can be few challenges while

deploying this framework practically in more complex and larger microgrid setups. One of the key

challenges includes the handling of uncertainty and variability in the power generations from diverse

DER, which can impact the algorithm accuracy. Moreover, balancing the sensitivity and robustness

while maintenance alert classification is also significant to reduce the false positives and negatives.

The scalability in terms of larger and more complex microgrid setups having heterogeneous energy

sources with diverse, dynamic operational conditions needs further investigation. Moreover, real-time

deployment with IoT networks, addressing scalability and generalization concerns regarding large mi-

crogrids, implementing more advanced classification and forecasting hybrid ML algorithms can be

investigated in future research. By leveraging the outstanding potential of advanced ML approaches

through bridging the theoretical advancements with practical implementations can help achieve a re-

silient, sustainable and greener energy landscape in an era defined by both technological innovation

and environmental responsibility.
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Chapter 6

Conclusions and Recommendation for

Future Works

6.1 Conclusions

Advanced deep learning architectures and their correlative performances on identifying the faulty op-

erations of microgrid, intelligent hybrid DL algorithms and their excellent performances combined

with residual based dynamic threshold framework for microgrid predictive maintenance and a smart

predictive maintenance framework combining a novel power-aware adaptive kernel function for clas-

sifying the microgrid DER operational states, generating maintenance alerts based on priority and a

novel hybrid degradation algorithm for analyzing the degradation process from DER power signals

and calculating the remaining capacity for the upcoming years have been presented in this thesis.

Chapter 3 presents advanced DL frameworks for microgrid predictive maintenance by performing a

comprehensive correlative analysis of RNN, LSTM, and GRU for PV based dc microgrids. Results

demonstrate strong predictive capabilities of all, with the proposed advanced LSTM method out-

performing RNN, GRU, and the traditional techniques. The applicability of these DL methods is

promising, but still has challenges in terms of generalization through diverse microgrid scenarios for

an enhanced malfunction diagnosis to improve overall microgrid energy efficiency by minimizing down-

time. Besides, some limitations of this research consist of computational complexity, data dependency

as DL architectures highly depend on historical high-quality data and in the case of missing values

or inconsistencies in the data set the prediction accuracies can be affected, and some factor variabil-

ity as in this analysis some other factors such as SPV module aging, microgrid topology variations,

cloud cover variations were not considered, which can affect the performance of microgrid inverters

over time. Developing more advanced hybrid architectures considering these limitations, with more

enhanced interpretability and error reduction capabilities with IoT setups can be an excellent avenue

for real-time implications of diverse large-scale microgrid scenarios. This work can contribute to the

emerging technology for predictive maintenance of microgrids and provide significant insights into the

modeling and performance of RNN architectures for improving fault detection in microgrid systems.
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Chapter 4 introduces an intelligent data-driven hybrid fault detection framework for microgrid pre-

dictive maintenance utilizing an advanced HDL architecture, combined with advanced data analysis

and a residual-based dynamic threshold technique. An adaptive gradient technique is employed to

optimize the loss function of the proposed hybrid algorithm for microgrid predictive maintenance. The

results show significant accuracy in fault identification for predicting the maintenance needs within

MGs. This research offers valuable insights for designing and enhancing hybrid algorithms for fault

detection in microgrid systems, contributing to advancements in predictive maintenance technology

and promoting a resilient and cost-effective operation of MGs. There are some challenges despite

the success of this work. One of the crucial challenges that might impact the performance and gen-

eralization capability of the algorithm involves the complexity of model design and hyperparameter

tuning. Integrating more data from other factors, such as variations in microgrid topology, module

aging, load profiles, cloud cover, and energy sources, can further enhance the generalizability of the

algorithm. Moreover, substantial computational resources might be required for practical implications

in terms of complex, large-scale microgrids for algorithm training and inference. These findings can

have noteworthy implications to enhance the efficiency and resilience in microgrid systems, thereby

evolving the renewable energy technologies in power sector and contributing to the sustainable and

greener energy landscape.

Chapter 5 proposes a smart predictive maintenance framework for addressing the critical research

problems of accurately classifying DER operational states with maintenance alerts and assessing the

annual capacity degradation for enhanced predictive maintenance capabilities of complex industrial

microgrid scenario by coupling a novel power-aware adaptive kernel function with a hybrid Wiener-

GRU degradation algorithm. The overall accuracy of 99% demonstrates the excellent performance

of the proposed framework which can allow early identification of performance degradation, enabling

proactive scheduling for the maintenance actions which can ensure enhanced reliability, reduced main-

tenance costs, and improved operational efficiency in complex microgrid networks. Despite the merits,

there can be few challenges while deploying this framework practically in more complex and larger

microgrid setups. One of the key challenges includes the handling of uncertainty and variability in the

power generations from diverse DER, which can impact the algorithm accuracy. Moreover, balancing

the sensitivity and robustness while maintenance alert classification is also significant to reduce the

false positives and negatives which are crucial in predictive maintenance applications.

In summary:

• This thesis provides a comprehensive review of the state-of-the-art machine learning techniques

that could be used for microgrid predictive maintenance and highlights the gaps and challenges

that need to be addressed.

• This study introduces advanced RNN-based frameworks and their correlative performance anal-

ysis in the context of microgrid inverter fault detection.

• An adaptive threshold-integrated anomaly detection procedure has been implemented with the

developed advanced DL architectures. Based on the statistical properties of the prediction errors

of the deployed DL architectures, the threshold level gets adjusted by the proposed technique.
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Consequently, the sensitivity to anomalies of those models gets enhanced, which enables an

efficient detection of deviations from the microgrid inverter power signals.

• A correlative study among these advanced RNN-based DL architectures has been presented.

For capturing the temporal dependencies as well as patterns in the inverter data-points, each of

the advanced DL architecture has been leveraged, providing a comprehensive evaluation of the

performances of the implemented and conventional approaches in terms of identifying anomalies

from microgrid inverter data.

• Development of an advanced multi-parameter-based data analysis technique integrating domain-

specific features for the proposed HDL framework. This technique is vital for uncovering un-

derlying patterns, identifying external factors, and detecting potential issues that may hinder

microgrid operations. The developed data analysis technique establishes a strong foundation

for model training, which can enhance the accuracy and interpretability of the predictive main-

tenance framework for microgrid inverters, ultimately improving predictive maintenance capa-

bilities within the microgrid network.

• Design and integration of an intelligent HDL architecture to capture the dynamic and complex

patterns within the ac power signals of microgrid inverters with respect to exogenous factors.

Additionally, the mean absolute error loss function of the proposed hybrid algorithm has been

optimized to improve the adaptability of the model.

• Deployment of a residual-based dynamic threshold technique within the algorithm. Traditional

approaches often struggle to adapt to the complexity and dynamics of microgrid inverters,

which can lead to delayed responses and false alarms in the presence of critical, fluctuating data

points. Proposed technique enhances predictive maintenance capabilities by dynamically adjust-

ing threshold points with respect to deviating external factors. This increases the responsiveness

of the HDL framework to subtle deviations under varying operational conditions, enabling it to

more effectively distinguish between potentially critical anomalies and normal variations during

the microgrid operations.

• Development of a predictive maintenance framework uniquely integrating the real-time clas-

sification of dynamic operational states of DERs with long-term capacity degradation-aware

forecasting from the power signals of PVS, FC, and GPG within the microgrid network which

can enable short-term performance alerting with monthly scheduling and long-term capacity

planning simultaneously.

• This study introduces an intelligent hybrid degradation model, capable of simulating real-world

physical degradation patterns by stochastic modeling of the DER active power signals through

Wiener process and developing an advanced GRU architecture simultaneously for capturing the

nonlinear temporal dependencies from the degradation process. This advanced hybrid model

can enable practical long-term forecasts of power capacity degradation process of microgrid

DERs.

• Based on the dynamic active power signals of each DER, a four-level classification of the op-

erational states: normal, careful, serious, and emergency have been defined in the proposed
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framework, instead of just binary health status. This nuanced stratification can allow more

granular insights in more informed decision making for proactive maintenance.

• An extensive validation has been performed for the developed predictive maintenance framework

on a publicly available “Mesa del Sol” microgrid incorporating PVS, FC and GPG as DERs.

In future, studies can continue to explore and contribute to developing more advanced algorithms for

microgrid predictive maintenance applications for academia and industries. This study is expected to

establish a benchmark in advanced predictive maintenance of microgrids for future research and assist

the stakeholders in enhancing the operational reliability, energy resilience, and long-term sustainability.

6.2 Recommendation for Future Works

The future of implementing advanced ML-based techniques on microgrid predictive maintenance is

promising, as these technologies have the potential to significantly improve the efficiency and relia-

bility of microgrids. Some key recommendations for implementing ML-based techniques in microgrid

predictive maintenance have been made in this section as follows:

■ Accuracy improvement: One of the future contributions through implementing ML based

predictive maintenance in microgrids can be improving the accuracy. Traditional predictive

maintenance methods [240], [241] rely on rule-based algorithms and heuristics, which can be

prone to errors and may not be able to adapt to changing conditions. ML algorithms can

analyze large amounts of data and learn from it, allowing for more accurate predictions of

equipment failure. This can be done by using supervised and unsupervised learning algorithms

that can be trained on historical data to predict the probability of equipment failure. Some of

the popular algorithms that can be used include Random Forest [242], LSTM [243], Gradient

Boosting [244] and Neural Networks [245].

■ Diagnosing faults in real-time: Another way of contributing to the ML based predictive

maintenance application for microgrids could be through detecting and diagnosing faults in real-

time. By analyzing sensor data in real-time, ML algorithms can detect patterns that indicate a

potential fault, allowing for proactive maintenance and reducing the likelihood of power outages.

One way to detect and diagnose faults in real-time is by using anomaly detection algorithms

[246]. These algorithms can detect deviation from normal operation and identify potential

faults. Some of the popular algorithms that can be used include K-means [247], Gaussian

Mixture Model [248], and One-class SVM [249]. K-means algorithm can be used to cluster the

sensor data based on the similarity of data points, which can be used to identify abnormal data

points that may indicate a potential fault. Gaussian Mixture Model can be used to model the

distribution of sensor data, and detect data points that deviate from the normal distribution,

which may possess the likelihood of a probable failure. One-class SVM can be used to separate

normal data points from abnormal data points, which may possess a potential fault.
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Another way to detect and diagnose faults in real-time is by using deep learning algorithms.

These algorithms can be trained on large amounts of sensor data to identify patterns that

indicate the likelihood of a probable failure. Some popular deep learning algorithms that can be

used include Convolutional Neural Networks [44] and Recurrent Neural Networks [250]. CNNs

can be used to analyze sensor data from images and identify patterns that indicate a potential

fault. RNNs can be used to analyze sensor data from time series and identify patterns that

indicate the likelihood of a probable failure.

■ Optimizing the scheduling of maintenance activities: Another future research in this

sector could be through implementing ML algorithms capable of optimizing the scheduling of

maintenance activities. By analyzing historical data and sensor data, ML algorithms can predict

when equipment is likely to fail, allowing for the scheduling of maintenance activities at the most

optimal time. This can help to minimize the impact of maintenance on the operation of the

microgrid and reduce the possibility of power outages. This can be done by using optimization

algorithms that can schedule maintenance activities based on the predicted failure probability

and the availability of resources. Some of the popular algorithms that can be used include

Genetic Algorithm [251], Particle Swarm Optimization [252] and Cuckoo search algorithm [253],

[254].

■ Predicting system-wide failure: ML techniques can also be implemented for the prediction

of system-wide failure in microgrid. By analyzing sensor data from multiple equipment and

system level data, ML algorithms can predict potential failure scenarios that could lead to

system-wide blackouts. This can be implemented by using algorithms that can analyze sensor

data and predict the likelihood of system-wide failure. Some of the popular algorithms that can

be used include Bayesian Network [255], Markov Chain [256], and Hidden Markov Model [257].

■ Integrating IoT devices: Integrating Internet of Things (IoT) devices in microgrids is another

important research scope where ML-based techniques can be applied in predictive maintenance.

IoT devices, such as sensors and actuators, can provide a wide range of data on the operation

of equipment in the microgrid. This data can be used to train ML models for predicting when

equipment or any sub-system is prospecting to failure, allowing for proactive maintenance.

One way to integrate IoT devices in microgrids can be through using edge computing. Edge

computing [258], [259] involves processing data at the edge of the network, close to the source of

the data. This allows for real-time analysis of sensor data and enables the use of ML algorithms

for predictive maintenance. Edge computing can also reduce the amount of data that needs

to be transmitted to a central location for processing, reducing the load on the network and

increasing the speed of analysis.

Another way of integrating IoT devices could be through implementing fog computing [260],

[261]. Fog computing is similar to edge computing, but it involves processing data at multiple

locations in the network, rather than just at the edge. This can be useful for microgrids where

there is a large amount of sensor data that needs to be analyzed. Fog computing can also help

to distribute the load of data processing across multiple locations, reducing the risk of system

failure.
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ML algorithms can be used to analyze the data from IoT devices to predict when equipment

is likely to fail [253], [262]. For example, data from sensors on equipment such as solar panels,

wind turbines, and generators can be used to train ML models to predict when equipment is

likely to fail. This can be done by using supervised and unsupervised learning algorithms that

can be trained on historical data to predict the probability of equipment failure.

Moreover, IoT devices can be used to monitor the performance of equipment in real-time [263]

and detect potential issues before they become critical. For example, sensors can be used to

monitor the temperature, vibration and other parameters of equipment, and ML algorithms can

be used to analyze this data to predict when equipment is likely to get faulty.

■ Hybrid models for feature engineering: Another potential future research scope in this

sector could be through implementing ML based hybrid algorithms for the feature engineering

which can help in achieving better performance through analyzing extensive validation as well as

enhancing data quality. For improving the interpretability in the domain of feature engineering

[264], developing of both knowledge-driven and data-driven hybrid models has emerged to be a

promising research area.

There are plenty of features in a raw dataset typically, all of which do not possess significant

patterns and insights for the ML model building. For extracting these innate, crucial features

as well enhancing the predictive maintenance capabilities of the developed algorithms, hybrid

advanced techniques of feature engineering play a significant role. Based on the advanced feature

engineered data, the operational states of different microgrid components such as inverters,

DERs can be modeled into different level classification algorithms based on the performances.

For example, if the output power from the DERs are as expected or less than the required

level. Based on this, normal, careful, serious, or emergency states can be classified based on the

real-time performances of the microgrid components.

Instead of just binary health status as used in the fault detection-only based techniques for

microgrid predictive maintenance, this nuanced stratification can allow more granular insights

in more informed decision making for proactive maintenance in the context of microgrid mainte-

nance which is a gap observed in the existing predictive maintenance frameworks for microgrids.

Moreover, the processed signal or data of microgrid components through hybrid feature engi-

neering techniques can be further implemented in modeling intelligent framework integrating

enhanced actionable schedule planning based on the multi-level maintenance alerts on a weekly

or monthly window for short-term maintenance scheduling. This can bridge the gap between

practical schedule planning and operational forecasting-only based methods of the existing pre-

dictive maintenance frameworks for microgrids.

■ Data Implementation: Microgrid related data could be collected from different sources.

These data sources can be used in combination with each other to provide a more compre-

hensive view of the microgrid and improve the accuracy of failure predictions. Additionally, ML

models can be trained using a combination of historical and real-time data, which can help to

improve the accuracy of failure predictions and enable the early detection of potential issues.
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More data from the available public datasets of complex, industrial microgrid setups can be im-

plemented for advanced hybrid feature engineering for building for sophisticated and enhanced

predictive maintenance frameworks for microgrid components. Besides, intelligent capacity

degradation models can be built, capable of simulating real-world physical capacity degradation

patterns of different microgrid components by stochastic modeling of the microgrid data through

Wiener degradation process and developing advanced architectures using RNN, LSTM or GRU

layers simultaneously for capturing the nonlinear temporal dependencies from the degradation

process in the implemented data. This advanced hybrid model can enable the practical long-

term forecasts of real-world capacity degradation of different microgrid components —a gap

observed in most physics-based or ML-only based methods.

Moreover, existing studies focus on basic time-series forecasting or anomaly detection for micro-

grid components separately, lacking the classification of dynamic operational states of different

microgrid components, real-time actionable scheduling alerts and capacity degradation model-

ing of each different microgrid components simultaneously. By implementing more data from

the available public datasets of complex, industrial microgrid setups, more advanced predictive

maintenance frameworks can be modeled for different microgrid components by integrating the

real-time classification of dynamic operational states of complex microgrid components with

long-term capacity degradation-aware forecasting from the data within the microgrid network

which can enable short-term performance alerting with weekly or monthly scheduling and long-

term capacity planning simultaneously which can enhance the predictive maintenance capabili-

ties of the developed algorithms for different microgrid components.
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based islanding and grid fault detection in active distribution networks,” IEEE Journal

of Emerging and Selected Topics in Power Electronics, vol. 8, no. 3, pp. 2385–2403, 2019.

[82] J. Wang, S. Zhang, C. Li, L. Wu, and Y. Wang, “A data-driven method with mode

decomposition mechanism for remaining useful life prediction of lithium-ion batteries,”

IEEE Transactions on Power Electronics, vol. 37, no. 11, pp. 13 684–13 695, 2022.

[83] R. R. Ardeshiri, B. Balagopal, A. Alsabbagh, C. Ma, and M.-Y. Chow, “Machine learning

approaches in battery management systems: State of the art: Remaining useful life and

fault detection,” in 2020 2nd IEEE International Conference on Industrial Electronics

for Sustainable Energy Systems (IESES), IEEE, vol. 1, 2020, pp. 61–66.

[84] S. B. Boualit and A. Mellit, “Sarima-svm hybrid model for the prediction of daily global

solar radiation time series,” in 2016 International Renewable and Sustainable Energy

Conference (IRSEC), IEEE, 2016, pp. 712–717.

[85] J. Ramirez-Vergara, L. B. Bosman, E. Wollega, and W. D. Leon-Salas, “Review of fore-

casting methods to support photovoltaic predictive maintenance,” Cleaner Engineering

and Technology, p. 100 460, 2022.

124



[86] G. K. Durbhaka and B. Selvaraj, “Predictive maintenance for wind turbine diagnostics

using vibration signal analysis based on collaborative recommendation approach,” in

2016 International Conference on Advances in Computing, Communications and Infor-

matics (ICACCI), IEEE, 2016, pp. 1839–1842.

[87] J. Ali, R. Khan, N. Ahmad, and I. Maqsood, “Random forests and decision trees,”

International Journal of Computer Science Issues (IJCSI), vol. 9, no. 5, p. 272, 2012.

[88] G. Biau and E. Scornet, “A random forest guided tour,” Test, vol. 25, no. 2, pp. 197–227,

2016.
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