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The transition from traditional fossil fuel-based resources to renewable and clean energy
requires significant investments and addressing the challenges of ensuring reliability and
stability in complex electricity grids. Over the past decade, renewable energy resources
(RER) have gained substantial popularity due to their potential to enhance energy
sustainability and reduce energy generation costs. Solar and wind are the two most
dominant RERs; wind turbines (WT) have a greater advantage over other renewable energy
sources in producing energy around the clock. A fundamental problem these renewable
sources face is the energy cost, thus challenging their efficient operation and maintenance
(O&M). Among the prominent maintenance strategies, Corrective maintenance (failure-
based) for wind turbines (WTSs) poses significant challenges due to limited accessibility
and adverse weather conditions, which prolong outage durations and increase costs.
Additionally, preventive maintenance (time-based) can often be unnecessary, as
maintenance activities are scheduled before they are required. Predictive maintenance
(PM) has been developed to be an economical solution for actively overcoming problems,
such as wind turbine gearbox bearing failures that seriously affect the performance and

stability of renewable energy systems (RES). This study proposes an intelligent PM
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approach using three standalone normal behaviour models and their Multi-model ensemble
technique for gearbox fault prediction. It uses the data acquired through the WT
supervisory control and data acquisition (SCADA) system. The efficiency of the developed
model was evaluated using statistical indices (SI), with satisfactory SI values
demonstrating the effectiveness and robustness of the proposed models. A post-processing
analysis is also carried out using the Shewhart control chart (SCC) to determine the
deviation of predictions from the actual SCADA data measurement to identify the PM
schedule. The developed models accurately predict the failure event at least 72 hours before
it occurs, as reported in the wind farm maintenance logbook. Similarly, a solar photovoltaic
(PV) defect classification model was developed using the convolutional neural network
(CNN) and electroluminescence (EL) cell images under step-wise damp heat exposures
from 500h to 3000h. The model's accuracy was evaluated based on EL cell image pixel
resolution, ranging from lower to higher resolutions. The model classification results
indicated that a medium pixel size of 100 x 100 and a high pixel size of 250 x 250 achieved
the highest classification accuracy, with no misclassified EL cell images. Therefore, a
medium pixel size of 100 x 100 is more suitable due to its lower pixel values, which has a
lower risk of overfitting and low computational requirements for training and inference.
This predictive maintenance approach has the potential to generate substantial cost savings
by enhancing the economic viability of wind turbine systems and solar PV operations.
Early fault detection gives wind and solar farm operators adequate time to implement
corrective actions, allowing for timely repair or replacement of faulty gearboxes. This
proactive maintenance strategy has the potential to minimize unnecessary costs and reduce

downtime effectively.
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CHAPTER 1

INTRODUCTION

1.1 Background of Wind Turbine Energy System (WTEYS)

The availability of sustainable energy for quality of life and economic development is
among the most formidable issues confronting nations in our century [2], [3], [4]. A faster
transition to renewable and clean energy from traditional fossil fuel-based resources
requires tremendous investments and overcoming complex electricity grids' reliability and
stability issues. Over the last couple of decades, renewable energy resources have gained
popularity for their overall reduction of energy generation costs. The solar photovoltaic
and wind energy are the predominant modern renewable energy resources [5], [6]. In 2023,
the global installation capacity for wind energy systems surpassed 1000 GW, which was
only around 250 GW in 2012, Figure 1.1 illustrates the global renewable investment and
capacity for wind and solar energy [7]. Achieving low operation and maintenance (O&M)
costs in the wind energy system is seen as one of the significant operational challenges.
The wind farm O&M costs approximately account for one-third of the total energy
generation costs due to their remote location, accessibility to the generation station,
transportation of the components, and downtime after being subject to any failure [8], [9].
The share could account for up to 15% of the newly installed systems, which can rise to

35% by the end of the plant lifespan [10].



Figure 1.2 illustrates the skeletal view of the wind turbine drivetrain consisting of the rotor
hub, main bearing, gearbox, and generator. The gearbox operates in harsh environmental
conditions. Their most important task is to amplify the speed delivered by the lower-speed
shaft (LSS) so that the velocity demand of the High-speed shaft (HSS) driving the generator
is met. Consequently, they experience all vibrations originating from the turbine-side
components, wind, and other oscillations imposed by the load via the generator. The
gearbox of the wind turbine is an essential element susceptible to deterioration. Gearbox
malfunctions may manifest in several components, which include ring gears, tooth
fractures, housings, internal shafts, high-speed and low-speed shaft bearings, helical gears,

and inadequate lubrication [11].

=+=Global Solar Energy Capacity (Gigawatts) Global Wind Turbine Energy Capacity (Gigawatts) =t=|nvestment (Billion USD)
1300 700.00

1600
600.00

1400

500.00
1200

= o
£ 1000 40000 3
g z
E g
800 P 300.00 3
600
200.00
400
100.00
200
0 0.00

2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023
YEARS

Figure 1. 1: Global renewable energy investment and capacity for wind and solar energy [6].

It is worth noting that the industry classified wind turbine (WT) gearbox and main bearings
failure as the utmost operational reliability challenge due to the complex repair procedures,

higher replacement costs, and longer downtime duration [12], [13]. Recent data has shown



that the failure rate of main bearings (over a 20-year lifetime) can reach as much as 30%
[14]. The annual downtime of the wind turbine gearbox may reach a maximum of 60 days,
which affects the overall system efficiency [15]. According to [16] maintenance of a
gearbox is a laborious process, requiring an average time frame of 256 hours, with 59% of
failures of the system ascribed to the malfunctions of the gearbox. Thus, the repair time
required is considerably long [17]. Figure 1.3 describes a survey of data from 27,000 wind
turbines, with capacities ranging from 500 kW to 5 MW and covering both onshore and
offshore applications, revealing that gearbox failures accounted for the highest WT
downtime hours [18]. To ensure the Wind energy system (WES) remains competitive, the
cost of renewable power generation in 2023 report that the Overall Cost of Energy (OCOE)
for WES has decreased significantly between 2010 and 2023, with a reduction of 70% for
onshore wind turbines (from USD 0.111/ kilowatt-hour (kwh) to USD 0.033/kwh) and
63% for offshore wind turbines (from USD 0.203/kWh to USD 0.075/kwh) [19].
Additionally, O&M costs account for 26% of the OCOE in onshore wind projects and

26.2% in offshore wind projects [20].
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Figure 1. 2: A typical Wind Turbine Drivetrain [11]



1.2 Background on PV Solar Farm

Solar energy is available in vast amounts. It is one of the most potent forms of energy and
is also vastly used by many [21]. Figure 1.1 shows the capacity of solar energy worldwide,
and it proves that it has been practiced and proven effective in many places [22]. Such
systems are widely used today and recognized as an essential alternative for solar energy
exploitation [23] due to their wide availability, low cost, and share in the market [24]. The
high growth in solar PV is particularly driven by the lower price of generated electricity
from newly established solar farms in contrast to newly constructed power plants utilizing

alternative technologies [25].
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Figure 1. 3: Downtime caused by turbine subsystems [17].

In 2023, renewable energy capacity experienced the largest ever increase, with 473
gigawatts (GW) added; this accounted for 86% of global power additions, mainly due to
massive solar and wind power growth. Nearly three-fourths of renewable energy additions

were solar power, with 346GW, and 116GW from wind [26].



The maintenance schedule carried out in solar farms includes corrective, preventive, and
predictive is found to be economical (Renewable Energy Laboratory et al., 2018) (Wang
et al., 2023). Predictive maintenance (PM) models are an unfailing, reliable substitute for
on-site maintenance methods employed in solar farms. They offer tools for independently
diagnosing and preventing sudden failures in components or systems. These models rely
on gathering and scrutinizing data to contrast the projected performance with the actual
system energy output, thereby determining its operational condition [29]. PM models are
designed to schedule cost-effective maintenance before components become inoperable
[30].

Electroluminescence (EL) images EL can be used to estimate PV outpower [31].
Furthermore, it can subsequently be used to analyze patterns of solar cell defects and finally
decide on the maintenance schedule. The primary function of the PV system is to generate
electricity from solar energy. The array of solar cells is the fundamental part of the
photovoltaic cells that help generate electricity. The solar cell's crystalline structure is
fragile, which sometimes causes microcracking during the manufacturing or mounting
process [32]. The cracks will degrade solar cell performance by disrupting the electricity
supply in the interconnected solar cells. PV modules constitute the most significant
expensive for PV systems of any size, accounting for approximately 25-35% of the total
expenditure for utility-scale solar projects within the 5-100 MW range [33].

The energy generated depends upon several factors, including the panel state and the
prevailing climate conditions, which consist of the meteorological data. Solar modules are

also susceptible to factors that can diminish or impact performance. These challenges



necessitate implementing a system to monitor and optimize power generation because

manual labour alone is inadequate as the number of modules grows.

1.3 Motivation

The reliability of renewable energy plants is essential in power plants, as unexpected
failures can lead to power interruptions due to downtime, thereby substantially impacting

the economy.

1.3.1 Wind Farm

Wind turbines are characterized by their rapid growth in size, market share, and
technological advancements. Unlike other power generation plants, operational and
maintenance costs significantly influence their efficiency in energy production. The
gearbox accounts for the highest percentage of total downtime among all components,
directly influencing operational and maintenance costs. Inspired by the above statement,
this thesis investigates the development of three standalone normal behaviour models
(NBMs) and their Multi-model ensemble data-driven ensemble machine-learning model

for wind turbine gearbox bearings predictive maintenance.

1.3.2 Solar Farm

Solar power plant installations, called solar farms, consist of many PV modules made of
PV cells. These modules generate electricity by converting photons into electrons within

the module. PV systems comprise thousands of PV modules, each comprising several PV



cells. These numbers depend on the configuration of the module. Due to the increased

installation, solar farm maintenance has become a complex task [34].

A variety of maintenance solutions can be used to prevent sudden failure in systems. The
PV module failure rate is reported to be between 0.025%/year and 0.1%/year [35]. In
contrast, the degradation rate is 0.5% annually, exhibiting greater consistency across

various types and manufacturers [36]. Consequently, it has become imperative to reduce

energy generation costs by employing O&M strategies incorporating state-of-the-art deep

learning technology.

1.4 Objectives

This thesis aims to create an efficacious data-driven ensemble machine-learning model for
wind turbine gearbox bearings predictive maintenance of wind farms and a defect
prediction deep learning model for solar farms using EL images. To achieve this, the

following specific objectives are established:

e Todevelop adata-driven normal behaviour model for wind turbine gearbox bearing
temperature prediction employing various advanced machine learning models.

e To develop a post-processing strategy using statistical process control (SPC)
techniques.

e To build a fault prediction alarm prototype system using an embedded system.

e To develop an intelligent framework for estimating panel state using

electroluminescence images.



e To establish possible collaboration with industrial counterparts related to the

developed frameworks.

1.5 Scope of the study

The scope of this thesis is to develop three standalone NBMs and their Multi-model
ensemble model utilizing machine learning techniques to predict gearbox faults in wind
turbines. Structured data from the SCADA system of the T06 wind turbine will be used for
model development. Additionally, a Raspberry Pi microcontroller will be employed for
alarm generation implementation. Similarly, a deep learning framework for the solar farm
will be proposed for the automated classification and prediction of defects using

electroluminescence images.

1.6 Thesis Organization

The first chapter of this thesis introduces the significance of wind turbine and solar PV
energy systems as the two most dominant resources and the challenges they pose in today’s

renewable energy plants.

The second chapter presents a comprehensive background and a review of existing studies
on wind turbine faults and solar PV defect prediction. This chapter is segmented into three
sections: gearbox temperature prediction utilizing NBM, Ensemble NBM for temperature
prediction, and ensemble fault prediction model with corresponding statistical process

control.

The third chapter comprehensively discusses the prediction framework and the proposed

methodology's theoretical background for bearing faults and solar PV defects. In contrast,
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Chapter 4 discusses the development and performance evaluation of the wind turbine
machine learning-based NBM and the solar PV deep learning model.

The fifth chapter focused on developing the alarm generation system, detailing and
discussing the experimental results from the wind turbine fault prediction. Similarly, it
examines the overall findings of the proposed solar photovoltaic defect prediction
framework. Finally, the sixth chapter concludes the thesis by outlining the limitations and
future recommendations for the potential commercialization of the developed data-driven
ensemble fault prediction model for wind turbines and the solar PV defect prediction

framework.



CHAPTER 2

LITERATURE REVIEW

2.1 Introduction

The wind industry is very concerned about reliable monitoring for detecting, diagnosing,
and predicting such failures. Three basic maintenance approaches are corrective,
preventive, and predictive, as defined in Figure 2.1 [37], [38]. The corrective maintenance
strategy acts after the failure occurs, whereas the preventive one acts as scheduled periodic
inspections and replacements. A corrective strategy reduces servicing costs a bit, but it
comes at the expense of huge revenue loss due to more extended downtime and increased
repair costs due to equipment damage. The preventive one reduces the risks of extended
downtime by ensuring good equipment conditions. However, it does not protect the system
operation from unexpected failures. In addition, the overall costs increase due to
unnecessary maintenance schedules. In contrast, predictive maintenance (PM) is a more
effective preventive and corrective strategy as it is data-driven and reduces downtime and
maintenance costs by predicting equipment failure. Similarly, PM can reduce the overall
downtime for wind energy systems by providing diagnostics for the key components,
including the bearings (main and gearbox), yaw, pitch, and generator bearings [39]. Also,
PM ensures that maintenance actions are only taken when they are needed, thus optimizing

resources and extending equipment lifetime [40], [41], [42].

The increasing prominence of intelligent production and maintenance has emerged as a key
focal point within Industry 4.0, marking a significant transition from the information age
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to the era of advanced smart automation [28]. In response, various data-driven predictive
maintenance approaches for the WT systems were reported in the literature, including
support vector machines [43], linear regression [44], decision trees [45], random forests
(RF) [46], and neural networks [47]. Existing works based on the fault Prediction

framework will be examined in this section.

’ Corrective Maintenance |
(Failure Based) l
Maintenance — |
Preventive Maintenance |
(Time Based) ’ Model-based methods
1 (Physical Law) Detection
Condition-based Maintenance (Real time)
(Condition Monitoring) 'l Data-Driven methods
Predictive
Signal-based methods (Future)

(Time or Frequency domain)

Figure 2. 1: Maintenance strategies [37], [38]

2.2 Gearbox Temperature Prediction-NBM

The CM approach in this article aims to predict the gearbox-bearing temperature of the
wind turbine by employing the SCADA system's operational data. Recent studies have
shown that it is a proper way to monitor operating status by temperature. The accuracy in
temperature prediction can enhance the WT system's reliability. For the previous reasons,
several data-driven techniques have been implemented to predict the gearbox temperature,
such as artificial neural networks (ANN), grey models, fuzzy systems, and auto-regression

models.

A few years ago, the most popular models used for time series prediction fell into two

categories: artificial intelligence-based models and statistical predictors. Aurtificial
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intelligence models have gained popularity among researchers due to their superior
predictive capabilities [48], [49], [50]. Paul A. Adedeji et al. [51] developed a WT gearbox
oil temperature prediction model using an adaptive neuro-fuzzy inference system (ANFIS)
optimized genetic algorithm hybrid model and ANFIS optimized with PSO hybrid model.
The former outperformed the latter with higher accuracy and lower error metrics. Similarly,
[52] developed four distinct regression models to represent the typical behaviour of
gearbox oil temperature: long short-term memory (LSTM), temporal convolutional

network (TCN), XGBoost, and gated recurrent unit (GRU).

Ayush Verma et al. (2022) [53] demonstrated the usage of high-frequency SCADA data,
instead of the commonly used 10-minute averaged data, by developing a feed-forward
ANN-based NBM for predicting gearbox oil temperature. The proposed approach enhances
detection capabilities and improves understanding of wind turbine conditions. However,
using high-frequency data increases signal noise, which can be mitigated through the
averaging process. This smoothing process, while reducing noise, has the potential to cause
the loss of critical information and result in false or missed alarms. The temperature trends
of the WT gearbox were observed with an NBM based on low-resolution SCADA vibration
data and Support Vector Regressor, and the model indicates a minimal overheating trend

for the defective wind turbine [54].

In the research by Fotso et al. [55], the operating parameters of the gearbox were taken as
input variables for the backpropagation neural network, which is NBM, while bearing

power loss was the output variable for bearing power loss modeling and prediction.

2.3 Ensemble Gearbox Temperature Prediction NBM
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To further improve the bearing temperature prediction, an ensemble NBM is utilized, The
Ref. Yan et al. [56] proposed model achieved an excellent prediction of gearbox-bearing
temperature by integrating the optimization algorithm with an ensemble predictor. Firstly,
the data-driven approach utilized the variational mode decomposition (VMD) technique in
decomposing the original bearing temperature data into many sub-series, each
characterized by a distinct frequency. Following this step, an unsupervised ML using stack
autoencoder, derived from the group methodology of data management, acts as the
predictor in the subseries. Finally, the weights are optimized for subseries by the
competitive algorithm of imperialism, and the results are integrated.

A hybrid model for temperature prediction in the WT gearbox component using LSTM
with an adaptive error correction algorithm was developed in [57]. A new signal
decomposition technique, the VDM, was applied due to the error series' non-stationary,
high frequency, and disordered characteristics for adaptive error correction. The suggested
model may be utilized online to alerts about early high-temperature wind turbine gearbox
components. This methodology applies only to single-step prediction, while in the real
world, there are more requirements for multi-step prediction to provide more extended
maintenance time. An ensemble deep-learning regression model was proposed for gearbox
temperature prediction using RF to collect features and LSTM for sequential prediction
[58]. A hybrid formation for the WT gearbox temperature prediction model was developed
by combining a bidirectional LSTM architecture and a one-dimensional CNN. The
proposed model combines the strengths of these two models and provides far better results

than the other five comparative models [59].
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2.4 Ensemble NBM for Predictive Maintenance with Corresponding
Statistical Process Control

This part will discuss the existing literature that defines the fault symptoms of the WT
gearbox before it occurs while utilizing ensemble NBM. Broadly, wind turbine fault
prediction and detection using data mining algorithms can be categorized into two primary
approaches: normal behaviour modeling using regression method and classification-based
methods [46]. Bearings are a crucial component of the rotation mechanism in wind
turbines, including transmission bearings (main and gearbox bearings), as well as yaw,
pitch, and generator bearings [39]. The health conditions of the gearbox bearing and
generator winding were monitored utilizing the neural network-based models in Refs. [60],
[61]. Ref. Sun et al. [62] predicted the failure of the main bearing almost seven months
ahead, employing the principal component analysis (PCA). However, the field of data-
driven intelligent approaches for WT systems condition monitoring is relatively new, and

it requires extensive exploration to optimize the generation of clean and sustainable energy.

In a comparative analysis of six data-mining algorithms: k-nearest neighbours (kNN), least
absolute shrinkage and selection operator (LASSO), support vector machines (SVM), ridge
regression (Ridge), shallow neural networks, and deep neural networks (DNN) for fault
prediction in gearbox systems based on lubricant pressure, the proposed methodology
utilized an exponential weighted moving average (EWMA) control chart to detect
impending failures 2 to 3 days in advance across six commercial wind farms in China. The
study demonstrated that monitoring lubricant pressure effectively reduced false alarms

compared to monitoring gearbox oil temperature [63].
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A fault prediction model was developed utilizing the extreme gradient boosting (XGBoost)
algorithm and tested on two wind turbines from separate wind farms. The model
successfully identified impending faults 1 and 3 days in advance. The threshold for fault
detection was established by integrating multivariate quality control charts (MQCC) with
the absolute prediction error (APE) of healthy operational data [64]. Similarly, [65]
developed a data-driven predictive model for the WT gearbox and generator using Xgboost
and LSTM. The model was tested on two distinct wind farms. The anomaly behaviour was
evaluated using the shewhart control chart (SCC). A machine learning-based predictive
model was employed to predict gear whine noise, demonstrating superior accuracy

compared to the traditional ordinary least squares method [66].

Ensemble-based techniques have been applied in the literature for wind power output
forecast [67], and fault diagnosis [68]. In a Classification problem, the actual monitoring
data from two megawatts (MW) WT was implemented to predict the WT gearbox
operational state using a combined technique based on LSTM, fuzzy synthesis (FS), and

transfer learning [69].

The Ref. de Lima Munguba et al. [70] utilized procedures for nineteen ensembles, which
further the model combinations to predict wind turbine drivetrain components anomaly
using an unsupervised ML approach on vibration data. The fault detection positive and
negative cases are evaluated using the receiver operating characteristic curve (AUC) and
composite consistency (CC) score. The proposed pipeline attained over 89% AUC for the
gearbox high-speed shaft bearing with nearest neighbour stacking. Ref. [45] applied
classification and regression approaches for predictive fault analysis on five major wind

turbine components, including the gearbox. The model was developed using a decision tree

15



(DT) within a data-centric methodology and compared with a purely model-centric
approach. However, the data-centric approach is noted for its extended data preparation

steps, which are considered a drawback within the machine learning pipeline.

Due to persistent false alarms, a health rate utilizing the sliding window approach was
implemented to strengthen the condition-monitoring procedure of the gearbox in
determining the health status of the gearbox in WT, a bagging ensemble technique, and K-
nearest neighbours algorithm enhance the operational efficiency by about 30% through
SPC threshold setting up [71]. The effectiveness of the ensemble deep regression
framework was observed in monitoring the tooth profile deviation over a single model in
a real-time gear machining quality estimation using a multi-layer fusion residual network
(MFResNet) and an AlexNet, respectively [72]. In early fault detection, [73] develops a
model called SLFormer to solve the prediction problem, which Integrates LSTM into the
transformer encoder. The NBM outperformed six other prominent models in accuracy and
stability by successfully detecting gearbox anomalies twenty-one days before they
occurred using the EWMA control chart and effectively suppressing false fault alarms. A
stacking model developed by Yuan et al. [46] utilized XGBoost, gradient boosting decision
trees (GBDT), and RF as base models, with XGBoost as the meta-model for NBM in
gearbox fault prediction. This model demonstrated the ability to forecast faults 13 to 22
days in advance. Fault symptoms were indicated through the output of a change-point

detection algorithm based on the Cumulative Sum (CUSUM) control chart.
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2.5 Summary of Related Work on Wind Turbine Fault Prediction

The section presents an overview of relevant existing studies, defining the NBM approach,

alarm threshold, and limitations corresponding to each methodology embraced, as

tabulated in Table 1.

Table 2. 1: Summary of Data-driven NBM for bearing fault prediction.

Ref. | NBM Method Alarm Limitation Remark
Threshold
Technique
[74] | PCA (Not | EWMA Prediction model | Predict  bearing
Ensemble) deployment failure 7 months
capability is not | beforehand
guaranteed
[9] LSTM (Not | fault indicator | The  Prediction | Predict = bearing
Ensemble) (FI) and Simple | model is only | failure 4 months
moving average | suitable for small | before component
(SMA) datasets. failure.
[75] | SVM, ANN-MLP, | Binary Prediction  error | Vibration signals
DT, Gaussian | classification among the ML
Process (GP), and algorithms
Mixture applied.
Discriminant
Analysis.
[76] | ANN, SVM, and a | Binary SCADA data | Predict failure up
logistic regression. | classification frequency to one month
before it happens.
[53] | ANN (Not | one-class SVM | The  prediction | 12 weeks before
Ensemble) classifier. model cannot tell | the failure (High-
the root cause of | frequency data)
the gearbox fault
[71] | Bagging Ensemble | SPC  Pearson | The large training | After
Strategy and KNN | correlation set has  slow | approximately
Algorithm coefficients estimation 2,500 points
accuracy
[72] | multi-layer fusion | tooth  profile | Tested well on a | Vibration Signal
residual network, a | deviation f f a | Small dataset
deep regressor | (right)
(MFResNet), and
an AlexNet
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(shallower

regressor)

[70] | Ensemble pipeline | Binary Extensive tuning | Fault prediction on

of 19 models classification through  hyper- | Drive train
parametrization components using
and the | vibration data.
combination s
required to select
an ensemble
model.

[63] | Compares six data- | EWMA control | Computational Identify  gearbox
mining algorithms | chart cost failure  between
(Not Ensemble). two and three days

ahead.

Lubricant pressure
prediction (No
false alarm), also
compared  with
gearbox oil
temperature
(found less
effective)

[73] | Integrating LSTM | EWMA Model Predict  gearbox
into the deployment anomalies 21 days
Transformer capability in advance
encoder — Computational
(SLFormer model) efficiency

[64] | Xgboost (Not | Multivariate The cyclical and | Identified
Ensemble) Quality Control | seasonal nature of | impending faults 1

Charts (MQCC) | wind power [ and 3 days in
+ Absolute | generation can | advance
prediction error | affect the CM

model.

[46] | Model stacking | CUSUM False alarm. Predict faults 13 to
using RF, GBDT, | control chart 22 days in
Xgboost advance.

[45] | DT (Not Ensemble) | Classification Prolonged  data | Fault prediction on
and regression | preparation steps | five components.
task and possible

overfitting on the
ML pipeline.
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2.6 Solar Farm Overview

Research work on electroluminescence (EL) images EL image defect predictions of
detection cover image pre-processing, object detection, feature extraction, and defect
classification. Now, PV modules are laminated against ambient conditions by masking the
solar cell surface [25]. Instead of using complete images at the module level, defect
detection, and classification pipelines employ EL images focused explicitly on individual
cells. This method involves the cropping of module-level EL images into component cells
[77], [78], [79], [80]. The images at the cell level offer a more extensive training dataset,
given that typical module images contain either 60 or 72 cells per module [25], [79] Smaller
images demand fewer computational resources for processing [25]. Additionally, pre-
processing techniques such as image scaling [81], image augmentation [77], [82] were
implemented.

Figure 2.2 presents a PV module EL image of 60 cells arranged in 6 x 10 grid mono-
crystalline silicon wafers. Critical cracks, which would not be visible during routine visual
inspection of the module, can be seen on the left side of the EL image [25]. Machine
learning has advanced in speed and precision. Computers may now do activities that would
often need significant human effort. Previous studies demonstrate that computer vision and

machine learning have significant promise for analyzing EL images.

Ref. [25] introduced a pixel-level classification to quantify the solar PV module defect
using u-net architecture. Also, Ref. [83] proposed that image reconstruction performs better

than feature extraction in solar PV defect detection. In comparing three statistical learning
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algorithms RF, SVM, and ANN for Cell degradation type classification into good, crack,
and corroded, SVM has the highest model prediction accuracy [1]. Using deep learning
techniques by [77], two degradation techniques (cracked and Corroded) with RF, SVM,
and CNN, CNN outperforms RF and SVM in supervised PV cell classification. Similarly,
Ref. [84] developed an open-source pipeline that sequentially performs preprocessing,
classification/detection, and post-processing. The defect identification was developed and
compared between RF, ResNet models, and YOLO, and the optimal model was found to
be ResNez18 and YOLO. ResNet18 and YOLO models confused images of cracks with
images of intact cells. The cracks are tiny, and more training examples are needed to
distinguish them from intact cells. In Ref. [32] a model was developed and tested on the
standard EL image dataset using the deep Siamese convolutional neural network for defect
classification. The simulation results indicate that the suggested model attains superior
classification accuracy. Also, [85] proposed a robust model with a classification and
segmentation network capable of learning from a small set of labelled and annotated
samples. The detection process first performs a real-time micro-crack anomaly
discrimination task for the EL image classification. An automatic defect classification with
synthetic EL images using CNN and ML models was proposed in [82]. Traditional
operations and maintenance of solar PV systems provide significant issues for plant
operators, particularly those overseeing LSS, [86] proposed an advanced machine-learning
technique for fault detection and classification of a Large-Scale Photovoltaic (LSSPV)
plant. Table 2.2 presents the recent studies with each contribution application, result, and

drawback.
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Figure 2. 2: A 60-cell PV module with a crack defect [25].

Table 2. 2 Recent studies on solar farm PV defect classification.

Ref. Application Contribution Result Drawback

[25] Defect Introduced a | Developed a | The model
quantification and | pixel-level semantic performs weakly
detection. classification. | segmentation | on smaller

model using u- | extrinsic defects
net like cracks and
architecture. gridlines.

[83] Defect Detection | Employed The approach | Difficulty in
in Solar Modules | Independent for image | classifying the

Component reconstruction | type of defect.
Analysis performs better

(ICA) on EL | than the feature

Images. extraction.

[1] Busbar cell | Cell images | SVM has the | Fewer train data
Degradation Type | were highest model | affects the
Classification augmented, prediction classification
using EL images | and three | accuracy. accuracies.
(good, cracked, | statistical
and heavily | learning
corroded) algorithms,

RF, SVM, and
artificial
neural
network
(ANN), were
employed.

[77] Cell degradation | Employed CNN Data  imbalance
Type three outperforms affects the
Classification statistical RF and SVM in
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using EL images | learning supervised PV | learning
(cracked and | algorithms: cell algorithms.
corroded). RF, SVM, and | classification.

CNN.

[84] Automated defect | Defects  are | The developed | ResNet18 and
detection and | identified model analyzes | YOLO  models
classification on | using RF, | EL images and | confused images
EL images ResNet detects defects | of cracks with

models, and |in images of intact
YOLO). approximately | cells due to data
5 seconds per | imbalance.
PV module.

[32] EL image is | Deep Siamese | The model | Model training,
preprocessed to | CNN is used | achieves better | testing, and
predict four types | for the defect | classification validation require
of defects classification. | accuracy. more time to

operate.

[85] Detection of | Classification | The Low detection
micro-crack and segmentation | speed.
anomalies in | segmentation | network
photovoltaic network incorporates an
module cells learning from | attention

a few labeled | mechanism to

and annotated | address the

samples. imbalance in
distribution
between
anomaly and
background
pixels.

[82] Automatic defect | CNN was used | Accurate ML | The  generative
classification for deep | classification adversarial
with synthetic EL | feature was achieved | network generates
images. extraction and | using transfer | high-resolution

existing learning as a | EL images that
machine benchmark for | require more
learning (ML) | comparison. computation time.
models.

[86] Large-scale (LS) | The model | The model | Possibility of
PV plant anomaly | performed prediction prediction
detection. clustering and | outperformed | inaccuracies

anomaly ANN due to | arising from
detection with | lower relative | changes made
K-means and | error. during

LSTM, classification.

respectively,
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to predict the
power of
string
modules.

[31] Optimization of | Employed ML | Solved the | Limited amount
PV cell output | methods from | issue of | of data  with
power estimation | Traditional to | unbalanced different defects
using EL images | Deep Learning | data using | for improved
and I-V curves. methods. Synthetic model

Images using | performance and
GAN. generalization.
2.7 Summary

This chapter summarizes relevant studies on the wind turbine (WT) fault prediction
framework and the solar photovoltaic defect prediction framework. A summary of recent
and relevant literature is presented in tabular form, highlighting the limitations of each

methodology, along with their respective applications, results, and contributions.
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CHAPTER 3

FAULT PREDICTION FRAMEWORK

3.1 Introduction

This chapter discussed the fault prediction framework comprising the ensemble data-driven
NBM and the fault-prediction alarm generation system. The objective is to align the wind
turbine's standard operational behaviour with the ensemble model to derive the residuals,
representing the discrepancy between the actual measured values from the SCADA system
and the output values of the ensemble model. Finally, statistical process control based on
the Shewhart control chart is employed for the gearbox fault prediction. Figure 3.1 presents

a schematic diagram describing the proposed fault prediction framework.

Similarly, a comprehensive description of the solar photovoltaic module defect prediction
framework will be presented, as illustrated in Figure 3.4. The framework outlines the
procedure for predicting the health status of PV cells using a deep learning classification
model, enabling the identification of cell conditions such as being good, cracked, or

corroded.

As shown in Figure 3.1, this section will define the architectural procedure for the ensemble
NBM development. The required steps involve data acquisition and preparation, feature
selection, NBM construction and evaluation, and finally, the ensemble model technique

development.
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3.2 Data Acquisition and Pre-processing

Energias De Portugal (EDP) is a global leader in the energy sector that provided the dataset
utilized for this study. This dataset is an annual SCADA measurement that offers historical

wind turbine monitoring data from January to December 2017 [87], [88].

Ensemble Normal Behavior

Model

‘ /"'.7
Nnrmn Mndel

Evaluation

| Ensemble Prediction Model |

Figure 3. 1: Wind turbine fault prediction framework.

In the pre-processing technique, all outliers were removed to filter out noise within the
dataset, after which the SCADA data was utilized to develop the normal behaviour model
[89]. Firstly, data pre-processing is conducted to handle outliers, missing data, and different

magnitudes of sensors.

3.2.1 Data Cleaning

To ensure that the ensemble NBM accurately depicts the state of the system using the feed

data, the quality of the data must be checked. Any outlier data points must be eliminated
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to prevent the model from misinterpreting system performance. It is necessary to perform
data cleaning procedures to create a model that describes the WT in its healthy state.
Consequently, for the data cleaning, the following removal criteria were applied to the

identified relevant data samples for the ensemble model development:

e Where sample data has missing input or output (Nan)

e When active power is zero or negative while the wind speed is higher than the cut-
in speed

e Outlier removal using the quartile method [46], [90]

e International Electrotechnical Commission (IEC 61400-12-1 2005) Regulation on
Wind Turbine Power Curve characteristics [91]

e Data normalization
3.2.2 The interquartile Range (IQR) method

This is a systematic way to detect outliers in a dataset. It computes the first quartile Q, and
third quartile Q5 as the values at the 25" and 75" percentiles of the data, respectively, as

described in equation (3.1).

IQR = Q3 — Q4 (3.1
Lower and upper bounds are set as thresholds to detect outliers. The normal data bounds

are defined as follows:

[K;, K, ] = [Q; — 1.5IQR, Q5 + 1.5IQR] 3.2)
Where K; and K,, are lower and upper bounds beyond which data points are considered

outliers.
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3.2.3 Z-score

This computes the mean X eqny and standard deviation X4y of the sample data. The

formula in (3.2) illustrates how the chosen input data is transformed into a z-score [92]
7 = Xi - X(mean) (3.2)
X(sta)

3.2.4 Normalization

The research utilized the StandardScaler function from the Python scikit-learn library to
normalize the input variables. The input variables are distributed across several dimensions
and ranges; therefore, transforming them into a standard range is required. The function
effectively scales the variables to the range [0,1]. Transforming the values of the input
variables into a standard range is required because they are distributed across several

dimensions and ranges.
3.2.5 Wind Power Curve (WPC) Filtering

The WT power curve describes the power produced and the wind speed relationship.
Therefore, it is the most common tool for performance analysis and anomaly identification
(Sun et al.,, 2016). The power curve predicts how the wind turbine should behave.
Therefore, data that describe a healthy operation condition are necessary for the power
curve to follow its shape. The objective is to fit a power curve to the data that represents
the turbine's normal operational behaviour, enabling the identification and elimination of
any data that indicates abnormal performance or underperformance using the IEC standard

[91].
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To further filter the WPC, Ref. [93] segment the data into intervals corresponding to
variations in turbine behaviour. After binning the samples, the quantiles of the data inside
each bin are calculated, and outliers are identified by removing data points that deviate
significantly, as determined through corresponding boxplots. The flagging criterion for
outliers is based on the standard deviation or scalar divergence from the bin center mean.
A scalar metric employing a threshold value of 25% from the mean whisker length of the

bin center was used to identify outliers.

3.2.6 Feature Extraction/Selection

A wide range of features can form real-world data, many of which may not be informative
for the process they aim to represent. Such non-informative features within any dataset
increase computation time, adding to overfitting in the resultant models. Therefore,
properly selecting the best subset from a dataset can significantly enhance machine
learning models’ performances. One commonly adopted technique for feature selection is
manual selection based on domain knowledge. However, this could lead to losing powerful
predictors due to ignorance about their importance [45].

Ref. [52] extracts physical features using energy loss based on the gearbox thermal balance
and wind energy conversion techniques. Ref. [94] integrates PCA with radial basis function
neural network (RBFNN) to predict output power in early warning. Pearson correlation
coefficients were calculated to select the key features of the gearbox-bearing temperature
[71]. Another Ref. [70] examines the predictive power of different input features through
permutation feature importance (PFI) analysis. An ensemble VIP was developed using the
RF Variable Important Plots (VIP) algorithm to provide credit scores on the essential

variables for the WT gearbox diagnostics [95]. Three feature selection algorithms (FSA)
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were compared, namely the RF, filter, and wrapper models, to obtain the most relevant

gearbox oil temperature features [46].

A feature ranking was introduced to select relevant features to strengthen the gearbox fault
diagnosis predictive model [96]. These correlated features increase computational time and
can lead to overfitting [45]. To mitigate these potential consequences, this study focuses
on developing an ensemble NBM for the WT gearbox, with gearbox-bearing temperature
selected as the dependent variable. Three feature selection algorithms, including Principal
component analysis (PCA) [94] Mutual information (M) [45], and Lasso regression (LR)
[66], were utilized to categorize the most relevant input features for the gearbox-bearing

temperature ensemble model.

3.2.6.1 Principal Component Analysis

Principal component analysis is a statistical method that breaks down a data matrix into
vectors termed principal components. It is commonly employed for dimensionality
reduction, facilitating exploratory data analysis. Principal components serve various
purposes, such as compressing information to minimize storage requirements, reducing
high-dimensional data to two or three dimensions for visualization and exploration, and
obfuscating datasets to enable data sharing without revealing sensitive information or the
underlying nature of the data [60]. PCA is a feature selection algorithm with a
dimensionality reduction method that converts features into novel collections of orthogonal
components. In PCA, features are reduced by identifying components that capture the

maximum variance [94].

3.2.6.2 Mutual Information
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This method assesses the mutual dependency between two variables and serves as a
filtering model in feature selection [97]. The mutual information selector quantifies the
reliance between each feature and the target variable, therefore encompassing both linear
and non-linear interactions [96]. In contrast to the high-correlation filter, mutual
information assesses the reliance between two characteristics. In contrast to the high-
correlation filter, mutual information considers linear and non-linear connections. The
mutual information for each feature is calculated by rating characteristics pertinent to the
goal variable. Subsequently, the most informative features are selected to optimize the
target variable prediction [45]. The computational time required for all strategies is quite

minimal, except for mutual information [98].

3.2.6.3 Lasso Regressor

Lasso regression is an effective method for feature selection, particularly in high-
dimensional datasets, as it identifies the most relevant features by applying a penalty to the
absolute values of the regression coefficients. This technique is extensively utilized across
various domains, such as spectroscopic applications [99], to improve model accuracy and
interpretability. Lasso regressor performs feature selection by penalizing the absolute value
of the regression coefficients, effectively driving some of them to zero and thus excluding
certain features [66]. Ref. [100] presents a group lasso regularized multiple kernel learning
framework, which enforces sparsity at the group or feature level for effective feature
extraction. This approach enables the selection of various kernels for each feature type,
thereby accommodating the complexity of heterogeneous data while emphasizing relevant

features through sparsity across different feature groups.
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3.3 Ensemble NBM Processing

Ensemble prediction models (EPM) are a powerful approach in machine learning that
combines multiple models to improve predictive performance and robustness. Three
widely used ensemble learning methods, bagging, boosting, and stacking, can be employed
to enhance the machine learning process [101]. Bagging, also known as bootstrapping and
aggregating, is an ensemble learning technique. In the bootstrapping phase, ensemble
models are trained on bootstrap replicates of the training dataset. During aggregation, the
final prediction is determined through majority voting based on the predictions made by
the individual models. Boosting is an ensemble learning technique that involves
sequentially adaptively training multiple weak learners. Similar to bagging, boosting can
be applied to regression and classification problems. Stacking is an ensemble learning
technique that combines information from multiple predictive models to create a new

model, known as a meta-model.

While many research studies have been bothered by the local optimal phenomenon, the
ensemble learning idea among machine learning methods is to integrate multiple sub-
models with comprehensive evaluation, considering every sub-model influence. It has the
advantages of avoiding overfitting and getting rid of the local optimal solution, strong
expression ability, etc., and can achieve higher accuracy [102]. Ensemble NBM is applied
across various fields, including automobile price prediction [103], disease diagnosis [104],
[105], environmental weather conditions, flood forecasting [106], handling uncertainty in

data [107], and rainfall prediction [108].
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In the field of wind energy systems, research on wind power prediction addresses the
problem by proposing a multi-network deep ensemble model, utilizing an improved manta
ray foraging optimization algorithm alongside PCA for feature selection [109]. Similarly,

Ref. [110], [111] works on a similar application, using multi-scale features [112].

Inspired by the above, we proposed a model based on the soft weighted average strategy
by integrating three regressors for temperature prediction to leverage the strengths of
multiple models. Based on the existing works, this strategy has been widely applied in
software defect prediction [113], vehicle detection [114], and prediction of heart disease
[115]. Using a softmax function, Soft weighted averaging was applied to the weights for
weight normalization before applying the weighted sum of the predictions from the three-
base normal behaviour models. This approach ensures that the weights are scaled between

0 and 1, with their sum equal to unity.

Therefore, this article proposes an average weighted strategy for developing a normal
behaviour model for the wind turbine's gearbox-bearing temperature. Figure 3.1 illustrates

the methodology approach.

This study employs a parallel ensemble technique in which base learners are generated
simultaneously without data dependency [101]. In this approach, the errors made by one
model are independent of those in other models, allowing the ensemble model to average
out these errors effectively [116]. This technique is applied to Multiple linear regression
(MLR) [117], RF [58], and DNN [63]. The approach involves training these base models

in parallel to generate multiple predictions, which are subsequently combined through a
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voting process known as weighted averaging. Details of this process are provided in Figure

3.3.
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Figure 3. 2: Illustrates the methodology approach.
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Figure 3. 3: Structure of the parallel ensemble framework.

The fault prediction model of the gearbox temperature in equation (3.3) is constructed with
six feature parameters, the active power (Ap), gearbox oil temperature (G,) , rotor speed

(R,), ambient temperature (A7), ambient wind speed (4,,), and nacelle temperature(Ny).
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p = f(Ap' GOlRSPATFAWF NT) (33)
Where P represent the predicted gearbox temperature and £(.) is the proposed ensemble
model. The ensemble model will employ three data-driven methods, the MLR, RF, and

DNN, to predict the gearbox-bearing temperature based on the training dataset.
3.3.1 Multiple Linear Regression

The MLR method determines the relationship between several independent variables, input
features, and the dependent variable (output parameter). In this study, the efficiency
parameter was attempted to be calculated using the six parameters that were gathered and
sent into MLR. The Reference [92] expressed the MLR mathematical relation (13). Where
a, presents the fitted regression intercept, € is a fixed integer, X' denotes the set of
independent variables with k as the index corresponding to the dependent variable Y;
observed in multiple linear regression and «a's are the regression coefficients. The
processed TO6 WT dataset was inputted into the Scikit-learn linear regression algorithm in

Python.
Yi=ay+o X1+ Xy te =12,k 3.4
3.3.2 Random Forest

Random forests are composed of many randomly constructed decision trees, each casting
a vote for a specific class, such as Class 1 (Yes) or Class 2 (No). Each tree is constructed
using a bootstrap sample of the dataset [95]. RF is a supervised ML model that employs an
ensemble of decision trees generated from bootstrap samples. It has shown promise as a

meta-model due to its ability to capture complex predictive patterns [118]. The model
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utilizes the concept of bagging, whereby multiple decision trees are trained on random
subsamples of the training dataset to improve prediction accuracy [119]. RF can be viewed
as a function that combines weak and strong learners to produce a more robust predictor.
The final model output aggregates the predictions from all individual decision trees to
generate a more accurate and reliable result [120]. Each tree in the RF is constructed using
a subset of the training data, and the optimal split for each node is selected from a randomly
chosen subset of candidate variables. This approach helps mitigate overfitting and

enhances the model's generalization performance [121].

3.3.3 Artificial Neural Network

An artificial neural network (ANN) is characterized as an intricate system composed of
interconnected fundamental computing units (formal neurons) [122]. The neurons are
arranged in clusters or layers and can be interconnected in various configurations. The
neuronal connection topology delineates the network architecture associated with the job
it must do. This job is often defined by a collection of input values and their corresponding
output values that the network must learn to provide accurate responses for additional
unknown inputs. The learning process is the evaluation of network parameters that fulfill
a performance requirement by decreasing the discrepancy between the network output and
the actual output [123]. Learning is conducted according to an algorithm specific to the

network architecture.

3.3.3.1 Deep Neural Networks

DNN is a type of ANN with multiple layers between input and output layers, which allows
it to model more complex and non-linear relationships. DNNs have proven to be effective
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modeling tools, particularly in capturing non-linear relationships among parameters in
complex engineering and energy systems [53]. They are complex structures based on
biological phenomena consisting of layers and neurons; these neurons transform data as it
passes through the network to enable the model to learn hierarchical feature representation
from raw data. The input features are initially passed to the first layer, the input layer. After
processing the input and extracting relevant information, the data are transmitted to one or
more hidden layers, each consisting of one or multiple neurons. The final layer, or output
layer, generates the model's predictions. Non-linear activation functions are applied to
process data received from preceding layers before passing it to subsequent layers [124].
During training, a procedure adjusts the weights and biases in the hidden and output layers
to achieve the desired response by minimizing a predetermined loss or error function [125].
Learning rates are part of the DNN architecture, which can be dynamically adjusted during

training using learning rate scheduling or adaptive learning rate (Adam).

3.4 Model Performance Metrics

The statistical indices in equations (3.5 — 3.9) include the mean squared error (MSE), mean
absolute error (MAE), coefficient of determination (R?), Root mean squared error (RMSE),
and Willmott’s index of agreement (WIA), are used to evaluate the prediction performance
of individual base models and assign corresponding weights for accurate ensemble model.
The metrics are specified in terms of m, the number of data instances in the test set, y; is

the average on the measured value, y; is the predicted value, and y; is the measured value.

m
1
—_ C—a)2
=
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3.5 Fault Prediction/ Alarm Generation System Approach

Examining the deviations observed from the ensemble's normal behaviour after the model
development and performance evaluation is essential. Statistical processing control (SPC)
has been identified as a powerful tool for achieving process stability and reduction of
variability for improved capability [90]. Therefore, with these notes, the SPC is used to
identify anomalies in wind turbines by evaluating the deviation between SCADA-
measured values and the ensemble machine learning model predicted values. A shewhart
control chart was utilized in this research to identify the deviations. It is derived from a
normal distribution, plotting deviations between two control limits to identify the abnormal
behaviour. The control limits include the upper control limit (UCL) and the lower control
limit (LCL). The alerts and action limits are integrated to form the Upper Control Limit
(UCL) and Lower Control Limit (LCL), delineating the chart’s sensitivity. [123]. The UCL

and LCL are calculated as the multiple of the standard deviation of the distribution (c) and
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the moving range (MR) to determine anomalies [126]. The process described is explained

in the following equations:

A=y, = (3.10)
MR = |A; — A;_4] (3.11)
MR (3.12)

°T 71128
UCL = +30 (3.13)
UCL = —30 (3.14)

When the system data under analysis exhibits healthy behaviour, aligning with the model's
predictions, deviations on the Shewhart control chart will follow a normal distribution with
a mean of zero. Conversely, non-conforming data will indicate randomness within the
control chart, with points exceeding the control limits and demonstrating a shift in the
mean, thereby signalling abnormal behaviour. Upon validating the model by confirming
that the detected abnormalities correspond to actual faults, it can be deployed for real-time

fault detection, enabling predictive maintenance.

3.6 Solar Farm Defect Prediction Framework

As illustrated in Figure 3.4, this section defines the architectural procedure for solar
photovoltaic defect prediction utilizing a convolutional neural network. The required steps
include electroluminescence image acquisition and preprocessing, followed by
constructing a deep learning model, which primarily involves EL image feature extraction

and multi-class classification.
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Figure 3. 4: Process of developing solar PV defect prediction framework

3.6.1 EL Image Acquisition and Preprocessing

The EL images are 8-bit grayscale images acquired from Case Western Reserve University
[77] , this data contains the training and testing set of the image dataset of the PV module
under step-wise damp heat exposures from 500h to 3000h. The pixel size is 250 x 250. In
the preprocessing step, image normalization Ref. [81] image augmentation [77] and EL

image resizing was implemented [1].
3.6.1.1 EL Image Normalization

This preprocessing step scales pixel values to the range [0, 1] by standardizing the pixel
intensity values of images. This helps improve the training performance of the deep
learning model by ensuring that the data is consistent and scaled appropriately [81].
Equation 3.15 presents the typical expression for image normalization, where L,y

represents the original pixel intensity of the image, and I,,,;-maiizeq denotes the normalized

pixel intensity.
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Ipixel
Inormatizea = ﬁ 3.15

3.6.1.2 EL Image Augmentation

The quantity of images available for deep learning model development is critical. Image
augmentation is commonly employed to artificially expand the dataset by applying various
transformations to the original images to address limitations in dataset size. This technique
is widely utilized to enhance the generalization capability of machine learning models,
particularly in scenarios where the dataset is small or imbalanced; corrosion and cracking
only become noticeable after 2,500 hours of damp heat exposure, which limits the portion
of the dataset that represents these features [77]. Geometry and color transformation are

among the key augmentation strategies.
3.6.1.3 EL Image Scaling

Image resizing is scaling an image to a specific width and height while maintaining its
quality and aspect ratio. It is a crucial preprocessing step in image analysis tasks. The cell
images of 250x250 pixels will be resized to lessen the computation time [25], [77], and

also to observe the accuracy of solar PV defect classification.
3.6.2 Deep Learning Model Construction

A CNN is a customized deep neural network that processes structured grid data, including

photographs. It is extensively utilized in computer vision applications such as picture
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categorization, object identification, and segmentation. [127]. CNN has the potential to

extract features in EL images for efficient defect prediction, as proposed in [32], [82].

The application of CNN for defect prediction in solar photovoltaic systems has received
considerable attention due to its effectiveness in analyzing complex image data. Numerous
studies have highlighted the efficacy of modified CNN architectures in improving defect
detection accuracy, a critical factor in ensuring the performance and longevity of solar
panels. Ref. [128] overcome the difficulty of EL images in solar fault detection and
classification by employing a deep CNN, specifically Xception. The proposed model
achieved 94.382% accuracy, 92% precision, and 95.12% recall. Similarly, using an
improved VGG-16 model, the defect detection accuracy of solar PV modules increased

from 97.65% to 99.13%, compared to the performance of the classical VGG-16 model.

Inspired by the above, we proposed a deep learning model based on the convolutional
neural network to extract complex features and classify defects within the
electroluminescence solar PV cell images. This multi-classification deep learning model
will classify the EL cell images into three main classes, good, cracked, and corroded, based
on the model prediction according to the softmax activation function probability

distribution.

3.6.3 Deep Learning Model Evaluation

The classification accuracy of the predictive model will be evaluated on the test set using
the developed CNN model. Two commonly utilized machine learning metrics will be
employed: precision, which measures the model's ability to classify electroluminescence

image pixels correctly, and recall, which assesses the model's capability to identify defects
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within EL images accurately [1], [32], [84]. The accuracy, precision, and recall equations
in a multi-class classification problem are detailed in equation (3.16 — 3.18). Here, C
represents the total number of classes, TP; stands for the correctly predicted samples for
class i, FP; represents the samples incorrectly predicted as class i, and FN; refers to the
actual samples of class i that were misclassified as another class. Similarly, a confusion
matrix will be presented to illustrate the misclassified electroluminescence cell images and
to provide a clear understanding of the differences between the actual classifications and

the model's predicted classifications of the EL cell images.

i1 TP; (3.16)
Accuracy = gz
i—1(TP; + FP; + FN;)
TP,

Precision; = WLFPL (3.17)
Th (3.18)

Recall; = ————

e = TR ¥ PN,

3.7 Summary

The fault prediction framework consists of model development, training, and online
monitoring. The model development and training process handles the data pre-
processing and feature selection based on the operational data obtained from the SCADA
system for the ensemble model development. The real-time SCADA data is passed through
the ensemble NBM after the pre-processing and feature selection steps during the online
monitoring process. The larger deviations between the predicted value of the ensemble
model and the actual values recorded by the SCADA system have high potential fault

symptoms.
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The solar farm defect prediction framework employs a convolutional neural network for
identifying photovoltaic module defects through data acquisition, preprocessing, model
development, and evaluation. Electroluminescence images from Case Western Reserve
University capture defect evolution under damp heat exposure. Preprocessing involves
normalization, augmentation, and scaling to standardize and expand the dataset for
effective model training. Evaluation metrics include accuracy, precision, and recall, with a
confusion matrix highlighting classification performance. This robust defect prediction
approach leverages state-of-the-art CNN architectures to improve fault detection accuracy

and support solar panel maintenance and longevity.
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CHAPTER 4

MODEL CONSTRUCTION AND EVALUATION

4.1 Introduction

This chapter implements the step-by-step research methodology outlined in Chapter 3,
encompassing the construction of the individual NBMs and the Ensemble NBM for wind
turbine fault prediction. Similarly, it details the development of the solar photovoltaic cell

defect prediction model.

4.2 NBM Data Preparation

This section involves all data preparation steps. Such as SCADA data acquisition and

preprocessing analysis.

4.2.1 Data Acquisition

This thesis utilized open-source SCADA data from wind turbine operations managed by
EDP in the Gulf of Guinea, West Africa [65]. The data was recorded at 10-minute intervals
from January 1, 2017, to December 31, 2017, and includes 79 features of the four wind
turbines available (T01, T06, TO7, and TO11). According to the maintenance log, this study
focused on turbine T06, which experienced a failure event in the gearbox bearing. Figure

4.1 shows the time series variation of TO6 - wind turbine features.
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4.2.2 Pre-processing

Basic statistical measures, including minimum, maximum, average, and standard
deviation, were computed for key features of the wind turbine systems according to the
SCADA data. However, for simplicity, this study utilized only the average values of the
recorded parameters, as they capture most of the relevant information. By selecting the
average values of key features, the feature set was reduced to 21. Data points lacking
information due to sensor malfunctions or communication errors were removed, and data
points significantly deviating from the wind turbine power curves were also filtered out, as
these anomalies may have resulted from operational constraints or sensor malfunctions.
The SCADA data for TO6 WT initially contains 52,346 data points, and 37,335 are valid

samples obtained after pre-processing.

Noting that the wind power curve (WPC) characterizes the operational status of a wind

turbine, this study focused on establishing a representative trajectory for the WPC.
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Figure 4. 1: Time series variation of features in T06 - wind turbine.

Table 4. 1 EDP T06 Wind turbine data description

Features Unit Mean Staqdqrd Minimum | Max
Deviation
Gearbox oil °C 50.6 46 27 61
Temperature
Ambient °C 20.6 5.5 5 39
Temperature
Gearbox Bearing oc 56.6 58 28 69
Temperature
Active Power W 133382.8 116487.2 1 334113
Ambient Wind Speed m/s 7.5 3.4 2.4 245
Nacelle Temperature °C 31.7 51 18 48
Rotor Speed rpm 12.7 1.94 1 14.9

Figure 9 presents the results obtained before and after the initial pre-processing step of the
WHPC. In the subsequent pre-processing step, a wind power curve filtering technique was

applied to further refine the WPC, with the resulting output displayed in Figure 4.3.
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Figure 4. 2: (a) Original wind power curve (b) Result of the first preprocessing step of the wind power curve.

4.2.3 Feature Extraction/Selection

After removing abnormal turbine data, the proposed ensemble technique applies three
feature selection algorithms: mutual information selector, principal component analysis,
and LASSO Regression. These algorithms were employed to hierarchically identify the
most relevant features for model development to predict gearbox-bearing temperature.
Each feature selection algorithm has specific tuning parameters. For example, the mutual
information selector method ranks features based on their MI scores, with the primary
tuning parameter being the number of top-ranked features selected. Principal Component
Analysis depends on the number of components chosen to capture maximum variance. At
the same time, the LASSO regression method includes a regularization parameter that
adjusts the strength of penalization on the absolute values of the regression coefficients.
Given the inherent subjectivity, these parameters are often selected intuitively.
Consequently, the configuration yielding the best performance was chosen for the proposed

ensemble technique.
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The initial feature selection method employed was manual, selecting only those features
that represented the average values of the variables. Figure 4.4 shows the results from three

feature selection algorithms. Six features were ultimately chosen as input variables for

predicting gearbox-bearing temperature, as outlined in Table 3.
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Figure 4.4: Feature ranking of the three FSA.
Table 4. 2 Most relevant features description
Features Description Range

Gear Oil Temp Avg Gearbox Oil Temperature | [27 - 61]
Prod LatestAvg TotActPwr | Total active power [1-334113]
Rtr RPM_Avg Rotor speed [1-14.9]
Amb_Temp Avg Ambient Temperature [5—-39]
Amb_WindSpeed Avg Ambient Wind Speed [2.4 —24.5]
Nac Temp Avg Nacelle Temperature [18 — 48]
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4.3 Ensemble Model Construction

This section presents the development of Individual and ensemble NBM techniques
utilizing a voting approach in which the forecasts of distinct anomaly detection algorithms
are amalgamated by weighted voting [70]. The Weighted Average ensemble approach
allocates weights to distinct models according to performance, utilizing the softmax

function. [102].

Three machine learning models, namely multiple linear regression, random forest, and
deep neural network, were developed and compared with the ensemble technique based on
their performance metrics, as detailed in Chapter 3. In this thesis, the feed-forward neural
network models with single to multiple hidden neurons will be explored to map the input-
output relationship and determine the health condition of the gearbox bearing. The neural
network architecture of the shallow neural network and multiple hidden layers are

presented in Figure 4.5.

During model training, 80% (29,868) of the dataset was allocated for training, with the
remaining 20% (7,467) used for validation. The training and validation loss with the
corresponding training error is illustrated in Figure 4.6. The 5-hidden layer structure was
selected as the architecture of the DNN employed for the NBM due to its lowest training

error and validation loss.

Results indicate that RF and DNN outperformed the standalone MLR model. In contrast,
the ensemble model achieved the best performance. The ensemble assigned the highest

weight to the better-performing model, resulting in the lowest error metrics and the highest
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WIA and R? values. Table 4.3 describes the optimal hyperparameters for RF and DNN

architecture, and finally, Table 4.4 presents the model's performance.
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Figure 4. 5: (a) Shallow network configuration, (b) Two hidden layers DNN, and (c) Deep neural network
configuration (multiple hidden layers with multiple neurons in each layer).
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Table 4. 3 Optimal hyperparameters for RF and DNN architecture.

RF Model DNN

Hyperparameter Optimal Hyperparameter | Optimal
Hyperparameter Hyperparameter

Number of 100 Dense layer 5
Estimators
Maximum depth 10 No. of Neurons [50,35,20,15,5]
Minimum sample 5 Optimizer Adam
leaf
Minimum sample 3 Validation metric | MAE
split
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Figure 4. 6: Training error and validation loss curve for (a) Shallow neural network, (b) 2 - hidden layer network,
(c) 5 - hidden layer network, (d) 10 - hidden layer network

The performance evaluation metrics result for the DNN is illustrated in Figure 4.7. Also,

the performance evaluation metrics result for both the standalone and ensemble NBM

prediction is presented in Figure 4.8. The prediction results from the stand-alone NBM are

illustrated in Figures (4.9 - 4.11). The plot describes the prediction accuracy for each model

on the test dataset for the first 200", 1000™ and the whole test dataset.

Table 4. 4 NBM performance metric comparison

Normal Behaviour Model R? WIA MSE MAE RMSE
MLR 0.9693 |0.9921 | 1.0407 | 0.7463 | 1.0201
RF 0.9831 | 0.9957 |0.5710 | 0.5058 | 0.7556
DNN 0.9811 | 0.9952 | 0.6225 0.5532 | 0.7999
Ensemble 0.9858 | 0.9963 | 0.3492 0.4196 | 0.5909
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Figure 4. 9: Prediction of Gearbox bearing actual and predicted temperature for (a) MLR first 100" data point, (b)
MLR first 1000t data point, (c) MLR Test set.
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Figure 4. 10: Prediction of Gearbox bearing actual and predicted temperature for (a) RF first 100" data point, (b) RF
first 1000 data point, (c) RF Test set.

@
w

=]
<
i

v
v

w1
(=]

N
w

N
o

—— Measured Gearbox Bearing Temperature
——— DNN Predicted Gearbox Bearing Temperature

Gearbox bearing temperature in degrees

w
wv

0 20 40 60 80 100
Test Data Index

@
56



70

o
un

=]
]

wi
w

v
o

IS
[

~
=

—— Measured Gearbox Bearing Temperature
—— DNN Predicted Gearbox Bearing Temperature

Gearbox hearing temperature in degrees

w
(%3]

0 200 400 600 800 1000
Test Data Index

(b)

-
o

=)
el

=}
=}

wn
«

v
r=3

=
el

N
=}

w
vl

Gearbox bearing temperature in degrees

—— Measured Gearbox Bearing Temperature
~—— DNN Predicted Gearbox Bearing Temperature

w
r=3

0 1000 2000 3000 4000 5000 6000 7000
Test data Index

©

Figure 4. 11: Prediction of Gearbox bearing actual and predicted temperature for (a) DNN first 100" data point, (b)
DNN first 1000 data point, (c) DNN Test set.

Following the performance evaluation of three standalone NBM, the initial weight was set
based on the model prediction accuracy. The defined raw weights are presented in (4.1),
With wgp, wyr and wpyy as gearbox bearing temperature prediction weights and their

corresponding prediction as RF,,.q, MLRy,cq and DNNp,.q from RF, MLR, and DNN,

respectively.

57



WRF 0.9
[WMLR] = [0.01] 4.1)
WpNN 0.9

The softmax function transforms the set weight by scaling between zero and one ([0,1]) to
ensure that the contribution of each model is proportional but normalized. Finally, the
ensemble prediction weight is given by (4.2), and the ensemble prediction as in (4.3),
having Swgg, Swyr, and Swpyy as the transformed softmax weight for RF, MLR, and
DNN, the results from the ensemble NBM are illustrated in Figure 4.10. The plot describes
the prediction accuracy for each model on the test dataset for the first 100™", 1000 and the

whole test dataset.

SWRF 0.4148
Swyr | = 10.1703 4.2)
SWDNN 0.4148
SWgr
Ensemble Prediction = [RFprea MLRpreq DNNpreq) [SWMLR] 4.3)
SWpnn
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Figure 4. 12: Ensemble NBM prediction of Gearbox bearing actual and predicted temperature for (a) first
100™" data point, (b) first 1000t data point, and (c) Ensemble NBM Test set.

4.4 Solar Defect Prediction Model

This section will implement the step-by-step methodology defined for solar PV cell defect

classification in Chapter 3.
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4.4.1 EL Images Preparation

This section involves all data preparation steps. A total of 1500 EL images were employed

for the solar defect classification. Figure 4.11 describes the classes for the EL cell images

[1].
4.4.1.1 Normalization

The electroluminescence images are 8-bit grayscale images. Therefore, normalization is
applied to both the training and test images to scale their pixel values to a fixed range of

[0, 1], as highlighted in Chapter 3.

Sample Good EL Image Sample Cracked EL Image Sample Cerreded EL Image

Figure 4. 13: Samples of the EL cell image classes [1]

4.4.1.2 Augmentation

The cracked and corroded cell EL image was of limited quantity, therefore they both under
a geometrical transformation during augmentation by rotation of about 180 degrees, and
flipping vertically and horizontally to have data balance by avoiding data bias within the
EL image dataset. The quantity was increased to reach 500 EL cell images for each class.

According to [1], Figure 4.12 illustrates the augmentation transformations.
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Figure 4. 14: (a) Original, (b) 180 degrees flip, (¢) Horizontal flip, and (d) Vertical flip.

4.4.2 CNN-Based Defect Classification Using EL Images

This segment comprehensively describes the proposed convolutional neural network-based
approach for defect detection in photovoltaic modules using electroluminescence images.
After the CNN-based model was implemented, the resulting output was flattened to serve
as the input to a fully connected layer, following the methodologies adopted by [77], [82].
In this work, a softmax function is utilized as the final layer to align the extracted features

with their corresponding defect types, following the recommendations of Ref. [129].
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In developing the defect classification model, pixel sizes ranging from 50 x 50 to 250 x
250 were utilized to evaluate the model's performance based on the resolution of
electroluminescence cell images. This approach aimed to achieve higher classification
accuracy by reducing noise and optimizing computational efficiency. The samples for the

low to high pixel cell image resolution are illustrated in Figure 4.13.

Sample Image of 50 x 50 pixel Sample Image of 100 x 100 pixel
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Sample Image of 250 x 250 pixel

Figure 4. 15: Samples of EL cell images based on resolution according to their pixel
values for (a) 50 x 50, (b) 100 x 100, (c) 150 x 150, (d) 200 x 200, and (2) 250 x 250.

4.4.2.1 Experimental Settings and Training

In this thesis, the electroluminescence image dataset was sourced from a publicly available
database [77]. The dataset comprises 852 electroluminescence (EL) images, with 149
images representing the corroded class, 10 corresponding to the cracked class, and 693
images classified as good. To address the class imbalance, the cracked and corroded defect
classes were augmented to include 490 and 358 additional EL images, respectively, while
the good class was adjusted to contain 402 EL images. In total, 1,409 EL images were
utilized for constructing the CNN model, with 80% (1127) of the dataset allocated for
training and the remaining 20% (282) reserved for testing. In these experiments, the
parameters for the CNN models are provided in Table 4.5 and Table 4.6. The CNN-based
model was implemented in Python using the TensorFlow framework within a computing
environment running Windows 10 OS, equipped with an Intel Core i9-13900HX processor,

32 GB of RAM, and an NVIDIA GEFORCE RTX graphics card.

During the experimental training, we demonstrated the accuracy and loss of the

classification model based on the varying pixel size, such as 50 x 50, 100 x 100, 150 x 150,
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200 x 200, and 250 x 250 in Figure 4.14-15. The test accuracy of each model based on the
pixel values is presented in Figure 4.16. Similarly, each model confusion matrix is

illustrated in Figure 4.17.

Table 4. 5 CNN-based model architecture for defect classification.

CNN Output Shape Parameters
Input 250x 250x 1 0
Convolution layer 1 248, 248, 32 320
MaxPooling2D 124, 124, 32 0
Convolution layer 2 122,122, 16 4624
MaxPooling2D 61,61, 16 0
Convolution layer 3 59, 59, 16 2320
MaxPooling2D 29,29, 16 0
Flatten 13456 0
Dropout 16 0
Dense 3 51

Table 4. 6 Training parameters of the defect detection CNN model.

Description Value

Loss function Categorical Cross Entropy
optimizer Adam

metrics Accuracy

Batch size 16

Iteration times 10

64




Loss

Loss

Training and validation loss of 50 x 50 pixel

Training loss
101 — Validation loss
0.8
0.6
0.4
2 4 6 8 10
Epochs
(a)
Training and validation loss of 100 x 100 pixel
Training loss
1.0 — Validation loss
0.8+
0.6
0.4
0.2
0.0
2 4 6 8 10
Epochs
(b)

65



0.9

0.81

1.04

0.8

0.6

Loss

0.4

0.2

0.0

Training and validation loss of 150 x 150 pixel

Training loss
- Validation loss

4 6 8 10
Epochs

(©

Training and validation loss of 200 x 200 pixel

Training loss
— Validation loss

Epochs
(d)

66




Training and validation loss of 250 x 250 pixel

Training loss
— Validation loss
0.8
0.6
a
Q
—
0.4
0.2
0.0
2 4 6 8 10
Epochs
(©

Figure 4. 16: Presents the training and validation loss based on the pixel values for (a) 50 x 50,
(b) 100 x 100, (c) 150 x 150, (d) 200 x 200 and (2) 250 x 250.
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Figure 4. 17: Presents the training and validation accuracy based on the pixel values for (a) 50 x 50, (b) 100 x
100, (c) 150 x 150, (d) 200 x 200 and (2) 250 x 250.
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Figure 4. 18: The CNN model classification accuracy based on the pixel size.
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Figure 4. 19: Presents the confusion matrix based on the pixel values for (a) 50 x 50, (b) 100 x 100, (c) 150 x
150, (d) 200 x 200 and (2) 250 x 250.

4.5 Solar Defect Classification Result Discussion

The solar PV defect classification model was developed using the convolutional neural
network based on electroluminescence cell image pixel values, ranging from lower to
higher resolutions. The training accuracy of the model is illustrated in Figure 4.15, while
the training loss is depicted in Figure 4.14. The model's efficacy in classifying test data and
the evaluation of accuracy is presented alongside its corresponding confusion matrix in

Figures 4.16 and 4.17.

The confusion matrices revealed misclassified electroluminescence cell images at pixel
resolutions of 50 x 50, 150 x 150, and 200 x 200. Figure 4.18 illustrates examples of the

misclassified classes identified by the CNN model.

The results indicated that a medium pixel size of 100 x 100 and a high pixel size of 250 x
250 achieved the highest classification accuracy, with no misclassified

electroluminescence images as in Figure 4.17 (b) and (e). While the highest pixel size of
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250 x 250 provided higher-resolution EL cell images, offering more detailed information
to the model and enhancing classification accuracy, it posed potential challenges. These
include an increased risk of overfitting and a significant rise in computational requirements
for training and inference, as each pixel contributes to the calculations. Additionally, high-
resolution images are more sensitive to noise, as small artifacts or noise within the data can

be amplified, potentially confusing the model.

True: Good, Predicted: Corroded True: Corroded, Predicted: Good

Figure 4. 20: Samples of misclassified classes.

Therefore, a medium pixel size of 100 x 100 is more suitable due to its lower pixel values,
which reduce the size of the input electroluminescence (EL) cell images during training
and testing/deployment. This requires fewer computations than higher pixel value EL cell
images, improving computational efficiency. Additionally, the medium pixel size (low-
resolution images) can mitigate noise, as it contains fewer details for the model to process,
making it less sensitive to noisy pixels. However, this pixel size may compromise
classification accuracy, particularly for smaller image sizes where the model has fewer
features to learn from, potentially overlooking finer details such as microcracks in EL cell

images.
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4.6 Summary

This chapter presented the development of the NBM along with an evaluation of its
performance metrics. The simulation results indicate that the ensemble model outperforms
the standalone NBMs, establishing it as the most robust model for fault prediction in
gearbox bearings. Similarly, for the solar PV defect classification model, the pixel sizes
ranging from 50 x 50 to 250 x 250 were utilized to evaluate the model's performance based
on the resolution of electroluminescence cell images. This approach aimed to achieve

higher classification accuracy by reducing noise and optimizing computational efficiency.

73



CHAPTER 5

STANDALONE AND ENSEMBLE MODEL FAULT
PREDICTION/ALARM GENERATION SYSTEM

5.1 Introduction

This section presents the development of a fault alarm system as a post-processing step
following the construction of the standalone and ensemble NBM. Statistical process
control, specifically the Shewhart control chart, was implemented to trigger an alarm in
response to significant deviations between the ensemble NBM predictions and the
measured SCADA data. An experimental setup was also developed to demonstrate the

alarm system on hardware using an embedded system.

5.2 Fault Alarm System

Following data pre-processing, feature selection, and constructing an ensemble prediction
model using healthy SCADA data from the T06 wind turbine, a Shewhart Control Chart
was developed to monitor process control. The SCC provides insights into the condition of
the bearing. Figures 5.1 illustrate the MLR and RF NBM prediction with the measured
gearbox bearing temperature from the 13th to the 18th of October and the corresponding
prediction error. Similarly, Figure 5.2 illustrates DNN standalone and ensemble model
bearing temperature predictions alongside the corresponding SCC response for fault
prediction within the gearbox bearing during October, when bearing damage was reported
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in the maintenance log. Table 5.1 summarizes the standalone and ensemble SCC threshold

and fault signal alarms.

5.3 Experimental Setup

This demonstration simulates the online condition monitoring of the developed fault
prediction model (Ensemble NBM) within a computing environment running Windows 10
OS on an Intel Core i9-13900HX processor with 32 GB RAM and an NVIDIA GEFORCE
RTX graphics card. Additionally, two Integrated Development Environments (IDES),
Spyder (for Python programming) and Arduino IDE (for Raspberry Pi Pico), were
employed to facilitate serial communication using the pyserial module and scikit-learn

modules.

Table 5. 1 Standalone and ensemble SCC threshold and fault signal alarm

Prediction Model SCC Threshold (°C) | Fault Signal
Shallow network +1.6054 29
DNN (2 Hidden layer) + 1.4245 29
DNN (5 Hidden layer) + 1.4204 22
DNN (10 Hidden layer) | +1.3769 23
Ensemble +1.2962 22

75



—— Measured Gearbox Bearing Temperature (°C)
—— MLR Predicted Gearbox Bearing Temperature (°C)

o
w

[=)]
o

Gearbox Bearing Temperature (°C)
v
v

50

45
40

2017-10-13 2017-10-14 2017-10-15 2017-10-16 2017-10-17 2017-10-18
Timestamp
Prediction Error (Measured - Predicted)

4 —— RF Prediction Error (°C)

3

2

Error (°C)
=

I TAVATR WA IETIYANILATS SO TBARWAISN B
-1
-2
2017-10-13 2017-10-14 2017-10-15 2017-10-16 2017-10-17 2017-10-18

Timestamp

(a)

—— Measured Gearbox Bearing Temperature (°C)
—— RF Predicted Gearbox Bearing Temperature (°C)

=)}
w

a
o

wu
o

'
wm

Gearbox Bearing Temperature (°C)
w
w

40

2017-10-13 2017-10-14 2017-10-15 2017-10-16 2017-10-17 2017-10-18
Timestamp

—— RF Prediction Error (°C)
15

1.0

0.5

0.0F---

Error (°C)

-1.0

-1.5

2017-10-13 2017-10-14 2017-10-15 2017-10-16 2017-10-17 2017-10-18
Timestamp

(b)
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Figure 5. 2: (a) Gearbox bearing temperature prediction versus the measured SCADA data with SCC fault

alarm generation for (a) Shallow network, (b) 2 hidden layer network, (c) 5 hidden layer network, (d) 10 hidden
layer network and (e) ensemble model.

5.4 Online Condition Monitoring Simulation Components

This experimental setup requires both software and hardware components. The software
components include the data acquisition system integrated with the prediction model, while
the hardware components consist of a computing device, a microcontroller system
(Raspberry Pi Pico) for prediction signal processing, and a buzzer for alarm generation.

The experimental setup framework description is illustrated in Figure 5.2.

Alarm
P Generation
+) ﬂ ))System

Data Acquisition System Embedded System

Figure 5. 3: Experimental setup framework
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5.4.1 Data Acquisition System

The data utilized for this work was described in Chapter 3; this data is SCADA data that is

suitable for machine learning tasks.

5.4.2 Buzzer - PKM22EPP - 40

This piezoelectric sounder is designed for external drive applications and is commonly
used on devices like digital watches and electronic calculators. It operates by receiving a
signal, typically at 2048 Hz or 4096 Hz, from a Large-scale integration circuit to produce

sound [131]. Figure 5.3 presents the piezoelectric buzzer.

5.4.3 Raspberry Pi Pico

Raspberry Pi Pico is a microcontroller board developed by the Raspberry Pi Foundation,
featuring the RP2040 microcontroller chip explicitly designed for this board. This makes
it ideal for embedded applications and IoT projects [130]. Figure 5.4 is the description of

the Raspberry Pi Pico ports.

(

Figure 5. 4: Piezoelectric buzzer [131]
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Figure 5. 5: Raspberry Pi Pico ports [130]

5.5 Result Discussion

This study developed three standalone NBMs with their ensemble multi-model approach
for gearbox fault prediction, and a Statistical process control technique was incorporated
to generate fault alarms. The methodology begins with data acquisition and pre-processing.
SCADA data was obtained from an open-source EDP database, and anomalies were
identified and removed using the quartile method and International Electrotechnical
Commission (IEC) regulations on wind turbine power curve characteristics. Following the
data pre-processing, model input feature selection was conducted using three feature
selection algorithms: Mutual information selector, Principal component analysis, and
Lasso regression. Based on the feature selection results in Table 4.2, the six most relevant

features out of 21 average features were selected for training the three NBM models.
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Subsequently, an ensemble fault prediction model was developed using a soft-weighted
average voting technique. The weights assigned to each base model were based on the
performance metrics presented in Table 4.4 for the three individual NBMs: multiple linear
regression, random forest, and deep neural network. A softmax function was used to scale
the weights between 0 and 1 and to ensure they sum to 1, RF and DNN were assigned the
highest weights, as they demonstrated superior performance compared to MLR, with lower
error metrics and WIA and R? values are almost unity. Additionally, time series plots
comparing the predicted gearbox bearing temperature from the ensemble and individual
NBMs with the measured gearbox bearing temperature from the SCADA system are shown
in Figures (4.7— 4.10). These time series plots corroborate with the performance metrics,
demonstrating that the ensemble NBM achieved the highest prediction accuracy among the

models.

The multi-model approach enhances the prediction accuracy of the ensemble model,
outperforming individual models, mainly due to the advantages of the weighted averaging
technique. Furthermore, a fault alarm generation system was developed using statistical
process control, specifically through the SCC, to determine the deviations of the predicted
values from the actual SCADA measurements through control limits to generate the alarms
before the actual occurrence of the failure. According to the maintenance log, the gearbox
bearing of the TO6 wind turbine system sustained damage on October 17, 2017, at 08:38.
The SCC of the ensemble fault prediction model successfully triggered multiple fault-
bearing alarms before this failure with a control limit/threshold of £1.1261°C. The first
alarm occurred on October 13, 2017, at 03:30, as illustrated in Figure 5.1. Thus, it can be

concluded that the proposed data-driven ensemble model strategy effectively generates
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predictive alarms before the actual bearing damage, demonstrating the robustness of the
developed model. Furthermore, the predictive maintenance framework exhibited

high accuracy, signalling potential failures at least 72 hours in advance.

5.6 Summary

This section has discussed the experimental implementation of the ensemble model fault
prediction with alarm generation using the Python IDE, Arduino IDE, Raspberry Pi Pico
microcontroller, and piezoelectric buzzer. It also discussed the overall NBM result

analysis.
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CHAPTER 6

CONCLUSION AND RECOMMENDATION

This section presents the summary of the research undertaken in the thesis. It highlights the
significant findings from the study and draws relevant conclusions. In addition, the
limitations encountered during this research are outlined, and the potential directions for

future research in these areas are suggested.

6.1 Summary of the Work

Among renewable energy sources, solar and wind energy are crucial in meeting the
increasing global demand for clean energy. The wind turbine gearbox system is one of the
critical components of WTs and has been associated with the highest failure rates and
downtime in the wind energy system. Therefore, a data-driven condition-monitoring
approach was employed to predict faults before they occur, reducing huge operation and
maintenance costs and allowing the wind energy system to remain more competitive with

traditional energy sources.

Similarly, cracks or corrosion in the solar PV module will degrade solar cell performance
by interrupting the power supply in the connected solar cells. These challenges necessitate
the development of an intelligent solar PV module defect detection model that will monitor
and optimize power generation because manual labor alone is inadequate as the number of

modules grows.
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The objective of this thesis is to develop an efficacious data-driven ensemble machine-
learning model for the predictive maintenance of wind turbine gearbox bearings in wind
farms and a solar PV module defect prediction model using CNN. To achieve this, these
specific objectives are established: developing an NBM using multiple linear regression,
random forest, and deep neural network for wind turbine gearbox bearing temperature
prediction; and creating an ensemble NBM for gearbox bearing fault prediction in wind
turbines, incorporating an alarm generation system based on statistical process control
techniques. The solar PV defect prediction model objectives involve the construction of a
deep neural network architecture using a convolutional neural network to predict crack and

corrosion within the PV model cells using EL images.

Chapter 2 provides a comprehensive overview of wind turbine predictive maintenance
techniques relevant to the thesis. This chapter segments the predictive maintenance
techniques into three major categories: gearbox temperature prediction NBMs, ensemble
gearbox temperature prediction NBMs, and ensemble NBMs with corresponding statistical
process control for fault indication. Several challenges must be addressed to fully exploit
predictive maintenance's capabilities, such as predictive model accuracy, model
deployment capability, and false fault alarm generation. On solar PV defect prediction, this
chapter provides comprehensive past studies of solar PV module defect detection
techniques relevant to the thesis. Also, a summary of the recent studies on solar farm PV

defect classification was presented.
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Chapter 3 defined the data-driven ensemble predictive maintenance framework
methodology for the WT system's gearbox bearing. The framework was constructed
through four primary steps: data acquisition and pre-processing, input feature selection,
ensemble model development and evaluation, and fault alarm generation. A step-by-step
methodological framework is presented in the solar farm defect prediction segment,
encompassing data acquisition and preprocessing and developing and evaluating the deep

learning model.

Chapter 4 discussed the step-by-step NBM construction and evaluation. From the acquired
historical SCADA data, outliers, and abnormal data points were filtered out during the pre-
processing step using the quartile method and International Electrotechnical Commission
regulations on wind turbine power curve characteristics. Following data pre-processing,
model input feature selection was conducted using three feature selection algorithms:
Mutual Information selector, Principal Component Analysis, and Lasso Regression. Based
on the feature selection results, the six most relevant features out of 21 average features
were selected for training the three NBMs. Then, the cleaned and filtered SCADA data
with the selected features were split into training and testing to validate the developed data-
driven ensemble and the individual normal behaviour machine learning models through
key statistical performance measures, e.g., R?, WIA, MSE, MAE, and RMSE. The model
evaluation result shows that error metrics values were relatively low, and the R? and WIA
values were almost unity for the ensemble fault prediction model, indicating their
effectiveness and strengths due to the weighted average formation based on the

performance of the individual NBM.
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In the context of solar farm defect prediction, the implementation of the step-by-step
methodological approach outlined in Chapter 3 is presented. Preprocessing tasks were
conducted after acquiring electroluminescence images of solar photovoltaic modules. First,
the EL images were normalized to enhance the training performance of the deep learning
model, and second, data augmentation was applied to balance the classes of EL cell images
before training. A convolutional neural network-based classification model was employed
to classify the EL cell images, with pixel resolutions ranging from 50 x 50 to 250 x 250,
into good, cracked, and corroded classes. Finally, model performance was evaluated using
accuracy, precision, and recall metrics. A discussion of the results is provided, analyzing

the performance of each classification model

Chapter 5 presents the development of a fault alarm system as a post-processing step
following the construction of the ensemble NBM. A fault alarm generation system was
incorporated using a Shewhart control chart to evaluate the models further and to identify
deviations between the predicted values from the ensemble model and the actual SCADA
measurements through control limits, enabling the generation of alarms prior to the
occurrence of failures. The SCC analysis indicated that the developed framework could
issue multiple alarms before the occurrence of actual faults, as reported in the wind turbine

system maintenance logbook.

In contribution to the existing work, this proposes a data-driven ensemble model strategy
that effectively generates predictive alarms before the actual bearing damage,
demonstrating the robustness of the developed model. Furthermore, the predictive
maintenance framework exhibited high accuracy, successfully signaling potential failures

at least 72 hours in advance. This predictive maintenance approach has the potential to
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generate substantial cost savings by enhancing the economic viability of wind turbine
system operations. Early fault detection gives wind farm operators adequate time to
implement corrective actions, allowing for timely repair or replacement of faulty
gearboxes. This proactive maintenance strategy has the potential to minimize unnecessary

costs and reduce downtime effectively.

6.2 Limitations and Recommendations for Future Work

This study has contributed to a comprehensive understanding and practical application of
predictive maintenance for wind turbine gearboxes and solar farm photovoltaic modules.
However, certain factors may have constrained the scope and depth of the findings. This

section highlights the limitations and provides recommendations for future thesis research.

6.2.1 Wind Turbine Gearbox Fault Prediction

e The NBMs developed for the bearing temperature prediction for this thesis rely on
labeled data used for the supervised machine learning model, while access to
labeled data is generally limited. Future research could explore methods to build
models that perform effectively with unlabeled data, such as unsupervised learning
approaches.

e Interms of generalizability of the developed predictive model, this study relied on
SCADA data from a single wind turbine (T06) within the EDP wind turbine system.
Consequently, the model's effectiveness and generalizability to other wind turbines
or wind farms remain uncertain. Therefore, there is a need further to test the model

deployment on edge devices for faster local inference
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The accuracy of the ensemble prediction model is essential for reliable fault
prediction. A low-accuracy model may cause false or missed alarms, thus affecting
the operational efficiency and economic viability of wind farms. Future work
should focus on enhancing model accuracy to minimize false and missed alarms,
ensuring the practical effectiveness of predictive maintenance systems.

In a data-driven machine learning application, data preprocessing is critical in
effective data cleaning. This study applied specific preprocessing methods;
however, future research could explore additional preprocessing techniques for
outlier elimination, including integrating physics-based models for data quality and

model robustness.

6.2.2 Solar Farm Photovoltaic Modules Defect Prediction

The acquisition of photovoltaic module data is crucial for developing an efficient
defect prediction model. Future research could focus on expanding the dataset,
particularly by including PV modules subjected to damp heat exposure ranging
from 500 hours to 3,000 hours, especially the defect samples, to enhance model
robustness and generalizability.

In terms of the preprocessing task, more techniques, such as generative adversarial
networks, could be explored to synthesize complex defect EL images such as
micro-crack.

This thesis investigated the capability of convolutional neural networks as feature

extractors for the electroluminescence cell images. Future research could explore
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the potential of pre-trained models, such as VGG and ResNet, for feature extraction

from EL cell images to further enhance the defect prediction framework.
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