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ABSTRACT

Wind energy is one of the fastest growing renewable energy enterprises in the world.
The structural integrity of wind turbine blades is of prime importance for the efficient,
safe and economic operation of wind farms. Slow erosion and corrosion of turbine
blades especially from high velocity impact from rain, hail, sand and UV radiation
cause large aerodynamic performance losses and unpredicted maintenance costs. Tra-
ditional condition monitoring approaches mainly rely on human periodic inspections
using deterministic threshold approaches, which are not adaptive to the dynamic non-
linear operational environment of modern wind turbines. This thesis proposes a pre-
dictive maintenance framework for wind turbine blades based on machine learning.
The method is meant to classify the structural health state of blades into four opera-
tionally relevant classes: Good, Minor degradation, Advanced degradation and Major
degradation. The data used in the present study was obtained from the National Re-
newable Energy Laboratory (NREL) Wind Resource Database for the Mumbai coast-
line region and consisted of 8,762 hourly records of atmospheric parameters at multi-
ple altitudes (wind speed, temperature, air pressure and wind direction). But there is
no explicitly available blade health indictors on the NREL data set. Thus a physics-
informed stress index was developed to indicate the state of blade health categories.
The stress index has taken the main environmental variables wind speed at 100 and
120 meters weighted by experimental coefficients and ambient temperature in order
to indicate an appropriate blade health degradation proxy. Four supervised classifica-
tion techniques,Logistic Regression,Decision Tree,Random Forest and XGBoost are
well-trained and well-tested. Training is carried out on 80% of the processed data and
testing is carried out on the rest 20% of the data in terms of Accuracy, precision, recall,
F1-score and confusion matrix evaluation. It is also concluded that XGboost achieved
the best classification accuracy of 99.32% which is followed by Logistic Regression
accuracy of 99.20%, Random Forest accuracy of 99.09% and Decision Tree accuracy
of 98.57% . Analysis of feature importance of tree based models identified wind speed
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at height of 100m and 120m height as the key factors to predict blade degradation. The
framework also proves the feasibility of data driven predictive maintenance system for
wind turbine blade and acts as a foundation for real time monitoring and scheduling of
the wind turbines under operation.

keywords: Wind Turbine Blade Erosion, Predictive Maintenance, Condition Moni-
toring, Machine Learning, XGBoost, NREL Wind Resource Database, Blade Health
Classification.
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CHAPTER 1

INTRODUCTION

1.1 Background and Motivation

The global urgency to mitigate anthropogenic climate change has speeded up the tran-
sition in the energy systems from fossil to renewable energy. Wind energy has become
one of the most competitive and fastest scalable sources of clean electricity among
renewable technologies. The Inter-governmental Panel on Climate Change Sixth As-
sessment Report [1] suggests that the global mean surface temperature has increased by
approximately 1 °C between 2010 and 2019, leading to decarbonization of the global
energy mix. Wind power has risen to the challenge, with the levelized cost of energy
from wind power falling by about 55From the early 2020s onwards, progressively
larger and higher power-output wind turbines are being installed, on land and at sea.
Future wind turbine towers are to be up to 250 m in height and their rotor blades will
travel up to 100 m/s at their tips [3]. While the improved capture of wind energy by this
technology is a significant advance, the increasing speeds mean that an equally signif-
icant challenge will be produced in the wear of these structures-primarily through the
edge erosion of the blades. Degradation of the blade, however has a great economic
significance. A wind turbine operating at tip speeds of up to 100m/s, will be subject to
attack from raindrop, hailstone, airborne sand particles, sea salt spray and ultra-violet
radiation [10]. Over a period of time the surface is more subject toroughening, coat-
ing delamination, and at worst revealing the structural laminate. Tests conducted by
Belzona have demonstrated that leading edge erosion alone, can result in aerodynamic
losses of up to 20Three main types of maintenance strategy for wind turbines may
be distinguished: (1) corrective maintenance (repair of component after failure), (2)
preventive maintenance (fixed schedules of maintenance independent of the real con-
dition of the component), and (3) condition-based maintenance (linking monitoring
data with the decisions of maintenance) [20]. First two methods are generally ineffi-
cient; the latter has risk of structure catastrophic failure, and the second one leads to
unnecessary repair action and expenditures. The third one, although conceptually bet-
ter, used to suffer from the quality and definition of data provided by the sensors. The
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development of machine learning (ML) as a mature analytical discipline can change
the way of wind turbine health monitoring. To minimize the burden of manual work
ML algorithm are sued to extract non liner patterns from the timeseries data so that
degeradation of states can be predicted with high accuracy. This technique

Is very much helpful in maximizing the feasibility of wind farm productions, min-
imizing maintenance cost, increasing the work life of the system This research helps
to identify the problem of optimization by performing the test on the supervised ML
algorithms. Blades are the main elements of a wind turbine that enable energy conver-
sion and their health determines [1] the efficiency, aerodynamic and economic stability
and structural safety of wind generation. There is indeed a set of correlated problems
that weaken current practices in wind blade health management.
1. Absence of real-time, quantitative degradation monitoring: Routine visual
checks of operational wind farms, using rope access technicians or drones, are most
commonly undertaken. These inspections can be limited by accessibility, weather con-
ditions and inspector’s discretion, and are especially difficult offshore and during the
winter months [3].
2. Lack of predictive capability in existing models: The maintenance strategies
based on the deterioration models defined by Markov chain theory like in Besnard
Bertling [20], define a probabilistic scenario for maintenance but demand for continu-
ous updating of the parameters and don’t use the information available from multivari-
ate sensor readings.
3. Absence of labeled health datasets: Existing open wind resources, such as NREL
datasets, record the weather conditions at a fine temporal resolution but there is no di-
rect label for the condition of blades. Thus, simulated health labels based on physics-
informed indicators have to be established, which may require some assumptions of
models that have to be verified.
4. Computational inaccessibility of existing solutions: A number of the condition
monitoring methods that have been presented in the literature need specific vibration
sensors, acoustic emission equipment or computer vision facilities, and as such are
either expensive or difficult to implement on an existing turbine installation. Thus,
the industry needs a data-driven approach with high computational efficiency, that can
assign to the blade the health states, by using standard available measurements from
environment and operation, without need of specialized sensor equipments.

1.2 Research Objectives

The precise objectives of this study include:
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1.Discuss critically the body of knowledge regarding the mechanisms of wind tur-
bine blade erosion, current state-of-the-art monitoring techniques and uses of machine
learning methods in wind energy system prognostics.
2. Select, pre-process and characterize an appropriate atmospheric data from NREL
Wind Resource database for Mumbai coastal region.
3. Classifiers with four different supervised ML models (Logistic Regression, Deci-
sion Tree, Random Forest, and XGBoost) should be trained and evaluated for multi-
class classification of blade conditions;
4. For evaluation performance of above four classifiers and compare with accuracy,
precision, recall and F1 score and confusion matrix analysis.
5. For analysis the feature importance which were obtained from tree based models so
as to determine major environment determinants for blade degradation.
6. Putting the finding results in the operational circumstances of wind energy systems
and also providing outlook for future research and real-world implementation.

1.3 Scope and Limitations

This work is restricted to classification of wind turbine blades health issues based on
atmospheric measurement data. The study does not consider the integration of the
model obtained in real time on SCADA or IoT platform. There is no physical blade
test, no vibration based diagnostics. The labels of blade conditions used to train the
model are simulated with a heuristic stress index and are not experimentally proven
ground truth. This is a known shortcoming discussed in future scope and discussion
sections.

1.4 Organisation of the Report

The remainder of this thesis is organised as follows:
• Chapter 2, gives us the technical foundations of wind turbine blade erosion mechan-
ics, and also states the current existing solutions of condition monitoring, introduces
the working principles of the employed machine learning algorithms and describes the
dataset used from NREL.
• Chapter 3, reviews the existing work in a structured way with the help of traditional
methods of monitoring blade health and maintaining them with ML based methods,
and future predicting maintenance.
• Chapter 4, discusses the methodology to be proposed; data pipeline, working princi-
ple of formulation of stress index, feature engineering and training parameters.
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• Chapter 5, introduces the software development, the experimental setup, and the
tests used in experiments.
• Chapter 6, summarizes and discusses the experiment results along with comparisons
of all models performance.
• Chapter 7, draws conclusion of this thesis with a summary of contribution and sug-
gestion of future work.

1.5 Wind Energy: Global Context and Engineering Imperatives

Wind power utilizes the kinetic energy contained within the motion of air masses and
is converted into electrical energy by means of electromagnetic induction. A wind
turbine utilizes a set of aerodynamic profiled blades (acting like wings, which turn,
driving either directly or indirectly via a gear-box mechanism a generator which is
driven and hence produces electrical energy). The power available in the wind stream
is defined by the basic aerodynamic relationship, the equation [2] referring to ,

P =
1
2

ρAv3 (1.1)

where ρ is the density of air (about 1.225 kg/m3 at sea level), A is the rotor swept
area in m2 and v is the wind speed in m/s. The Betz limit provides a theoretical maxi-
mum power extraction coefficient of Cp = 16/27 0.593 . This means that a wind turbine
can never capture more than 59.3% of the kinetic energy in the wind. Modern com-
mercial turbines achieve Cp values between 0.45 and 0.50 under optimum conditions.

The available wind power is proportional to the cube of the wind speed (Eqn. 1.1),
so fairly small increases in blade surface roughness caused by erosion (which reduce
the effective lift-to-drag ratio of the aerofoil) can have a very large effect on energy
yield. A 10% increase in drag coefficient due to leading-edge erosion can result in
energy production losses of 5–20% depending on blade geometry and operating con-
ditions

1.6 Wind Turbine Blade Aerodynamics and Erosion Mechanics

1.6.1 Blade Aerofoil Geometry and Performance

The aerofoils used in the manufacture of modern horizontal axis wind turbine (HAWT)
blades are cambered and so create aerodynamic lift when air flows over them. The
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aerofoil shape starts with a circular section near the root and increases towards a high
lift aerofoil shape at the tip and along the span of the blade both chord length and
twist angle vary. The leading edge, which is the forward most point on the aerofoil
section experiences high dynamic pressures and thus has the greatest propensity for
erosion. The values of both lift coefficient CL and drag coefficient CD of an aerofoil
are determined by angle of attack and the roughness of its surface. Increased roughness
due to erosion will cause boundary layer transition to occur earlier thus increasing CD
and reducing CL.

1.6.2 Mechanisms of Erosion

Leading-edge erosion is caused by a number of different physical processes; these
processes are more prevalent under differing operating conditions:

Rain Erosion Impact of water droplets at high relative velocities (up to 100 m/s at
the blade tip) generates compressive stress waves in the blade surface material. Re-
peated impact causes fatigue crack initiation and propagation in the protective coating
or the underlying glass-fibre laminate [10]. The erosion rate is highly sensitive to
droplet size and impact velocity . Herring et al. showed that the combination of rain
and strong wind was the dominant driver of damage to the blade surface .

Particle Erosion The erosive effect of Airborne particulates like sea-salt, sand and
dust is the process by which they are scraped or plough the surface layer of the blade
resulting into removal or by plastic deformation of surface particles. The extreme
conditions are observed in coastal region and in dry on-shore.

Ice and Hail Erosion In cold climates, ice build-up on the blade surface changes the
aerofoil shape and adds mass, whilst hail impact can lead to direct laminate damage.
De-icing equipment may be fitted to northern-latitude offshore turbines.

UV and Chemical Degradation Degradation of the protective coatings polymer
matrix from long term UV exposure and atmospheric pollutants can result in chalking,
cracking and delamination..

1.6.3 Five-Stage Erosion Classification

The most commonly used framework for classifying the severity of leading-edge ero-
sion was empirically established by Gaudern [9] at Vestas, who identified five progres-
sive damage stages .

Step 1: Approx. 2mm dia., pin-holes approximately 0.1 - 0.2mm deep are observed
in coating. Blade surface is discolored but the structure is in good order.
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Step 2: Pin holes are developing into much larger holes, pits and shallow grooves.
There is also isolated local flaking of coating away.

Step 3: Localized, extensive flaking away of coating, exposing the underlying
primer layer. Roughness is increased measurably on the profile reducing aerodynamic
performance.

Step 4: Primer coating penetrated with glass fibre laminate showing through. Sig-
nificant increase in air resistance causing reduction in output.

Step 5: Large area laminate exposure with many large grooves over 500 mm length
and up to 1.2 mm depth. Structural risk is very high and immediate repair required.

It is this classification which is the fundamental basis of the four category health
labelling scheme which is used within this thesis (Good, Minor, Advanced, Major).

Figure 1.1. [As seen in this fig. 1, a wind turbine blade gradually wears out with time. Then
there are small pinholes that form (Stage 1). These are followed by larger patches (Stage 2-3)

and these then join together to form deeper scars (Stage 4). Last, much of the blade area is
exposed (Stage 5), which adversely affects performance.]

1.7 Condition Monitoring Systems for Wind Turbines

1.7.1 Conventional Monitoring Approaches

Contemporary condition monitoring for wind turbines encompasses a range of sensor
technologies and inspection protocols:

Monitoring Based on SCADA Most utility-scale turbines use Supervisory Control
and Data Acquisition (SCADA) systems that record operational parameters – such as
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power output, rotor speed, nacelle temperature, and wind speed – every 10 minutes.
SCADA data is a general coarse indicator of turbine health, but the temporal resolution
and feature richness are not sufficient for detecting early stage blade degradation.

Vibration Based Monitoring The accelerometers are mounted on the blade root or
nacelle structure to capture the vibration signatures which are modified with structural
damage. Yang et al. showed that changes in the blade surface texture due to erosion
affect the vibration frequency profile, making it possible to locate damage using high-
resolution imaging [18].

Acoustic emission monitoring High-frequency stress waves are detected by piezo-
electric sensors during crack propagation or delamination. This method is sensitive to
damage at very early stage but requires dense sensor networks and sophisticated signal
processing.

Visual and optical inspection Remote visual inspection using high resolution cam-
eras on unmanned aerial vehicles (UAVs) is an increasingly common approach. Meth-
ods for image analysis based on deep learning have been shown to detect Stage 1 and
Stage 2 erosion from drone data [8].

1.7.2 Deterioration Modelling: Besnard-Bertling Framework

The pioneer theoretical model in condition-based maintenance optimization for wind
turbines was presented by Besnard and Bertling [20]. They have a continuous-time
Markov chain model with 5 levels of degradation (equivalent to the Gaudern classi-
fication) and exponentially distributed transition times. The transition intensities Q
dictate the time evolution of the condition of blades, the matrix [20] referring to

Q =



−λ1 λ1 0 0 0

0 −λ2 λ2 0 0

0 0 −λ3 λ3 0

0 0 0 −λ4 λ4

0 0 0 0 0


(1.2)

where λk is the transition rate from degradation state k to k + 1. While this frame-
work elegantly links inspection intervals, maintenance costs and failure probabilities,
the assumption of time-invariant transition rates limits its use to turbines exposed to
seasonally varying erosion drivers - precisely the conditions encountered at coastal
sites such as Mumbai.
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1.8 Machine Learning Algorithms: Theoretical Foundations

1.8.1 Logistic Regression

Logistic Regression, the posterior probability of belonging to class [1] is modeled
using the logistic (sigmoid) function: With a binary classification problem for feature
vector x Rd, and binary label y 0, 1, the below equation [5] referring to, x ∈ Rd and
binary label y ∈ {0,1}:

P(y = 1 | x) = σ(w⊤x+b) =
1

1+ e−(w⊤x+b)
(1.3)

Here w denotes the weight vector and b denotes the bias term. For multiclass prob-
lem (four types of blade conditions), we use OvR(One-vs-Rest) method and train four
binary classifiers respectively and the class with the largest predicted value is chosen.
The model parameters w and b are learned by minimizing the regularized cross-entropy
loss function the below equation [6] referring to,

L (w,b) =
N

∑
i=1

[
−yi log ŷi − (1− yi) log(1− ŷi)

]
+λ∥w∥2

2 (1.4)

where λ is the L2 regularization hyperparameter and ŷi = P(yi = 1 | xi).

1.8.2 Decision Tree Classifier

A decision tree divides recursively the feature space by picking at each internal node
the feature and threshold that best reduces the node impurity. The most popular split-
ting criterion in classification trees is the Gini impurity, the below equation [7] referring
to,

Gini(t) = 1−
K

∑
k=1

p2
k (1.5)

Where K is the number of classes, and pK is the proportion of training samples at node
t that belongs to class K . The information gain on splitting node t on feature j at
threshold θ is given by at threshold θ is:

IG(t, j,θ) = H(t)− Nleft

Ntotal
H(tleft)−

Nright

Ntotal
H(tright) (1.6)

where tL and tR are the left and right child nodes respectively, and H(t) node impurity.
Tree construction is greedy and recursive, which can lead to over-fitting on the training
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data, hence single decision trees are often outperformed by ensemble methods.

1.8.3 Random Forest Classifier

Random Forest is an bagging ensemble, trained by B decorrelated decision trees on
boot-strap samples from training data. Each tree is decorrelated by limiting the fea-
ture choice available for each split to a randomly selected subset. The class of a data
instance is chosen by majority voting, the below equation [8] referring to,

ŷ = argmax
k

B

∑
b=1

1
[
Tb(x) = k

]
(1.7)

Tb(x) is the prediction of the b-th tree. Using many trees and taking the average
of predictions decreases the variance of the prediction without increasing the bias and
hence improve the generalization error of the prediction than that of one tree. The
importance of a feature is defined as average reduction of node impurity across all
trees and across all splits of the feature.

1.8.4 XGBoost (Extreme Gradient Boosting)

Chen and Guestrin, [21], developed XG Boost. This framework is an optimized gradi-
ent boosting algorithm which adds to a model, the below equation [9] referring to,

ŷ(t)i = ŷ(t−1)
i + ft(xi) (1.8)

where ft is the t-th regression tree added to minimise the regularised objective:

L (t) =
N

∑
i=1

ℓ
(
yi, ŷ(t−1)

i + ft(xi)
)
+Ω( ft) (1.9)

with regularization term:

Ω( f ) = γT +
1
2

λ

T

∑
j=1

w2
j (1.10)

where T is the number of leaves, w j is the score of leaf j, γ penalizes tree com-
plexity and λ is the L2 regularization coefficient on the weights. In each iteration,
the objective is approximated by a second order Taylor expansion which allows to
compute analytically the optimal leaf weights, the below equation [9] referring to,
Lt ≈ ∑i

[
l
(

yi, ŷ
(t−1)
i

)
+gi ft(xi)+

1
2hi ft(xi)

2
]
+Ω( ft)
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where gi and hi are the first and second order partial derivatives of the loss with
respect to y^(t1), respectively and I is the set of occurrences in leaf j. XGBoost built
in regularization, column subsampling and row subsampling algorithms give strong
Resistant to overfitting on tabular data and describes the reasons for its excellent and
stable results usupervised classification benchmarks.

1.9 The NREL Wind Resource Database

1.9.1 Data Source and Geographic Context

The NREL Wind Resource Database [16] is freely downloadable database consisting
of long-term, high resolution meteorological data derived using numerical weather
prediction models, which are validated using observations. It consists of time-series
atmospheric data at several pressure levels from 40 m up to 200 m above ground level
and in 5 or 60 min time intervals. The data used for the present study is from the
2014 and the Mumbai coastline. Mumbai (approx. 18.97N, 72.83E) is a high wind,
high humidity tropical coastal region, governed by South Asian monsoon, giving a
well-defined seasonality to winds and high precipitation rates, ideal for leading edge
erosion on wind turbine blades..

1.9.2 Dataset Structure and Features

The NREL Mumbai dataset contains 8762 hourly data points, each with the following
19 features, preprocessing: Table 1.1.

Table 1.1. Features in the NREL Mumbai Wind Resource Dataset.

Feature Name Unit Altitude(s)

Year, Month, Day, Hour, Minute — —

Air pressure Pa 40 m, 100 m

Temperature ◦C 40 m, 80 m, 100 m, 120 m

Wind direction Degrees 40 m, 80 m, 100 m, 120 m

Wind speed m/s 40 m, 80 m, 100 m, 120 m

The measurements taken at various altitudes of wind speed and temperature are
especially useful in capturing the vertical wind shear profile that directly dictates the
turbine tip-speed ratio and therefore the aerodynamic loading at various points within
the rotor plane of rotation.
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CHAPTER 2

RELATED WORK

2.1 Overview

This chapter provides a structured overview of the available research on wind turbine
blade health monitoring, erosion characterization and predictive maintenance based on
machine learning. The review is structured on a topical basis and covers (1) physi-
cal erosion researches and protection techniques, (2) condition monitoring methodolo-
gies, (3) ML-based diagnostic and prognosis approaches and (4) dataset and simulation
frame-works.

2.2 Erosion Characterisation and Protection

One of the most widely cited experimental investigations into advanced leading edge
erosion aerodynamics was performed by Gaudern [9]. In this wind tunnel study he
found that the aerodynamic drag on an eroded blade is 10% higher than on a new
blade. In particular Gaudern noted that the aerodynamic drag was not a monotonically
increasing function of degree of damage; the aerodynamic drag on stage 5 damage was
less than on stage 4 due to the relatively smooth glass fibre laminate being exposed on
the latter. This indicates that the relationship between erosion and performance is not
a simple linear one. A thorough literature review into state of the art leading edge
erosion solutions, comparing polyurethane coatings to polyurethane tapes was carried
out by Herring et al. [10]. They identified that the optimum material must possess a
low modulus of elasticity (in order to dissipate impact kinetic energy through elasticity
rather than through transmitting the energy to the material) and must have high impact
toughness, and high adhesive strength to glass fiber composite substrates. Herring et
al. Also identified that tape system designs were able to offer improved uniformity
and increased durability over coatings. One disadvantage of tape design can be, in
certain applications, a rise in aerodynamic drag up to 15% due to the elevated profile
created on the leading edge. A pragmatic approach to solving the issue, discussed in
the literature was by Bech, Hasager and Bak [19]. Through simulation they found that
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Reducing maximum tip speed during precipitation, increased blade life significantly
due to the large reduction in raindrop kinetic energy during impact ( 20%) during
rainfall. This is a key, easily achievable, interim mitigation strategy, though by no
means a perfect solution.

2.3 Condition Monitoring Methodologies

The theory behind the optimization of condition based maintenance was put formally
by Besnard and Bertling [20] and their Markov chain model for deterioration is by
far the most quoted quantitative model in the literature. In their model, the inspection
periods, costs of maintenance and probabilities of failure are linked together in order
to derive

The best maintenance strategy. But the assumption of time-invariant transition rates
restricts its applications in turbines with time-variant erosion, like those with seasonal
weather patterns change in wind and rain, etc. Yang et al [18] showed a dual-modality
condition monitoring system by utilizing vibration analysis and high-resolution image
of blade. It took advantage of the phenomenon that surface damage changing the aero-
dynamic excitation spectrum of blade causes unique and observable modification on
the vibration signals which are recorded by accelerometer at blade root. Image acqui-
sition system based on a UAV-mounted camera is then employed and pointing towards
the damaged zone predicted from vibration analysis to obtain the damage localiza-
tion of specific position. The low number of sensors (only one accelerometer on each
blade plus a single camera) is one main advantage and is also an economic motiva-
tion when considering retrofitting existing turbines. Zaniboni et al [7] systematically
reviewed learning-based systems for wind turbine blade condition monitoring. They
analyzed the CNN algorithms based on auditory emission signal, vibration time se-
ries and image, they also conclude that the CNN-based systems outperform traditional
signal processing approaches on the damage identification in non-structured environ-
ments, while are in need of large quantity of labeled training samples, which are rare
in operation contexts.

2.4 Machine Learning in Wind Energy Predictive Maintenance

Patel, Kumar and Sao [8] have designed a deep learning system using a VGG16 CNN
as backbone, and a R-CNN for surface damage detection of wind turbine blades from
aerial image. The system reached an impressive mAP on the simulated dataset, high-
lighting the great potential of computer vision for automatic turbine blades inspection.
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The work of Su et al. [17] presented a technique based on dynamic characteristic
analysis combined with SVM for identification of damage to wind turbine blades by
looking at modal frequency changes with FEM simulation. Their technique showed
robustness towards measurement noise but the analysis has only been validated in lab-
oratory environment. The generalization ability to a turbine under operation has still to
be studied. An recurring aspect among the presented literature is that for the classifica-
tion tasks over tabular sensor data the ensemble methods, and more specifically RF and
boosting based methods (as outlined above in 3.1.1), outperform the single methods.

2.5 Simulation-Based Label Generation

Many researchers, owing to the lack of labelled real-world blade health datasets, utilize
physics-informed simulation methods to obtain synthetic labels for training supervised
classifiers. In general, environmental measurement parameters are mapped to a com-
bined stress/damage index and thresholds derived from domain knowledge are used to
categorize the health. This method ology was used, for example,

in learning-based monitoring schemes [7] and corresponds to common approaches
in civil structural health monitoring. The formulation of the stress index used here is
an extension of that paradigm, with multi-altitude wind speed and temperature as the
basic inputs (the reasoning that combined rain-wind is the governing load for erosion
is based on the conclusions of Herring et al. [10]

2.6 Research Gap and Contribution

This thesis addresses the following gaps identified from a review of the literature: 1.
Most ML-based blade health classification methods have been implemented on acous-
tic emission or image datasets requiring specialized sensor hardware. Supervised clas-
sification applied to publicly available atmospheric datasets using a simulated stress
index has not been widely explored.
2. There is no literature that conducts a comparative evaluation of several ML al-
gorithms (linear and nonlinear ensemble methods) for the specific problem of blade
condition classification from multi-altitude wind resource data.

3 Which atmospheric features are most predictive of blade degradation, i.e. the
practical question of which sensors are most critical for a future real-time monitoring
system, has not been systematically addressed using feature importance analysis. This
thesis tackles these three gaps using the methodology described in Chapter 3.
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CHAPTER 3

METHODOLOGY

3.1 Overview of the Proposed Framework

A predictive maintenance framework for wind turbine blade (proposed). The frame-
work comprises five sequential stages:
1. Data Collection Download NREL Wind Resource Database for Mumbai area.
2. Data Preprocessing Cleaning the data, adding time feature, data normalization.
3. Label Simulation: Build blade condition classes based on physics-informed stress
index.
4. Model Training . Four supervised classifiers were trained on the labeled dataset .
5. Measuring Performance: Various Metrics for Measuring Performance.

3.2 Data Acquisition

The dataset was downloaded from the NREL Wind Resource Database (WRDB) Data
Viewer (https://wrdb.nrel.gov/data-viewer) [16]. The Mumbai region dataset
for the calendar year 2014 was selected according to the following criteria:
• High average wind speeds (6 m/s at hub height) typical for an active wind energy site.
• Because of the monsoon of the south asian regions, variations occur in the sesonal
condtions due to which operational conditions changes.
• At the multiple high altitudes like in 40m, 80m, 100m, 120m the turbine works within
normal range from current to high medium.
• The dataset contains the data of 8,762 hours of records for the annual analysis, the
raw datafile needs pre processing because it contains five header of metadata, coordi-
nates of geographic locations.

14
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Figure 3.1. [The diagram illustrates the relationship between inspections, degradation and
maintenance in a system. It starts by initialization and then, it checks if it is an inspection or

degradation event. Based on the findings it will either update states, start preventive
maintenance or handle failures. This cycle is repeated until the end of the operational horizon,

just as the real technicians do step by step.]
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3.3 Data Preprocessing

3.3.1 Column Naming and Metadata Handling

The raw CSV file contains metadata in the first five rows, followed by the numerical
data. A predefined list of 19 column names is applied during loading, and the metadata
rows are skipped:

Listing 3.1. Algorithm for data loading for columns.

1 Algorithm: Load NREL Mumbai Dataset
2

3 Algorithm 1: Load NREL Mumbai Dataset
4

5 Input: CSV file ‘nrel_mumbai_data_2014.csv ‘
6 Output: Dataset stored in variable ‘data ‘
7

8 1. Start
9

10 2. Define a list ‘correct_columns ‘ containing:
11

12 * Date and time fields
13 * Temperature measurements
14 * Wind speed measurements
15 * Wind direction measurements
16 * Air pressure measurements
17

18 3. Read the CSV file ‘nrel_mumbai_data_2014.csv ‘ using the ‘
pandas.read_csv ()‘ function.

19

20 4. While reading the dataset:
21

22 * Assign column names using ‘correct_columns ‘
23 * Skip the first five rows containing metadata information
24

25 5. Store the processed dataset in the variable ‘data ‘
26

27 6. End

3.3.2 Datetime Integration

The five separate time columns (Year, Month, Day, Hour, Minute) are combined into a
pandas datetime column for easier time-series analysis and seasonal decomposition:

Listing 3.2. Algorithm for Datetime column creation
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1 Algorithm 2: Convert Date and Time Columns into Datetime Format
2

3 Input: Dataset containing separate date and time columns
4 Output: Dataset with a unified ‘datetime ‘ column
5

6 1. Start
7

8 2. Select the following columns from the dataset:
9

10 * Year
11 * Month
12 * Day
13 * Hour
14 * Minute
15

16 3. Convert the selected columns into a single datetime format
using the ‘pd.to_datetime ()‘ function.

17

18 4. Store the generated datetime values in a new column named ‘
datetime ‘.

19

20 5. Remove the individual columns:
21

22 * Year
23 * Month
24 * Day
25 * Hour
26 * Minute
27

28 6. Permanently update the dataset by setting ‘inplace = True ‘.
29

30 7. End

3.3.3 Missing Value Imputation

If there are missing values, they are filled with mean substitution in the column:

Listing 3.3. Algorithm for Missing value handling

1 Algorithm 3: Handling Missing Values in the Dataset
2

3 Input: Dataset containing missing values
4 Output: Updated dataset with imputed missing values
5

6
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7 1. Begin
8

9 2. Identify missing values in each attribute of the dataset
using the ‘data.isnull ().sum()‘ function.

10

11 3. Display the total number of missing values present in each
column.

12

13 4. Compute the mean values of all numeric attributes in the
dataset.

14

15 5. Replace the missing values in each numeric attribute with
their corresponding column mean using the ‘fillna ()‘
function.

16

17 6. Permanently update the dataset by setting the parameter ‘
inplace = True ‘.

18

19 7. End

Imputation on column mean keeps the global statistical distribution of each feature and
does not bring structural breaks due to deletion of samples with missing value. This
method is correct because the data has hourly scale. Missing value at single hour are
not expected to be related to the occurrence of the blade degradation.

3.3.4 Feature Scaling

All numerical features are scaled with StandardScaler to have zero mean and unit Vari-
ance, the below equation[10] referring to

xscaled =
x−µ j

σ j
(3.1)

where µ j and σ j are the mean and standard deviation of feature j computed on training
set [19]. Logistic Regression is sensitive to feature scale so standardisation is impor-
tant. For other algorithms it helps by conditioning the optimisation landscape.

3.4 Physics-Informed Stress Index and Label Simulation

3.4.1 Stress Index Formulation

Since there are no empirical blade health labels in the NREL dataset, an aggregate
stress index Si is calculated for each hourly record as a surrogate for the total degra-
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dation experience of the blade. The calculation is inspired by the results of Herring et
al. [10] that wind speed and precipitation (approximated in the present case as temper-
ature due to a correlation between atmospheric water content and air temperature) are
the most significant drivers for erosion, the below equation[10] referring to

Si = 0.6 · v100 +0.3 · v120 +0.1 ·T100 (3.2)

Where v100 and v120 are the wind speeds at the height of 100m and 120m respec-
tively (m/s), T100 is the air temperature at 100m(◦C) , and the weighting coefficients
(ai) are: The 100 m wind speed receives the highest weight (0.6) as it approximates
the hub-height wind speed for medium-sized turbines, directly determining blade tip
velocity and raindrop impact kinetic energy.

• The speed of wind which is around 120 m/s receives the weight of 0.3m,

• Provides the erosion at the tips of the blade at the highest levels.

• At the peak of the blade which could be around 100m from the ground due to
the atmospheric humidity it receives the weight of 0.1 unit.

3.4.2 Label Assignment Rules

With the calculated stress index and common sense knowledge derived from Gaud-
ern classification system [9], following thresholds-based rules set discrete category of
blades condition:

Blade Condition =


Good if Si < 5

Minor Degradation if 5 ≤ Si < 10

Advanced Degradation if 10 ≤ Si < 15

Major Degradation if Si ≥ 15

(3.3)

Listing 3.4. Algorithm for Stress index computation and label simulation

1 Algorithm: Simulation of Wind Turbine Blade Condition
2

3 Step 1: Function Definition
4

5 Define a function named ‘simulate_blade_condition(row)‘ to
estimate the operational condition of the wind turbine
blade based on environmental and wind parameters.

6
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7 Step 2: Stress Calculation
8

9 For each row of the dataset , compute the stress value using the
following weighted formula:

10

11 [
12 Stress =
13 (0.6 \times \text{Wind Speed at 100m})
14 +
15 (0.3 \times \text{Wind Speed at 120m})
16 +
17 (0.1 \times \text{Temperature at 100m})
18 ]
19

20 where:
21

22 * Wind Speed at 100m represents the wind velocity measured at
100 meters height.

23 * Wind Speed at 120m represents the wind velocity measured at
120 meters height.

24 * Temperature at 100m represents the atmospheric temperature
measured at 100 meters height.

25

26 Step 3: Blade Condition Classification
27

28 Classify the blade condition according to the calculated stress
value as follows:

29

30 1. If (Stress < 5), assign the condition label as Good .
31 2. Else if (5 \leq Stress < 10), assign the condition label as

Minor .
32 3. Else if (10 \leq Stress < 15), assign the condition label as

Advanced .
33 4. Otherwise , assign the condition label as Major .
34

35 Step 4: Apply Classification Function
36

37 Apply the ‘simulate_blade_condition ()‘ function to each row of
the dataset using row -wise iteration.

38

39 Step 5: Store Classification Output
40

41 Store the generated blade condition labels in a new dataset
column named ‘blade_condition ‘ for further machine learning
analysis and prediction.
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3.5 Feature Engineering and Train-Test Split

3.5.1 Feature Matrix and Target Vector

The feature X will consist of all 14 atmospheric measurement features excluding the
datetime and blade_condition columns. The target vector y will be the numer-
ically encoded blade condition column. Applying label encoding, using sklearnpre-
processing.LabelEncoder; where it would take 4 categories of string values to integer
codes, representing: Advanced 0, Good 1, Major 2, Minor 3 (alphabetic order, default).

3.5.2 Stratified Train-Test Split

The dataset is partitioned into training (80%) and test (20%) subsets using a stratified
random split to ensure that the class distribution is preserved in both subsets: This
gives about 7,009 training samples and 1,752 test samples. Stratify=y encoding is
important as class distribution is not uniform and the "Major Degradation" has many
more samples than the other three.Model Configuration

Listing 3.5. Algorithm for Splitting Dataset into Training and Testing Sets

1 Algorithm: Splitting Dataset into Training and Testing Sets
2

3 Step 1: Import Required Function
4

5 Import the ‘train_test_split ‘ function from the ‘sklearn.
model_selection ‘ module to divide the dataset into training
and testing subsets.

6

7 ‘‘‘python
8 from sklearn.model_selection import train_test_split
9 ‘‘‘

10 Step 2: Define Input Features and Target Labels
11

12 Define the feature matrix and target vector as follows:
13

14 * ‘X‘ represents the input feature dataset containing all
predictor variables.

15 * ‘y_encoded ‘ represents the encoded target labels obtained
after label encoding.

16

17 Step 3: Perform Dataset Splitting
18

19 Split the dataset into training and testing subsets using the ‘
train_test_split ()‘ function with appropriate parameters.
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20

21 ‘‘‘python
22 X_train , X_test , y_train , y_test = train_test_split(
23 X,
24 y_encoded ,
25 test_size =0.2,
26 random_state =42,
27 stratify=y_encoded
28 )
29 ‘‘‘
30

31 Step 4: Training and Testing Allocation
32

33 Allocate:
34

35 * 80% of the dataset for model training.
36 * 20% of the dataset for model testing and evaluation.
37

38 Step 5: Maintain Class Distribution
39

40 Apply stratified sampling using the ‘stratify ‘ parameter to
preserve equal class distribution across both training and
testing datasets.

41

42 Step 6: Store Resulting Datasets
43

44 Store the generated subsets as:
45

46 * ‘X_train ‘ Training feature dataset
47 * ‘X_test ‘ Testing feature dataset
48 * ‘y_train ‘ Training target labels
49 * ‘y_test ‘ Testing target labels
50

51 These datasets are subsequently used for machine learning model
training and performance evaluation.

3.6 Evaluation Metrics

3.6.1 Accuracy

Overall classification accuracy is defined as

Accuracy =
T P+T N

T P+T N +FP+FN
(3.4)
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3.6.2 Precision, Recall, and F1-Score

For every class k in a multiclass setting, precision and recall are computed through a
one- vs-rest decomposition:

Precisionk =
T Pk

T Pk +FPk
, Recallk =

T Pk

T Pk +FNk
(3.5)

The F1-score is the harmonic mean of precision and recall, providing a balanced
measure that punishes models that trade one quantity heavily against the other:

F1k =
2 ·Precisionk ·Recallk
Precisionk +Recallk

(3.6)

Macro-averaged and weighted-averaged versions combine the per-class F1 scores
over the four blade condition classes, with the weighted average taking class support
into account.
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CHAPTER 4

IMPLEMENTATION AND TESTING

4.1 Software Environment

All steps of the machine learning pipeline were built in Python 3.10.x in a Jupyter
Notebook. Table 5.1[15] presents the stack and major version numbers of libraries:

Table 4.1. Software Environment.

Component Version / Detail

Python 3.10.x

Jupyter Notebook 6.5.x

pandas 1.5.x

NumPy 1.23.x

scikit-learn 1.2.x

XGBoost 1.7.x

Matplotlib 3.6.x

Seaborn 0.12.x

Operating System [Ubuntu 22.04 / Windows 11]

Hardware [Intel Core i7, 16 GB RAM]

[The project was created in the Jupyter Notebook environment with the use of
Python 3.10. Data preprocessing, model training, evaluation, and visualization were
done with several data science and machine learning libraries, such as Pandas, NumPy,
Scikit-learn, XGBoost, Matplotlib, and Seaborn. The experiments were conducted on
the Intel Core i7 processor, 16 GB of RAM, running either on Ubuntu 22.04 or Win-
dows 11.]

4.2 Complete Implementation Pipeline

The full implementation pipeline is presented below as an integrated code listing:

24



Listing 4.1. Algorithm for Splitting Dataset into Training and Testing Sets

1 Algorithm: Data Preprocessing and Dataset Preparation for Wind
Turbine Blade Condition Prediction

2

3 Step 1: Import Required Libraries
4

5 Import the necessary Python libraries for data preprocessing ,
visualization , machine learning , and model evaluation ,
including:

6

7 * Pandas
8 * NumPy
9 * Matplotlib

10 * Seaborn
11 * Scikit -learn
12 * XGBoost
13

14 These libraries are used for dataset manipulation , feature
engineering , visualization , preprocessing , model training ,
and evaluation.

15

16 ---
17

18 Step 2: Define Dataset Column Names
19

20 Define a list named ‘correct_columns ‘ containing all dataset
attributes , including:

21

22 * Date and time components
23 * Air pressure measurements
24 * Temperature measurements
25 * Wind direction measurements
26 * Wind speed measurements
27

28 recorded at different altitudes.
29

30 ---
31

32 Step 3: Load Dataset
33

34 Load the wind turbine dataset from the CSV file into a Pandas
DataFrame using the predefined column names. Skip the first
five metadata rows during the loading process to retain

only relevant sensor observations.
35
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36 ---
37

38 Step 4: Create Datetime Feature
39

40 Generate a new ‘datetime ‘ feature by combining the following
columns:

41

42 * Year
43 * Month
44 * Day
45 * Hour
46 * Minute
47

48 Convert the combined values into standard datetime format for
temporal analysis.

49

50 ---
51

52 Step 5: Remove Original Time Columns
53

54 Remove the original ‘Year ‘, ‘Month ‘, ‘Day ‘, ‘Hour ‘, and ‘Minute
‘ columns from the dataset after creating the unified
datetime feature.

55

56 ---
57

58 Step 6: Handle Missing Values
59

60 For each numerical attribute in the dataset:
61

62 1. Check for missing or null values.
63 2. Replace missing values using mean imputation , where each

missing value is substituted with the mean value of its
respective column.

64

65 This process ensures dataset completeness and improves model
reliability.

66

67 ---
68

69 Step 7: Simulate Blade Condition Labels
70

71 For each row in the dataset , calculate the environmental stress
index using the following weighted formula:

72

73 [

26



74 Stress =
75 (0.6 \times WindSpeed_ {100m})
76 +
77 (0.3 \times WindSpeed_ {120m})
78 +
79 (0.1 \times Temperature_ {100m})
80 ]
81

82 Based on the computed stress value , assign blade condition
labels according to the following criteria:

83

84 | Stress Range | Blade Condition |
85 | --------------------- | --------------- |
86 | (Stress < 5) | Good |
87 | (5 \leq Stress < 10) | Minor |
88 | (10 \leq Stress < 15) | Advanced |
89 | (Stress \geq 15) | Major |
90

91 Store the generated condition labels in a new target column
named ‘blade_condition ‘.

92

93 ---
94

95 Step 8: Separate Features and Target Variable
96

97 Separate the dataset into:
98

99 * Feature matrix ((X))
100 * Target vector ((y))
101

102 where:
103

104 [
105 X = \text{All columns except datetime and blade_condition}
106 ]
107

108 [
109 y = \text{blade_condition}
110 ]
111

112 ---
113

114 Step 9: Encode Target Labels
115

116 Convert the categorical target labels into numerical classes
using Label Encoding to make the target variable compatible
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with machine learning algorithms.
117

118 ---
119

120 Step 10: Split Dataset into Training and Testing Sets
121

122 Split the dataset into:
123

124 * 80% training data
125 * 20% testing data
126

127 using stratified sampling to preserve class distribution across
both subsets. A fixed random state is applied to ensure

reproducibility of results.
128

129 ---
130

131 Step 11: Perform Feature Scaling
132

133 Apply Standard Scaling to normalize feature values by
transforming them into zero mean and unit variance
distributions.

134

135 1. Fit the scaler on the training dataset and transform it.
136 2. Transform the testing dataset using the scaler fitted on the

training data.
137

138 This scaling process improves convergence and performance of
machine learning models.

4.3 Testing Strategy

4.3.1 Hold-Out Test Set Evaluation

The single largest assessment strategy used is a simple stratified hold out split (80:20).
It seems fair because the size of the data is quite large (n = 8762), and it provides an
statistically solid out of sample classification measure (holdout is 1752 examples). The
split is perfectly reproducible (random state = 42).

4.3.2 Verification of Data Leakage Absence

Careful implementation technique ensures no data leakage: The StandardScaler is fit
only on X train and then used on X train and X test using fit transform and transform
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methods respectively. Also similarly the LabelEncoder is fit on the whole target vector
before splitting , which is fine as label encoding does not learn any statistics of the
feature space .
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CHAPTER 5

RESULTS AND DISCUSSION

5.1 Classification Performance

5.1.1 Overall Accuracy

The overall classification accuracy of each model on the held-out test set is summarised
in Table

Table 5.1. Overall Classification Accuracy Comparison.

Model Accuracy Rank

XGBoost 0.9932 1

Logistic Regression 0.9920 2

Random Forest 0.9909 3

Decision Tree 0.9857 4

Four models obtained accuracy scores > 98.5% on test set and it is inferred that
labels of simulated blade state are highly learnable from the atmospheric feature set
and derived from the physics-informed stress index. With a narrow variance among
accuracy scores (0.9857-0.9932), it can be indicated that classification is innately well-
formed and the class boundaries in feature space are distinctly separable for the stress
index.

5.1.2 XGBoost Performance

XGBoost got 99.32% of the best accuracy on the test set. The table 6.2 represents the
classification report:.

XGBoost model has achieved perfect and nearly perfect accuracy, precision and
recall for Advanced, Good and Minor class. The Major Degradation class had just
8 test samples, we obtained much lower recall for the same samples: 0.75. This is
because 2 out of 8 Major degradation instances have been wrongly labeled. The reason
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Table 5.2. Classification Report for XGBoost.

Class Precision Recall F1-Score Support

Advanced 0.99 0.99 0.99 337

Good 0.99 0.99 0.99 266

Major 1.00 0.75 0.86 8

Minor 1.00 1.00 1.00 1141

Accuracy 0.9932 1752

Macro Avg 0.99 0.93 0.96 1752

Wtd. Avg 0.99 0.99 0.99 1752

for this low recall for Major category comes from the very high [1]class imbalance in
the Major category which we could attempt to improve using oversampling methods
(e.g. SMOTE) in future.

Figure 5.1. This image shows a confusion matrix of a Random Forest model on the four
classes, Advanced, Good, Major and Minor. It shows 334 trueAdvanced, 256 trueGood, 7

trueMajor and 1139 trueMinor predictions, with minimal misclassifications (e.g., 3Advanced
as Minor), indicating strong performance

5.1.3 Logistic Regression Performance

Logistic Regression model produced test accuracy 99.20%, which is the second best
result. Table 6.3 displays the classification report..

Logistic Regression performance good means the formulation of stress index yields
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Table 5.3. Classification Report for Logistic Regression.

Class Precision Recall F1-Score Support

Advanced 0.99 0.99 0.99 337

Good 1.00 0.98 0.99 266

Major 1.00 0.62 0.77 8

Minor 0.99 1.00 1.00 1141

Accuracy 0.99 0.99 0.9920 1752

Macro Avg 0.99 0.90 0.94 1752

Wtd. Avg 0.99 0.99 0.99 1752

class boundaries that are nearly linearly separable in the normalized features space and
this seems expected by the algebraic form of the stress index (linear sum of wind speed
and temperature features). The accuracy for Random Forest is 99.09%. Unexpectedly,
the recall of the Major class for Random Forest is higher than the one from XGBoost
(0.75) and Logistic Regression (0.62) by 0.88, which may show that diversity ensemble
of 100 trees provides more stability on minority class.

Figure 5.2. This image shows a confusion matrix for a Logistic Regression model, with 334
true Advanced, 260 true Good,5 true Major, and 1139 true Minor

predictions.Misclassifications (e.g., 3 AdvancedasMinor,6GoodasMinor) are low, showing
good classification accuracy across the four categories.
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5.1.4 Random Forest Performance

Random Forest achieved 99.09% accuracy. Notably, its recall for the Major class (0.88)
is substantially higher than both XGBoost (0.75) and Logistic Regression (0.62), sug-
gesting that the ensemble diversity of 100 trees provides greater robustness to the mi-
nority class.

Table 5.4. Classification Report for Random Forest.

Class Precision Recall F1-Score Support

Advanced 0.99 0.99 0.99 337

Good 1.00 0.96 0.98 266

Major 1.00 0.88 0.93 8

Minor 0.99 1.00 0.99 1141

Accuracy 0.9909 1752

Macro Avg 0.99 0.96 0.97 1752

Wtd. Avg 0.99 0.99 0.99 1752

This table represents gives the basic understanding how Random Forest model is
generating the result.

Figure 5.3. The image below is a confusion matrix for a Random Forest model, and it looks at
the predictions for four different classes: Advanced, Good, Major, and Minor. It shows334

trueAdvanced,256 trueGood,7 trueMajor, and1139 true Minor predictions, with little
misclassification (e.g.,3AdvancedasMinor), indicating strong performance.
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5.1.5 Decision Tree Performance

Among the tested algorithms, the Decision Tree had the poorest accuracy (98.57%) and
a slightly lower F1-score (0.97) for the class Good, compared to ensemble techniques.
This is an accepted phenomenon, given that unpruned decision trees are known to have
the tendency of overfitting to the distribution they were trained on and hence a slightly
worse generalization performance.

Table 5.5. Classification Report for Decision Tree.

Class Precision Recall F1-Score Support

Advanced 0.99 0.99 0.99 337

Good 0.97 0.97 0.97 266

Major 1.00 0.75 0.86 8

Minor 0.99 0.99 0.99 1141

Accuracy 0.99 0.99 0.9857 1752

Macro Avg 0.99 0.92 0.95 1752

Wtd. Avg 0.99 0.99 0.99 1752

This table represents basic understanding of how Decision Tree model is generating
the result

Figure 5.4. Decision Tree Confusion Matrix the confusion matrix for the Decision Tree
model is as follows: True Advanced: 333 True Good: 257 True Major: 6 True Minor: 1131
This includes 4 Advanced as Minor and 9 Good as Minor which shows good accuracy but

some misclassification in distinguishing classes
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5.2 Accuracy Comparison

The given figure illustrates the comparative accuracy of all four models. The perfor-
mance hierarchy (XGBoost > Logistic Regression > Random Forest > Decision Tree)
is consistent across all evaluated metrics.

Figure 5.5. The comparison of model accuracy for four different models is shown in the bar
chart. The models are Random Forest with an accuracy of 0.9909, Decision Tree with an

accuracy of 0.9857, Logistic Regression with an accuracy of 0.9920, and XGBoost with an
accuracy of 0.9932. The bars, in shades of blue, show XGBoost as the highest performer with

all models over 0.98 accuracy.

5.3 Feature Importance Analysis

5.3.1 Random Forest Feature Importance

Feature importance ratings for the Random Forest model (mean decrease in impurity,
MDI). The most important features of blade condition were windspeed at 100 m and
120 m , which together made up over 80% of the overall feature importance. This
result agrees with the physical expectation of the stress index

5.3.2 XGBoost Feature Importance

On the other hand, the importance of features according to the gain criterion (increase
of objective function value at each split) is shown in the list below. The fact that
hub-height wind speed repeatedly appears among the top predictors for both Random
Forest and XGBoost has practical implications: it means that even a simpler monitor-
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ing scheme based on anemometry at 100m and 120m would already capture almost all
the predictive information needed for real-time blade health classification . That would
dramatically cut the cost and complexity of the sensors.

5.4 Discussion

5.4.1 Why XGBoost Outperforms Other Models

XGBoost has some algorithmic advantages that make it the most accurate:
1. Second-order gradient optimization: Unlike Random Forest which uses impurity
reduction, XGBoost uses both first and second derivatives of the loss function to guide
the tree construction and thus leads to more precise leaf weight estimation (Eq 2.11).
2. Regularisation: The XGBoost objective has and terms that penalise overly com-
plex trees, therefore suppressing over-fitting on the minority Major class.
3. Sequential error correction: In the XGBoost ensemble , each tree is trained to
correct the residual errors of the previous trees , thus enabling the model to iteratively
improve its predictions for hard data .

5.4.2 Significance of Logistic Regression Performance

The logistic regression was comparable with a slight degradation compared to the en-
sembles. This shows that the classes were linearly separable, to some extent, using
stress index values. This is explained by the linear partition on the stress index values,
on which the label simulation function (equation 4.3) is based. In a real scenario (us-
ing real blade health label since in reality there are often non-linear physical processes
affecting blade health label) ensemble methods should perform better.

5.4.3 Class Imbalance and the Major Degradation Category

The Major Degradation class has a far lower number of samples than the other three
classes (only 8 test samples) which models the physical reality that extreme degra-
dation states are rare compared to normal and mildly degraded operating conditions.
All models show lower recall on this class. The most dangerous type of misclassifica-
tion from an operational point of view is missed detection of Major Degradation (false
negatives) as this could lead to an undetected structural failure. Future work should
therefore include cost-sensitive learning approaches or oversampling techniques specif-
ically targeted to improve the recall of the minority class.
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5.4.4 Validity of the Simulation Approach

The primary limitation of the study conducted here is the use of simulated stress index
values as ground-truth labels for blade health. The stress index itself is only an ap-
proximation and is a very simple linear model using only wind speed and temperature
factors to predict blade erosion. Rainfall, droplet size distribution, material character-
istics and cumulative fatigue are ignored in the model formulation. The high reported
prediction accuracy is therefore simply an ability of the model to replicate the stress
index thresholds and not an ability to predict from first-principles the true state of the
blade. The purpose of this approach is therefore only to showcase the ML workflow
and pinpoint useful features; the next step is for verification on empirically derived
blade state data.
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CHAPTER 6

CONCLUSION AND FUTURE SCOPE

6.1 Summary of Contributions

In this thesis, a comprehensive machine learning framework has been developed for
classification of wind turbine blade health problems based on the environmental op-
erational data. The main contributions are: • Data preparation: The data of Mumbai
area were extracted (NREL Wind Resource Database – 8,762 hourly measurements)
and cleaned. A physics based stress index has been developed which gives a four class
health condition label to the blades (Good, Minor degradation, Advanced degradation
and Major degradation).
Comparative ML evaluation: Four supervised classifiers — Logistic Regres-sion,
Decision Tree, Random Forest, and XGBoost — were systematically im-plemented,
trained, and evaluated. XGBoost achieved the highest accuracy (99.32%), consistent
with its established superiority on tabular regression and classification problems.
1. Most Important Feature Identification: We found that wind speed at 100m and
120m height are the most important features according to decision tree model in the
prediction of blade degradation and can be used to give practical references to the
placement of the sensors in new monitoring system .
2. Methodological contributions: Our overall pipeline design including data col-
lection of atmosphere, stress index calculation, multi-model classification, and model
benchmarking could serve as a good reference platform, which is easy to reproduce
and open to the public conclusions.
These results show the performance of machine learning (and specifically the ensem-
ble methods, Random Forest and XGBoost) for wind turbine blade fault classifica-
tion based on multi-altitude atmospheric measurements. The accuracy values reached
through the 4 methods are excellent, which suggest the stress index is a suitable label
generation technique and the methodology is robust. Importantly, it was shown that
the most important attribute in determining the blade health condition is the hub height
wind speed. This is not only insightful with an understanding of the physics of erosion
but gives real practical understanding of appropriate sensor positions for operational
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condition monitoring. As such it successfully demonstrates the move from scheduled
maintenance to data driven prediction in moving towards a more proactive rather than
reactive maintenance scheme for wind turbines.

6.2 Future Scope

Future research extending this work is suggested to:
1. Testing against real blade health labels: The main improvement to this research
would be to test the classification algorithms against experimentally determined blade
health levels captured from an operational wind farm, perhaps through an operational
agreement with a wind turbine owner/operator or by deployment with a drone inspec-
tion service.
2. Including precipitation data: The drought index currently uses temperature as
a proxy for rainfall. The research [10] indicates that the main causes of erosion are
precipitation rate and droplet size distribution, hence it would be a valuable addition to
the feature set.
3. Neural networks: RNNs and TCNs are suitable for time series of atmospheric data
and to take into account the dynamic wear characteristics of the blade, which this static
classification system does not allow.
4. Class Imbalance Mitigation: Techniques like Synthetic Minority To increase the
recall for the minority Major Degradation class which has the highest operational crit-
icality, over-sampling technique, cost-sensitive learning or focal loss functions should
be examined.
5. Real-time IoT deployment: The trained XGBoost model will be wrapped in a
REST API or MQTT based microservice to be integrated with SCADA systems of
wind farms to provide real-time scoring of blade health from streaming sensor data.
6. SHAP for model interpretability: Use SHAP (SHapley Additive exPlanations)
to perform global and instance-level feature attribution to guarantee the explainability
and trustworthiness of the model to wind farm operators.
7. Generalizability to other sites and years: Test the framework on a number of
sites with different geographies (e.g. offshore, North Sea; arid, onshore; mountainous
regions) to assess the generalisability of the stress index formulation and to see if the
trained model can be transferred.
8. Integration of CMS based on vibration: A multimodal fusion framework, com-
bining the atmospheric features classifier developed here with vibration signature anal-
ysis (as in [18]) may provide a more comprehensive and robust assessment than either
alone.
9. SHM in other parts: The proposed methodology for blade SHM could be adapted
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to the classification of other critical components (main bearing, gearbox, generator
etc.) if the appropriate physics-based deterioration models were used to generate la-
bels for training.
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