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Abstract

Due to major industrial expansions, population growth, and a steep rise in per capita energy con-
sumption, the world’s energy demand has been steadily rising. A large amount of energy needs
are met by electricity. The production of electricity using fossil fuels has nearly achieved sat-
uration due to environmental factors and the finite supply of fossil fuels. Therefore, renewable
energy sources must fill the gap between demand and supply.

Numerous Photovoltaic (PV) modules connected via cables, junction boxes, converters, battery
banks, inverters, and other devices may make up a typical solar PV system. PV modules ar-
ranged as arrays, connected to inverters through DC subsystems, with the inverters connected
to AC subsystems attached to a grid, make up a grid-connected PV system. Because they
are subjected to adverse and unpredictable environmental conditions, including severe weather,
rain, heat, storms, dust, snow, etc., PV arrays that are installed outdoors are vulnerable to a
variety of defects. Furthermore, compared to other subsystems, inverter errors are more com-
mon in PV systems; as a result, they have a major influence on how much energy a PV system
can generate. Early detection of inverter faults enables a reduction in system downtime. Even
though PV systems are becoming more and more common across all renewable energy sources,
faults are serious concerns for their efficiency, safety, and reliability.

Predictive maintenance makes use of predictive tools to decide when to take maintenance ac-
tions by monitoring a machine or process continuously, thereby allowing maintenance action
only when it is necessary. Predictive maintenance is becoming increasingly prevalent in renew-
able energy systems due to advancements in sensors, computational power, and the availability
of smart and ubiquitous devices. Predictive maintenance is essential for renewable energy sys-
tems because a malfunctioning component or faulty equipment can cause power fluctuations,
decreased performance, costly downtime, system failure, or even catastrophic failures. PV mon-
itoring systems continuously produce enormous amounts of data. Data-driven prognostics and

diagnostics can be accomplished by using Machine learning (ML) and Artificial Intelligence
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(AI) techniques.

This dissertation focuses on the development of advanced Al-based models for early fault detec-
tion and diagnosis in renewable energy systems, with a particular emphasis on solar PV systems.
The four major contributions are as follows. First, fault detection using regression models is
explored where advanced regression techniques, including ensemble methods, deep learning
(DL), and contextual DL approaches are utilized to predict AC power and detect anomalies
by comparing predicted and actual power values. As part of the second contribution, a novel
Context-Sensitive LSTM (CS-LSTM) model is proposed which integrates contextual features
like weather conditions and time of day to enhance prediction accuracy for regression-based
fault detection. Building classification-based methods to identify and categorize faults into
normal and anomalous groups is the third contribution. To address issues with data imbal-
ance, traditional and deep learning classifiers are investigated with a focus on feature selection
and data augmentation techniques. To detect and classify PV faults with special emphasis on
inverter faults, including earth faults, straight joint faults, IGBT (Insulated Gate Bipolar Tran-
sistor) faults, and overtemperature faults, a predictive maintenance framework that integrates
regression and classification techniques has been finally developed. This framework uses CS-
LSTM and incorporates contextual data to demonstrate the model’s diagnostic and predictive
abilities.

This research investigates various Al techniques, including traditional ML models, Recurrent
Neural Network (RNN) based sequential models, context-integrated ML models, and contextual
DL models to predict and classify faults in solar PV systems. The conventional ML models are
not effective for early prediction of faults in solar PV systems. However, significant improve-
ments are observed in early fault prediction with our proposed methodologies with RNN-based
sequential models, and contextual DL. models when contextual features are incorporated with
these models. This research demonstrates the effectiveness of integrating contextual informa-
tion into machine learning models, highlighting its potential for early fault detection and diagno-
sis in solar PV systems. It is anticipated that the contributions made in this thesis can be applied
for early fault prediction of PV systems well in advance. It contributes to the growing field of
predictive maintenance, providing practical tools to increase the reliability and efficiency in the

operation of renewable energy systems.
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Chapter 1

Introduction

The energy demand has been gradually increasing for all countries because of large-scale indus-
trial expansions, population growth, and a rapid increase in per capita energy consumption [1].
There is a significant increase in greenhouse gas (GHG) emissions starting from 21st century
compared to previous decades [2]. Thus, environmental concerns are also increasing because
of increasing trend of global GHG emissions. Renewable energy has drawn the attention of re-
searchers because of increased energy demands and severe environmental problems [2]. More-
over, fossil fuel resources are rapidly depleting[3]. There are many limitations of fossil fuels
such as the emission of hazardous gases, continuous depletion, and deterioration of ecology
due to the extraction of natural resources [4]]. Therefore, there is a need for a rapid transition
to renewable energy sources (RES) due to rising energy demand and the urgent need to decar-
bonise to meet net-zero emissions by the year 2050. Therefore, renewable energy resources
have become a viable alternative to energy sources [4]. The sources of renewable energy must
therefore fill the gap between supply and demand for energy. Some of the sources of renewable
energy are solar, wind, geothermal, biomass, small hydro power etc. [[1]. In these systems, the
source of energy is supplied by solar radiation, winds, ocean waves, tides etc. These sources are

unlikely to run out of supply. Moreover, these sources are clean and pollution free. Among all
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renewable energy sources, solar energy is regarded as the most effective method for harnessing
energy from the environment [5]. During the last decade, solar PV systems have attracted lot of
attention because of many advantages provided by these systems such as: (i) availability of solar
energy world wide, (ii) noiseless operation, (iii) pollution free in nature, (iv) easy installation,
(v) modular configuration, (vi) reliable technique for energy conversion, and (vii) capability of
integrating solar PV systems in buildings[|6]. Therefore, during the last few years, there has
been an increased surge in electricity generation using solar PV systems. Moreover, electricity
is the main energy demand for consumers [/]. Because of the growing energy demand, the PV
sector is likely to expand due to various factors such as decrease in prices of PV modules, ad-
vanced manufacturing technologies, government incentives, improvement of power converter
technologies etc. [8]]. In India, solar energy based power generation is given significant prior-
ity in order to increase electricity production from renewable energy sources which is evident
from national solar mission of India, where it was envisaged that 175 GW of electricity would
be generated from the renewable energy sources by 2022, out of which 100 GW of electricity
would be generated from solar energy, and the remaining would be generated from wind, small
hydropower, and biomass [9]]. In India, the target of 100 GW based on solar energy has already
been met, with the present capacity being 132.848 GW as on November 30, 2025 [[10].

Table|1.1|shows installed capacity of various energy sources in India as on November 30, 2025
as per Ministry of Power, Government of India (https://powermin.gov.in/en/content/generation-
capacity). Installed capacity in India is composed of (i) RES, viz., solar, wind, small hydro,
large hydro, biomass/cogeneration, and waste-to-energy, (ii) thermal power, and (iii) nuclear
power. Out of the total installed capacity of 509743.09 MW of power, the installed capacities of
Renewable Energy Sources (RES), thermal, and nuclear power are 254021.48 MW (49.83%),
246941.62 MW (48.44%), and 8780 MW (1.73%), respectively as on November 30, 2025,
thereby providing 51.56% of non-fossil fuel based energy and 48.44% of fossil fuel based en-
ergy[/10]]. In India, the contributions of RES consisting of solar, wind, small hydro power, large
hydro power, bio-mass(co-generation), and waste to energy are 26.1%, 10.6%, 1%, 9.9%, 2.1%,
and 0.2%, respectively [10] as on November 30, 2025 .
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Table 1.1: Installed capacity of various energy sources in India as on November 30, 2025

Name of Energy Source | Installed Capacity(in MW)

Solar 132848.25
Wind 53986.02
Small hydro power 5158.61
Large hydro power 50414.66

Bio-mass(Cogeneration) | 10757.31

Waste to Energy 856.62
Nuclear 8780
Thermal 246941.62
Total 509743.09

1.1 Photovoltaic Fundamentals

A solar cell is a device made from semiconductor materials that generates electricity by har-
nessing solar energy [[11]]. It is a P-N junction diode with a very large surface area which can
absorb solar radiation. In a P-N junction device, an inherent electric field is present, created by
the union of P-type and N-type semiconductor materials. A built-in potential is created because
of the recombination of electrons and holes near the junction, due to which a charged region is
formed, which is known as the space charge region, also known as the depletion region because
of the depletion of mobile carriers. Due to the formation of layers of positive ions and negative
ions in the depletion region, there is an electric field that points from N-type to P-type. It is to
be noted that the regions outside the depletion region on both P-type and N-type are electrically
neutral. When the solar cell is subjected to sunlight, solar radiation is absorbed by the solar cell,
thereby creating electron-hole pairs. Because of the presence of built-in potential in the solar
cell (i.e., P-N junction diode) due to asymmetry in semiconductor materials used, the electron-
hole pairs that are generated by absorbing light are separated from each other. There will be a

flow of current if an external load is connected between the P-type and N-type terminals.

Thus, the following two steps are necessary for working of a solar cell [12]:

* Creation of negative and positive mobile carriers called electron-hole pairs in the solar cell
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by absorbing solar radiation. For this to happen, the solar cell must be made of a material
which can absorb energy of photons. Increase in the potential energy of charge carriers
is performed by semiconductor materials. There is an increase in the potential energy
of electrons when photons are absorbed by semiconductor material, thereby keeping the
electrons excited in the higher energy levels which increases the probability of separation

of electrons.

» Separation of charge carriers: Asymmetry in semiconductor material should be provided
such that the generated electron-hole pairs are separated from each other. This can be
achieved by combining P-type semiconductor and N-type semiconductor, thus forming
a P-N junction which creates a built-in electric field at the junction. A P-type semicon-
ductor can be created by doping intrinsic silicon semiconductor material with trivalent
atoms like boron, thus creating covalent bonds with silicon, which are void of electrons
(i.e., equivalent to having an excess of holes). Similarly, when an intrinsic silicon semi-
conductor material is doped with pentavalent atoms like phosphorus, there is an excess of
electrons. While an N-type semiconductor contains surplus electrons and a P-type semi-
conductor possesses surplus holes, both remain electrically neutral. When these materials
are joined together to form the P-N junction, electrons from N-type diffuse towards the
P-type semiconductor, and holes from P-type diffuse towards the N-type semiconductor
to recombine with each other. Electrons move from the N-type region to the P-type region
near the junction, resulting in positively charged donor impurity ions being left behind,
and holes diffuse from P-type to N-type, thus making the acceptor impurity atoms neg-
atively charged. Thus, a layer of positively charged ions is formed on the N-side, and
a layer of negatively charged ions is formed on the P-side, thereby making the region
void of mobile carriers. A built-in potential is created because of the recombination of
electrons and holes near the junction, due to which a charged region is formed, which
is known as the space charge region (also known as the depletion region because of the
depletion of mobile carriers). Due to the formation of layers of positive ions and negative
ions in the depletion region, there is an electric field that points from N-type to P-type. It
is to be noted that the regions outside the depletion region on both P-type and N-type are

electrically neutral.

Alexandre-Edmund Becquerel discovered photovoltaic effect in 1839 [[13]], and Chapin et al
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developed the first silicon solar cell in 1954 [[14]]. Series connection of solar cells is referred to
as PV module [[11]], [13]]. A PV array can be formed by connecting modules in series-parallel
configuration [[11]]. In general, crystalline Si Solar cells are connected in series using external
connections to form a module [13]]. In case of solar cells made of thin film materials, the series
connection is already provided internally [13]. A PV string can be formed by connecting PV
modules in series. One simple configuration of PV array is to connect number of PV strings in
parallel. A PV system mainly consists of PV arrays and balance of system (BoS). BoS consists
of DC to DC converters (optional, depending on requirement), DC to AC converters (inverters),
batteries and battery charge controllers (dominantly in off-grid PV systems), supporting struc-
tures for mounting the PV panels, protection units, cabling etc. There are mainly two categories
of PV systems: grid connected and stand-alone [15],[[16]. PV systems can provide both AC and

DC supply along with provision of energy storage.

1.2 Types of Faults in Solar PV Systems

Incorrect functioning of a component or equipment is known as a fault, whereas failure denotes
the condition of not being able to meet the target. A fault in a PV system refers to an effect that
degrades the system’s efficiency, for example, in the form of lower power output [17]. Figure

[I.T] presents a variety of fault types.

A malfunction in a photovoltaic system can either partially reduce its performance or result in
no power output at all, leading to a complete shutdown. On the DC side, faults in the PV array
and BOS components might cause failures. Potential reasons for PV array issues include earth
faults, arc faults, junction box faults, line-to-line faults, open circuits, short circuits, bypass
diode faults, and mismatch faults [18]]. Mismatch faults may be permanent or temporary. Per-
manent mismatch may be due to hotspot, degradation, and soldering. Temporary mismatch may
be due to partial shading, soiling (i.e., dust accumulation), leaves/bird dropping etc. Degrada-
tion may be due to delamination, cracks, and discolouration. Maximum power point tracking
(MPPT) errors, cabling errors, converter faults, and battery bank failures are the main reasons
of BOS faults. Islanding and grid irregularities are the two forms of faults that might occur

on the AC side of a PV system. Lightning and inverter malfunctions could be the cause of
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Figure 1.1: Types of faults in PV system

grid irregularities [[17]. Mansouri et. el. [19] have classified PV faults into three categories
based on time characteristics: abrupt, intermittent, and incipient faults. The faults that occur
instantaneously because of PV array malfunction such as ground faults, line to line, open cir-
cuit, junction box faults, short circuit, disconnection of connectors, and hot spots are known as
abrupt faults. Intermittent or temporary faults are those faults that change over time such as en-
vironmental stress (e.g., contamination or dust accumulation), and partial shading. On the DC
side, incipient faults may occur because of discoloration of PV modules (e.g., yellowing of so-
lar cells), cracks, delamination, defective anti-reflective coating etc. On the AC side, incipient
faults include Insulated Gate Bipolar Transistor (IGBT) faults, overheating, islanding, aging,
wiring degradation etc. Incipient faults occur because of inverter faults and grid abnormality,
which are the most challenging because of their slow dynamics and small amplitudes. If the
incipient faults are not detected well in advance, they will damage the PV cells, resulting in

serious faults [[19]. Figure [[.2]depicts a pictorial representation of faults in a PV system.
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Figure 1.2: All faults in PV system ( Adapted from [|16]])

1.2.1 Photovoltaic(PV) Array Faults

The various PV array faults are described below:

1.2.1.1 Ground fault

In a PV system, distribution panels, mounting structures, module frames, metallic enclosures,
converters etc. contain noncurrent carrying metallic parts [20]. Generally, during normal oper-
ations, these metallic parts do not carry any current. Because of wrong wiring, wire cutoff, loss
of insulation, corrosion etc., there is possibility of formation of electrical connection between
the current carrying conductors (CCCs) and non current carrying metallic parts [20]. To pre-
vent electric shock in a PV array, usually the non-current carrying metallic parts are grounded
through a conductor known as equipment grounding conductor (EGC) [20]. This is known as
equipment grounding. A ground fault is defined as accidental short circuit between ground and

current carrying conductors [21]]
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1.2.1.2 Line-to-Line fault

An LL (line-to-line) fault occurs when there is an accidental short circuit connecting two points
on a PV panel that have differing potential levels [21]. These short-circuited points can either
be part of the same string or exist between two neighboring strings [22]. Because of LL faults,
unintentional pathways for current are created in a PV array [23]. LL fault may remain unde-
tected and can incur severe loss [21]]. The voltage drop across PV string will be reduced because
of L-L faults, and therefore, current will be back fed from other strings, thereby lowering the
system efficiency [23]]. PV panels may be damaged, and there is also risk of fire hazards due
to LL faults [23]], [24]. Some of the causes of LL faults are : cable aging, insulation failures of

cables, damaged combiner box, presence of MPPT (e.g., LL faults may be masked) etc. [23]].

1.2.1.3 Arc fault

Arc fault can be defined as unintended passage of current through a dielectric material or
through air [6]. The maximum electric field which can be tolerated by an insulating material
prior to the occurrence of breakdown is determined by the dielectric constant of the material
[20]. Air has a dielectric constant of approximately 3V /um, and it is dependent on presence of
impurities, humidity, pressure etc. [20]. Initiation of an arc through an air gap is caused due
to 1onization of air by high electric fields. Additional charged particles are created because of
high-velocity particle collisions. Because of generation of ions, the air medium, which acted as
insulator, is converted into conductive medium [20]. According to [25], arc faults are of two

types: (i) series arcs, and (ii) parallel arc faults.Various types of arc faults are shown in Figure

* Series arc fault: Module interconnects and connectors have almost zero impedance in
ideal PV arrays [25]]. Because of degradation in junction boxes, cables, solder joints etc.,
the interconnect impedance increases beyond a nominal value, thereby creating series arc

fault [25]].

* Parallel arc fault: Because of residual effect of series arc fault or due to insulation break-
down between conductors, arcing between two parallel conductors may occur [24]]. There

are three variations of parallel arc faults: cross-string, intra-string, and ground [25]]. In
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Figure 1.3: Types of arc faults in PV system (Adapted from [25]))

case of a parallel arc fault, there may be existence of current paths for fault current while
the PV array is open, thereby creating danger of fire and shock hazards [25]]. Because
of parallel arc fault, the faulted strings appear to be consisting of less number of mod-
ules compared to the normal one, thereby creating asymmetry in the array [25]. This in
turn will reduce the open circuit voltage which is dependent on the number of modules
while short circuit current may not be affected [25]. Identifying the fault location is al-
ways an issue with parallel arc fault because I-V curve remains the same for a PV string

irrespective of the fault location of the faulty PV module [25].

1.2.1.4 Hotspots

When the photovoltaic cells operate at reverse bias, then they consume power instead of pro-
ducing it [22]]. This phenomenon is known as Hotspot. A PV cell begins to breakdown when
it is reverse biased beyond a certain voltage level and as a result more current flows through
the cell. Zener and avalanche breakdowns are the two breakdown mechanisms in p-n junctions
and both of them are affected by temperature [26]. Because of breakdown, the temperature of

a cell becomes very high compared to nearby cells surrounding it. The phenomenon of hotspot
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is due to mismatch between electrical characteristics of cells which causes a cell to become
reverse biased, sink lot of current thereby dissipating power, and heat up [27]]. To mitigate this
problem (i.e., problem of hotspots), bypass diodes are commonly used in PV strings, but it (i.e.,

employing bypass diodes) cannot eradicate the problem [27].

Because of Hotspot, photovoltaic cells operate abnormally, thereby causing serious damages
in addition to degrading a PV panel and reducing the performance of a PV system [22]. The
main contributors of hotspot are shading, failure of bypass diode, mismatch in electrical char-

acteristics etc [22]. Figure shows the I-V characteristics of a p-n junction when breakdown

occurs:
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Figure 1.4: I-V characteristics of solar cell when breakdown occurs(Adapted from [28]])

The decrease in shunt resistance affects the slope of the I-V curve in the reverse bias condition
and causes more power dissipation which in turn results in breakdown of the localized regions
of the p-n junction thus leading to formation of hotspot [28]. Using I-V curve, hotspot can be

detected , but it can not locate the defective cell dissipating heat [28]].

1.2.1.5 Mismatch fault

A mismatch fault occurs if there is lot of variations in the module electrical parameters com-
pared to the initial state [22]]. There are two types of mismatch faults: temporary and permanent.
Temporary mismatch may occur because of shading of cells leading to hotspot, whereas perma-
nent mismatch occurs due to open circuit fault or presence of defective cell dissipating power
[22]].

TH-4096_186151013 10



1.2.1.6 Diode faults

The bypass diodes and blocking diodes are used for reverse voltage protection and reverse
current protection, respectively [6]. Open circuit and short circuit in diodes are the electrical
faults associated with these diodes. Partial shading of a PV module for a long time may cause

these faults [|6].

1.2.1.7 Junction box fault

There may be increase in contact resistance due to fretting corrosion in junction box [6]]. For-
mation of electric arc between the contacts will result in wearing out and melting of junction
box which will in turn damage the whole string and the module, thereby reducing the amount

of energy production [6].

1.2.1.8 PV module fault

A PV module may be shunted or short circuited because of corrosion, delamination of a PV
module, current leakage in a module, defects in manufacturing etc., which may isolate the PV

array from ground [6]. There may be fire and shock hazards because of PV module fault [|6].

1.2.2 Balance of System(BOS) Faults

A PV system consists of several other components other than the PV arrays. These compo-
nents are referred to as balance of system (BoS) and consists of DC to DC converters, DC
to AC converters (inverters), batteries and battery charge controllers (mainly, in off-grid sys-
tems), supporting structures for mounting the PV panels, protection units, cabling etc. [12].
The existence of non-functional modules in a PV systems are mainly due to failures in BOS
components [29]. The whole PV string can become non-functional even for a failure in single
fuse [29]. Based on a survey conducted on 35 PV systems by Sandia national laboratories,
the existence of 54% of the non-functional modules were because of BOS component failures
like failures in fuses, switches, surge arrestors, dc contactors etc.[30]. Another reason of BOS

failure is due to bypass diode faults [29]. The purpose of bypass diode is to allow bypassing

TH-4096_186151013 11



of current across cracked or shaded cells in order to reduce power losses within a module [29].
Battery bank faults may occur due to abnormal charging and discharging conditions or internal

battery cell damage [16].

1.2.3 Faults in AC side of PV System

Grid abnormality and Islanding are the major faults in AC side of PV system [S][18]]. Grid
abnormalities may occur because of inverter faults and lighting. Islanding operation takes place
when power supply from main grid is interrupted [5]. In this situation, the PV array keeps on

supplying power to local load or keeps on charging batteries for energy storage [35].

Because of various issues related to failure in photovoltaic(PV) systems including photovoltaic
arrays and balance of system(BOS) components, timely maintenance of PV systems is impor-

tant.

1.3 Grid-connected PV systems and their causes of faults

Figure shows a simplified schematic diagram of a typical grid-connected PV system. The
DC subsystem is composed of DC switches, DC cables, string combiner boxes, string fuses,
surge suppressors, etc. The AC subsystem is composed of switches, cables, fuses, and trans-

formers (in case it is not part of the inverter system).

According to an analysis by Golnas [31], a significant portion of PV system defects (57%) are
related to AC subsystems and inverters, whereas just 2% are related to PV modules. Based
on an observation of 3500 abnormalities for 27 months starting from January 2010 to March
2012 of 350 PV systems that were maintained and operated by Renewables Operation Center,
SunEdison, Belmont, CA, the summary of abnormalities in various subsystems of PV systems
is presented in Table The percentage of power loss due to faults in various subsystems of

PV systems is presented in Table[1.3].

Based on Golnas’ study [31]], it is apparent that inverter subsystems experience more faults

than other PV system subsystems, which leads to the greatest production loss from inverter
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Figure 1.5: Simplified schematic diagram of a grid connected PV system

Table 1.2: Frequency of abnormal events in various subsystems of PV system [31]

Subsystem Frequency of abnormal events (%)
PV modules 2

DC subsystem 6

Inverter 43

AC subsystem 14

Support structure 6

External 12

Outage related 5

Others (weather station, meters, etc.) 12

breakdowns. According to the study, 14% of failures occur in the AC subsystem, which includes

everything lying between the inverter and the AC power measurement meter.

Based on observations of 350 PV systems operated and maintained by SunEdison from January
2010 to March 2012, Table @ shows the frequency of abnormal events (i.e., anomalies) found
in various inverter subsystems. A more thorough examination of the inverter faults showed
that the control software, card/board, IGBT, AC contactor, and fans in the inverter subsystems

account for the majority of the faults.[31].

1.4 Types of Maintenance

In industries, maintenance of equipment is a key requirement because it affects efficiency and
the operation time of equipment. It is, therefore, necessary to identify equipment faults and ac-

cordingly solve the issues related to faults, thereby avoiding production process shutdown[32].

Maintenance can be categorized into three types, viz., run-to-failure (R2F), preventive mainte-
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Table 1.3: Loss contribution of different subsystems in terms of energy (kWh)[31]

Subsystem Loss percentage (kWh)
PV modules 1%
DC subsystem 4%
Inverter 36%
AC subsystem 20%
Support structure 3%
External 20%
Outage related 8%
Others (weather station, meters, etc.) 8%

TH-4096_186151013

Table 1.4: Frequency of abnormal events in inverter subsystems

Subsystem

Frequency of abnormal events (%)

DC input fuses

2

GFI

Internal fuses

Internal switches

Surge protection

Capacitors

DC contactor

AC fuses

Power supply

IGBT

Fans

AN NN BB W W W W

AC contactor

p—
[\

Card/Board

p—
(O]

Control software

e}
(@)

Others

o)}

14




nance (PvM), and predictive maintenance (PdM) [33]] [32]]. They are briefly described below:

1.4.1 Run to Failure (R2F)

In the Run to Failure (R2F) strategy, maintenance actions are initiated only after a component
or system has already failed [33]]. Although this approach is straightforward to implement, it
is generally considered the least efficient maintenance strategy due to the risk of unexpected
downtime. Though it is frequently adopted because of its simplicity, the maintenance cost and

downtime after failure is usually high compared to planned maintenance taken in advance.

1.4.2 Preventive Maintenance (PvM)

In this approach, maintenance is performed as per planned schedule. This strategy, often termed
scheduled or time-based maintenance, relies on predefined maintenance intervals to prevent
equipment failures. Despite its ability to enhance reliability, the approach may lead to increased
maintenance expenditures since maintenance actions are executed regardless of the actual health

state of the system, thereby reducing resource efficiency [34].

1.4.3 Predictive Maintenance

Predictive maintenance (PdM) makes use of predictive tools to decide when to take maintenance
actions by monitoring a machine or process continuously, thereby allowing maintenance action
only when it is necessary [32]. In PdM, historical data, the current state of monitored equip-
ment, models, and relevant domain knowledge are used to predict behaviour patterns, trends,
and correlations by using machine learning or statistical models to anticipate pending failures
well in advance to decide maintenance actions to be carried out [35]. This approach predicts
failure in advance, thereby enabling maintenance actions to be scheduled proactively. The pri-
mary objective of predictive maintenance is to estimate the likelihood and timing of equipment

degradation or failure, and in turn decide which maintenance task to perform to maintain a good
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trade-off between the maintenance frequency and cost [36]]. To put it another way, PdM aims to
identify impending problems ahead of time so that timely maintenance can be performed [34].
In PdM, maintenance is carried out according to the equipment’s or component’s state of health
[34]. The actual operating conditions of components (or equipment) and systems are used to
optimise operation and maintenance costs. Data collected from various sensors and monitor-
ing devices are analysed using predictive algorithms to identify operational patterns and detect
potential failures before they occur [36]]. By enabling condition-based interventions, predictive
maintenance (PdM) improves maintenance efficiency by carrying out maintenance only when
required, thereby avoiding both unexpected equipment failures and premature replacement of
components that still possess remaining useful life [36]. The process of continuously monitor-
ing the parameters for detecting anomalies is known as condition monitoring [37], and it is a
key component of PdM [38]]. The predictive maintenance framework typically involves three
major phases: data collection, data processing, and maintenance decision-making [39]. Its ob-
jective is to reduce unnecessary maintenance by performing interventions only when evidence
of abnormal behaviour or degradation is observed in equipment or components [39]]. Such an
approach can minimise downtime and maintenance costs while improving operational quality
and productivity [40]. Diagnostics and prognostics constitute two essential functions of PdM,

focusing on fault identification and prediction of future failures, respectively [39].

* Diagnostics: In predictive maintenance, diagnostics encompasses the analysis and cate-
gorization of abnormal operating patterns by relating them to established fault signatures
[37]. It primarily addresses three key tasks: detecting the existence of faults, isolating the
location of the malfunctioning component, and identifying the characteristics of the fault
[39]. Specifically, fault detection determines whether anomalous behaviour is present,
fault isolation pinpoints the source of the problem, and fault identification determines the
fault type [39]]. Diagnostics are necessary if a fault occurs or when prognostics for fault
prediction fail [39]]. It should be mentioned that diagnostics is a type of posterior event

analysis [39].

* Prognostics: Prognostics’ primary goal is to address fault prediction prior to its occur-
rence. The objective of fault prediction is to determine whether a fault is likely to occur in
the near future and identify its expected time of occurrence [39]]. More specifically, prog-

nostics is a predictive analysis technique that estimates the remaining useful life (RUL) of

TH-4096_186151013 16



equipment by forecasting its future health state before failure occurs, and is a prior event
analysis [39]. Prognostics is better than diagnostics for achieving zero-downtime[39].
One can leverage predictive maintenance for prognostics, diagnostics, or both.[39]]. The
term “prognostics and health management"(PHM) was introduced in 1990s in connection
with the Joint Strike Fighter (JSF) project [41], and thus PHM was initially applied in the
military aviation domain [42]. Because of improvement in sensor technology and pre-
diction algorithms, PHM is now popular in many domains including renewable energy
systems, engineering systems, manufacturing systems, electronic systems, chemical pro-
cesses, robotics etc. The main objective of PHM is to provide actionable information in
order to take timely decisions. According to IEEE standard 1856: 2017, the PHM cycle

consists of the following steps [43]:

— Sensors: Sensors are used to sense signals.

— Data acquisition: Data acquisition with reference to relevant parameters is per-

formed in this step.

— Data manipulation: The data acquired by the data acquisition systems is further

processed and manipulated in this step.

— State detection: In this step, assessment of state conditions is performed with refer-

ence to normal conditions, abnormal condition indicators are generated, if any.

— Health assessment: The aim of health assessment is to obtain the state of health

(SOH) of the system.

— Prognostic assessment: This step provides upcoming RUL and SOH information.

— Advisory generation: This step provides alerts or actionable strategies in order to

take timely repair and maintenance activities.

— Health management: In this step, the recommended advisory generated in the pre-
vious step is used to take maintenance actions in order to bring back the system to a

healthy state.
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1.5 Various Approaches of Predictive Maintenance in Photo-

voltaic (PV) Systems

A substantial body of research has been reported on fault detection and diagnosis (FDD) tech-
niques for photovoltaic (PV) systems. Several review studies, including [6], [5], [1], [17],
[24], [8], and [22]], provide comprehensive overviews of existing FDD approaches. Mellit et al.
[6]] focused exclusively on electrical-based FDD techniques and grouped them into five classes:
(i)current-voltage characteristic methods, (ii) statistical and signal processing methods, (iii) cur-
rent and voltage measurement techniques, (iv) analysis based on power loss, and (v) Al-based
approaches. Similarly, FDD methods are categorized in [24] into six groups, namely, (1) model-
based difference measurement, (ii) ML techniques (iii) real-time difference measurement, (iv)

output signal analysis, (v) infrared thermography, and (vi) hybrid detection techniques.

In [5]], fault diagnosis methods for the DC side of PV systems were classified into six categories:
(i) visual inspection, (ii) electrical characterization, (iii) electroluminescence (EL) imaging, (iv)
infrared (IR)/thermal imaging, (v) lock-in thermography (LIT), and (vi) ultrasonic inspection.
Chokor et al. [[8] further grouped DC-side FDD approaches into two broad categories: physics-
based methods and data-driven methods. From the perspective of predictive maintenance, exist-
ing techniques can be broadly divided into three major classes: (i) model-based, (i1) data-driven,

and (ii1) hybrid. These categories are described below.

1.5.1 Model Based Methods

The fundamental premise of these methods is that the behavior of physical systems can be
precisely analytically described [42], [44] by employing explicit mathematical equations to
incorporate information about the failure behaviors (or degradation) of systems or equipment
[45], [44]. The mathematical formulations utilizing explicit mathematical equations in model-
based techniques are grounded in a physical understanding of a deteriorating piece of equipment
[44]. Developing a model-based approach requires a thorough understanding of the degradation

behaviors that result in failure [42].
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Remaining useful life (RUL) can be estimated using knowledge of the mechanisms that lead
to failure as well as the electrical, chemical, mechanical, thermal, and radiation factors that
affect the equipment’s normal operation [44]]. A thorough understanding of the physics of the
degradation mechanism is necessary for the model-based approach to be accurate [42]]. For
instance, a rechargeable battery’s internal electrochemical activities cannot be seen from the
outside [42], making it impossible to accurately explain the battery’s deterioration process using

model-based techniques [42].

Model-based prognostics techniques are highly dependent on the application. Model-based
techniques are typically used at the system or component level. For industrial uses like power
systems, especially renewable energy systems, model-based techniques might not be the ideal
choice because fault types are likely to spread across components, making them challenging
to identify [44]. The lack of access to specific system knowledge is a significant obstacle for
model-based prognostics [44]]. Furthermore, fault propagation from one component onto the
next is likely to be impacted by future operating conditions [44]. In certain circumstances, a
model-based approach might not be the best option [44]]. The model-based approaches in PV

systems can be divided into the following categories.

* Difference calculation-based: This approach’s fundamental idea is to estimate PV pa-
rameter values and then compare them with actual measurements. PV system faults will
impact the output of a PV module or array, such as power output with variations in both
current and voltage levels produced by a PV system. A fault is identified if the expected
values of outputs computed using a model surpass a predetermined threshold value when
compared to real-time measured values. A threshold is commonly set above or below
a predefined operating point to identify conditions under which a fault is expected to
emerge [8]]. To identify errors, the real-time measurements may also be assessed against

a threshold value that was previously established [[16].

* Adjacent string comparision-based: This approach’s fundamental idea is that PV strings
connected to a specific combiner box will probably behave similarly if they function nor-
mally. Thus, in order to identify problems, the abnormality of a given string can be ascer-
tained by comparing its output (such as current, voltage, or power) with the neighboring
strings [46].
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* Power (or energy) losses-based: A PV system’s power losses can reveal some information
regarding potential problems. Power losses can be computed by comparing predicted
power obtained from simulation with observed power [5]]. This method analyzes the loss

of energy in a photovoltaic system and then uses power losses to identify faults [J8].

* Heat exchange and temperature-based: If a PV array malfunctions, the temperature of
a PV module varies. Heat exchange and module temperature during malfunctioning are
taken into account to identify problems, primarily caused by hotspots and cable failures

[8].

» Usage of external devices-based: This approach uses external devices for fault identifi-
cation and diagnosis, such as signal generators and LCR (inductance, capacitance, and

resistance) meters [&]].

1.5.2 Data Driven Methods

Data-driven methods use condition monitoring data to directly understand equipment behavior.
Instead of using in-depth outside information from specialists, these methods rely on data that
are readily available. In order to simulate the deterioration trend [47], data-driven techniques
extract valuable features through data collected from condition monitoring to detect the current
state and predict the RUL of equipment or components based on the data gathered. In this
research, every artificial intelligence (Al) approach, encompassing machine learning techniques
and knowledge-based methods that derive their knowledge from existing data, is categorised as

a data-driven strategy.

1.5.2.1 Machine learning techniques

By analyzing incoming data, ML methods are used for fault identification, diagnostics, and
prognostics [8]. The relations between a PV system’s inputs and outputs are learned using
ML methods, after which the models are trained to identify and categorize faults. In this case,

accurate prediction requires enough training data for the model.
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1.5.2.2 Knowledge-based systems

Because of insufficient prior knowledge, it is difficult to build precise mathematical models
corresponding to physical systems, and therefore, there are limited applications of model based
methods [48]. Knowledge based systems require no physical model, and therefore, they are
becoming popular. In knowledge based systems, rules are extracted from domain experts [48].

Examples of knowledge-based systems include fuzzy logic systems and expert systems [48]].

* Expert systems: An expert system’s approach to problem solving is comparable to that
of a human specialist. Expert systems are appropriate for problems that domain experts
typically resolve [48]]. They use rules to hold the domain knowledge that has been gath-
ered from domain experts. The rules are then used to solve problems through inference
and reasoning. An expert system development involves acquiring Knowledge, knowledge

representation, and verification and validation of model [48].

The rules may be either heuristic or domain-specific, and logical operators can be used to
combine them [48]]. Expert systems rely significantly on the domain experts’ expertise to
define the system’s rules. Nevertheless, obtaining domain expert’s knowledge and turning
them into rules is difficult. Furthermore, novel circumstances whose rules are not present

in the knowledge base cannot be handled by expert systems [48].

* Fuzzy logic: Problems with imprecise, unclear, noisy, or missing inputs can be solved us-
ing fuzzy logic [48].In this approach, fuzzy sets are employed to model and represent the
behaviour of the system [48]. Fuzzy logic offers a human-like technique of representation
and reasoning through the use of linguistic variables. A system’s language description is
far more effective than its mathematical or numerical description, while being less precise

[48]].

1.5.3 Hybrid Methods

To enhance fault detection performance in PV systems, hybrid methods typically combine two
different methodologies [24]. Additionally, this method is utilized to identify multiple fault

occurrences and differentiate between faults with identical signatures [24]. The aforementioned
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methods can be incorporated as needed in hybrid techniques. Unmeasured process parameters
required for model-based techniques are often obtained through data-driven methods [44]. To

improve accuracy, data-driven and model-based approaches can be combined.

1.6 Requirements of a Data Driven Predictive Maintenance

System

Some of the requirements of a typical predictive maintenance system are described below [33]]:

R1- Operational assessment: Here, the expenditure for implementing a PAM system and

the loss incurred due to failure of equipment should be analysed properly.
R2- Data acquisition: data acquisition should be an indispensable part of the PAM system.

R3- Feature engineering: A major challenge is deciding whether to go for feature engi-
neering or not. Accordingly, one can choose either traditional machine learning (ML) if feature

engineering is to be used or go for deep learning (DL) technique if raw signals are to be used.

R4- Modeling: Model building is an important part. Model development, training, and

model optimization require lot of attention.

1.7 Importance of Fault Diagnosis and Prognosis in Photo-

voltaic Systems

Even though PV systems are becoming more and more common across all renewable energy
sources, faults are serious concerns for their efficiency, safety, and reliability [16]. Numerous
PV modules connected via cables, junction boxes, converters, battery banks, inverters, and other
devices may make up a typical solar PV system. These components are susceptible to a variety
of problems even though PV systems lack moving parts [49]. PV systems are vulnerable to a
variety of faults since they are installed outdoors and are subjected to adverse and unpredictable
environmental conditions, including severe weather, rain, heat, storms, dust, wind, snow, etc.
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[S0]. Therefore, exposure to adverse external conditions may impair the system’s ideal perfor-

mance [5]].

Moreover, because of series—parallel connections of PV modules in a PV array, voltage and
current ratings are increased which may cause direct current (DC) arcs or higher risk due to
large fault currents [49]. Although large-scale PV systems have diagnostic and fault detection
systems, there are still instances of catastrophic failures that result in fire threats due to uniden-
tified flaws. According to an analysis of 80 fire incidents associated with PV systems in the
United Kingdom, 58 of these incidents were caused by PV system faults, 16 were unrelated to
PV system faults, 6 were caused by unknown reasons, and up to 33 of these incidents happened

during installation [S1].

According to [51], a number of fire-related events were caused by malfunctions in DC isola-
tors, connectors, cables, inverters, PV modules, and combiner boxes. In addition to creating
additional damages and lowering the capacity to generate energy, if the faults are not identified
before they happen, they will accelerate system ageing and perhaps increase the danger of fire
hazards [8]]. As a result, there is a high likelihood of reduced system efficiency [49], quicker
system ageing [49], fire hazard risk [49], damage to PV modules and associated cabling [15],
as well as heightened risks of DC arc faults [15],[S1].

Although a lot of advancements have been made so far in fields like array reconfiguration, max-
imum power point tracking, grid interconnection, etc., awareness of fault diagnostics of PV
systems is still lacking [16]. In order to avoid electric shocks and risk of fire hazards, stan-
dards like National Electric Code (NEC) 690, IEEE standard 1374, and European International
Electrotechnical Commission Standard (IEC) 62548 are required to be followed in PV systems
[16]. Inspite of following these standards also, faults occur in PV arrays which is evident from
recent fire related accidents because of undetected faults [S1], [20], [24], [16]. Generally, in PV
systems, protection devices like ground fault detection interrupters (GFDI), overcurrent protec-
tion devices (OCPD), etc. are already available for the protection of PV components and fault
detection. But because of high fault impedance, low irradiance, nonlinear output of PV arrays,
availability of MPPT controllers etc., faults may remain undetected in PV systems [49], thereby
deceiving GFDI and OCPD devices. However, there are some limitations with these protection
devices, e.g., they can detect faults if there is large fault currents [16]]. But there are situations

where there may be slow and gradual leakage of current over a long period of time which may

TH-4096_186151013 23



cause large accumulation of current after a certain duration, thus aiding arc faults. Because of
this difficulty in the protection schemes which is known as blind spots, there is always risk of
DC arcing and fire hazards [49]]. Therefore, the existence of blind spots require special attention

[15].

Moreover, PV systems have unique fault scenarios which are different from conventional power
sources [15]. Generally, some major faults, namely, line-ground (LG), line-line (LL), and arc
faults are protected by PV protection standards [16]. The PV arrays are still vulnerable to
other faults like bypass diode failures, faults due to shading, open circuit (OC) faults, hotspots,

connection faults, module degradation etc. [16]

Fault analysis in PV arrays is necessary to improve system efficiency, safety, and reliability
[15]. For instance, two incidents of fire hazards in solar PV systems were reported by Zhao et
al.[15]], one of which was caused by a ground fault in a PV system in Bakersfield, California,
and the other of which was connected to a line-to-line fault in PV arrays in California, USA.
Faults in PV systems may be the cause of significant energy loss in PV arrays in addition to fire
threats [52]. According to a monitoring research by Firth et al., fault-related PV system power
loss was predicted to be 18.9% annually [52]. Partial shade results in an annual energy loss of
10-20% or more, according to [53]. This is because certain PV modules have low irradiance,
and mismatch loss results from variations in irradiance across the system. Zhao et al. divided
faults into three categories based on their location: (i) PV array faults, (ii) power conditioning

unit failure, and (1i1) grid abnormalities [[15]].

Thus, to increase the reliability and lifetime of a PV system, there is an urgent need to have
the following requirements: monitoring of energy production in real-time, diagnostics of PV
systems, and prediction of the RUL of equipment or systems [8|]. Therefore, there is need for
extensive research for developing better and foolproof diagnostics and prognostics techniques

for PV arrays.

A PV system consists of several other components other than the PV arrays. These components
are referred to as balance of system (BoS) and consists of DC to DC converters, DC to AC
converters (i.e.,inverters), batteries, battery charge controllers, supporting structures for mount-
ing the PV panels, protection units, cabling etc. As reported in literature, there have been a
number of fire related hazards caused by arcing in PV systems [51]], [20]. Few of these inci-

dents had occurred due to faults in balance of systems (BOS) components. Based on a survey
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conducted on 35 PV systems by Sandia national laboratories, the existence of 54% of the non-
functional modules were because of BOS component failures like failures in fuses, switches,
surge arrestors, dc contactors etc. [30]. Inverter faults are related to many PV incidents [54].
Identifying inverter fault well ahead of time may prevent PV incidents and reduce downtime.
Thus, in order to ensure adequate safety and better performance, there is a need of diagnostics,

prognostics, and health management of BOS components, including inverters in PV systems.

Thus, there is an urgent need to have monitoring, diagnosis, and prognosis for PV arrays, and
BOS components along with inverters in photovoltaic systems. The aim of FDD techniques is
to detect faults in systems or equipment and diagnose their causes. Prognostics is another mech-
anism to predict early fault detection and estimate the RUL of the system or equipment. Diag-
nostics, and prognostics mechanisms are collectively known as predictive maintenance. Many
authors also refer to it as condition based maintenance. PHM is another term commonly used
by researchers in the PHM community. There are many advantages of predictive maintenance
such as failure prediction ahead of their occurrences, minimized unscheduled maintenance, de-
creased downtime, timely repair actions, extended maintenance cycles, reduced life-cycle costs,

decreased inventory etc. [§].

1.8 Research Motivation

The research is motivated by the following factors:

* Because of intermittent nature of photovoltaic (PV) output due to varying weather and
environmental conditions, setting up of threshold for fault analysis may not be accurate

all the time. Therefore, there is a need for learning algorithm.

* In large scale PV systems, because of continuous monitoring of PV systems, usually
through supervisory control and data acquisition (SCADA) systems, massive amount of
data are accumulated over a period of time. The traditional classifiers may be inadequate
to handle these data in order to identify faults. On the contrary, deep learning algorithms

can handle a huge amount of data.

* Deep learning has shown its potential in areas like image and audio processing. They
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are capable of learning complex input to output mappings. It is worth noting that their
applicability is limited to dynamic situations where the mappings can be influenced by
context. Moreover, the application of contextual deep learning to the problem of predic-
tive maintenance of solar PV systems is novel. Therefore, this is the main motivating
factor to investigate and develop learning mechanisms using Contextual Deep Learning
(CxDL) for predictive maintenance, where the relationships within the data and opera-

tional environment play an important role.

* Application of Neural networks and other Al-based approaches has been widely used in
the area of predictive maintenance. Also, Al-based condition monitoring of solar PV sys-
tems has been extensively studied and implemented by numerous researchers. However,
deep learning techniques are yet to be explored fully in fault diagnosis and prognosis of

PV systems.

* Currently, the Indian Government is taking several initiatives towards promoting the use
of solar PV systems in smart grids, residential rooftops, and building applications. Main-
tenance is crucial for such systems as a malfunction of one of the components of such

systems can cause hazardous accidents like fire in addition to downtime, and failure.

* The traditional approach of manual and visual inspection is not feasible for large scale
photovoltaic (PV) systems. Therefore, there is a need for automated condition monitoring

and predictive maintenance of such systems.

1.9 Problem Definition

Condition monitoring and predictive maintenance are essential in renewable energy systems
since a malfunctioning component can result in power fluctuations, costly downtime, and sys-
tem breakdowns. This underscores the need for early fault detection and proactive intervention.
While FDD techniques have been explored extensively, solar PV systems have yet to fully lever-
age Al-based, particularly deep learning approaches for predictive maintenance. Moreover, cur-
rent approaches often overlook the integration of contextual data such as geographical location,
weather, and component-specific details, which can enhance the accuracy and relevance of pre-

dictive models. For monitoring applications, context information is important since it allows
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for more insightful data analysis and interpretation. With reference to predictive maintenance,
the notions of “context-aware systems” and “context” are yet to be explored [55]]. Additionally,
issues in AC subsystems and inverter faults are especially underrepresented in existing research.
To summarize, the key research gaps (RGs) with reference to FDD in solar photovoltaic systems

are as follows:

* More emphasis on model-based methods (RG1): Researchers predominantly give more
emphasis on model-based, more specifically electrical methods, with little attention to-

wards data-driven methods for FDD in PV systems.

* Limited adoption of deep learning (RG2): Although deep learning techniques have
demonstrated significant potential across various domains, their application to fault detec-
tion and diagnosis in renewable energy systems, particularly in solar PV systems, remains

relatively unexplored.

* Incorporation of contextual information in deep learning models (RG3): The inte-
gration of contextual features into DL models for predictive tasks has received limited
attention in the literature. To the best of our knowledge, no prior study has employed

context-aware DL methods in solar PV systems for the purpose of FDD.

* Limited research on early fault prediction (RG4): Data-driven methods for FDD pri-
marily focus on detecting faults after their occurrence, with limited emphasis on predict-

ing potential failures in advance.

* Lack of adequate research on inverter subsystems (RG5): Among the different sub-
systems of a PV system, inverter subsystems account for the largest share of abnormal
events relative to PV arrays. Despite this, inverter faults have not been adequately inves-

tigated in the existing research.

The following are the primary research questions (RQs):

* RQ1: Generally, in large scale grid connected photovoltaic systems, weather data such
as wind speed, ambient temperature, module temperature, horizontal irradiation, tilt irra-
diance etc., and inverter data such as energy produced at current time, cumulative energy

upto current time, DC current, DC voltage, AC power, DC power, power factor etc. are
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continuously monitored and stored using supervisory and data acquisition (SCADA) sys-
tems (e.g., every 15 minutes on a daily basis for several years). Thus, massive amount
of SCADA data are available from such systems. Inverter faults also occur frequently
in PV systems. How can SCADA data, which continuously monitors and stores weather
parameters (e.g., wind speed, ambient temperature, irradiation) and inverter metrics (e.g.,
DC current, AC power, power factor), along with contextual information be leveraged to
develop Al-based models for early fault detection and diagnosis of various faults in large-
scale grid-connected photovoltaic systems? Specifically, how can Al-based models be
developed and applied to identify and prognose inverter faults, and other faults in PV sys-
tems such as partial shading, degradation, short circuit faults, open circuit faults, ground

faults etc., thereby reducing system downtime and improving operational efficiency?

* RQ2: Various contextual attributes, such as seasonal variations, time of day, geographical
location, weather, and operating environments, have a significant impact on PV system
performance. Can incorporating contexts into predictive models improve early fault pre-

diction in PV systems?

1.10 Research Objectives

The primary objective of this research work was to investigate and develop both traditional
machine learning (ML) models and deep learning (DL) based models, particularly leverag-
ing context information for predictive maintenance of renewable energy systems with special
emphasis on diagnostics and prognostics of PV faults. Further, the potential benefits of deep
neural networks and context information were leveraged for early detection and diagnosis of
faults such as short circuit faults, open circuit faults, partial shading, and inverter faults for grid-
connected PV systems while considering the research gaps (RG1-RGS5) and research questions

(RQ1-RQ2) discussed under problem definition.

The primary objective was achieved through the following sub-goals:

* SCADA data from a 10 MW operational grid-connected PV plant located in the state

of Gujarat, India, were analyzed to develop predictive models addressing the research
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questions (RQ1-RQ2).

* Fault detection approaches based on both regression and classification techniques were

explored.

* Contextual information was utilized to develop deep learning-based models aimed at im-

proving performance in fault detection and diagnosis.

* In addition to the real-world dataset, an open dataset was used to evaluate the effectiveness

of the developed models.

* The best-performing model was selected to establish a comprehensive framework for
early fault prediction and categorization of various faults as part of predictive mainte-

nance.

1.11 Research Contributions

The key contributions of this research are as follows:

A comprehensive analysis of SCADA data from a 10 MW operational grid-connected
PV plant is conducted to examine parameter correlations and the influence of contextual

factors such as seasonal variations.

* Fault detection methods based on both regression and classification are explored using a

range of traditional ML and DL models.

 Various methods for integrating context into the existing ML models are explored, and a

comparative analysis is performed.

* A novel deep sequential model, Context-Sensitive Long Short-Term Memory (CS-LSTM),

is proposed by incorporating contextual information for improved fault detection.

* An end-to-end framework for early fault detection and diagnosis is developed, integrating

CS-LSTM for early fault prediction and a Random Forest classifier for fault diagnosis.
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1.12 Organization of the report

The subject matter of the report is presented in the following seven chapters:

v Chapter 1 gives an overview of the research background, and then discusses various types
of faults in solar photovoltaic (PV) systems. Types of maintenance are discussed next,
emphasising various components of predictive maintenance. Various approaches of pre-
dictive maintenance in solar PV systems are discussed next. Finally, this chapter provides
the problem definition, research issues, research objectives, and contributions of the re-

search.

v Chapter 2 explores the prior works of FDD in solar PV systems. The chapter focuses on
data-driven approaches and provides a systematic review of various AI/ML-based meth-
ods, viz. Artificial Neural Networks, Support Vector Machine, Decision Tree, and Fuzzy
Logic etc. This chapter also describes some of the widely used DL architectures for

predictive maintenance and provides a review of DL methods for solar PV FDD.

v Chapter 3 presents solar PV system description and data analysis. Throughout this re-
search work both real-world and open datasets from Laboratory installations are used.
The real dataset is obtained from a 10 MW PV plant connected to a grid that is opera-
tional in Gujarat. The open dataset is generated from a PV system which is installed in
the Laboratory of Innovation and Technology in Embedded Systems and Energy (LIT),
Universidade Tecnoldgica Federal do Parand-UTFPR, Brazil. This chapter details the
two PV systems, describes the datasets used for model development and evaluation, and

presents a comprehensive data analysis.

v Chapter 4 includes fault detection and diagnosis using traditional ML and DL models.
Different regression models used for fault detection are described in this chapter. This
includes conventional models and deep learning-based sequential models. It also cov-
ers fault classification models framed as a multi-class classification task to distinguish

between different types of faults.

v Chapter 5 presents the various contextual approaches for early fault prediction. This

chapter also describes the proposed contextual model, Context Sensitive Long Short-
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Term Memory (CS-LSTM) which integrates contextual information such as season and
time-of-day to improve the performance of predictive model and thereby improving fault

detection.

v Chapter 6 presents an end-to-end framework for early fault detection and diagnosis in
solar PV systems, integrating CS-LSTM for early fault prediction and a Random Forest

classifier for fault diagnosis.

v Chapter 7 contains summary, conclusion, limitations, and future work.
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Chapter 2

Literature Review

2.1 Introduction

In this chapter, the emphasis of the discussion is on reviewing the existing literature on data-
driven predictive maintenance (PdM) methods in solar photovoltaic (PV) systems with special
emphasis on PV arrays and Balance of System (BOS) failures. The traditional artificial intel-
ligence (AI) based techniques for PAM of solar PV systems are discussed first, followed by a
review of existing literature on deep learning (DL) methods applied to solar PV systems. Then,

a review of related patents is done.

With the objective of identifying the problem of research, the preliminary survey was performed
using the following databases: Web of Science, Google Scholar, IEEE Xplore digital library,
and ScienceDirect with key words like "predictive maintenance”, " fault classification", "fault
diagnosis", “deep learning", and "solar photovoltaics" from 2010 to 2020. Similarly, searches
were also conducted using keywords like "remaining useful life prediction of photovoltaic sys-
tems". As the research progressed further, relevant papers were also reviewed during the period
2021-2025. The summary of some of the results obtained is listed in table
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Name of database|Period Number of|Number Remarks
publications |of relevant

retrieved publications

Web of Science |2010-2020 |99 7 Keyword used is" fault diagnosis
of solar photovoltaic systems" to

search in all fields

Google Scholar |2010-2020 (969 12 Keywords used are "deep learning
for predictive maintenance in solar

photovoltaic systems " containing
the exact phrase " fault diagnosis"
plus " fault classification" OR "fault

detection"

IEEEXplore 2010-2020 |5 4 Containing the phrases "predictive
maintenance” OR "fault classifica-
tion" OR "fault diagnosis", and re-
fined by the keywords “deep learn-
ing", and then by"solar photo-

voltaics"

ScienceDirect  |2010-2020 705 9 Containing the phrase "deep learn-
ing for predictive maintenance of|

solar photovoltaic systems"

Table 2.1: Number of research publications during the period 2010-2020

Research methodology: The main purpose of this review is to investigate the existing literature
on Al methods in predictive maintenance of photovoltaic arrays and battery banks in photo-
voltaic systems. Therefore, it has been attempted to compile the relevant existing literature with
the scope of this investigation limiting to the period from 2010 to 2025. As part of this research,
various journal articles and conference papers pertaining to deep learning in predictive main-
tenance published in the above-mentioned period have been reviewed. Even though the scope
of the investigation spans over the last 15 years, more emphasis is given to research work pub-
lished in the last 10 years, considering their relevance from a research point of view. The articles

were initially searched using Google Scholar and Web of Science and found to be scattered in
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various sources. Finally, a literature search was conducted using two main electronic databases
with scientific scope, namely, IEEE Xplore Digital Library and ScienceDirect. A total of 32
research papers were selected, which are of great relevance to the above-mentioned area. The

inclusion and exclusion criteria are as follows:

Inclusion criteria:

* papers published in 2010 and later.

* papers containing applications such as fault diagnosis, condition monitoring, prognosis,

and remaining useful life.

 Papers containing traditional Al techniques such as artificial neural network (ANN), sup-

port vector machine (SVM), decision tree (DT), fuzzy logic, etc.

 Papers containing deep learning architectures such as recurrent neural networks (RNNs),
deep belief networks (DBNs), autoencoders (AEs), and convolutional neural networks

(CNNs).

* Containing review or some form of experimental results.

Exclusion criteria:

Published before 2010.

* Papers not related to predictive maintenance.

Published as only abstract, editorial review, poster, book chapter, report.

Papers that do not present any type of comparison or experimental results.

Papers that make only propositions.

Non-English articles

Latest developments in ML, DL, and advanced real-time monitoring systems have been in-
strumental in driving PdM applications in solar PV systems. PdM is generally categorized

into three main approaches: (i) data-driven, (ii) model-based, and (iii) knowledge-based. Of
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these, data-driven methods have attracted significant interest among researchers[33]]. Data-
driven techniques, particularly ensemble learning approaches and deep neural architectures such
as Long Short-Term Memory (LSTM) networks and Convolutional Neural Networks (CNNs),
have shown considerable potential for accurately detecting faults in photovoltaic systems, in-
cluding ground faults, line-to-line faults, and potential-induced degradation [S6], [S7]. Hybrid
approaches integrating physics-based models with artificial intelligence (Al) techniques have
demonstrated improved predictive performance, particularly when contextual variables such as
irradiance and temperature are incorporated to enhance robustness and minimize false alarms
[58]]. Additionally, explainable Al (XAI) is becoming more popular to guarantee operator trust
and transparency in automated diagnosis. To enhance fault localisation, electrical data is cur-
rently being combined with drone-based inspection systems and infrared thermography (IRT)
[59]. These advancements show a distinct move towards autonomous, scalable, and smart FDD
frameworks designed for solar PV system predictive maintenance, grid dependability, and effi-

cient operation.

The literature provides a number of surveys and review studies [60], [61] on FDD for solar PV
systems that cover several data-driven methodologies. There are also a number of review articles
that emphasise on visual defects. For example, identifying and then categorising PV defects
using DL methods like CNNs has been reviewed in [62]. It covers electroluminescence, thermal,
and other imaging methods for the visible spectrum. The review identified important problems
that must be addressed under various circumstances; these problems might be mitigated by
contextual feature integration, but they are largely absent from the methods studied. For a

thorough explanation of FDD in relation to PV systems, readers may consult these works.

In this chapter, we will specifically review only data-driven approaches that emphasise recent

studies that are confined to ML and DL techniques.
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2.2 Review of Data Driven Approaches for Diagnostics of Faults
in Solar Photovoltaic (PV) Systems Using Traditional Ar-
tificial Intelligence (AI) Based Techniques

2.2.1 Based on Artificial Neural network (ANN)

Riley and Johnsohn [63]] presented an ANN-based method for the prognostics and health man-
agement of photovoltaic systems. They observed two systems, each with 1.1 kWp capacity. The
ANN model used ambient temperature, wind speed, and solar irradiance as inputs to forecast
the AC power. For each system, they developed a separate ANN model. Each ANN comprised a
4x20x1 feed-forward network. Particle swarm optimization was used for training. The training
data was obtained from a monitoring system for a duration of two months starting from system
installation. The estimated AC power by the ANN models were compared with the measured
power obtained from the monitoring system, a threshold of 10% was set for generating alarms.
The authors mainly observed the effect of training period length on fault detection capability
and evaluated performance based on 10% energy loss criteria. Initially, the ANN models were
trained on two months of data, and best performance was obtained only for temperatures under
which the models were trained, and for other temperature conditions (i.e., other seasons over
which it was not trained) the ANN models produced lot of seasonal errors. When the ANN
models were trained considering data for six months, their prediction performance increased
significantly. Each of the ANN model could detect decrease in power when more than 10%
of energy losses occured for a window period of 2 days. The author noticed that reducing the
time windows increases the time sensitivity, but causes more false alarms, specifically when
the irradiance is poor. The authors also observed that increasing window period decreased time
sensitivity. For example, an alarm threshold of less than 10% energy loss can be used if the
window period is increased to several days. A major drawback of the proposed system is that it
can only detect faulty condition, but can not specify why it happens. Another disadvantage of
the ANN model is that it is prone to more false positives for situations like temporary shading

or when the inverter is off, and as a result high power loss will indicate fault. The authors did
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not mention the accuracy of their models. Also, there is no description of the types of faults
detected other than comparing the measured and estimated powers. Moreover, this approach

can not classify(i.e., isolate) the faults.

Chine et al. [64] presented a fault isolation framework for PV arrays that integrates ANN with
threshold-based techniques. In their approach, fault detection is achieved by evaluating the de-
viation between the simulated and measured power outputs of the PV array. Following fault
detection, several PV string parameters, including short-circuit current (/s¢c), open-circuit volt-
age (Voc), output current, output voltage, and the number of maximum power point tracking
(MPPT) controllers, are supplied to an ANN for further analysis. The authors introduced the
concept of fault signatures, which represent distinct combinations of these parameters under
different fault conditions. Subsequently, a threshold-based mechanism is employed to isolate
and classify faults according to the collective behaviour of the attributes (e.g., no change, in-
crease, or decrease). For example, for a fault like an open-circuited module, the attribute values
of Voc, Isc, maximum power point (MPP) current (Iy;pp), and MPP voltage (Vy,pp) are de-
creased. Chine et al. [[64]] utilized ANNS, specifically focusing on radial basis function (RBF)
and multilayer perceptron (MLP) models, to categorize fault signatures that threshold-based
methods could not distinguish. The MLP model featured two hidden layers, each containing
13 x 13 neurons, and was trained with the Levenberg—Marquardt algorithm, employing logarith-
mic sigmoid activation functions. Conversely, the RBF network featured a single hidden layer
comprising 49 neurons and utilized Gaussian kernels, with their parameters determined through
k-means clustering. A total of 775 simulated patterns were created, with 80% designated for
training and 20% for testing. The ANN models were employed to identify faults like bypass
diode, short circuits, reverse-biased bypass diodes, shunted bypass diodes, and module connec-
tion faults, which could not be detected using threshold-based methods. The MLP and RBF
models achieved classification accuracies of 90.3% and 68.4%, respectively. The threshold-
based approach could isolate open-circuit fault, partial shadow fault, shadow effect with faulty
bypass diode, connection fault, and shadow effect with connection fault in a PV array. The au-
thors used a PV string comprising four PV modules in series, with each module containing 72
cells connected in series. However, the ANN models were developed using simulated data for
different attribute values rather than measurements collected from real PV systems. Moreover,
fault detection relied on a model-based approach in which simulated outputs were compared

with measured values using predefined thresholds. In addition, the classification performance
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achieved by the ANN models was relatively poor.

An ANN-based approach was introduced by Mekki et al. in[[65]] for detecting partial shading
in PV modules. The developed model used cell temperature (7') and irradiance (G) as inputs
to estimate current and voltage at the PV module’s output. The ANN architecture utilised an
MLP that included two neurons in the input layer. The two hidden layers contained 7, and 12
neurons, respectively. The output layer comprised two neurons corresponding to current and
voltage. Electrical measurements, including current and voltage, together with meteorological
parameters such as temperature and irradiance, were collected from a rooftop PV module over
a period of 30 days. Several backpropagation algorithms were evaluated for training, among
which resilient backpropagation yielded the best performance. 70% of the dataset was reserved
for training, and the remaining was used for testing. To assess the impact of partial shading,
different shading scenarios were considered by varying the shaded cells between 5 and 50.
The voltage and current estimated by the ANN model were compared with measured values
to characterize the operating condition of the PV module. For the case of 5 shaded cells, the
mean absolute errors (MAEs) in voltage and current estimation were 1.71 V and 0.0667 A,
respectively, whereas for 50 shaded cells, the corresponding MAEs increased to 11.47 V and
0.52 A. Despite these promising results, the proposed approach was not compared against other
existing methods. Furthermore, the experimental study was conducted using data collected
from a single PV module, which limits the generalizability of the models to larger PV systems

operating under diverse weather and environmental conditions.

An ANN based method was presented by Syafaruddin et al. in [66]] to locate short-circuit fault
in a PV array. The key principle is based on the fact that when a module is short-circuited,
its output voltage becomes zero, which in turn affects all the modules of the same PV string
as well as the adjacent strings. The architecture of the ANN included an input layer, a single
hidden layer, and an output layer, utilizing a tangent sigmoid function for activation. Solar irra-
diance (G), cell temperature (7"), MPP current (Iy;pp), and MPP voltage (Vypp) were provided
to the ANN model as inputs. The output layer was composed of six neurons with each neuron
indicating the estimated output voltage of a PV module corresponding to a PV array where the
modules were configured in 3 x 2 array. The quantity of neurons was set during training in the
hidden layer. The authors used the gradient descent algorithm for weight adjustment. Current

and voltage were recorded when there were variation in cell temperature and irradiance, and 30
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samples were collected by the authors for training the network. Multiple identical ANN mod-
els were used to locate short circuit faults at various modules (e.g., the authors used 12 ANN
models to analyse 12 fault cases). However, this approach could precisely identify the location
of short-circuit fault in a single string only. Since multiple ANN models need to be used for
various fault cases even for a smaller configuration ( e.g., the authors used only 3 x 2 array of
modules), this approach is likely to be infeasible in case of larger PV systems. Moreover, for
a large system, enormous amount of data will need to be trained considering huge number of

ANN models, which in turn will require huge amount of memory.

Akram and Lotfifard [67] introduced a framework for classifying faults in photovoltaic (PV)
systems, specifically targeting open-circuit and line-to-line faults. The framework utilized a
probabilistic neural network (PNN) that relied on radial basis functions and was structured with
an input layer, a hidden layer, a summation layer, and an output layer. The network’s input
features comprised the MPP current (Iy;pp), voltage at MPP (Vy,pp), power at MPP (Py;pp), cell
temperature (7'), and solar irradiance (G). The hidden layer’s size was determined by the num-
ber of training samples, while the summation layer included four neurons, each corresponding
to one of the four operating conditions: normal operation, line-to-line fault, 75% open-circuit
fault, and 50% open-circuit fault. The final classification decision was provided by a single out-
put neuron. Simulation-based evaluation of the proposed method yielded 98.53% classification
accuracy. Despite the high reported accuracy, the study relied on data derived from manufactur-
ers’ datasheets rather than measurements obtained from actual PV installations. Furthermore,
the fault scenarios considered in the study were artificially simulated and did not represent real

fault conditions encountered in operating PV systems.

A fault prediction method for inverter was developed by Betti et al. in [68]. The fault predic-
tion method consists of two modules: a generic fault prediction module implemented using a
clustering algorithm called self organizing map (SOM), and specific prediction module for fault
class implemented using artificial neural network (ANN). The authors considered SCADA data
such as DC voltage, DC current, DC power, AC voltage, AC current, AC power, module tem-
perature, ambient temperature, global horizontal irradiance, and global tilt irradiance as inputs
to both the modules. As claimed by the authors, generic inverter faults can be predicted by 7
days ahead of time of occurrence with 95% sensitivity and 80% specificity, and specific fault

class can be predicted ahead of time occurence from few hours to 7 days in advance.
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Charkhgard and Farrokhi [69]] introduced a hybrid method that integrates an extended Kalman
filter (EKF) with ANN for estimating state of charge (SOC) in Lithium-ion (Li-ion) batter-
ies. The ANN structure comprised an input layer, one hidden layer, and an output layer. The
network received inputs such as the battery voltage from the previous sampling moment, the
terminal current at the present sampling moment, and the estimated SOC at the current time
step. A Gaussian activation function was utilized in the hidden layer, and the network’s output
represented the battery terminal voltage at the current sampling moment. The SOC, used as an
input for the ANN, was derived through the ampere-hour counting method. This model was
combined with EKF by the authors to estimate the battery’s SOC. For data acquisition, an inter-
facing circuit was employed to sample the current, voltage, and temperature of a Li-ion battery.
The proposed method’s performance was evaluated using both offline and online data, revealing
a root mean square error of 2% and 3% between the actual and estimated SOC, respectively.
However, the authors performed their investigations on a single battery only, and the data for
training the ANN were obtained from a new battery that was healthy. Therefore, the trained
ANN is unlikely to give acceptable output as the battery ages. Moreover, the authors performed
their experiment only at room temperature and did not explore the proposed method in different

environmental conditions and ambient temperatures.

2.2.2 Based on Support Vector Machines (SVM)

In [23]], Yi and Etemadi introduced an SVM-based method to identify line-to-line faults in PV
arrays. The authors extracted four features from the PV array itself. The first feature was the fill
factor (FF), the second feature was the ratio between the multiplication of normalised current
output by cell temperature and normalised voltage output by solar irradiance, where normalised
current output is the ratio between current output and short-circuit current, and normalised
voltage output is the ratio between voltage output and open-circuit voltage.

I x T,
Feature, = NORM 7 “cell 2.1)

Vvorm X G
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The changing rate of normalized output current and voltage of the PV array were the third
and fourth features, respectively. By varying irradiance, cell temperature, fault impedance, and
mismatch percentage, various fault conditions were simulated by the authors, and considered 6
faults as labels for training purpose and 426 faults were used for testing. Though it becomes
difficult to detect faults with decreasing mismatch percentage or increasing fault impedance,
the results showed that 50% or more L-L faults can be detected with 20% mismatch using the
proposed approach. The main demerit of the proposed method was that the sample size for
training the SVM was very less ( e.g., only 6 in this case). Moreover, the faults were created

using simulation instead of real fault data.

A technique for identifying short-circuit faults in PV systems, employing SVM in conjunction
with the K-NN algorithm, was introduced by Rezgui et al. in [[70]. Data were obtained from a
database containing PV generator data. As claimed by the authors, the classification accuracy
was 68 to 75.8%. However, the authors did not specifically mention the features used as inputs

in the SVM. Also, detailed description of the datasets used were not explained properly.

Patil et al. [71] developed a method with two stages of support vector machines (SVM) to
estimate RUL of Li-ion batteries. Data from discharge cycles of Li-ion batteries, which were
subjected to different operating conditions, were examined by the authors. The datasets used by
the authors contained information about current, voltage, capacity, voltage load, current load,
and temperature of batteries corresponding to every discharge cycle. All parameters, aside from
cell capacity, were acquired over time with non-uniform sampling rate during discharge. The
authors used the operating parameters of 19 batteries in their work. Given that battery ageing
affects measured voltage, current, and temperature, the authors identified eight parameters from

the voltage and temperature curves. These parameters include the minimum and maximum val-
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ues for each curve, along with the times at which they occur. Additionally, 13 more parameters
were derived from voltage, temperature, and current like capacity of battery, energy of voltage
and temperature signals, fluctuation index of voltage and temperature signals, curvature index
of voltage and temperature signals, concave convex index of voltage and temperature signals,
skewness index of voltage and temperature signals, kurtosis index of temperature signals. The
features of discharge cycles were used to build the classification model. Counting of discharge
cycles were continued till end of life (EOL) of a battery, and each discharge cycle was cate-
gorized into four classes, out of which one class represented the samples the near the end of
life of battery. For extracting critical parameters, the authors used principal component analysis
(PCA). The regression model was used for estimating the RUL of the already classified battery
data near the end of life. The authors conducted experiments pertaining to multiple battery data,
single battery data, two batteries at multiple temperatures, multiple battery data at low and high
temperatures etc. For multiple battery, the authors considered three batteries that have same op-
erating temperature, EOL condition, number of cycles, and varying discharge current and end
voltage. For classification, SVM was used with radial basis function as the kernel. Voltage of
energy signal and fluctuation index of voltage signal were the features selected for training the
SVM. The authors allocated 70% of the data for training purposes, while the remaining 30%
was reserved for testing, achieving 94.15% classification accuracy with an RMSE of 0.2126.
They examined how well their proposed model could predict the RUL of a battery by focusing
on the class close to the end of its life, using 70% of the data for training and 30% for testing.
The inputs to the SVM were the voltage of the energy signal and the fluctuation index of the
voltage signal, with RUL as the target output. As claimed by the authors, the root mean squared
error for regression was 0.2420, and gave a prediction accuracy greater than 99%. Though the
authors did an extensive studies based on various battery combinations, manual feature extrac-

tion is always a tedious task.

Nubhic et al. [72] developed a method for the prediction of RUL of Li-ion batteries using SVM.
They used input features like the capacity of the cell at the beginning, cell throughput measured
in Ah, the minimum and maximum values of SOC (state of charge), the most recent capacity
degradation, cycling temperatures, and the time span between the initial and target capacity as-
sessments. The target training vector was exclusively determined by the cell capacity measured
at the end of the driving session. The authors investigated six Li-ion battery cells, three of which

had undergone cycle ageing, while the remaining three retained higher capacities. A total of 18
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capacity tests were conducted, accounting for variations in temperatures, C-rates, and SoCs. Of
these, 11 datasets were employed for training, and 7 were used for testing. The authors used an
innovative idea of processing capacity tests with load collector profiles to increase the number
of datasets and the features in the datasets. They evaluated the training results using conven-
tional datasets, a single load collective, and all load collectives, finding that the best training
outcomes were achieved with all load collectives. Though the authors did not specifically men-
tion the RMSE for SoH estimation in their paper, it can be inferred that their experimentation
produced RMSE of less than 0.0008 for conventional datasets, 0.0001 with one load collective,
and 0.000025 with all load collectives, thus experimentally demonstrating best performance
with all collectives. It is to be noted that the authors did not use any feature reduction technique
in order to determine the critical features which could have given more insight regarding depen-
dence on important critical features. Also, the authors conducted only 18 capacity tests in their
investigation. Though the authors showed simple RUL prognosis, prediction likelihood was not

included in their result.

2.2.3 Based on Gaussian Mixture Model (GMM)

In [46], a data-driven framework was proposed to identify and categorize anomalies at the PV
string level by utilizing PV SCADA data. This framework includes two distinct methods: one
is an unsupervised learning technique known as hierarchical context-aware anomaly detection,
and the other is a supervised learning method aimed at classifying anomalies. The process of
detecting anomalies was carried out in two consecutive phases to identify abnormal patterns.
Initially, Local Context Aware Detection (LCAD) was employed, followed by Global Context
Aware Detection (GCAD). LCAD is responsible for detecting unusual PV strings from individ-
ual combiner boxes. The proposed framework assumes that PV strings connected to the same
combiner box exhibit similar current profiles under normal operating conditions, and there-
fore only anomalous strings deviate from this common behaviour. The LCAD stage employs a
Gaussian Mixture Model (GMM), referred to as AutoGMM, whose parameters are determined
using the Expectation Maximisation (EM) algorithm. Among the identified clusters, the one
with the highest current centroid is treated as representing normal operation, while the others

are treated as abnormal. To quantify the severity of anomalies, the authors introduced an index,
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known as local anomaly index (LAI), which signifies the proportion of time for which a PV
string’s current is classified as abnormal. A higher LAI suggests a greater chance of abnormal
operation. At the system level, the GCAD stage uses LAI values to minimise false alarms.
GCAD specifically integrates K-means clustering with second-order differencing to assess if a
PV string is anomalous. For classifying anomalies, both aggregate and spectral features are ex-
tracted. Aggregate features consist of the mean, standard deviation, median, and maximum of
the deviation sequence calculated as the difference between the normal cluster centroid’s current
and that of a PV string over time. Fast Fourier Transform (FFT) was used to derive the spectral
features. The classifiers evaluated include SVM, Bagging, and XGBoost. The proposed method
achieved detection accuracies ranging from 78.8% to 90.2%, while XGBoost yielded the best
performance using both aggregate and spectral features, attaining a classification accuracy of
93.0% and a recall of 92.8%. Furthermore, the approach demonstrated robustness to variations
in irradiance and weather conditions. However, its capability to detect and isolate shunt faults

was not investigated for a negligible maximum power point current.

2.2.4 Based on Collaborative Filtering (CF)

A collaborative FDD framework for PV systems was introduced in [73]] that uses collaborative
filtering techniques commonly employed in recommender systems to predict the behaviour of
a target user based on information from similar users. Extending this concept to PV systems,
the proposed method estimates the power generated by a target PV component using the power
outputs of similar components. The method utilises current measurements acquired from the
SCADA system and performs anomaly detection in three phases. The first phase is responsible
for current prediction, where the similarity between a PV string and its neighbouring strings
is quantified using the Euclidean distance metric. These similarity measures, together with
the neighbouring strings’ current values, are used to estimate the current of each PV string.
During the second phase, the seriousness of faults is evaluated by determining the daily total of
residuals that arise from the difference between the forecasted and actual current values. Under
the assumption of Gaussian-distributed noise, noise-induced residuals are expected to remain
close to zero, whereas residuals associated with actual faults exhibit a monotonically increasing

trend. Finally, PV strings that exhibit larger fault severity indices are recognised as defective.
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The proposed method is capable of detecting faults even when fault-induced power losses are
difficult to distinguish from variations caused by noise. Experimental results demonstrated that
the approach outperformed existing data-driven techniques in terms of computational efficiency,

effectiveness, and robustness, and achieved detection accuracy between 96.3% and 97.1%.

2.2.5 Based on Fuzzy Logic (FL)

Ducange et al. [74] introduced a method for detecting faults by employing a Takagi-Sugeno-
Kahn Fuzzy Rule-Based System (TSK-FRBS). This system was utilised to predict the output
power of a PV array. The model for fault detection took temperature (7°) and solar irradiance
(G) as inputs, and DC power (estimated) was the output. The estimator was designed using
TSK-FRBS. For fuzzy input partitions and generating rule antecedents, subtractive clustering
was used, and the rule consequent was estimated by the linear least squares algorithm. The
estimator was trained using simulated data. The estimated power obtained from the model was
compared with the actual power of a PV array, and a fault was detected if the difference in
power, expressed as the mean absolute percentage error, exceeded a threshold of 5%. Fault
conditions due to short circuit in cells, shading, and broken cells on a module were considered
for experimentation. The authors used simulation framework for generating both faulty and
normal conditions, and the results showed that 90% or more faults could be detected by the
system. However, predefined fuzzy rules are needed by the proposed method, which are not easy
to determine precisely since they require a lot of human expertise and experience in addition
to having a proper system configuration. Moreover, the authors considered only short circuit,

partial shading, and open circuit faults.

Bonsignore et al. [75] introduced a neuro-fuzzy method to identify faults in PV systems. They
employed adaptive neuro fuzzy inference system (ANFIS) and used a simulation, referred to
as the "hybrid simulator PV model," to produce the data required for training. Through sim-
ulation, they generated Iypp, Vympp, Isc, and Voc for various levels of irradiance and module
temperatures. Two parameters D; and D, were derived based on Iy;pp, Vipp, Isc, Voc which

are defined as :
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The ANFIS model receives module temperature and solar irradiance as inputs, and the target
outputs are Iyspp,Vypp, Isc, Voc, D1, and D;. Six characteristics were determined based on six
parameters which differed from current-voltage curve in normal operating condition because
of presence of faults. The authors defined the six characteristics based on variation of Iy/pp,
Vurep, Isc, Voc, D1, and D which were different from normal I-V (current-voltage) curves, and
these characteristics were used to detect faults. The authors also demonstrated fault diagnosis
capability by using norm test in order to categorize the faults into various types like short cir-
cuited diode, partial shading, lower earth fault, upper earth fault, and normal condition. The
results demonstrated that the method could categorize normal and faulty operations for earth
faults, diode short circuit, and partial shading. However, the training data were generated using

simulation only.

2.2.6 Based on Decision Tree (DT) and other advanced Machine Learning

(ML) techniques

In their study, Zhao et al. [21]] presented a technique that employed decision trees for identifying
and categorising faults in solar PV arrays. Feature selection was performed using information
gain, and the most informative inputs included normalised current, fill factor, PV array power,
PV array voltage, and open-circuit voltage. This approach was tested for detecting partial shad-
ing, open-circuit, and line-to-line faults in PV modules. Based on experimental findings, the
accuracy of fault detection and classification was found to be between 93.56% - 99.98%, and

85.43% - 99.8%, respectively.
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Abdelsattar et al. [76] investigated various ML techniques for predicting power and detecting
various PV faults. They used a dataset consisting of 97,333 samples and evaluated various ML
models such as Linear Regression, XGBoost, Random Forest, CatBoost, Random Trees, and
Gradient Boosting (GB). GB and CatBoost stood out in power prediction, achieving a peak
R? score of 0.994. With reference to FDD of PV faults, CatBoost surpassed the other mod-
els, achieving 99.97% accuracy, 99.72% precision, 99.93% recall, and an F1-score of 0.9982,

highlighting its effectiveness for FDD applications.

Noura et al. [77] introduced a framework for FDD in PV systems using the Extra Trees clas-
sifier. This framework functions in two consecutive phases: the first phase involves binary
classification to detect faults, and the second phase employs multi-class classification for di-
agnosing the faults, resulting in high accuracy. To improve the framework’s interpretability
and transparency, the authors utilized explainable artificial intelligence (XAI) with SHapley
Additive exPlanations (SHAP). Additionally, the authors highlighted the significance of using

oversampling techniques to address class imbalance challenges in PV fault datasets.

2.3 Review of Data Driven Approaches on Diagnostics of Faults
in Solar Photovoltaic (PV) Systems Using Deep Learning
(DL) Techniques

ANNs with more than one layer of hidden units can be considered as Deep Neural Networks
(DNNs). Such deep models with multiple levels of nonlinearity provided through multiple hid-
den layers having nonlinear activation functions in the hidden units are capable of modelling
highly complex and nonlinear relations between input and output. However, the conventional
training algorithms, such as backpropagation, are not suitable for DNN due to various limi-
tations. The class of learning approaches, called Deep learning, aims at efficient training of
deep architectures, mainly the DNNs. The earliest reported deep architecture was a multilayer
perceptron comprising numerous hidden layers, introduced by Yann LeCun in 1989 [78].This
network employed the backpropagation algorithm for handwritten ZIP code recognition. How-

ever, the increased network depth resulted in high computational cost and introduced optimiza-
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tion difficulties, particularly the vanishing gradient phenomenon. As a consequence, efficient
parameter estimation in deep networks became extremely difficult, causing research interest in
deep neural architectures to decline for several years. Interest in deep neural architectures was
revived in 2006 following the influential contribution of Hinton et al. [79], which demonstrated
effective strategies for training deep models and significantly accelerated research in this area.
Further progress was achieved through the work of Ranzato et al. [80] and Bengio et al. [81]],
who proposed stacked autoencoder architectures that substantially advanced the development
of deep representation learning. Since then, DL methods have evolved into the most prominent
paradigm in Al and have been successfully applied across a broad spectrum of domains, includ-
ing speech and signal processing, computer vision, and natural language processing. Compared
to conventional ML approaches, DL offers several important advantages [[82]. By employing
multiple layers of representation learning, these models can automatically derive meaningful
features from raw input data, analogous to the hierarchical information processing observed in
the human brain [83]. Moreover, deep learning systems are capable of learning task-specific
representations directly from unprocessed data, thereby reducing the dependence on manual

feature engineering for detection and classification tasks [84].

The following are some of the definitions of deep learning that are available in the literature

[851,[86]:

* Definition 1: According to [82], “Deep learning is about learning feature hierarchies
with features from higher levels of the hierarchy formed by the composition of lower

level features.”

* Definition 2: "Deep learning (also known as deep structured learning or hierarchical
learning) is learning data representations, as opposed to task-specific algorithms. Learn-

ing can be supervised, semi-supervised or unsupervised" [87] [84].

* Definition 3: According to [87], [86] “deep learning is a class of machine learning algo-
rithms that: (1) uses a cascade of multiple layers of nonlinear processing units for feature
extraction and transformation. Each successive layer uses the output from the previous
layer as input, (2) learns multiple levels of representations that correspond to different

levels of abstraction; the levels form a hierarchy of concepts.”

DL techniques can broadly be classified into discriminative (supervised) and generative (unsu-
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pervised). Examples of discriminative models are CNNs and RNNs. Deep Boltzmann Machines
(DBMs), DBNSs, and AEs are examples of generative models. In addition to these, Deng et al.
[86] mentioned another class i.e. hybrid models. The aim of hybrid models is discrimination
but such models are assisted with generative or unsupervised deep models. For example, a DBN
(generative model) can be trained in an unsupervised way to get the initial value of parameters.
This is often referred to as pre-training. After pre-training, the same network can be used for

discriminative task using the labels.

The body of research on deep learning-based methods for predictive maintenance in solar pho-
tovoltaics is rather small. Although there are many papers in solar forecasting, publications
on predictive maintenance utilising certain DL techniques have only recently increased. The
next section discusses a few deep learning techniques for solar photovoltaic system predictive

maintenance.

2.3.1 Based on Convolutional Neural Networks (CNN)

The CNNs, introduced by Lecun et. al. [[78]], have been successfully applied to several prac-
tical applications. These networks employ the convolution operation in place of mathematical

operation in at least one of their layers [88]].

CNN s generally process data structured as grids or multiple arrays. For instance, a color im-
age is made up of three two-dimensional arrays that hold pixel intensity values for the RGB
channels, while sequences and signals are represented as one-dimensional arrays. A CNN is
composed of multiple convolutional and pooling layers, typically ending with one or more fully

connected layers that resemble traditional feedforward networks, as illustrated in Figure

Relu + Max QOutput Predictions

Convolution Pooling Flatiening

Image

Pooled Fully Connected
Feature Maps Features Flattened Data Laver

Figure 2.1: Basic architecture of CNN (source:https://www.i2tutorials.com/)

The initial layer of hidden units, which carries out the convolutional process, is linked to the
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input layer. However, not all neurons of the input layer are connected to the hidden layer; only
local patches from the input neuron space (pixels of image) are connected to the hidden layer
neurons as depicted in Figure 2.2] Each such local patch can be considered as a window and
this window slides over the entire input neuron space. Each position of the window corresponds
to a specific neuron within the hidden layer. The window slides through the entire input neuron
space, moving horizontally from left to right and vertically from top to bottom. Let us consider
an array of size, say, w X h x d, where w, h, and d indicate width, height, and depth, respectively.
For example, a grayscale image of size 7 x 7 x 1 or an RGB image of 7 x 7 x 3. For the given
grayscale image, a window (or patch) size of 3 x 3 x 1 will return a hidden layer with 5 x 5 x
1 neurons when the window slides over the entire input space as shown in Figure 2.2] Every
neuron within the hidden layer is linked to a specific bias value b and a weight matrix W (called
a filter or kernel) through which it is connected to the previous layer. The depth of this filter
has to be the same as the depth of the input. The activation value at a neuron is computed
by taking the scalar product between the filter and the patch connected to that hidden neuron
and summing them up and adding the bias. Finally, a nonlinear function, such as a ReLU,
processes the locally weighted sum. For each hidden neuron linked to a particular neuron in
the input layer, this procedure is carried out repeatedly. The resulting array is called a feature
map or activation map. All units within a feature map utilise the same filter and bias, while
distinct filters are applied to various feature maps within a layer. A network configuration that
includes only one feature map is capable of identifying one type of localised feature. In image
recognition tasks, it is necessary to use multiple feature maps. Therefore, a full convolutional

layer is made up of various distinct feature maps, as illustrated in Figure [2.1]

3 x 3 x1 Filter (or Kernel)

'-'i- ¥ QO First hidden layer

7 x 7 X1 Input 5x 5 x1 Feature map

Figure 2.2: Input and hidden layer of CNN

The pooling layer follows the convolutional layer. Its primary function is to present the feature
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map from the preceding layer in a more compact form. In the pooling layer, a typical unit
identifies the highest value from a specific section (i.e., patch) of the feature map. Adjacent
pooling units receive input by shifting patches by more than one row or column. Typically, a
CNN consists of two or more stacked layers of convolution, ReLU, and pooling, followed by
fully connected layers. The usual stochastic gradient and backpropagation algorithms are used

for training the network to learn the parameters.

Huuhtanen and Jung [89]] investigated the use of CNNs for detecting abnormalities in PV pan-
els. Their approach utilised historical power measurements, represented as time-series data, to
identify malfunctioning panels. The underlying principle was to compare the observed power
curve of a target panel with predicted power curve derived from neighbouring panels. Signifi-
cant deviations between the measured and predicted power outputs were considered indicators
of abnormal operation. The authors evaluated two CNN architectures: a fully convolutional
model with two convolutional layers (CC) and a hybrid model consisting of a fully convolu-
tional first layer followed by an unshared convolutional second layer (CUC). The proposed
models were tested using both synthetic power data spanning 1000 days and real-world mea-
surements collected over 157 days. For the synthetic dataset, the CC and CUC architectures
achieved mean squared errors (MSEs) of 0.000037 and 0.000010, respectively, whereas for the
real dataset the corresponding MSE values were 0.002589 and 0.002346. The overall MSEs re-
ported for the synthetic and real datasets were 0.000421 and 0.003561, respectively. Although
the proposed approach demonstrated promising performance on synthetic data, its effectiveness

on real-world datasets was not very satisfactory.

Aziz et al. [90]] proposed a CNN-based architecture for fault detection in PV arrays using sim-
ulated data. The method employed two-dimensional scalogra ms generated from PV system
measurements to extract discriminative features for fault classification. Five fault scenarios
were considered in the study: partial shading (PS), open-circuit (OC) faults, line-to-line (LL)
faults, high-impedance/series arc faults, and faults occurring under partial shading conditions.
The dataset comprised several electrical and environmental parameters, including solar irradi-
ance (G), temperature (7'), short-circuit current (Isc), open-circuit voltage (Voc), PV current
(Ipy), MPP current (I;pp), MPP voltage (Vy;pp), and power at MPP (Pypp). Additionally, the
maximum power, current, and voltage at the boost converter were also utilized. Experimen-

tal results indicated that the fine-tuned pre-trained CNN achieved 73.53% accuracy for fault
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detection . The authors also emphasized the significance of extracting discriminative and repre-
sentative features instead of directly using raw data in noisy environments, obtaining a detection
accuracy of 70.45%. Despite these contributions, the study relied entirely on simulated PV data
rather than measurements from real PV installations. Furthermore, the achieved fault detection

accuracy suggests that there remains scope for improving the proposed approach.

Tan et al. [91]] introduced a method for assessing dust accumulation on PV panels using de-
noising convolutional neural networks (DnCNN). The proposed framework integrated the feed-
forward DnCNN architecture introduced by Zhang et al. [92] with three variants of Residual
Networks (ResNet), namely ResNet-101, ResNet-50, and ResNet-34. For comparative evalu-
ation, the authors also combined DnCNN with VGG-16 and AlexNet architectures. The ex-
perimental dataset consisted of PV panel images collected over a period of four months. Out
of the total dataset, 440 and 110 images were used for training and testing, respectively. The
performance of the different DnCNN-based architectures was assessed after 1500 training iter-
ations. The obtained accuracies for AlexNet, VGG-16, ResNet-101, ResNet-50, and ResNet-34
were 31.59%, 30.45%, 38.6%, 87.3%, and 85.9%, respectively. Among the evaluated mod-
els, DnCNN combined with ResNet-50 achieved the highest accuracy for classification for dust

accumulation assessment.

Li et al. [93]] introduced a DL-based approach for the analysis of defects in PV modules. The
method employed CNNs to identify defect patterns from images captured using unmanned
aerial vehicles (UAVs). The proposed framework was evaluated for several types of module
defects like dust-induced shading, snail trails, gridline corrosion, encapsulant delamination,
discolouration, as well as defect-free modules. The reported classification accuracies for these
categories were 97.8%, 97.8%, 98.0%, 99.5%, 98.1%, and 98.5%, respectively, demonstrating

the effectiveness of the CNN-based approach for automated PV module inspection.

Priyadarshini et al. [94] investigated the detection of visual defects in PV modules, includ-
ing cell damage, glass fractures, soiling, and shading, which are often difficult to identify un-
der challenging environmental conditions. For fault classification, the authors employed the
EfficientNet-B0 deep learning architecture. Based on testing, the authors showed that the model
effectively distinguished among various visual defects in RGB images of PV modules, yielding

a classification accuracy of 97.24%.

Sridharan et al. [95]] proposed a CNN-based framework for the automated classification of
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defects in PV modules using aerial images acquired from UAVs. The proposed method demon-
strated lower training time while achieving superior performance compared to conventional
methods and pre-trained architectures such as VGG16 and ResNet50. Specifically, classifica-
tion accuracies of 95.07% and 94.145% were obtained for uniform and non-uniform datasets,

respectively.

2.3.2 Based on Recurrent Neural Networks (RNN)

Recurrent Neural Networks (RNNs) represent a specialised class of deep learning architectures
that are well suited for modelling sequential and temporal data [96],[97]. An important feature
of an RNN is the presence of at least one feedback connection, which enables activations to
circulate in a loop while having hidden states. This configuration allows for temporal processing
and sequence learning. There are various kinds of RNN architectures. The basic RNN includes

three layers: the input layer, the recurrent hidden layer, and the output layer, as illustrated in

Figure [2.3][97].

Outputs
y y{—l y, yHl
»
WHH T WHo
C h. — h,_| —_— h; — hr+1 —
A
T Unfold
WiH
X- xr-l x,r x!-l]
Inputs

Figure 2.3: Basic structure of RNN

The input to the RNN is a time series vector such as {...,X,_1,X/,X;11, ...}, Where where each
input at time step 7 is given by X, = (x1,x2,...,xy). In a fully connected RNN,the matrix W;g
defines the connection weights between the input layer and the hidden layers. The hidden units
are interconnected through recurrent links and are also connected to the output layer as shown
in the unfolded network of Figure The recurrent connections enable the hidden layer to

retain the network’s internal state, which acts as its memory, and is given by (2.7/)).
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ht — f[—] (0;) (26)
o, = Wiyx; +Wyyh, 1 +by (2.7)

Here, fg denotes the activation function for the hidden layer, and the bias vector for the hidden

units is denoted by by,.

The output of the network is given by (2.8))

Y: = fo(Wroh; +b,) 2.8)

Here, fo represents the activation function for the output layer, while b, denotes the bias vector

associated with the output units.

The network’s loss function is determined by evaluating the difference between the target output

y: and the network’s output y’, at each time step, and it can be expressed as

T
Ly-y)=Y E(y.Y) (2.9)

t=1

The training of simple RNN architectures can be achieved using gradient descent approaches

such as back-propagation algorithm.

Appiah et al. [98]] utilised long short-term memory (LSTM) networks for fault diagnosis in
PV arrays. The authors generated simulated datasets comprising 2240 line-to-line (LL) fault
instances, 1961 hotspot (HS) fault instances, and 1866 healthy operating conditions. A total of
6067 samples were created by varying operating parameters such as partial shading, line-to-line
faults, solar irradiance, fault impedance, and temperature. Current, voltage, and power measure-
ments obtained from the simulations were organized into separate datasets, namely I_dataset,

V_dataset, and P_dataset. Each sample was subsequently transformed into a 400-dimensional
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feature vector. The proposed LSTM model automatically extracted features from the raw data,
and the learned representations were supplied to a softmax regression classifier for fault classifi-
cation. The model was trained and evaluated using both noiseless and noisy datasets containing
normal (N), line-to-line (LL), and hotspot (HS) fault conditions. For the noiseless dataset, the
reported classification accuracies for N, LL, and HS classes were 100%, 99.03%, and 100%, re-
spectively. When noise was introduced, the average classification accuracies decreased slightly
t0 99.23%, 97.66%, and 98.78% for the corresponding classes. Despite the promising results,
the study was based entirely on simulated fault scenarios and did not incorporate measure-
ments from real PV systems. Furthermore, the rationale behind representing each sample as a
400-dimensional vector was not clearly explained, and the attributes constituting each sample
were not explicitly specified. Furthermore, this approach is not suitable for comparison with

experiments conducted on real datasets.

Liu and Yu [99] used an Elman Neural Network (ENN) for identifying faults in PV systems.
The authors designed a laboratory setup for a small PV power station consisting of solar pan-
els, a switching controller, a controller for MPPT charging and discharging, an inverter, battery
storage, AC loads, DC loads, remote data interaction, and a signal detection unit. There is
a power detection module for detecting irradiance, temperature, input current, output current,
input voltage, and output voltage in each main power device. A halogen lamp was used to sim-
ulate sunlight irradiation in the range 300-1000 w/m?, and irradiance and temperature sensors
were used to collect environmental data. Two modules were connected to form one string, and
four strings were connected in parallel, thereby producing a 2x4 PV array. The faults consid-
ered were No fault (i.e., normal state), partial shading, overall shading, and open circuit fault.
The collected parameters were: output voltage and output current of PV array, output voltage of
inverter, temperature, irradiance, DC load voltage. Total 1600 samples were used, out of which
70% were used for training, and the remaining 30% were used for evaluating the performance of
the models. Neural Network toolbox in MATLAB was used to train the ENN structure by keep-
ing 2000 as maximum training epoch with error precision equal to 0.0001 and 0.01 as initial
learning step size. The authors compared performance of their model with Back Propagation
(BP) Neural Network, and claimed that diagnosis error of their model was less than BP method.
The main delimitation of the proposed method was that it used only simulated data, and that
too for a very small PV system (e.g., 2x4 PV array). Moreover, the authors did not extend their

work to large PV systems.
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To accurately detect and classify defects in PV modules, particularly those caused by complex
and dust-related issues, a hybrid DL model was introduced in [100]. This model integrates
Bidirectional GRU and ResNet along with other components. By extracting information from
I-V curves, it increases diagnostic accuracy and efficiently differentiates between similar fault
types. Achieving an accuracy of 98.21% on noisy data and 99.94% on clean data, the model sur-
passed traditional methods such as ANN, RF, ResNet, and other models derived from ResNet,

making it appropriate for FDD.

Zhang et al. [101]] used LSTM-RNN for RUL prediction of Li-ion batteries. The framework
that was developed included four primary elements: an LSTM-RNN, a method for optimising
network parameters, a dropout technique to avoid overfitting in the neural network, and a Monte
Carlo simulation for generating prediction uncertainties. The authors employed the RMSprop
method for training the LSTM-RNN network and applied a dropout strategy to mitigate over-
fitting in the LSTM-RNN. The authors also used Monte Carlo (MC) simulation for generating
uncertainties associated with RUL prediction. According to the authors, LSTM-RNN can be
employed to estimate the RUL of a battery without the need for offline training data. Tests
conducted on four cells at varying temperatures, such as 25 °C and 40 °C, and under different
current rates showed that the proposed technique could predict RUL more accurately as com-
pared to SVM and simple RNN. But the author did not mention percentage of accuracy of their

proposed method.

2.3.3 Based on Deep Belief Network (DBN)

DBNs were one of the non-convolutional models that demonstrated successful training of deep
architectures [88]]. Prior to DBNs, deep models were considered to be very difficult to train and

models like SVMs were popular compared to the deep models.

A DBN is a type of generative graphical model created by layering several levels of latent or
hidden units on top of each other. Typically, the hidden units are binary, while the visible units
can be either binary or real-valued. A DBN represents the joint distribution of the observed

input layer along with the hidden layers, and the joint distribution can be given as
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-2
p(x,h',....h') = p(h'~ 1K) (Hp(h" | h"“)) p(x|h') (2.10)
k=1

where p(h'~! h/) is the prior and the joint distribution is a Restricted Boltzmann Machine

(RBM) and the conditional distribution is given as

p(H 1) =T~ 1) 2.11)
J

Hinton et. al [102] showed that DBN can be trained by stacking RBMs as depicted in Figure
[2.4] The last layer of the DBN is added when discriminative task is required to be performed.

This will be discussed in the later paragraphs.

Output Layer

RBM 2

RBM 1

Input Layer
(Visible layer)

Figure 2.4: A basic architecture of deep belief network

Considering that DBN is formed by stacking RBMs, the joint distribution p(h’~! h!) can be

given in terms of the energy function (or Boltzmann distribution).
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p(' 1) =~ exp{ (~E(' 1w }

1 (2.12)
== exp{ (W'TW3h!~! £ p/—1Th~! ¢ blThl)}
Here, the energy function E can be given by (2.13)
EM'~! h') = —n'"Twh! —b"h’~! —c'n (2.13)

The weight matrix w, which has real values, is linked to the units h!~! and h’. Additionally, the

bias terms b and ¢, also real valued, are connected to h/~! and the hidden layer h’, respectively.

A DBN is trained through a greedy layer-wise unsupervised method [79]], [81]], where each
RBM layer is individually trained. The input for each subsequent layer is the output from the
preceding one. This unsupervised learning stage is known as pre-training. This phase turns the
hidden layers as feature detectors. It can represent hidden patterns in the input observations.
After pre-training, DBN can further be trained in a supervised manner to be used for discrimi-
native task. This phase is referred to as fine tuning. For supervised learning the output layer is

used and backpropagation approach can be applied to update the weights and biases.

To improve forecasting accuracy of short term PV power forecasting, an Enhanced Deep Belief
Network (EDBN) framework has been proposed in [103] which employs a stacking ensemble
strategy consisting of multiple base learners such as Extreme Learning Machine (ELM), Mon-
drian Forest (MF), Extremely Randomized Trees (ERT), and K-Nearest Neighbours (KNN)
operate at the first level, while a DBN acts as the meta-learner. As a key contribution, the
authors have integrated the Tree-Structured of Parzen Estimators (TPE) algorithm for hyperpa-
rameter optimization, which enables efficient exploration of the hyperparameter space, thereby
improving generalization performance and reducing overfitting. The proposed EDBN is vali-
dated using datasets obtained from Desert Knowledge Alice Springs Center (DKASC) located
in Australia with a sampling interval of five-minute resolution. For assessing the performance
of the proposed model, various types of weather fluctuations were considered such as rainy,

foggy, partially cloudy, and sunny. Comparative performance evaluation of the proposed model
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demonstrates that it outperforms all standalone baseline models such as ELM, MF, ERT, KNN,
DBN and other DL models like MLP, GRU, LSTM, and BiLSTM by achieving an overall
RMSE of 3.88 kW. However, the proposed method incurs higher computational complexity and
increased training time due to the ensemble structure and hyperparameter optimization process.
Furthermore, the study focuses on a single-site dataset, and its generalization across various

climatic regions remains an open challenge.

Tao et al.[104] presented an intelligent FDD framework for PV arrays by integrating a DBN with
a Genetic Algorithm (GA) to address a well-known limitation of conventional DBNs, namely
their sensitivity to randomly initialised weights and biases, which often leads to local optima
and unstable diagnostic results. In the proposed GA-DBN model, the GA simultaneously op-
timises the initial weights and biases of the DBN during the unsupervised pre-training stage.
The reconstruction error of the Restricted Boltzmann Machine (RBM) is used as the fitness
function, enabling effective evaluation of network performance. This optimisation improves
convergence speed and enhances feature extraction capability before supervised fine-tuning us-
ing backpropagation. The proposed method is validated using a simulated PV array consisting
of twelve modules under five operating conditions: open circuit, partial shading, grounded short
circuit, abnormal ageing, and normal operation. Four electrical parameters—open-circuit volt-
age, short-circuit current, current at MPP, and voltage at MPP—are used as input features.
Comparative experiments are conducted against traditional DBN, SVM, and GA-optimized
backpropagation neural networks (GA-BP). Results demonstrate that the GA-DBN achieves
superior fault diagnosis performance, with an overall accuracy of 95.73%, outperforming DBN
(93.02%), SVM (86.77%), and GA-BP (85.42%). However, the GA-DBN requires higher train-
ing time due to the computational overhead of genetic optimization, limiting its suitability for
real-time applications. Moreover, the authors used simulated data for validation, and did not

evaluate performance under real-world operating conditions.

2.3.4 Based on Autoencoder (AE)

An autoencoder (AE), a type of neural network, is employed in unsupervised learning to pri-
marily capture the encoding of input data within its hidden layers. It can be considered as an

unsupervised nonlinear feature extraction approach. An AE generally includes an input layer,
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several hidden layers designed to learn representations of this input, and an output layer that
mirrors the input layer, as illustrated in Figure 2.5 An AE is classified as deep when it con-
tains more than one hidden layer. In dimensionality reduction, the hidden layer contains fewer
units than the input layer. Conversely, when mapping features to a higher-dimensional space,
the hidden layer has more units than the input layer [86]. An AE can be trained using one of
the backpropagation methods such as stochastic gradient descent. However, as the number of
layers increases in the network, the problem of vanishing gradient appears wherein the error
propagated to the first few layers becomes very small leading to inefficient training. There are

several variants of the basic AE model, e.g., Sparse, Denoising, Contractive, and Variational

AE [105].

b
Input

Output (Reconstructed Input)
=

T ———

Figure 2.5: Basic architecture of autoencoder

The basic AE typically comprises two parts: the encoder and the decoder. In the simplest case,
with one hidden layer, the encoder takes the input x and maps it to h as given in (2.14)) , where

the dimension of h can be higher or lower than x depending on the task’s requirement.

h= f(Wx+b) (2.14)

Here, h is commonly known as code, latent representation, or latent variables. The activation
function, denoted as f, can be either a sigmoid function or a ReLU. The weight matrix is

represented by W, while b stands for the bias vector.

TH-4096_186151013 61



The decoder component translates h into the reconstructed vector x’ as given by (2.13).

X =g(Wh+b) (2.15)

The process of training an AE focuses on reducing the reconstruction error, which is described

by the loss function as follows:

ZLx—x)=[x—x|? (2.16)

The weights and biases are updated using backpropagation.

Hadrawi et. al.[106] proposed an unsupervised deep autoencoder-based model to identify mis-
match faults in PV modules using data obtained from a 20 MW grid-connected PV plant consist-
ing of 520 PV modules. The authors derived eight electrical features from I-V and P-V curves,
viz., short-circuit current, current at maximum power, voltage at maximum power, open-circuit
voltage, maximum power, module efficiency, fill factor, and thermal voltage. The distribution
of faults considered was: Normal (103 modules), Hotspot (157 modules), Short-circuit faults
(49 modules), and bypass diode failures (211 modules). The authors compared the proposed
method’s performance with Deep Feedforward Neural Networks (DFNN) and Deep Belief Net-
works (DBN), and obtained an accuracy of 97.12% for the proposed method, 92.84% for DBN,
and 92.41% for DFNN. However, the authors did not do any experiment with various variations
of autoencoders. Moreover, no experiment was done to combine the autoencoder with other

methods to check performance improvements.

Dairi et al. proposed an autoencoder model, known as a Variational AutoEncoder (VAE) for
forecasting PV power [107]]. The authors conducted an extensive evaluation of autoencoders,
including Variational Autoencoder (VAE), Restricted Boltzmann Machine (RBM), and Stacked
Autoencoder (SAE), as well as RNN-based models such as RNN, GRU, LSTM, ConvLSTM,
and BiLSTM, for short-term and multi-step-ahead PV power forecasting. The forecasting
framework is based on univariate time-series modelling, in which the input to all models is
a sequence of historical PV power measurements, and the output is the predicted PV power for
single- and multi-step-ahead horizons. The authors evaluated the performance of the models

using datasets obtained from two PV plants connected to grid: a 9 MW PV Plant situated in
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Algeria and a 243 kW PV array located in a parking lot in the US. The results demonstrated that
VAE was the best performing model as compared to all other models for both datasets, achiev-
ing R? values of 0.995. However, external meteorological variables (i.e., weather data) are not

used for PV power forecasting. Moreover, the authors did not consider multivariate forecasting.

Seghiour et al.[108] proposed a DL based FDD framework for grid-connected PV systems,
aiming to improve robustness and accuracy under noisy operating conditions. The proposed
methodology integrates physical modelling with data-driven technique. Initially, the PV system
was modelled using the One Diode Model (ODM), whose unknown parameters were extracted
using the Coyote Optimization Algorithm (COA). This optimization step enables realistic sim-
ulation of the PV plant behaviour under varying environmental conditions. Based on the vali-
dated model, a comprehensive dataset is generated for both healthy and faulty operating states,
including voltage, current, solar irradiance, module temperature, and MPP power. Five AEs
were utilized to derive features from parameters like irradiance, voltage, current, power at the
maximum power point, and module temperature. These features served as inputs for an ANN,
creating a DNN composed of five AEs and an ANN with a single hidden layer containing eight
neurons. The authors experimentally validated their model by using monitored data from a 9.54
kW PV system located in Algeria. As claimed by the authors, the accuracy of the proposed
method is 99.9% under noisy data, and 100% under noiseless data. However, the authors fo-
cused only on module short circuit faults and string disconnections, whereas other PV faults

such as partial shading, inverter faults, degradation, etc. were not considered.

2.4 Review of Related Patents

A few relevant patents pertaining to the current research are described below.

* US20190384257A1, “Automatic health indicator learning using reinforcement learning
for predictive maintenance”, by Chi Zhang, Chetan Gupta, Ahmed Khairy Farahat, Kosta
Ristovski, Dipanjan Ghosh, Dec.19, 2019: Zhang et al. invented a method that employed
reinforcement learning to predict maintenance needs using health indicators. The method
integrates operational condition data, sensor data, and failure event data to construct a

model that assesses health indicators. These indicators, derived from state values, learned
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policies, and rewards, serve as measures of equipment performance. External sensor
readings and operational data for a piece of equipment are used to validate the model,

which then provides a recommendation based on its analysis.

* US9939485B1, “Prognostics and health management of photovoltaic systems”, by Jay
Johnson, Daniel Riley, April 10, 2018: Johnsohn and Riley used ANN to create a PV
system’s prognostics and health management system. By utilising data related to at least
one parameter of the PV system’s present operation and generating an expected operating
metric as an output related to at least one parameter, the ANN model makes it easier to
analyse an output of a photovoltaic (PV) system. Training data collected before the PV
system’s present operation was used to configure the ANN. Additionally, the system has
an operational component that is set up to receive data about an output of the PV sys-
tem while it is currently working and to produce an actual operating metric related to the
output of the PV system. Additionally, a comparison component is set up to ascertain
whether the value of the expected operating metric and the actual operating metric dif-
fer. If there is a difference, an evaluation component is set up to ascertain whether the
difference is greater than a threshold, which might be a specified amount, percentage, or

mathematical formula.

» US9541598B2, “Smart junction box for photovoltaic systems”, by Mei Zhang and Jian-
hong Kang, Jan 10, 2017: A smart junction box for photovoltaic systems was created by
Mei Zhang and Jianhong Kang. It gives electrical measurements of strings of PV cells to
identify early cell degradation, bypass diode failure, and arcing, reports the results to a
central location, and/or allows for the automatic disconnection of a specific string of PV

cells.

* US10389300B2, “Photovoltaic system having fault diagnosis apparatus, and fault diagno-
sis method for photovoltaic system” by Sukwhan Ko, Youngseok Jung, Gi-Hwan Kang,
Youngchul Ju, Hyemi Hwang, Junghun So, Hee-Eun Song : Ko et al. presented inven-
tion related to a fault diagnosis for a photovoltaic system. The fault diagnosis apparatus
consists of a temperature sensor unit to measure both internal temperature of the junction
box and a surface temperature of the solar module; a voltage sensor to measure voltage
in the junction box, an operation unit to determine whether fault occurs inside the solar

modules or inside the junction box, and the inverter by comparing measured values of
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the temperature sensor unit with a measured value of the voltage sensor. In addition, it is

possible to detect solar module faults that are difficult to be checked by the naked eye.

» US9761913B2, “High efficiency high voltage battery pack for onsite power generation
systems”, by Sandeep Narla, Sept. 12, 2017 : For an on-site power generation system,
Sandeep Narla created a high-voltage battery pack with battery modules set up to deliver
a minimum voltage of 170V. Between the battery modules and the positive and negative
output terminals of the battery pack, high-speed switches and a rapid current detection
circuit are connected in series. When a fault situation is identified, a control circuit linked
to the current detection circuit activates to open one or more switches, thereby discon-

necting the battery modules from the battery pack’s output terminals.

2.5 Summary

In this chapter, the existing literature on data-driven predictive maintenance methods in solar
PV systems with special emphasis on diagnostics of PV array faults, and prognostics of Balance
of System failures, including inverter faults, has been reviewed. The Al-based techniques for
PdM of solar PV systems were discussed first, and then a literature review of existing methods
using DL techniques is presented. It should be noted that the applications of DL methods in
PdM of solar PV systems are in their nascent stages. Based on the survey of existing literature,
it has been observed that DL methods are yet to be explored for PdM, especially in solar PV
systems for diagnostics and prognostics of PV array faults, health estimation, RUL of BOS
components, and prediction of inverter faults. Table [2.2]lists some of the significant research
done on fault diagnosis of PV arrays during the period 2010-2014 using traditional Al-based
techniques. Table[2.3]lists the reviewed papers on fault diagnosis of PV arrays using traditional
Al-based techniques during the period from 2015 to 2020. Table [2.4] summarises the research
done on fault diagnosis of PV arrays using deep learning during the period 2010-2020. Table
lists some of the reviewed papers on prognostics of BOS components using data driven

methods during the period 2010-2020.

According to the literature survey, the application of DL techniques in predictive maintenance

for renewable energy systems, especially solar PV systems, remains largely untapped. While

TH-4096_186151013 65



numerous studies have concentrated on fault detection and diagnosis, there is a scarcity of

published work on predicting faults early by using contextual information.

To summarize, the following research gaps (RGs) have been identified:

* RG1: Most of the publications are related to model-based techniques, especially electrical
methods. Data-driven methods have not been extensively explored by many researchers

in PV applications.

* RG2: Very few researchers have used DL approaches in the domain of renewable energy
systems for PAM. Based on the survey of existing literature, it has been observed that DL

methods are yet to be explored for PdM, especially in solar PV systems.

* RG3: There is a lack of approaches that take into account the context information.
Though there are few researchers who have used DL for PdM in solar PV systems re-

cently, there is very little work on contextual approaches for PAM in solar PV systems.

* RG4: Though artifial intelligence based condition monitoring and fault diagnosis of solar
PV systems has been extensively studied and implemented by numerous researchers for
quite a long time, the main idea of predictive maintenance is lacking in many of the
research works. There are many researchers who identified the faults after occurrences of
the faults. In predictive maintenance, the algorithm should be able to identify the potential
fault(s) that is/are likely to happen well ahead of its/their occurence(s). This particular

philosophy of predictive maintenance is missing in many of the publications.

* RGS: In the literature, most of the publications are confined to PV array faults. There is

very little research on inverter faults in PV systems.

* RG6: There is a lack of data-driven approaches that consider a system-level perspective

rather than a component-level view, where interactions among components are ignored.
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Table 2.2: Review of papers on fault diagnosis of PV arrays using traditional artificial intelli-

gence based techniques during the period 2010-2014

Author,Ref., |Type of fault Approach |Inputs and outputs Performance
Year
Riley  and|PV faultsin generall ANN |Inputs: ambient temperature(7;),Prone to false positives
Johnsohn, wind speed(w), solar irradiance(G).
[63]], 2012 Output: predicted AC power
éyafaruddin Short circuit fault ANN  |Inputs: cell temperature(T), solar ir-|Can identify the lo-
et al., [66], radiance(G), maximum power point|cation of short-circuit
2011 current(/ypp), and maximum power|fault in a single string.
point voltage(Vypp). Output: esti-
mated voltages of PV modules.
Rezgui et al.,|Short circuit fault SVM  |Inputs: simulated PV data. Outputs:|Classification  accu-
[[70], 2014 fault class racy obtained was 68
to 75.8%.
Ducange Short circuit in FL Inputs : temperature(T) and so-|90% or more faults
et al., [74],|cells, shading, lar irradiance(G). Output: DC|could be detected by
2011 broken cells on a power(estimated). the system
module
Bonsignore |Partial shading, TSK-FRBS|Inputs: module temperature(7;,)Normal and faulty
et al., [75],learth faults, and and solar irradiance(G). Outputs:|operations for partial
2014 short circuited Ivpp.Vypp, Isc, Voo, D1, and Dy,|shading, diode short
diode where Dj, and D, are derived pa-|circuit, and earth faults
rameters as explained in [[75]] can be categorized.
Zhao et al.,|Line-to-line faults, DT Inputs: normalized current(Iyora),/Fault detection ac-
[21], 2012 |open circuit faults, fillfactor(FF), voltage of PV|curacy:93.56% to
and partial shading array(Vpy) , open  circuit{99.98%, fault clas-
voltage(Voc), power of PVisification  accuracy:
array(Ppy). Output: fault class. 85.43% t0 99.8%.
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Table 2.3: Review of papers on fault diagnosis of PV arrays using traditional artificial intelli-

gence based techniques during the period 2015-2020

Author,Ref., |Type of fault Approach|Input and Output Performance
Year
Akram and|Line-to-line  and| ANN [Inputs: Maximum power point|Classification accu-
Lotfifard, open circuit faults current(ly;pp), maximum power|racy of 98.53%.
(671, 2015 point voltage(Vypp), power at
maximum power point(Pypp), tem-
perature(T), solar irradiance(G).
Output: decision of classification.
Chine et al.,|Short circuit, diode| ANN [Inputs:open circuit voltage ratio,|90.3% for MLP based
[64], 2016 |faults, connection maximum power point voltage ra-|ANN, 68.4% for RBF
faults tio, and maximum power point cur-|based ANN.
rent ratio between real and simula-
tion based data. Ouput: fault class.
Mekki et al.,|Partial shading ANN |Inputs: cell temperature(T) and ir-Mean absolute errors
[65], 2016 radiance(G). Outputs: current andjare 0.52 A and 11.47
voltage of PV module V for current and volt-
age, repectively.
Yi and|Line-to-line SVM |Input features: Feature 1 is fill fac-50% or more L-L
Etemadi, tor, feature2 = % features|faults can be detected
(23], 2016 3 and 4 are changing rates of nor-|with 20% mismatch
malized output current and voltage
of the PV array. Ouput: fault class.
Zhao et al.,|PV string fault GMM |Inputs: Aggregate features and(Best classification ac-
[46], 2019 spectrum features derived from|curacy is 93.0%
SCADA data, where the aggregate
features are mean, median, stan-
dard deviation, and maximum of the
deviation sequence. Output: fault
class
Zhao et al.,|PV string faults CF  |Inputs:current values from SCADA|The overall detection
(73], 2020 system. Output: decision of faultjaccuracy varies from

detection.

96.3% to 97.1%.
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Table 2.4: Review of papers on fault diagnosis of PV arrays using deep learning techniques

during the period 2010-2020

Author,Ref., |Type of fault Approach|Input data Performance
Year
Huuhtanen |Anomaly in PV| CNN [Inputs: Synthetic and|Overall mean squared error ob-
and  Jung,|panel real power measure-|tained was 0.000421 and 0.003561
[189], 2018 ment data. for synthetic and real datasets, re-
spectively.
Aziz et al.,|Line to line faultf CNN |[Solar irradiance(G), Fine-tuned pre-trained CNN
[90], 2020 |(LL), partial shad- temperature(7’), Ipy,lachieved a detection accuracy of
ing (PS), faults in Voc, Isc, Ivupp, Vupp,|73.53%. .
PS, arc fault, open- Pypp from the PV
circuit fault (OC). array, and maximum
current, voltage,
power from boost
converter.
Tan et al.,|Dust accumulation| DnCNN (Images of PV panels |Accuracy of ResNet-34, ResNet-50,
[91], 2019 |(i.e., soiling) ResNet-101, VGG-16, and AlexNet
models were 85.9%, 87.3%, 38.6%,
30.45%, and 31.59%, respectively.
Appiah  et|Hotspot(HS) and| LSTM |Simulated PV data. |Classication  accuracies  were
al., [98]],|line-to-line(LLL) 99.23%, 98.78%, and 97.66% for
2019 No fault, HS, and LL, respectively..
Li et al., PV module defect CNN |Defect patterns of im-|Classification accuracies of 97.8%,
(93], 2019 ages. 99.5%, 98.5%, 98.0%, 97.8%, and

98.1% for shading, delamination of
encapsulant, no defects, corrosion

of gridline, snail trails, and discol-

oration, respectively.
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Table 2.5: Review of papers on prognostics of battery banks and inverters using data driven

methods during the period 2010-2020

Author,Ref., |Type of failure pre-| Approach |Input and Output Performance
Year diction
Charkhgard |Estimation of the ANN Inputs: Battery voltage at previous|/The root mean square
and Far-|state of charge sampling time, the estimated SOC|errors between actual
rokhi, [69],|(SOC) at current sampling time, and theSOC and estimated
2010 battery terminal current at current|SOC are 2% and 3%
sampling time. Output: battery ter-|for offline data and on-
minal voltage at the current sam-|line data, respectively.
pling time.
Patil et al.,|Remaining useful SVM Inputs: Voltage of energy signal|Mean squared error for
[71], 2015 [life and fluctuation index of voltage sig-regression is 0.2420
nal. Output: Remaining useful life|with prediction accu-
(RUL) of battery. racy greater than 99%.
Nuhic et al.,|State of health SVM Inputs: capacity of cell at the begin-Root mean square
[72]], 2013 |(SOH) estimation, ning, throughput of the cell in Ah,jerror of less than
remaining  useful minimum and maximum values of|0.0008 for conven-
life prediction. SoC (state of charge), last known|tional datasets.
capacity degradation, temperatures
during cycling, time between initial
and target capacity measurements.
Output: Cell capacity.
Zhang et al.,|Remaining useful LSTM Inputs: State of charge(SOC), am-|Accurate  prediction
[101], 2018 |life Prediction bient temperature, charging profilesjof remaining useful
of cells, battery capacity. Ouput:|life(RUL).
Remaining useful life.
Betti et al.|Prediction of in-|ANN and SOM|Inputs: DC current, DC voltage, DC|Generic fault predic-
[68]], 2019 |verter faults power, AC current, AC voltage, AC|tion upto 7 days ahead
power, module temperature, ambi-|of occurrence, specific
ent temperature, and global hori-|fault class prediction
zontal irradiance, global tilt irradi-|from few hours to 7
ance. Ouput: Anomaly prediction|days ahead of occur-
and fault class prediction. rence .
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Chapter 3

System Description and Data Analysis

This chapter presents an overview of the photovoltaic (PV) systems and the datasets used. Dur-
ing this study, two datasets are used, the first dataset is from an operational PV plant, and the
second is generated from a PV system installed in the Laboratory of Innovation and Technology
in Embedded Systems and Energy (LIT), Universidade Tecnolégica Federal do Parana-UTFPR,
Brazil. The data obtained from this installation is made available by Lazzaretti et. al.[[109]. The
latter part of the chapter focuses on exploratory data analysis (EDA), highlighting key patterns,

trends, and faults relevant to predictive maintenance.

We begin with a description of the operational PV plant in Section [3.1] We then describe the
lab-installed PV system in Section[3.2] Section [3.3]describes the various datasets. Analysis of

datasets are presented in sections [3.4and[3.5]

3.1 Operational PV System Description

The PV system being analysed is an operational solar PV plant with a capacity of 10 MW lo-

cated in the state of Gujarat, India. The Plant is grid-connected and consists of 36480 PV panels
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Figure 3.1: Simplified schematic diagram of a grid-connected PV system

PV Arrays | Sunny string sunny
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boxes (1-8) | inverter (1)

Transformer| Power Grid
: (1)

PV Arrays Sunml,r strlmg Sunny
(9-16) monitoring central

boxes (9-16) | inverter (2)

Figure 3.2: A detailed schematic diagram of a section of the PV plant

and 16 inverters. The number of PV modules in a panel is 57 (19 modules, each consisting of 5

strings).

3.1.1 PV System details

A simplified configuration of the solar PV plant is illustrated in Figure 3.1} and a detailed
schematic of a section of the layout is depicted in Figure[3.2] The PV plant comprises 16 invert-
ers, each interfaced with eight PV arrays through Sunny String Monitoring (SSM) units. Each
SSM unit is associated with a single PV array. A PV array consists of 5 PV strings connected
in parallel, where each PV string contains 19 PV modules connected in series. Consequently,
one SSM monitors an array consisting of five strings, with each string comprising 19 series-
connected modules. Thus, 19 PV modules are connected in series, which indicates one string,
and 5 such strings are connected to one SSM, which forms one PV Array. Eight such SSMs are
connected to one inverter of rating 630kW. Two such Inverters (630kW) are connected to one

transformer rated at 1300 kVA through 1Cx300 sq mm copper cable.
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3.1.2 Module Specification

The solar cells used in the modules are polycrystalline 156 mmx156 mm solar cells of rat-
ing 280 Watt manufactured by Suntech with module efficiency of 14.4%. There are 72 so-
lar cells in a module arranged in 6x12 configuration. Each module has a dimension of 1956
mmx992mmx50mm or 77.0 inchesx39.1 inchesx2.0 inches. Under standard test conditions,
which include an irradiance of 1000W/m?2, a module temperature of 25°C, and an air mass ratio
(AM) of 1.5, each module operates with a maximum voltage (Vjsp) of 32.2 V and a maximum
current (Iy7p) of 7.95A. Additionally, the open circuit voltage (Voc) is 44.8V, while the short
circuit current (Isc) reaches 8.33A. Table [3.1]shows the technical specifications of Suntech 280

Watt polycrystalline solar modules under standard operating conditions.

Table 3.1: Specifications of the PV Module

Name of Parameter Range / Value
Maximum power at STC 280 W

Short circuit current (Isc) 833 A

Open circuit voltage (Voc) 448V
Maximum operating voltage (Vmp) 352V
Maximum operating current (Ivp) 795 A
Efficiency of module 14.4%
Maximum system voltage 1000 V DC (IEC) / 600 V DC (UL)
Operating temperature range of modules | —40°C to +85°C
Maximum series fuse rating 20 A

Power tolerance 0/+5%

3.1.3 Inverter Specification

The solar PV plant uses SMA-630HE sunny central inverters for DC (direct current) to AC
(alternating current). There are 16 inverters in the system with each inverter having a rating

of 630kW. The SMA-630HE inverter does not have a transformer in it. The rating of each
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inverter is 630kW with 315 V AC output voltage and 1155A AC output current operating with
a frequency of 50Hz. Two SMA-630HE inverters can be connected to a transformer of rating
1300 KVA, 315V AC voltage, and 11000A AC current. 5 strings (each string consisting of 19
PV modules connected in series) are connected to one Sunny String Monitoring box (SSM)
which forms one Array. 8 nos. of such SSMs are connected to 1no. of Inverter of rating
630kW. 2 nos. of such Inverters of rating 630 kW are connected to 1no. of transformer of rating
1300k VA through 1Cx300sqmm Copper cable. Table [3.2] shows the technical specification of
SMA-630HE sunny central inverter.

Table 3.2: Technical Specifications of the Power Conversion System

Parameter Range / Value
Maximum DC voltage 1000 V DC
Maximum DC current 1350 A DC
Maximum power point (MPP) voltage range | 500-820 V DC
Number of DC inputs 9

Nominal AC power 630 kKVA
Nominal AC voltage 315V AC
Nominal AC current 1155 A AC
Maximum AC current 1283 A AC
Grid frequency 50 Hz /60 Hz
Maximum total harmonic factor <3%
Maximum efficiency 98.7%
Operating temperature range —20°C to 50°C

3.2 Lab-Installed PV System Description

Figure [3.3|shows the PV system set-up in LIT. The system comprises 16 PV modules arranged
into two strings, with each string containing eight modules connected in series. The DC power
generated by these strings is supplied to two grid-connected inverters, which convert the DC

energy into single-phase AC power for grid integration. The overall installed peak capacity of
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the system is approximately 5 kW. The installation also houses an electrical panel consisting of
parts utilised in a photovoltaic installation, viz., Main Circuit Breaker, String Circuit Breakers,
Fuses, and Transient Voltage Suppressors. In addition, certain additional parts are installed
to artificially induce faults. Specifically, twelve sockets are available for connection to create
various short-circuit scenarios or, alternatively, to be used with auxiliary circuit breakers to
introduce specific resistances. These circuit breakers can be employed independently to produce
open-circuit faults. Furthermore, opaque objects can be used to block solar radiation to generate

shadowing.

In addition to the PV array and inverters, the installation includes an electrical distribution
panel equipped with several essential PV system components, such as fuses, transient voltage
suppressors forming the circuit protection block, string circuit breakers, and a main circuit
breaker. To facilitate fault analysis and experimental investigations, the setup is also provided
with twelve configurable sockets. These sockets can be interconnected to emulate various short-

circuit fault scenarios or combined with auxiliary circuit breakers to introduce external resistive

elements of desired values into the circuit.

Figure 3.3: (adopted from Lazzaretti et. al.[25]) PV system installed at LIT (a) Power Inverter, (b) Elec-
trical Panel with Protection Devices and Signal Conditioning, (c) Local Display, (d) Compact RIO and
Signal Acquisition Modules, (e) alternating current (AC) and direct current (DC) Current Transducers,

(f) Degradation Resistors, and (g) Power Quality Analyzer.

3.3 Data Description

The first dataset (Dataset 1) from the operational solar plant comprises eleven months of SCADA

records spanning the period from April 2019 to February 2020. The measurements were ac-
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quired from the Inverter Control Rooms (ICRs) at a sampling interval of 15 minutes. The dataset
contains around 30 inverter-related parameters, including daily energy generation (kWh), AC
power, DC power, AC voltage, DC voltage, AC current, and DC current, among other opera-
tional variables. In addition to the electrical measurements, the dataset includes meteorological
information recorded during plant operation. The available weather-related attributes comprise
horizontal irradiance, plane-of-array (tilt) irradiance, module temperature, wind speed, and am-
bient temperature. Furthermore, a separate fault log is provided, documenting the inverter fault
events that occurred during the data collection period. Table [3.3] shows all the parameters of
a particular inverter (Inv 9) that are monitored. Table [3.4] presents SCADA Parameters and
description of ICR1-ICR4.

Based on SCADA data of inverter control rooms (ICRs) received and the fault logs, 25 abnormal
events associated with inverters and other equipment were observed. Table[3.5]shows the causes

of faults and their frequency of occurrences.

The second dataset (Dataset 2) from the PV installation in LIT was collected for 16 days be-
tween 07:30 to 17:00, and three different faults were introduced at various times: degradation,
open circuit and short circuit. Partial shadowing occurred naturally as the sunlight was ob-
structed by adjacent buildings at various times in the morning and afternoon. The distribution
of faults and normal data samples is shown in Table [3.6] A data acquisition system was used
to collect the following variables: Idc, Vdc, Iac, Vac and module temperature, along with the
weather variables such as ambient temperature, irradiance, relative humidity, wind speed, and

wind direction, with a sample frequency of 1 Hz.

3.4 Analysis of Dataset 1

In this section, we conduct a comprehensive analysis to enhance our understanding of the data
for all 16 inverters at the power plant. Initially, we have plotted the average AC power across
all months for each of the 16 inverters. It is noted that the plant’s production was elevated
in January, February, April, and May, while it significantly decreased in July, August, and
September. Figures [3.4] and [3.5] illustrate the AC power for four inverters as examples. This
trend is consistent across all 16 inverters, with minor deviations in a few cases.
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Table 3.3: Description of Inverter Parameters(Inv 9)

SI. No. | Parameter Description
1 Date Day of the month
2 Time Time of day
3 Energy_today_1 Generation of the inverter in kWh for a particular day
4 AC_Frequency_1 AC frequency
5 DC_Current_1 DC current
6 AC_Real Power AC power
7 Insulation_Resistance 1 | Insulation resistance
8 AC_Voltage_1 AC voltage
9 External_Temp_1 External temperature
10 Energy_Total_1 Total energy since commissioning (kWh)
11 AC_Current_1 AC current
12 Mode_1 Mode of operation
13 Power_Factor_1 Power factor
14 Reactive_Power_1 Reactive power
15 Active_Power_1 Active power
16 DC_Voltage DC voltage
17 Internal_Temp_1 Internal temperature
18 DC_Power_1 DC power
19 Vry_1 Voltage between R and Y phases
20 Vyb_1 Voltage between Y and B phases
21 Vbr_1 Voltage between B and R phases
22 Current_R_1 Current in R phase
23 Current_Y 1 Current in Y phase
24 Current_ B _1 Current in B phase
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Table 3.4: Description of ICR1-ICR4 (Sunny Central inverter) Parameters

TH-

SI. No. | Parameter (ICR) | Description
1 TimeStamp Time of day
2 E-heute Energy fed into the grid by the Sunny Central on the current day
3 Fac Power line frequency
4 Ipv DC input current
5 lac Output AC current
6 Ppv DC input power of the Sunny Central
7 Pac Output AC power
8 Upv DC input voltage of the Sunny Central
9 R-Insul Insulation resistance
10 E-Total Total energy fed into the grid during the entire operating period
11 Op. Mode Mode of operation
12 PF Power factor
13 Qac Reactive power
14 Sac Apparent power in kVA
15 h-on Total operating hours
16 h-total Total operating hours in feed-in operation
17 Error Sunny Central error status
18 VacL1-L2 Grid output voltage between L1 and L2
19 VacL2-L3 Grid output voltage between L2 and L3
20 VacL3-L1 Grid output voltage between L3 and L1
21 Reg.SMUs Number of registered Sunny String Monitors (SSMs)
22 Komm.FahlerSMU | Disturbed communication with Sunny String Monitor number
23 PB-Digilnputl Output current of SSM 1 at digital input 1 of the inverter
24 PB-Digilnput2 Output current of SSM 2 at digital input 2 of the inverter
25 PB-Digilnput3 Output current of SSM 3 at digital input 3 of the inverter
26 PB-Digilnput4 Output current of SSM 4 at digital input 4 of the inverter
27 PB-Digilnput5 Output current of SSM 5 at digital input 5 of the inverter
28 PB-Digilnput6 Output current of SSM 6 at digital input 6 of the inverter
29 PB-Digilnput7 Output current of SSM 7 at digital input 7 of the inverter
nQéOq o 11%35]1ingilnput8 Output current of SSM 8 at digital input 8 of the inverter
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Figure 3.4: Average AC Power for inv 16 and inv 2 for all months with no fault record
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Figure 3.5: Average AC Power for inv 4 and inv 10 for all months having fault records
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Table 3.5: Frequency Distribution of Inverter Faults

Reason of Fault Frequency
Inverter fault due to earth fault (GFI failure) 32%
Inverter fault due to IGBT failure 24%
Inverter not started 12%
Inverter fault due to inverter control supply failure 8%
Inverter fault due to straight joint failure 4%
Tripping in master relay in inverter control room due to mo- 4%

tor failure

Inverter fault due to overtemperature 4%
Fault in AC subsystem due to failure in AC protector 4%
Fault in DC cable 4%
Inverter failure due to C-tech failure 4%

Table 3.6: Distribution of Data Samples Across Operating Conditions

Type No. of Samples
Normal data samples 309,253
Degradation 10,371
Short-circuit 5,999
Open-circuit 6,024
Partial shadowing 184,311
Total 515,958

As can be seen from figure [3.4] both inverters 16 and 2 produce almost identical patterns for
all the months because these two inverters do not have any fault records. Slight variation for
some months may be due to cloud cover, or due to partial shading because of the presence of
trees. As shown in Figure[3.5](b), the pattern of inverter 10 is slightly different as compared to
the other inverters towards the end. This may be due to the presence of faulty conditions in the

inverter 10.

Apart from irradiance and ambient temperature, other reasons for low output in July may be

the faults in the plant. During July, the highest number of faults was reported (7 faults for
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varying duration), whereas in August and September, 3 and 4 faults were reported, respectively

(as shown in Figure [3.6).

Figure[3.7]shows inverter-wise average the AC power. Although faults occurred in Inv-10, it has
the highest average AC real power, slightly above 210 kW. Inv-9 and Inv-11 also perform well,
close to Inv-10. Inv-12, Inv-13, and Inv-14 exhibit the lowest average AC power values, slightly
below 180 kW. To examine seasonal trends, the average AC power output was calculated using
two-hourly intervals and plotted for all months, as shown in Figure[3.8] The month-wise profiles
indicate that months belonging to the same season exhibit similar power-generation patterns.
For instance, April and May display comparable average AC power characteristics, while July,
August, and September form another group with closely matching profiles. The figure also
reveals that AC power output exhibits consistent behaviour not only within the same season
but also during corresponding periods of the day. Such observations suggest that both seasonal
and temporal factors have a significant influence on PV power generation, highlighting the

importance of incorporating contextual information into predictive modelling frameworks.

Figure [3.9shows the month-wise average AC power. It shows the monthly variation in average
AC real power output (in kW) from a photovoltaic (PV) system over the period. April and
May record the highest average AC power, exceeding 250 kW. February and April to June also
show strong performance, indicating clear-sky conditions and optimal solar irradiance during
the pre-monsoon and summer period. July through September exhibit a sharp decline, with the
lowest outputs in August and September (around 130 kW). This drop aligns with the monsoon,
suggesting reduced irradiance due to cloud cover and rainfall. Also, as mentioned earlier, the
higher frequency of faults during these months has contributed to the reduced AC power output.
There is a noticeable recovery in October, likely due to clear skies and moderate irradiance.
December and January show moderate output (around 190-215 kW), possibly due to shorter
daylight hours and lower solar angles, although the skies may remain relatively clear. The
system’s output is highly seasonal, peaking in pre-monsoon/summer and dipping during the
monsoon. Thus, seasonal modelling or forecasting of power generation would benefit from

explicitly incorporating weather and climatic factors.

The heatmap in Figure [3.10] shows how the average AC power output from a PV system varies
across different months and hours of the day. Based on the heatmap, the contextual profile of the

PV system can be described by analyzing the variation of average AC power output with respect
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to different hours of the day and months of the year. The figure shows that PV power genera-
tion follows a strong diurnal and seasonal pattern. The AC power generation begins around 7
AM, rises quickly, and peaks between 11 AM and 2 PM across most months. Power generation
drops after 3 PM and tapers off by around 6 PM, which aligns with solar irradiance patterns. The
monthly trends are the same as discussed before, with February to May (yellow) around mid-day
indicating highest power outputs. The intensity of mid-day power output is a strong seasonal in-
dicator. It is highest in April/May and lowest during the monsoon (August/September). Morn-
ing and evening contributions are consistently low throughout the year, reinforcing that most
power is generated during mid-day hours. Therefore, Operational scheduling and maintenance
should avoid mid-day hours, especially in high-output months (April-May), to prevent revenue
loss. The contextual profile highlights the importance of considering both temporal (e.g., time
of day) and seasonal variations for accurate PV performance assessment, fault detection, and
predictive modelling, as normal operating behaviour varies significantly across different time
periods and seasons. The power generation pattern reflects the combined effects of solar irra-
diance, ambient temperature, seasonal variations, varying weather conditions, and operational
factors. During peak sunlight hours, typically around midday, the PV system produces higher
AC power due to increased solar energy availability, while output decreases during early morn-
ing and evening hours because of reduced irradiance. Similarly, monthly variations occur due to
seasonal differences in sun position, daylight duration, cloud cover, and environmental condi-
tions. Understanding this contextual profile is essential for analyzing PV system performance,
identifying abnormal operating conditions, improving fault detection models, and developing

accurate prediction strategies by considering natural variations in power generation patterns.

Finally, the fault data was analysed to identify underlying patterns. We plotted the faults that
occurred in all the inverters to see the pattern. Here, Inv-7 is shown as a representative. As a first
step, AC power output during normal operating conditions was plotted to serve as a baseline for
comparison with faulty states (Figure [3.11a)). As shown in Figure [3.1Ta] normal operation is
characterised by a smooth and gradual rise and fall in power throughout the day. Figure [3.110|
shows the power pattern before and after the day the fault occurred. On 10-08-19, fault occurred

during 07:45 — 11:30 in Inv-7, and the reason is “Inverter not started”.

As shown in Figure the fault that occurred on 04-04-201 during 13:45-16:00 is due to
“Failure in Over-temperature”. Figure shows the plot of the fault that occurred due to
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Monthly Fault Hours and Fault Days
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Figure 3.6: Frequency of faults
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Figure 3.10: Heatmap of average AC power by hour and month depicting the contextual profile

TH-4096_186151013 36



Inv-7
500 =

400 -

er

300 -

AC Pow

[

=1

S
1

100 -

1 1 1 1 1 1 1 1 1
2100 2200 2300 2400 2500 2600 2700 2800 2900

Sample #

(a) Normal operation of inverter 7

Inv-7 before and after fault - 10-08-2019

= AC Power
400 - *  Fault Sample

AC Power

1 1 1 1 1 1 1
6000 6025 6050 6075 6100 6125 6150
Sample #

(b) Faulty operation of inverter 7

Figure 3.11: Normal operation and faulty operation of inverter 7

“Inverter control failure”. Finally, the faults are compared across the inverters to see if they
have the same pattern. It could not be done for all the faults, as many have been reported once

in the available fault data.

Figures [3.12¢|and [3.12d| depict the Earth fault of inverter 15 on two different days, viz., 23 Oct,
2019 and 7 Feb, 2020. On Oct 23, 2019, the Earth fault occurred during 15:30-16:00 hrs (for a

duration of 30 minutes), and on Feb 7, 2020 it occurred during 12:00 -12:45 hrs (for a duration
of 45 minutes) As can be seen, on both the days there are dip in AC power with moderate

fluctuations.

The Earth faults of inverters 3 and 6 are depicted in Figure [3.13] On 7 July, 2019 and 8 July,
2019, inverter 3 was affected due to Earth fault during the period 6:15-19:15 hrs (for a duration
of 13 hours on both days). As shown in Figures [3.13a] and 3.13b], on both days, almost the

same patterns are exhibited with lot of AC power fluctuations during the day. On June 26, 2019,
inverter 6 was having Earth fault from 14:30 hrs to 15:30 hrs (1 hour), and the fault pattern is
depicted in Figure[3.13] It can be concluded that Earth fault causes moderate to high AC power

fluctuations, which depends on the total duration of Earth fault.
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Figure 3.12: Various faults observed in Inverter 7 and 15
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Figure 3.13: Failure due to Earth fault in Inverter 3 and Inverter 6
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Figures [3.14] - [3.16] show the patterns of “Over temperature”, “Inverter not started”, and “In-
verter control supply fail” faults, respectively. During “Over temperature” fault, Initial normal
or partial operation followed by flat zero-output periods and unstable output fluctuations. "In-
verter Not Started" faults may not always result in zero output from the beginning of the day.
Instead, they often show a normal ramp-up in power generation, followed by a disruption or
failure to maintain steady-state power, and early or abrupt drops in power output compared to
expected patterns. “Inverter Control Supply Fail” fault, a condition where the inverter’s internal
control circuitry loses power, potentially causing momentary or partial disruptions in energy
conversion. These faults are brief and localised, not leading to complete power loss. They
occurred at or near peak production periods, where inverter circuits are under maximum load.

Such faults resulted in minor power dips or irregularities rather than prolonged outages.

Figure [3.17]shows the fault “IGBT driver board failure” for four different inverters. In inverters
7 and 8 the power drops abruptly to zero, whereas the other two inverters do not show such

behaviour. It can be observed that there is no uniform pattern present across the inverters.
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Figure 3.14: Failure in overtemperature for inverter 7 and inverter 14
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Inv-7 faulty data 10-08-2019
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Figure 3.15: “Inverter not started” fault for inverters 7 and 4
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Figure 3.16: Fault due to “inverter control supply fail" for inverters 7 and 8
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Figure 3.17: Failure of IGBT driver board.
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3.5 Analysis of Dataset 2

We plotted the faults to observe their patterns. Figures (a)-(c) show the patterns of various
faults. It is to be noted that String 1 has mainly partial shadowing faults, whereas String 2 has
all four kinds of faults, which are partial shadowing, degradation, short-circuit, and open circuit.
Also, for clarity each of the figures[3.18](a) and (b) show only one type fault even though other
faults are present. Similarly, Figure (c) highlights only short circuit and open circuit faults.

From the figures it can be observed that during partial shadowing the power fluctuates and
in case of open-circuit, the power drops to zero. The degradation is reflected by the power
dropping to zero and then remaining constant for a specific time. In short circuit fault also,
the power is seen to be constant for a specific time. These patterns are the same across all the
days when faults occurred primarily due to the reason that the faults are introduced artificially
to the installation. On the contrary, for the real dataset from Azure, we did not observe uniform

patterns across the same type of fault.

3.6 Summary

This chapter presented a detailed analysis of PV SCADA data obtained from a real grid-connected
PV Plant with a capacity of 10 MW, along with special emphasis on the fault patterns of various
inverter faults. First, it presented the analysis of the data, focusing on the AC Power of all 16
inverters. The average AC power is analysed across months and also across seasons to see its
variation. It is observed that for the months of July, August, and September, the average AC
power generated by the Plant is low as compared to other months due to environmental factors
as well as due to faults. It was also observed that some inverters produced less power compared
to other inverters in the same month due to occurrences of faults. Finally, to see the pattern of
the faults, the possible patterns of all dominant faults were analysed. Some of the faults did give
some specific patterns, as illustrated through various diagrams in the chapter. In Dataset 2, fault
patterns were analysed across two strings, with String 1 showing partial shadowing and String
2 exhibiting all four fault types. Artificially introduced faults showed consistent signatures,

e.g., power drop to zero in open-circuit and fluctuations in shadowing, whereas real-world data
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lacked such uniformity.

This chapter also includes profiles of context-sensitive features. For example, Figures 3.8-3.10
present the variation of average AC power with respect to time of day and month/season. Fig-
ure 3.8 shows the average AC power across different time slots for different months, Figure 3.9
presents the month-wise average AC power, and Figure 3.10 provides a heatmap of average AC
power by hour and month for depicting the contextual profile. These figures demonstrate that
PV power generation exhibits systematic temporal and seasonal variation, thereby supporting
the inclusion of time of day and season as contextual features in our study. This chapter high-
lights that average AC power is strongly correlated with time of day and within a season, which

supports the need to integrate seasonality and temporality into predictive models.
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Chapter 4

Fault Detection Using Traditional Machine
Learning (ML) and Deep Learning (DL)
Models

In this chapter, various models that were developed to detect faults (or anomalies) in the 10 MW
grid-connected Photovoltaic (PV) system developed by Azure Power (Haryana) are discussed,
which rely on regression and classification models. This chapter also presents the development
of predictive models based on recurrent neural networks (RNNs), such as simple RNN (Elman),
Long Short-Term Memory (LSTM) networks, and Gated Recurrent Units (GRU) to predict

power by considering the temporal features, and illustrates an anomaly detection mechanism.

4.1 Fault Detection using Traditional Regression Models

When regression models are used, a two-step process is used for fault detection. The first stage

involves estimating the AC power output using a predictive model. In this work, the estima-
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tion is performed through a data-driven machine learning (ML) approach. In the next step, the
predicted AC power is compared with the corresponding measured AC power obtained from
the PV system. A significant deviation between the predicted and observed values, exceeding
a predefined threshold, is considered an indication of abnormal system behaviour. When such
deviations persist continuously over a specified period, an alarm is generated to signal the pres-
ence of a potential fault. Figure [4.1| shows the fault detection approach using regression. The

following sections describe the model development and the fault detection approach.

Weather Data (Irradiance PV Module (Inverter) Measured parameter
and temperature) parameters (AC Power)

Data driven model
> (Regression model <
for AC Power)

Yes Compare No
( deviation >
Threshold) ‘

Fault Detected Normal Operation

Figure 4.1: Fault detection using regression model

4.1.1 Data preprocessing and Feature selection

For the development of the ML-based regression model, data corresponding to periods when the
PV plant is not generating power are excluded during the preprocessing stage. Only samples
recorded between 05:45 and 19:30 hours are retained for further analysis. Since the regression
model is intended to learn the behaviour of the system under healthy operating conditions, data
points associated with anomalies and fault events are subsequently filtered out. The resulting
number of valid samples available for each inverter in the plant is summarized in Table [4.1]
For modeling, three input features, viz., Ambient Temperature, Horizontal Irradiation, and Tilt
Irradiation are considered, and AC power is the output to be predicted. The correlation matrix

is shown in Figure [4.2] Min-max normalization is used for scaling the data samples.
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Figure 4.2: Correlation matrix

Table 4.1: Summary of data samples

Category Number of samples
Normal operation data samples 2,39,359
Fault data samples 327
Total data samples 2,39,686

99

0.8

- 0.2

0.0



Table 4.2: Performance comparison of regression models

Model Hyper-parameters RMSE | R? Score

Linear Regressor (LR) — 0.1026 | 0.7941

Random Forest Regressor (RFR) Depth = 25, Number of estimators | 0.0658 | 0.9154

=200

Support Vector Regressor (SVR) Kernel = RBF (other parameters de- | 0.0984 | 0.8106
fault)

ANN-based Regressor (ANN) Hidden layers = (50, 100), Itera- | 0.0942 | 0.8265

tions = 500, Activation = ReLLU

Ensemble Voting Regressor (EVR) Estimators: MLP, RFR, K-NN (40 | 0.0708 | 0.9019

neighbours)

Ensemble Stacking Regressor (ESR) | Base estimators same as EVR, Final | 0.0655 | 0.9160

estimator: RFR

4.1.2 Model Development

For modelling, in addition to Linear Regression (LR), Support Vector Regressor (SVR), Ran-
dom Forest Regressor (RFR), and Artificial Neural Network (ANN), two more ensemble tech-
niques, namely, Ensemble Voting Regressors (EVR) and Ensemble Stacking Regressors (ESR),
are considered. The data is divided into a training set (70%), a validation set (15%) and a test
set(15%). The hyperparameters of each of the models are tuned using the validation set. Table
4.2] shows the results of various models. Selected plots are shown in Figure 4.3] For RFR,
the best result is achieved with Depth 25 and number of estimators set to 200. ESR also gave
equally comparable results with Estimators: MLP, RFR, K-NN (40 neighbours). Out of the
six models, RFR and ESR performed well for the given data. Therefore, these models are the
right candidates for the next step of fault detection process. Finally, RFR model is retained for
the next step of fault detection process (because of higher computation time compared to RFR,

ESR model is not selected).
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4.1.3 Fault detection

During the second phase of fault detection, it is necessary to establish a threshold value, which
serves as the criterion for determining the presence of a fault. As previously discussed in the
chapter, the difference between the actual AC Power and the predicted AC Power is evaluated
against this threshold to identify any anomalies. To determine the threshold value, first the dif-
ference between the actual power available in the dataset and the estimated power is calculated
for all the models and then the standard deviation (sigma) is determined. The threshold value is

set to 2 * sigma, 3 * sigma , and 4 * sigma respectively for the RFR model.

4.1.3.1 Fault detection results

The test set includes data from normal operations as well as anomalous instances. Figure 4.4]
presents the related confusion matrices. To evaluate the performance of the models, three pri-
mary metrics are considered: Precision, Recall, and F1 Score as given in equations @—@)
Precision indicates how precise or accurate the model is, i.e., how many actual positive cases the
model identifies out of the predicted positive cases. Precision is high when there are fewer false
positives, meaning instances that are actually normal but are mistakenly identified as anomalies
by the ML model. Recall, on the other hand, indicates the proportion of true positive cases
correctly identified among all positive cases. This metric is particularly valuable when false
negatives carry a significant cost. In the context of fault detection, our goal is to enhance re-
call by minimizing false negatives, which are anomalies incorrectly labeled as normal. The
F1 score, which is the harmonic mean of precision and recall, is beneficial for us as it helps
achieve a balance between these two metrics, especially given our data’s uneven class distribu-
tion. Accuracy, however, is not a suitable performance metric for our task because the number
of positive cases (anomalies) is much smaller compared to negative cases (normal operations).
The accuracy measure is given by equation (#.4) . As apparent from the confusion matrices
of RFR model, the number of true negatives is very high compared to the true positives due to

which the resulting accuracy would be high.
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Figure 4.4: Confusion Matrices
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o True Positive
Precision = — — 4.1)
True Positive + False Positive

True Positi
Recall = e e . (4.2)
True Positive + False Negative

Precision x Recall
F1S =2 4.3
core % Precision + Recall (4.3)

True Positive + True Negative

Accuracy = 4.4)

True Positive + False Positive + True Negative + False Negative

4.1.3.2 Analysis of false negatives

There are 205 false negative data points. We are presenting here only few selected ones from
various inverters. We investigated which of the anomalous samples (positive cases) are falsely
classified as normal by these models. The figure .53 shows the anomalous data samples that
could not be detected by the model i.e. the false negatives. As given in the fault report, on
06/07/2019 fault occurred in Inv 3 from 6:15 to 19:15 and the error occurred due to problem in
-ve side of DC cable. Figure d.5b|shows all the faulty data. The encircled points show the faulty
data that are correctly identified as faults (True positives). Figure 4.6a shows false negatives for
Inv 4 where the reason of fault is “Inverter not started”. Figure 4.6b| shows false negatives for
Inv 5. The fault was caused due to earth fault and Figure shows false negative for Inv 15
for “Earth fault”.

4.2 Fault Detection using Traditional Classification Models

This approach aims at developing classifiers using labeled or tagged data. The developed classi-
fiers can detect or classify a given data sample as normal or anomaly. If such anomalous values
are detected continuously for a specific duration of time then an alarm is triggered indicating
fault. Figure shows the schematic representation of classifier based anomaly detection. For
anomaly detection two types of classifies are considered here, one-class classifiers and the bi-

nary classifiers. The key difference between these two types of classifiers is in their training
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Figure 4.5: False negatives and faulty data of inverter 3

data. Binary classifiers necessitate a thoroughly labelled training dataset where the data from

both classes are expected to be balanced. In contrast, one-class classifiers are trained exclu-

sively with samples from the class of interest. Specifically, for the task of anomaly detection,

one-class classifiers are trained using samples from the normal class. The subsequent subsection

discusses the process of developing the classification models for detecting anomaly.

4.2.1 Data Preprocessing and Feature extraction

To develop the classification models, first the data is labeled using the available inverter fault

report considering all the inverters. The labeled data consists of two classes: Normal (labeled as

0) and Anomaly (labeled as 1). For our task, Anomaly is the positive class. The data is cleaned

by removing the data samples where AC Power is 0 as these values indicate that the plant is

not in operation, particularly during early morning and night time. After cleaning, the data

is scaled by applying standardization such that that the mean of observed values is 0 and the
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standard deviation is 1. As the data is imbalanced i.e. the number of data samples that belong
to normal class is very high compared to the data from anomalous class, and therefore, data
augmentation technique is used. One of the data augmentation approaches is SMOTE (Synthetic
Minority Oversampling Technique) where new samples for minority class are synthesized from
existing samples. Here, SMOTE is used for augmenting the data of anomaly class. After data
augmentation, the resulting data consist of 239,919 data samples each of normal and anomalous
class. The data is divided for training and testing in the ratio of 70:30. It is to be noted that for

training one-class classifier, data augmentation is not required.

To extract the required features, XGBoost classifier is used to get the feature importance.
Based on the feature importance top 3 features are selected: DC_Current , Active_Power, En-

ergy_Total, Hor_Irradiation

4.2.2 Models and Results

Five approaches were used to train the classifiers, Logistic Regression (LGR), Support Vec-
tor Machine (SVM), Multi-layer Perceptron (MLP), Decision Trees (DT), and Random Forest
(RF).

The results based on precision, recall, Fl-score, and accuracy are depicted in the Table @

SVM gave best performance in terms of recall as compared to all other models.

Table 4.3: Performance comparison of classification models

Model | Hyperparameters Precision | Recall | F1-Score | Accuracy
LGR | C=0.05 0.62 0.55 0.58 0.61
SVM | Kernel = RBF 0.81 0.89 0.85 0.84
MLP | Layer = 1, Hidden units = 100, 0.79 0.70 0.74 0.76

Iterations = 500

DT Max depth = 5, Min samples leaf 0.95 0.37 0.53 0.67
=5

RF Number of estimators = 100, 0.98 0.21 0.35 0.60
Max depth =5
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4.3 Recurrent Neural Network-based Deep Learning Models

for Power Prediction and Fault Detection

The RNN, and more specifically the LSTM networks, are dominantly used in sequence mod-
elling, including language modelling, speech processing, voice recognition systems, etc. Con-
sidering the fact that solar PV data are time series data, various techniques such as RNN, LSTM,
and GRU can be applied to analyse solar PV time series signals and weather data in order to
predict possible faults. In this section, first an overview of sequential models is provided, and

then the results obtained from these models are presented and discussed.

4.3.1 Brief Overview of Sequential Models

Many real-world phenomena generate data in the form of sequences, where observations are
collected over time or follow a specific order. In such cases, the assumption of independence
between data samples does not hold, as the current observation often depends on past states or
events. Sequential models are a class of machine learning and statistical models specifically

designed to capture and exploit these temporal or ordered dependencies in data.

Sequential models process input data as an ordered sequence and learn relationships across suc-
cessive time steps. Unlike conventional machine learning models that treat each data instance
independently, sequential models incorporate historical information through internal states,
memory mechanisms, or probabilistic transitions. This makes them particularly suitable for

applications involving time-series data, signals, text, event logs, and system monitoring.

Formally, a sequential modeling problem involves an input sequence {x;,x3,...x7 }, where the
objective is to predict an output that may be associated with a single time step, multiple time
steps, or the entire sequence. The output can take various forms, such as a future value forecast,

a sequence of labels, or a system state classification.

Early sequential models were mainly probabilistic, with approaches such as Hidden Markov
Models (HMMs) [110] and state-space models representing systems using latent states and

probabilistic transitions. While these models are effective for systems with clearly defined state
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dynamics, they are limited in handling complex nonlinear behavior and high-dimensional data.
With advances in computational power, neural network-based sequential models became promi-
nent. Recurrent Neural Networks (RNNs) introduced feedback connections to capture temporal
dependencies, but their ability to learn long-term relationships is hindered by vanishing and

exploding gradient issues. To overcome these issues, LSTM networks and GRUs were created.

4.3.1.1 Recurrent Neural Network (RNN)

An RNN [[111] belongs to a category of neural networks that is suitable for modelling sequential
data. A key characteristic of RNNs is the presence of at least one feedback connection, which
enables activations to circulate in a loop while having hidden states. This configuration allows
for temporal processing and sequence learning. There are various kinds of RNN architectures.
The basic RNN is composed of three layers, namely, input, recurrent hidden, and output layers

as shown in Figure 4.§]

W;,

EELEL ..

Iy It Fros

00 ©
X ] _T_- .'ln.. :

Figure 4.8: Basic RNN structure

The computation of the output J; and the hidden state 4, at time step ¢ in an RNN is given by:
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$=f (W,th, n by) 4.5)

hy = tanh (Wxﬁxt FWE e+ bh> (4.6)

where f(-) denotes the output activation function, Wj,, is the hidden-to-output weight matrix,
and b, is the output bias vector. The vector x; represents the input at time step 7, Wy, and Wy,
are the input-to-hidden and hidden-to-hidden weight matrices, respectively, and by, is the hidden

bias vector.

4.3.1.2 Long Short Term Memory (LSTM) Network

The LSTM architecture was introduced by Hochreiter and Schmidhuber [112] in 1997 as an en-
hancement to traditional RNNs to address the vanishing and exploding gradient issues that arise
during training. By incorporating specialized memory mechanisms, LSTM networks are capa-
ble of capturing long-range temporal dependencies more effectively than standard RNNs. Ow-
ing to this capability, LSTMs are widely used DL architectures in sequential data analysis and
time-series forecasting [96]. In an LSTM network, the architecture generally includes an input
layer, followed by one or more hidden layers, and ends with an output layer. The distinguishing
feature of the architecture is the hidden layer, which contains memory cells responsible for re-
taining and updating information over time. Each memory cell comprises several components,
including a forget gate, an input gate, a candidate input node, an output gate, a recurrent unit,
and a cell state acting as long-term memory [97],[18]. As depicted in Figure the variable
h; represents the hidden state, which captures short-term information, whereas the cell state,
denoted by (;, retains the long-term information. Gating mechanisms are responsible for con-
trolling how information moves through the network by determining which information should
be retained, updated, discarded, or propagated to the output at every time step [97]],[113]]. The
long-term state from previous LSTM cell denoted as C;_ traverses through the current LSTM
network, and drops some memory under the control of forget gate, and then some new memory
is added via the addition operation. So, at every timestep, C;_1 drops some memory, and some

new memory is added to it in order to get the long term state C; at current time t. Furthermore,

TH-4096_186151013 110



after allowing the long term state to pass through ranh function, it is filtered by the output gate

resulting in A, (i.e., the short-term state) which is also produced as output at y,.

he

Ci1 5 " C;

¥

A T tanh

> X > X

fe 2t 5 Ot
Ci
o o tanh o

hi-1 h,

T

Figure 4.9: LSTM cell

In the LSTM cell, the previous short-term state 4,1 and the current input vector x; are provided
as inputs to four different fully connected layers. As shown in the Figure 4.9] the layer that
outputs C; is the main layer. It is also known as input node. It analyses x; and 4, ;. In LSTM,
the long term state contains partial output from this layer (i.e. input node). The other three
layers are basically gate controllers, and these gate controllers use sigmoid activation functions,
so their outputs lie between 0 and 1. It is to be noted that the outputs of these gates are subjected
to element wise multiplication (also, referred to as Hadamard product). Therefore, an output
of 0 will close the gate, and an output of 1 will open the gate. Other values lying between 0
and 1 will decide the proportion of information to be passed through a particular gate. More
specifically, the task of the forget gate f; is to decide the parts of long term state to be erased
[113]]. The decision regarding which parts of C; should be incorporated into the long term state
is controlled by the input gate i;. Finally, the proportion of the long term state that is retrieved
and presented as output at a particular time step is controlled by the output gate o;. The forget
gate f;, the input gate i;, the output of input node denoted as C;, the long term state C;, and the

short term state (i.e., hidden state) h; of an LSTM cell are updated by the following equations:
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fi =0 (Wenhi—1 +Wrex, + by) 4.7)

ir = & (Wiphi—1 + Wix, + b)) (4.8)
C; = tanh (Wgphy—1 + Wexx; + by) (4.9)
C=f+C_1+i;xC (4.10)
hy = o, *tanh (C;) 4.11)

4.3.1.3 Gated Recurrent Unit (GRU)

The GRU, introduced by Cho et al. [[114] in 2014, serves as a simplified alternative to the
LSTM. In contrast to LSTM, the GRU combines the short-term state, /;, with the long-term
state, C;, into one unified vector /,. One gate controller is responsible for managing both the
forget and input gates. An output value of 1 from the gate controller results in the activation
of the input gate, while the forget gate is kept in a closed state. On the contrary, when the gate
controller is 0, the exact reverse happens. Another important point to note is that there is no
output gate, resulting in the entire state vector being generated at each time step at the output.
Therefore, at each time step, the full state vector is produced at the output. A new gate controller

determines the portion of the previous state that is presented to the main layer.

4.3.2 Estimation of AC power with sequential models

The previous set of models do not take into account the temporal relation in the data such that
AC Power can be predicted ahead (for example, ¢ + k time step ahead where ¢ is the current
time) Three sequential models are considered for next set of experiments: Recurrent Neural
Networks (Elman), LSTM , and GRU for prediction of AC Power. The input parameters for
these models are: Tilt Irradiation, Ambient Temperature, Horizontal Irradiation, and AC Power
(at time t) and Output parameter: AC Power at time step ¢ + k. The models use past 5 samples

to predict the next sample, i.e. 15 mins ahead as shown in Figure #.10] The distribution of
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data used for training, testing and validation is: 192323, 24041, 24041 respectively. Table 4.4]
shows the performance of all the three models. Figure 4.11] shows the plot for predicted versus
actual values of AC power for a small number of samples and also the correlation plot. It can
be observed that GRU preformed slightly better compared to LSTM and RNN. However, if R2

score is considered the results are not significantly different.

9:45|10:00 10:15 10:30 10:45 11:00 11:15

Figure 4.10: Length of time sequence

Table 4.4: Performance comparison of sequential models

Model | Hyper-parameters RMSE (not normalized) | R Score

RNN Layers = 1, Hidden units = 110, 46.86 0.963
Learning rate = 0.00165

LSTM | Layers = 1, Hidden units = 138, 48.37 0.960
Learning rate = 0.00314

GRU Layers = 1, Hidden units = 170, 46.32 0.964

Learning rate = 0.00672

4.3.3 Fault Detection

For testing the fault detection part, we created the test series by combining the data of one day
ahead of fault, the fault day and one day after the fault. The training error is modeled using a
Gaussian distribution to ascertain the mean and standard deviation, which are then employed to
establish the threshold for fault detection as shown in Figure d.12] Table {5 shows the results
with a threshold probability of 0.005. Ideally, threshold probability of 0.001 should have been
chosen, but within 0.001 threshold none of the anomalies were detected as fault. So, after

experiments 0.005 was chosen as threshold.

It is apparent from Table.5|that if we consider the F1-score, LSTM performed better. However,

there is not significant difference in comparison to other two models. If we consider the recall,
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Model | Precision | Recall | F1-Score | Accuracy
RNN 0.208 0.332 0.256 0.681
LSTM 0.222 0.329 0.265 0.699
GRU 0.179 0.424 0.252 0.585
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GRU has the best recall factor which means it has least false negatives. Next, we analysed the
False Negatives (faults that the models could not identify). As GRU has least number of false

negatives, we will consider the results of GRU for analysis.

Figure f.13] — Figure .16 show the plots of all the faults identified by GRU for each inverter.
Both false positives and true positives are shown(highlighted with green star markers). It can
be observed that whenever there is a deviation of the actual AC power from the estimated value
more than the threshold value, the sample is labeled as fault. Figure — Figure 4.21] show
the False negatives (faults that could not be identified by the model) and True negatives (faults
that could be identified by the model) for each of the inverters where fault occurred. Table 4.6|

shows the type of Inverter fault for each of the inverters.

It can be observed from Figure and the Table [4.6] that false negatives are higher for “Earth
fault” in Inverter 3. In comparison to Inverter 3, False negatives are less in case of Inverter 4,
5, and 6. Highest number of true positives can be observed in Inverter 4, where the fault is
“inverter no start”. However, for Inverter 7 “Inverter no start” faults on 12-11-2019 could not be
identified and the model gave more false negatives. The other type of faults in inverter 7 could be
identified by the model. In Inverter 8, the error that occurred on 10-08-2019 could not be tagged
as fault for all the samples whereas the other two types of fault viz. “IGBT failure” and “Inverter
control supply fail” could be tagged. For inverter 9,10, 11 all the “straight joint failure” faults
could be identified whereas for inverter 9 the fault on day 09-07-2019 could not be identified

as “IGBT failure”. For inverter 14 and 15 the type of fault is “heat sink overtemperature” and
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Figure 4.13: Faults identified by GRU (False positives and True positives)- Inverter 3, 4, and 5
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“earth fault” respectively. Both the faults could not be identified properly.
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Figure 4.17: Inverter 3 faults (FP and TP)

The problem with RNN-based models is that the prediction error accumulates continuously and
the error becomes larger with time [115]]. This can be observed in Figure {.13] — Figure 4.16]
where in the beginning there is a little deviation of actual AC Power from the predicted and as
time elapses, this deviation increases. This is one of the causes of more false positives. It can
be voided by considering limited number of faulty samples in the test data, which means as the
fault occurs say 2 or 3 samples can be considered rest can be discarded till the issue is resolved.
This is observed in Inverter 10 and 11 (Figures @ (b)) where only one sample is recorded
when the fault occurred (first green dot) and the second green dot is when the fault is addressed.
During the time when the fault was still existing there were no samples recorded. There are no
false negatives for these two inverters. On the other hand, in such a situation the model will
get only few anomalous samples and hence the error will not accumulate leading to lesser false

positives.
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Figure 4.19: Inverter 7 faults (FP and TP)
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Table 4.6: Inverter-wise fault occurrence details

Inverter Date Time Fault
05-07-2019 | 14:00-15:00 | Earth Fault
06-07-2019 | 06:15-19:15 | 0 IR value in the -ve cable
™ 07072019 | 06:15-19:15 | Barth Fault
08-07-2019 | 06:15-19:15 | Earth Fault
Inv-4 04-10-2019 | 06:45-12:00 | Inverter not start
18-09-2019 | 14:45-16:30 | L2 IGBT driver board failure
o> 10-05-2019 | 10:00-10:45 | Earth Fault
Inv-6 26-06-2019 | 14:30-15:30 | Earth Fault
04-04-2019 | 13:45-16:00 | Overtemperature failure
10-08-2019 | 07:45-11:30 | Inverter not start
s 16-09-2019 | 14:45-15:15 | IGBT driver board L3 failure
12-11-2019 | 12:00-12:30 | Earth Fault
10-08-2019 | 07:00-12:00 | Tripped with error code 105
Inv-8 25-09-2019 | 08:00-08:45 | L2 IGBT driver board failure
12-11-2019 | 12:00-12:30 | Inverter control supply failure
19-05-2019 | 10:00-18:45 | Straight joint failure
v 09-07-2019 | 06:30-08:00 | IGBT error failure
Inv-10 19-05-2019 | 10:00-18:45 | Straight joint failure
Inv-11 19-05-2019 | 10:00-18:45 | Straight joint failure
19-05-2019 | 10:00-18:45 | Straight joint failure
Inv-12 03-07-2019 | 06:15-07:45 | C-tech failure
15-08-2019 | 10:30-11:45 | IGBT driver board failure
Inv-14 07-07-2019 | 06:15-09:00 | Heat sink failure (high temperature)
23-10-2019 | 15:30-16:00 | Earth Fault
Inv-15
07-02-2020 | 12:00-12:45 | Earth Fault
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Figure 4.20: Inverter 8 faults (FP and TP)

4.4 Sensitivity Analysis

Threshold selection is very important for regression-based fault detection, since the threshold
directly affects false negatives, false positives, F1-score, precision, and recall. Sensitivity analy-
sis of various threshold values such as 2*sigma, 3*sigma, and 4*sigma in terms of accuracy, F1-
score, precision, and recall are shown in Figure 4.4]for the Random Forest (RF) regressor. Sen-
sitivity analysis of the performance of the RF regressor with thresholds of 2*sigma, 3*sigma,
and 4*sigma is also depicted in Table , giving accuracies of 0.923, 0.960, and 0.975, re-
spectively. However, the highest recall (0.373) was obtained with a threshold of 2*sigma. Since
false negatives are critical in fault detection, the lower threshold was considered more useful for

detecting more faults, even at the cost of more false positives.

Furthermore, in this chapter, the fault detection threshold for sequential models such as RNN,
LSTM, and GRU has been selected by modelling the training prediction error using a Gaussian
distribution. Based on our experiment, a probability threshold of 0.001 did not detect any

anomalies, and therefore, 0.005 was selected after experimentation. The resulting performance
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Table 4.7: Sensitivity analysis of Random Forest (RF) regressor for different detection thresh-
olds.

Threshold TN FN FP TP Accuracy Fl-score Precision Recall

20 33322 205 2582 122 0.923 0.081 0.045 0.373
30 34707 238 1197 89 0.960 0.110 0.069 0.272
4o 35279 273 625 54 0.975 0.107 0.080 0.165

was reported in terms of accuracy, Fl-score, precision, and recall for RNN, LSTM, and GRU
models in Table [4.5| with a threshold probability of 0.005, and GRU provided the highest recall

of 0.424. The threshold choice affected anomaly detection performance.

Missing a true fault is more serious than only reducing false alarms. Therefore, emphasis has
been given to metrics such as precision, recall (i.e., true positive rate), F1-score, and accuracy
that are appropriate for fault detection models. Figure [4.4] contains confusion matrices of the
Random Forest Regressor (RFR) with various threshold values in terms of accuracy, F1-score,
precision, and recall. Performance comparison of various classification models such as LGR,
SVM, MLP, DT, and RF in terms of precision, recall, F1-score, and accuracy has been depicted
in Table Table [4.5] contains performance comparison of sequential classification models

such as RNN, LSTM, and GRU in terms of accuracy, recall, precision, and F1-score.

4.5 Summary

The work presented in this chapter can be summarised into three broad sub-tasks:

* Developing the models for anomaly detection using 6 regression-based models.
* Developing the models for anomaly detection using 5 classification-based models.

* Developing the temporal (sequential) models for prediction of AC Power

The first set of experiments relies on regression models for estimation of AC Power, and then the

deviation of measured power from the estimated power is used to detect if the measured power
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is an indication of an anomaly. For estimation of AC power, six ML models were developed,
viz., LR, RFR, SVR, MLP, EVR, and ESR. It is observed that the performances of RFR and
ESR are better than other models in terms of RMSE and R? Score. Based on the performance,
RFR model is selected for further detecting faults as they are computationally faster than ESR
models. When a threshold of 2*sigma is used, the Random Forest-based regression model
resulted in the maximum number of True Positives i.e., the highest recall. Considering the F1-
score, the RFR model with 3*sigma provided the highest F1-score. It is observed that faults
that are caused by “Earth fault” or “Inverter not start” could not be detected by the model, as

these faults cause a dip in the AC Power.

The second approach is to detect anomaly by using the conventional classification models. For
classification-based anomaly detection, five binary classifiers were trained, viz., LGR, SVM,
MLP-based classifier, DT, and RFE. It has been found that, overall, SVM performed better than
all other classifiers, and after SVM, MLP provided better scores. Among all the models SVM
model provided high performance in terms of F1- score and Accuracy. However, overall the

classifier models did not give satisfactory results.

Next, three RNN-based sequential models were considered, Elman RNN, LSTM, and GRUs. In
this chapter, AC power forecasting and fault detection using sequential models, RNN, LSTM,
and GRU are also presented that can consider the temporal correlations. It has been observed
that GRU produced the best results as compared to RNN and LSTM in terms of RMSE and
R? Score for prediction of AC Power. When the models are used for threshold-based fault
detection, GRU provided the highest recall while LSTM provided the highest precision. We
further analysed the false positives and false negatives of GRU model. Higher number of false
positives can be attributed to the error accumulation. The error accumulation can be reduced
my reducing the noisy input during the period when fault exists. This will also help in reducing
false negatives. Another solution is to apply a different approach such as bidirectional RNNs.
As far as power prediction is concerned, all the models gave comparable results, while GRUs
performed slightly better. For fault detection, GRU provided higher recall and LSTM gave
higher F1-score.
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Chapter 5

Contextual Approaches for Early Fault

Detection

Contextual information can substantially influence the performance of predictive models. Al-
though context-aware learning has been widely investigated in fields like computer vision [[116]],
natural language processing [117], and recommender systems [/118]], its utilization in solar pho-
tovoltaic applications has received comparatively less attention. This chapter examines the
role of contextual variables, including time of day, seasonal variations, and weather conditions,
in improving fault detection for PV systems using machine learning (ML). Given that solar
irradiance, which directly influences PV panel output, is affected by these contextual factors,
integrating them can significantly improve detection accuracy [[119]]. In the exploratory analysis
presented in Chapter 3, we also observed that seasons and time of day influence the power pro-
duction. Motivated by these observations, we explore strategies for embedding such contextual
features into ML-based fault detection frameworks to enhance performance and the reliability

of solar PV systems.

This chapter begins by discussing various approaches for handling contextual features. These

approaches are then used to train five different models, whose performances are subsequently
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compared. Following this, we introduce a novel approach for incorporating contextual informa-
tion into an LSTM network, aiming to enhance model performance. In the proposed method,
the input weights are tuned based on the context during learning. We refer to this model as Con-
text Sensitive-LSTM (CS-LSTM). The CS-LSTM is evaluated on two datasets, and the results

are analysed and compared with those from existing approaches.

5.1 Strategies for Integrating Contextual Features

The concept of context is used extensively across many disciplines, often with different mean-
ings depending on the application. In the domain of machine learning, we follow the definition
of context and contextual features as described by Turney [[120]. According to this view, the
input variables used for training a predictive model can be broadly classified into three groups:

(1) primary features, (i1) contextual features, and (ii1) irrelevant features|[|120]].

* Primary features : Primary features are those features that possess a direct and signif-
icant relationship with the target variable. These features contain the core information
required for prediction and are capable of producing satisfactory predictive performance
even when used independently. They contain strong, intrinsic relationships with the target
variable and can yield good predictive performance even when used alone. In the context
of solar PV power prediction, variables such as solar irradiance, module temperature, and
historical power output can often be considered primary features because of their strong

influence on the generated power.

* Contextual features: Contextual features provide supplementary information describ-
ing the circumstances under which the primary features are observed. Although they
generally exhibit limited predictive power when used in isolation, they can substantially
improve model performance when combined with primary features. In other words, con-
textual features do not have strong predictive power by themselves but enhance prediction
when used alongside primary features. Contextual features help explain variations in the
relationship between the target output and the input variables. For solar PV systems, ex-
amples of contextual features include season, time of day, weather conditions, and other

environmental factors that influence the operating conditions of the plant.
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* Irrelevant features: The features that do not contribute meaningful information to the
prediction task are known as irrelevant features. These features neither exhibit a signifi-
cant relationship with the target variable nor improve predictive performance when com-
bined with other features. Inclusion of irrelevant features may increase model complexity,
computational cost, and the risk of overfitting, thereby degrading the overall effectiveness
of the learning algorithm. Irrelevant features provide no useful information for prediction

even if they are combined with other features or used independently[|120], [[121].

The distinction between these feature categories is particularly important when developing
context-aware predictive models. While primary features capture the fundamental character-
istics of the system, contextual features provide additional information that can help the model
adapt to varying operating conditions. Consequently, the effective integration of contextual in-
formation can lead to more robust and accurate predictions, especially in solar PV applications
such as fault detection and power forecasting where environmental and temporal variations sig-

nificantly influence system behaviour.

For example, in solar energy forecasting, where the goal is to predict AC power output of a
solar PV system, primary features could include solar irradiance (W/m?) and ambient tempera-
ture (°C). Solar irradiance is directly proportional to power output and thus serves as a strong,
standalone predictor. Contextual features might include panel orientation, tilt angle, timestamp
(time of day/day of year), or cloud cover index. For instance, solar irradiance of 800 W/m? may
result in different power outputs depending on the panel orientation or the time of day (e.g., 8
A.M. vs. noon). These contextual features help the model interpret how effective a given irra-
diance level will be under current conditions. Irrelevant features could be unrelated metadata,
such as panel serial number, which do not affect energy generation. In this framework, the con-
text is defined by the set of contextual features. Even subsets of these, say just timestamp and
cloud cover, define a particular context under which the model may interpret primary features
differently. Understanding the role of context is critical in such applications where environ-
mental and system-specific conditions can significantly affect the output even when primary
variables appear similar. For instance, two PV systems might receive the same solar irradiance,
but due to differences in tilt or weather conditions, their actual power output could vary widely.
Properly integrating contextual features helps capture such nuanced dependencies, leading to

more accurate and robust forecasting models. In [115]], five different strategies are presented
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for incorporating explicit contextual information into classification tasks. These strategies are:
contextual normalisation, contextual expansion, contextual model selection (i.e., selection of a
contextual classifier), adjustment of contextual classification, and contextual weighting [[115],

[121].

* Contextual normalisation adjusts primary features that vary with context by normalising
them based on contextual information, thereby reducing their dependence on contextual

fluctuations.

* Contextual expansion involves combining the additional context-related features with the
primary features to create an extended feature space. This enriched feature set, which cap-

tures both the main and contextual information, is then used to train the learning model.

* The contextual classifier selection strategy follows a two-step approach: first, contextual
features are used to select the most appropriate classifier from a pool of available models;
and then the selected classifier is used to perform the final prediction based on the primary

features.

* In contextual classification adjustment, the model first performs classification using only
the primary features, and then applies contextual information to refine or adjust the initial

prediction.

* In contextual weighting, the influence of each primary feature is adjusted based on con-
textual information, so that features most relevant in a given context receive higher im-

portance during learning.

5.2 Model Development using Contextual Approaches

This section outlines the experimental setup used to evaluate the contextual feature-handling
methods. It describes how different contextual approaches are integrated into model architec-
tures, trained on the real dataset, and assessed using common metrics. Details of hyperparam-
eters and performance criteria are also discussed. As outlined in Chapter 4, fault detection can

be approached either as a regression problem or as a classification problem. In this work, a
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regression-based model is adopted to detect faults. To evaluate the effectiveness of different
context-handling strategies, five regression models were developed and compared: Linear Re-
gression (LR), Multilayer Perceptron (MLP), Support Vector Regressor (SVR), Random Forest
Regressor (RFR), and Long Short-Term Memory (LSTM) networks. Each model was trained
under three distinct settings that reflect different levels of contextual integration. In the first set-
ting, the models were trained using only the primary features, serving as the baseline for com-
parison. In the second setting, contextual normalisation was applied, where context-sensitive
primary features were normalised with respect to contextual variables, to minimise their de-
pendency on context. The third setting implemented contextual expansion, where contextual
features were appended to the primary features, allowing the models to learn directly from the
combined feature space. Additionally, a context-specific modelling strategy was explored by
training four separate models, each corresponding to a distinct seasonal context. During infer-
ence, the appropriate model was selected based on the contextual condition (i.e., the current
season) of the input data. The data preprocessing steps followed the procedure outlined in
Chapter 3. Two contextual features, viz.,season and time of day were incorporated. The sea-
sonal context was encoded numerically (with the first season labelled as 1 and so on), while
the time of day was represented using cyclical encoding, where sine and cosine transformations
were applied to capture its periodic nature. For all strategies except contextual normalisation,
min—max normalisation is applied. In contextual normalization, the data normalisation is done

using the following formulation [[122], [[121]:

_xi— pi(e)

M= (5.1)

where the expected mean value of x; is denoted by u;(c), and the expected variation of x; is

denoted by o;(c) as a function of the context c.

During training, model performance was optimized by tuning hyperparameters on a validation
set. Table presents the values of a selected subset of these hyperparameters[121]], while the

corresponding results are discussed in the subsequent subsection.
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Table 5.1:

Selected hyperparameters for various models

Model Hyperparameter Baseline Context-
Integrated
Configuration Configuration

Linear Regressor | Fit intercept True True

(LR)
Hidden layer sizes (50,100) (200)
Epochs 500 200

Multilayer s

Perceptron (MLP) Activation ReLU ReLU
Optimizer Adam Adam
Learning rate Adaptive Adaptive

Support Vector Re- | Kernel RBF RBF

gressor (SVR)

Random Forest Depth 25 20

Regressor (RFR) Number of estimators | 200 200
Sequence length 5 10
Number of layers 1 2

Long Short-Term Hidden units 50 200

Memory (LSTM) Learning rate 0.0003 0.001
Epochs 100 100
Optimizer RMSprop Adam
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Table 5.2: Performance comparison of different models based on RMSE

Name of Model RMSE
Base | Contextual | Contextual Contextual
Model | Expansion | Normalisation | Model Selection
Multilayer Percep- | 0.0942| 0.0950 0.08155 0.0949
tron (MLP)
Linear = Regressor [0.1026 | 0.0860 0.0932 0.1010
(LR)
Random Forest Re- [ 0.0658 | 0.0589 0.0590 0.0665
gressor (RFR)
Support Vector Re-|0.0984 | 0.0940 0.0803 0.0935
gressor (SVR)
Long  Short-Term | 0.0811 | 0.0801 0.09678 0.1012
Memory (LSTM)

5.2.1 Results and Discussion

As regression-based fault detection is adopted, for each input sample, a regression model is used
to estimate the expected AC power, which is then compared against the measured AC power to
detect faults. We begin by discussing the results obtained from various regression models for
predicting AC power. The results obtained from various regression models based on normalised

data are presented in Table [5.2][121].

The corresponding plot is shown in Figure Here, the LSTM-based regression model was

employed to predict AC power one time step (15 minutes) ahead.

Across all models, incorporating contextual information generally led to slightly improved pre-
diction accuracy compared to the base models. The Random Forest Regressor (RFR) achieved
the lowest RMSE overall, indicating its superior ability to capture nonlinear patterns in the
data. Specifically, RFR performed best with Contextual Expansion (RMSE = 0.0589), closely
followed by Contextual Normalisation (RMSE = 0.0590). Linear Regression (LR) and Sup-
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Model Performance under Different Context-Handling Strategies
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Figure 5.1: Performance of different regression models under different context-handling strategies

port Vector Regression (SVR) also benefited from context-based preprocessing, which reduced
RMSE from 0.1026 to 0.0860 for LR under Contextual Expansion, and from 0.0984 to 0.0803
for SVR under Contextual Normalisation. The MLP model showed modest improvement with
Contextual Normalisation (RMSE = 0.08155), while the LSTM model displayed inconsistent
behaviour, its performance declined with contextual normalisation but improved slightly with
contextual expansion. Overall, the analysis confirms that context-aware strategies enhance
model reliability for most approaches, though the degree of improvement varies. The RFR
stands out as the most robust and accurate model for AC power prediction, making it well-

suited for downstream fault detection tasks.

The fault detection process relies on defining a threshold value to evaluate the deviation between
the predicted and the measured AC power. In this work, the threshold is established based on the
training error distribution. The training error values are modelled using a Gaussian distribution
to estimate their mean (u) and standard deviation (o). Thresholds corresponding to 26 and
30 were tested and their performance compared. It was found that using 2¢ as the threshold
provided better results, as it led to fewer false negatives and false positives. Additionally, to
further minimise false alarms, a fault condition is confirmed only when four consecutive sam-
ples exceed the specified deviation threshold. Over an 11-month period, faults were observed
in 9 of the 16 inverters. For testing, we considered the full-day data corresponding to a fault in
a specific inverter, along with the two preceding and two subsequent days. This ensured that
the test dataset included both normal and faulty operating conditions. The times of actual fault
occurrences were compared with the times at which the models detected these faults, with the

goal of evaluating the system’s capability for early fault detection—a critical requirement in PV
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Actual vs Predicted Faults
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Figure 5.2: Actual versus predicted faults for Inv-4 using Contextual Model selection.

systems. Table [5.3] presents a detailed comparison between the actual fault occurrence times
and the detected fault times, along with the models responsible for the detections. In the case of
Inv-3, the initial fault was identified at 14:00. However, both the contextual expansion strategy
and the contextual model selection strategy recognised the fault earlier, at 11:00. Instances of

early fault detection by the system are highlighted in bold.

Out of a total of 13 faults, the system successfully detected 6 faults in advance, while the
remaining 7 faults were identified later than their actual occurrence. Late detections were pre-
dominantly associated with faults occurring during early morning hours. Figure illustrates
a representative example of delayed fault prediction, where predicted power closely follows
the actual power with minimal deviation, and power gradually increases in the early morning,
reflecting normal conditions. Consequently, the model was unable to detect faults during these
hours [121]. Addressing this limitation for early-morning fault detection will be a focus of

future work.

5.3 Context Sensitive Long Short-Term Memory (CS-LSTM)

In the previous section, we discussed three approaches for handling context in fault detection.
Building on these ideas, we will now introduce a novel model that extends the standard LSTM

framework to explicitly incorporate contextual information. Before discussing the proposed
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Table 5.3: Comparison between predicted and actual fault occurrence times

Date of Fault | Inverter Number | Predicted Fault Time | Actual Fault Time | Methodology
26-06-19 Inv-6 11:00 14:30 Contextual Expansion
05-07-19 Inv-3 11:00 14:00 Model Selection and Con-
textual Expansion
07-07-19 Inv-14 08:00 06:15 Contextual Expansion
and Contextual Normali-
sation
09-07-19 Inv-9 12:00 06:30 Model Selection
10-08-19 Inv-7 08:30 07:45 Model Selection
10-08-19 Inv-8 08:30 07:00 Model Selection
16-09-19 Inv-7 11:45 14:45 Model Selection
18-09-19 Inv-5 11:45 14:45 Model Selection, Contex-
tual Expansion and Con-
textual Normalisation
25-09-19 Inv-8 08:30 08:00 Model Selection, Contex-
tual Expansion and Con-
textual Normalisation
01-10-19 Inv-3 10:45 07:00 Contextual Expansion
04-10-19 Inv-4 08:30 06:45 Contextual Normalisation
23-10-19 Inv-15 09:00 15:30 Contextual Expansion
07-02-20 Inv-15 10:15 12:00 Contextual ~ Expansion
and Contextual Normali-
sation
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approach, we first provide an overview of the standard LSTM network, followed by a detailed

discussion of the CS-LSTM architecture.

In 1997, Hochreiter and Schmidhuber introduced the LSTM architecture [[123]] as an enhance-
ment to traditional RNNs. The main reason for its creation was to address the vanishing and
exploding gradients, which impede the efficient training of traditional RNNs [97],[18]. The
distinguishing feature of an LSTM network is its memory cell, which enables the model to se-
lective