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Abstract

Turbomachinery plays a central role in industrial energy conversion systems, where reliable
operation and early detection of performance degradation are essential for ensuring
efficiency, safety and reduced operational costs. This thesis develops methods informed by
Computational Fluid Dynamics (CFD) for condition monitoring and diagnostics of
turbomachines operating under realistic industrial constraints. The research was conducted
within an industrial PhD programme in collaboration with the Istituto Italiano della Saldatura
(IIS) and Cranfield University.

The research follows a progressive methodological development combining CFD, signal
analysis and data-driven methods. Initially, diagnostic techniques are developed for an
industrial radial compressor using time-resolved CFD simulations. In this context,
aerodynamic instabilities, such as surge, are considered from a maintenance viewpoint as
fault mechanisms that can cause significant performance deterioration. Machine learning
models are developed to reconstruct internal flow behaviour from limited pressure
measurements and to classify compressor states approaching instability. Expanding on these
results, a second approach utilises approximate entropy (ApEn) as a metric to identify the
monitoring locations most sensitive to surge onset and provides a quantitative basis for
sensor placement optimisation.

The expertise developed in this controlled numerical environment is subsequently
transferred to wind turbines, a complementary class of turbomachinery for which
experimental validation was possible. Digital Twin (DT) architectures are developed for a
small-scale horizontal-axis wind turbine, integrating CFD-derived performance models with
operational measurements. These DTs enable the detection of aerodynamic performance
deviations, including yaw misalignment caused by sensor faults and blade surface
degradation, while providing maintenance-oriented feedback to support operational
decision-making.

Overall, the thesis demonstrates how CFD-informed diagnostic methodologies can evolve
into DT frameworks capable of supporting condition monitoring and maintenance strategies

for turbomachinery operating in complex industrial environments.
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1. Generalities on condition monitoring and
diagnostics of turbomachines

1.1 Purpose and scope of the chapter

This chapter establishes the theoretical and methodological background for this thesis,
delineating the methodologies, tools and challenges relevant to condition monitoring (CM)
and diagnostics for turbomachinery. The objective is to establish a structured framework
within which the established monitoring methodologies presented in the thesis can be
understood, compared and critically evaluated.

The chapter proceeds by delineating the historical evolution of maintenance strategies for
turbomachines, from corrective and preventive maintenance to condition-based and
predictive solutions, while providing an overview of the principal families of diagnostic
techniques. Classical monitoring methods, model-based and analytical diagnostics, signal
processing and statistical approaches, together with machine learning (ML) and Digital Twin
(DT) techniques, are discussed with emphasis on their respective assumptions, strengths and
limitations.

By defining the scope and application of these methodologies, this chapter describes the
conceptual boundaries of the thesis, concluding by emphasising the need for hybrid, physics-
informed diagnostic paradigms. This foundation supports the methodological choices
developed in the subsequent chapters.

1.2 Context and motivation for turbomachinery condition monitoring

Turbomachines, including compressors, turbines and pumps, are fundamental components
for energy conversion and industrial processes. Their reliable and efficient operation directly
affects plant safety and productivity. Unplanned shutdowns or undetected performance
degradation can cause severe economic losses, safety hazards and greater impact to the
environment [1-3]. As a result, the principal objective of turbomachine management
becomes the continuous monitoring of their performance.

In the last few decades, the operational environment has changed. The request for
maximum efficiency to satisfy global sustainability goals has increasingly aligned itself with
the need to maximise asset reliability. Even minimal degradation of aerothermal
performance because of faults such as fouling, erosion, misalignment and blade wear has
become penal in energy production and emission considerations [4,5]. In addition, the rising
age of industrially used machines has highlighted the need to maximise equipment’s life
without relying only on periodic overhauls.



The aforementioned challenges have progressively driven the development of structured
maintenance philosophies. Among them, CM and predictive maintenance (PdM) represent
a step forward from corrective and schedule-based maintenance philosophies toward data-
driven decision-making. This paradigm aims at three primary industrial objectives:
reliability (preventing unexpected failure), efficiency (preserving near-design performance)
and sustainability (reducing waste and emissions) [6,7]. Turbomachinery poses challenges
for CM due to high rotational speeds, complex flow patterns, severe mechanical and thermal
loading. The variety of degradation mechanisms demands a multidisciplinary diagnostic
framework combining mechanical, fluid dynamic and data-analytic perspectives [6,8] In
today’s industry, this will be accomplished through sensor systems and real-time computing

aligned to define intelligent maintenance actions.

1.3 Historical evolution of maintenance and monitoring strategies

As introduced in section 1.2, over the years there has been a shift in the maintenance
philosophy of the industry's equipment along with the rising levels of machine complexity,
the widespread usage of sensors and advancements in data processing. The various
maintenance strategies can be classed as follows: corrective maintenance (or run-to-failure
maintenance), preventive maintenance and predictive maintenance [9]. A visual
representation of how the different maintenance strategies work is provided in Figure 1.1.

In the run-to-failure approach, maintenance occurs only when a part of the asset has
failed. This strategy is simple to manage but tends to result in high repair costs, unplanned
downtime and often collateral damage to neighbouring subsystems.

The approach of preventive maintenance constituted the first shift from the purely
corrective approach. Maintenance of the equipment takes place at predetermined regular
time intervals (for example, x hours of usage of the equipment and/or y number of cycles).
However, this approach implicitly assumes that degradation follows predictable, uniform
trajectories, which may not reflect reality in complex turbomachinery.

These constraints have promoted the introduction of PAM (predictive maintenance),
which takes a step ahead by leveraging real-time monitoring, data analytics and prognostics
(such as estimating the Remaining Useful Life, RUL) to forecast failures and schedule
maintenance just in time [10]. In the preventive approach, the maintenance interval is solely
dependent on time/cycles, in contrast, in the case of PAM, the information derived from CM
(condition monitoring) and fault detection/prognostics can identify when maintenance needs
to be carried out at the best possible time.

In particular, CM refers to the systematic measurement, processing and interpretation of
data that reflect the actual health state of a machine. It is not a maintenance strategy itself;
rather, it supplies the diagnostic information required for both condition-based and

predictive maintenance.
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Figure 1.1. Different maintenance strategies with repair actions before and after potential failure (adapted from
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A recent study emphasises this evolution, indicating that corrective and preventive
strategies carry high-cost burdens and unplanned downtime, whereas PdM is framed as a
key enabler of maximised asset availability and reliability under the Industry 4.0 paradigm
[11].

In the domain of turbomachinery, the drivers for this shift are particularly compelling; the
costs and risks associated with unplanned failures, such as rotor damage in a wind-turbine
generator or blade loss in compressors, have increased substantially. Early detection
therefore becomes highly valuable.

Degradations of machine performance (as might be caused through blade erosion,
fouling, or bearing wear) can occur in a gradual fashion before being noticed until efficiency
has already been substantially reduced. Preventive maintenance will not necessarily provide
the best possible performance when compared to the measurement of the condition itself.
Moreover, sustainability, regulatory demands and lifecycle-cost considerations compelled
operators to achieve “more with less”, meaning fewer downtime hours, less waste and lower
emissions.

PdM supports these goals by reducing unnecessary interventions and avoiding
catastrophic failures, with the associated waste and reparative burden. In addition to that,
technological enablers have matured; with low-cost sensors, [oT connectivity, edge/cloud
computing, real-time data analytics now making prognostics increasingly viable [12]. The
benefits include improved reliability (fewer unexpected failures), improved operational
efficiency (machine remains nearer to optimal performance for longer) and reduced
environmental impact (less waste, fewer unnecessary interventions). For specific
turbomachinery applications, these benefits are substantial and turn into an extended Mean
Time Between Failures (MTBF), higher availability (reduced downtime), preserved
performance (maintaining aerodynamic/hydraulic), early detection of degradation
phenomena and thereby lifecycle extension of the equipment.

1.4 Classical monitoring techniques

In the past, the CM of turbomachinery was done by combining direct observation of their

mechanical condition and various indicators related to their aerodynamic/thermodynamic

-9.



performance. Even prior to the advent of machine learning or Digital Twin solutions in the
field, the industrial process was already very sensor-heavy but simply less complex.
This section will highlight the classical monitoring methods from the areas of:
e vibration monitoring and spectral/order analysis,
e performance map-based health monitoring,
e pressure and temperature trending for surge and stall detection,
e lubrication (oil) analysis,
e and acoustic / acoustic-emission monitoring.
For each technique, typical implementations, advantages and limitations are highlighted.

1.4.1 Vibration-based monitoring

Vibration condition monitoring or VCM stands at the core of turbomachine CM. Modern
plants employ accelerometer networks along with eddy-current proximity sensors positioned
on bearings, casings and rotors to detect the vibrations in the turbomachine. The approach is
well described in general reviews on vibration-based CM of rotating machinery and is
standard in API 670-compliant systems [13—15]. Absolute casing accelerometers capture
overall machine response, while relative shaft probes measure rotor motion in the bearing
clearance.

Signals are typically sampled in the kHz range to capture synchronous frequencies (one
or two times the shaft speed), blade passing frequencies, gear mesh frequencies and their
sidebands. Industrial case studies for gas turbines and large compressors routinely use this
setup for continuous protection and diagnostics [16]. Figure 1.2 presents an example of
externally/internally mounted probes to measure the shaft vibrations, characterised by an
unconstrained view of the shaft.

Figure 1.2. Example of externally/internally mounted Eddy probes (adapted from [17]).

The traditional analysis is based on the Fast Fourier Transform (FFT), used to obtain
frequency spectra from vibrations in the time domain. Peaks at multiples of the shaft
rotational frequency (orders) are associated with specific fault mechanisms. FFT theory is
provided in Sect. 2.5.2 of Ch. 2. Industrial literature and textbooks (e.g. Scheffer and

-10 -



Girdhar’s Practical Machinery Vibration Analysis and Predictive Maintenance [17]) show
how comparing current spectra with baseline signatures enables early detection of
developing faults in gas turbines, compressors and pumps.

Among the advantages of this type of analysis there are a direct sensitivity to mechanical
faults in rotating elements, large historical databases with well matured interpretation rules
and easily automated alarm settings on band-limited spectral peaks. However, this type of
monitoring suffers from a strong dependence on operating conditions (load, speed and
process changes) which directly affect spectra. In addition, complex machines (multi-rotor
gas turbines, multi-stage compressors) often produce overlapping spectral content that
requires a well-established experience to perform an analysis. Finally, early-stage faults can
be masked by process vibrations or poor sensor mounting.

Considering the aforementioned limitations of the FFT analysis in variable speed
machines that involve many starts, stops and varying loads, the order tracking method is
more preferable [18]. Simple FFT at fixed sampling frequency smears spectral peaks because
the rotational frequency drifts over time. Consequently, order-tracking analysis has been
used to correct simple FFT by resampling the vibration signal in the angular domain using a
tachometer reference, so frequencies are expressed as multiples shaft speed rather than
absolute Hz [19].

In turbomachinery, order tracking is used to follow the growth of specific orders during
run-up/coast-down of gas turbines and turbogenerators, to separate shaft-related orders from
blade-passing or gear-mesh components and to construct order maps (order vs. speed vs.
amplitude) to identify resonance crossings and critical speeds.

This method is thus robust when applied to speed transients, essential for start-
up/shutdown diagnostics and enhances detectability of speed-related faults, such as
unbalance, misalignment, cracks. Despite that it requires reliable tachometer signals and
more complex processing pipelines, together with a higher data volume and computational
cost than simple steady-state FFT.

1.4.2 Performance map-based condition monitoring

Many original equipment manufacturers (OEMs) of gas turbines and industrial compressors
use performance map-based monitoring to track gradual degradation phenomena, such as
fouling, erosion and leakage. The idea is to compare the measured performance against the
baseline component maps or thermodynamic models and infer health indicators [20,21].

In gas turbine engines, component map-based models are typically available for each unit
(compressor, turbine and combustor) via non-dimensional maps of corrected mass flow,
pressure ratio and isentropic efficiency. These maps are scaled to match the specific engine
and operating conditions [6].

-11 -
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Figure 1.3. Compressor map under clean and fouled conditions (adapted from [22]).

CM of the engines proceeds by acquiring steady-state operating data (pressures,
temperatures, shaft speeds, fuel flow), correcting them to reference conditions (inlet
temperature/pressure, humidity), running a performance model to compute the “clean”
expected outputs and finally comparing the measured vs. predicted performance to estimate
degradation in compressor efficiency, turbine efficiency or flow capacity. Similarly, for
industrial compressors and pumps, performance maps are used to verify that the measured
head and flow remain within expected bands; persistent deviations might be symptoms of
fouling, internal recirculation or mechanical damage [23,24]. Figure 1.3 presents an example
of a compressor map under clean and fouled states, illustrating the principle of map-based
CM.

Among the advantages for this type of monitoring approaches, there is a global picture of
the thermodynamic health of the machine, not just local vibration or pressure anomalies. In
addition, they are well suited for detecting slow, progressive degradation phenomena,
necessitating relatively low additional instrumentation if main sensors are already installed.

Even so, there is the main requirement for high-quality models and accurate ambient
corrections; in addition, degradation attribution is model-dependent so different faults can
produce similar performance changes. Finally, these models typically operate at slower time
scales (hours to days) rather than a real-time detection.

1.4.3 Pressure and temperature trending for surge and stall detection

Compressors and certain types of pumps involve the measurement of pressure and
temperature to determine incipient surge in the process. These measurements are used by
anti-surge control systems and typically include inlet and discharge static pressures,
differential pressures across elements, upstream and downstream gas temperature and

sometimes shaft power or driver torque [25-27].
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For industrial centrifugal compressors, the operating point is continuously plotted on a
pressure ratio vs mass flow map where the surge line is defined experimentally or
analytically. Anti-surge controllers enforce a minimum distance to the surge line by opening
recycle or blow-off valves [25]. Typical industrial implementations (e.g. in process plants or
gas pipeline compressors) monitor: the distance to the surge line as a control variable, fast
changes in discharge pressure or mass flow rate as indicators of surge cycles.

Map-based monitoring can be complemented by temperature and pressure trending;
because surge or deep stall events usually cause rapid, cyclic recirculations and separations
in the flow path, resulting in spikes and oscillations in pressure and discharge temperatures,
together with changes in the driver load or current [28,29]. Practical thresholds are defined
on the rate of change of discharge pressure, the rate of change of mass flow or differential
pressure across the compressor, the rise in discharge temperatures and sometimes the rate of
change in driver power [30,31].

These monitoring methods leverage sensors that are already present on the machine
(pressures, temperatures, flow rates). Nevertheless, they are less sensitive to early precursors
of instability and often activate when instability has already become significant, thus
showing a strong dependence on accurate sensor calibration and process conditions. This
makes it difficult to distinguish the root causes of instability (aerodynamic vs.

instrumentation fault) without additional context.

1.4.4 Lubrication (oil) analysis

Oil analysis is another classic field in turbomachine CM. This particularly applies to the
large gas turbines, steam turbines and industrial compressors. This analysis relies on
measurements of quantities like oil viscosity and its temperature dependence, Total Acid
Number (TAN), Total Base Number (TBN), water content, oxidation and contamination
indicators, dissolved metals and wear particles. It is performed via spectrometric analysis,
particle size distribution and morphology via ferrography [32].

Figure 1.4 illustrates a schematic example of a steam turbine oil system and
corresponding sampling points [33]. This monitoring method shows a high sensitivity to
early-stage wear and contamination (filter or seal failures, water ingress), providing direct
information about lubrication health, essential for safe operation; however, the limitations
of this analysis are rooted in a periodic oil sampling (weekly/monthly), which prevents this
technique to be strictly real-time.

Moreover, online oil sensors exist but are less standardised. Ultimately, oil interpretation
requires knowledge of oil formulation, additive packages and machine metallurgy, which
makes this method less suited to detect fast-developing faults, whereas vibration or pressure
signals analysis can be more immediate [34,35]. In practice, oil analysis is used as a
complementary method, where vibration and process measurements provide rapid alarms
and oil trends support longer-term maintenance planning and root-cause analysis.
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Figure 1.4. Example of a steam turbine oil system and corresponding sampling points (adapted from [33]).

1.4.5 Acoustic and acoustic-emission monitoring

In addition to conventional vibration accelerometers, some installations use microphones or
acoustic emission (AE) sensors for detecting high-frequency phenomena like the progression
of cracks, rubbing contacts, gas leaks, or combustion processes. Experimental gas turbine
research, utilizing casing-mounted AE sensors, showed that they can differentiate various
operating regimes and indicate unusual behaviour in gas turbine operations in combination
with thermodynamic and vibration data [36].

This approach to CM is also marked by a sensitivity to very high frequency oscillations,
ideal for the detection of faults prior to their observation in the classical range of vibrations,
along with the use of non-contact sensors such as microphones.

However, the analysis procedure is also highly vulnerable to background noise levels
compared to other methods. For industrial gas turbines, simpler methods of acoustic
monitoring (such as sound pressure level measurement) are sometimes integrated into
combustion tuning and flame instability detection [37,38], but vibration and pressure
measurements remain the primary CM approaches.

1.5 Model-based and analytical diagnostics

Despite their widespread use, classical monitoring methods operate primarily on observed
symptoms rather than on physical reasoning. Model-based diagnostics, discussed in the
following section, address this gap by embedding system physics directly into the fault
detection logic and forming the theoretical core of modern CM in turbomachines. Such
techniques are different from data-driven methods because they employ explicit models to
describe the expected system behaviour.
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Faults are detected by evaluating the inconsistency, or residuals, between measured
quantities and model predictions. The fundamental principle can be expressed as:

r(t) = ym(t) - ymodel(t) (1.1)

where r(t) is the residual at time t, y,,(t) is the measured signal (e.g., pressure,
temperature, speed) and Y,,0q4e:(t) is the output predicted by the model under nominal
conditions. Under healthy operation, residuals remain within a noise-dependent tolerance
band, whereas a persistent deviation indicates a possible fault or degradation process.

This approach is also commonly known by the term analytical redundancy. Analytical
redundancy is different from hardware redundancy because in hardware redundancy sensors
or measurement instruments are duplicated. On the other hand, analytical redundancy relies
on the relations between the system variables to reconstruct the expected values making the
detection of faults in the system feasible from just one channel [39,40].

Finally, model-based diagnostics differs fundamentally from performance map-based
monitoring introduced in Sect. 1.4.2, since they rely on static empirical baselines derived
from OEM data rather than dynamic physics-based equations and state estimation to

compute residuals.

1.5.1 Analytical redundancy and residual generation

In turbomachinery, analytical redundancy is typically constructed from thermodynamic and
aerodynamic balance equations (mass, momentum and energy conservation) combined with
component performance maps. For instance, in a gas turbine steady-state model, the model
might calculate the pressure and temperature at the gas turbine exit given the gas inlet
pressure, shaft speed and fuel flow rate [41]. Any discrepancy in the true gas turbine’s exit
temperature from the model’s results shows a model residual. Such residuals may be
developed within various formulations:
e Parity-space methods, which project measured signals onto subspaces defined by
model equations to isolate inconsistencies.
e Observer-based approaches, where state estimators (e.g., Luenberger or Kalman
observers) reconstruct internal states and compare them to measurements.
e Parameter estimation methods, which track changes in model parameters (e.g.,
compressor efficiency, flow capacity) as indicators of degradation [42].
For example, in a single-shaft gas turbine, the predicted compressor outlet temperature

T3 moder can be expressed as:

-15 -



1 y-1
T3moger = T2 | 1+ _<77-'Cy - 1> (1.2)

Ne

where T, is the inlet temperature, 1. is the compressor pressure ratio, 7. is the isentropic
efficiency and y is the specific heat ratio. A deviation beyond a calibrated threshold, between
the measured and modelled outlet temperature AT3 = T3 1eas — T3 moder SUggests either a
measurement bias or actual efficiency loss due to faults.

Analytical redundancy has been successfully used for identifying sensor drifts, air-path
leaks and thermal losses in industrial gas turbines [43]. Its main advantages are
interpretability and the ability to separate physical mechanisms from noise or unrelated
process variations. However, it requires a validated physical model and accurate boundary
conditions, with limitations that can become critical in complex multi-shaft or variable-

geometry machines.

1.5.2 Kalman filtering and state estimation

For dynamic monitoring, analytical redundancy is extended through state observers such as
the Kalman filter, which combines a process model with noisy measurements to produce
optimal state estimates in the least-squares sense. In a linearized continuous-time form, the

state-space equations can be written as:
x(t) = Ax(t) + Bu(t) + w(t) (1.3)
y(t) = Cx(t) + v(t) (1.4)

where x(t) represents the system state (pressures, temperatures, shaft speeds) at time ¢,
u(t) the inputs (fuel flow, inlet conditions), y(t) the measured outputs, w, v process and
measurement noise, respectively, with A, B,C representing the system, input, and
observation matrices, respectively. The Kalman gain (K) optimally combines the model
prediction with the measurement information, minimizing the expected estimation error
covariance.

Kalman filters in turbomachines are especially suited for the detection of low rates of
degradation (fouling/erosion) or faults like biased sensors. Unobserved parameters related
to health measurements like the efficiency of the compressor, the flow rate of the turbine
and the pressure ratio scale factors could also be monitored [44-46].

Advantages include robustness to measurement noise, adaptability to changing operating
conditions when embedded in adaptive or extended formulations and real-time application.
However, filter divergence may occur if the model or noise statistics are poorly tuned.
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1.5.3 Parameter estimation and thermodynamic models

Thermodynamic models are at the base of most analytical redundancy systems. They
describe steady or transient relationships between key quantities (e.g., mass flow, pressure
ratio, temperature, efficiency) and can be formulated at various levels of detail.
Zero-dimensional (0D) and one-dimensional (1D) gas-path models provide a good
balance between model fidelity and computational cost required for online applications. A
0D model treats each component as a lumped element through empirical maps [47]; a 1D
model includes distributed parameters along flow paths, thus enabling the prediction of
spatial gradients. Figure 1.5, illustrates an example of a 0D performance model of the NASA
E3 High Pressure Turbine [47]. When assessing the health condition of the machine,
measured quantities are compared against the model outputs to derive multiplicative health
parameters 6 (e.g., efficiency, flow capacity, pressure loss). For instance, a steady-state gas

turbine model can be expressed as:

Ymeas = f(u,0) + ¢ (1.5)

where f(-) is the thermodynamic model, u the control inputs, V,,.qs the measured outputs
and ¢ the noise. Estimation of health parameters corresponds to the inverse problem of
minimizing residuals through least squares or recursive procedures [48,49].

These low-order models are sufficient in terms of speed for real-time implementation in
CM. However, their drawback lies in their dependence on calibration. For complex
machines, hybrid methods have been developed through the combination of 1D gas path
analysis along with state estimation techniques, like Kalman filters.

Airfoil
Stator |Platform
{Leakage
— . Airfoil
t { Sideplate
Rotor : {Leakage
: { Disk
{Shroud
SAS
HPC Outlet LPT Inlet
331442
Bleed Combustor -
(7:) HPT

Generator

Shaft

Figure 1.5. 0D performance model of the NASA E3 High Pressure Turbine (adapted from [47]).
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Before the advent of machine learning and data-driven methods for diagnostics, analytical
models were generally refined with the aid of CFD. High-fidelity CFD simulations provided
insight into flow separation, leakage, or cooling effectiveness. The results could then be used
for the generation of reduced-order or surrogate models for faster diagnostic use. Surrogate
models such as polynomial regressions, Kriging surfaces and response surface
methodologies, were used for this scope [50,51]. They enabled rapid estimation of changes
in performance by monitoring parametric variations without the need to perform direct
computationally expensive simulations. This approach bridged the gap between detailed
physical understanding and real-time monitoring needs.

Compared with purely empirical or data-driven approaches, model-based diagnostics
provide explicit physical rationale and interpretability. They prove advantageous when fault
data are scarce or when new machine configurations lack historical datasets. On the other
hand, thermodynamic models have the drawbacks of demanding accurate modelling, high-
quality measurements and continuous calibration.

1.6 Signal processing and statistical approaches

The advent of signal processing and statistical analysis in turbomachine CM represented a
paradigm shift from traditional parameter trending towards the current data-rich diagnostic
approach. Although the traditional CM models mostly used steady-state parameters like
pressure ratio, temperature-rise ratio, or efficiency values, engineers eventually realized that
faults and flow instabilities usually occur in the form of dynamic signatures within the high-
frequency data. Such dynamic signatures are not perceptible through averaged values but
rather through modulations, wide-band noise, or occasional oscillations in the signals related
to vibrations, pressures and flow rates. Signal processing was therefore introduced as a
means of extracting informative features from raw measurements, transforming complex
time histories into quantities that reveal the machine’s evolving health state.

Early work in this area drew from the vibration analysis techniques for turbomachinery,
where spectral decomposition provided a natural language for interpreting periodic
mechanical and aerodynamic phenomena. Randall’s foundational text [52], describes how
Fourier-based spectral indicators became standard tools for diagnosing imbalance,

misalignment, or blade-passing irregularities.

1.6.1 Evolution from spectral to time-frequency analysis

As presented in Sect. 1.4.1, the Fourier transform first enabled the identification of
characteristic frequency components related to compressor surge, rotating stall and blade
vibration. However, the assumption of stationarity (signals whose frequency content does

not change over time) proved limiting. Phenomena like surge and stall are inherently
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transient, featuring bursts of oscillation that grow, decay, or shift in frequency as flow
separation evolves.

To overcome this limitation, time-frequency techniques including the short-time Fourier
transform (STFT) and continuous wavelet transform (CWT) were later introduced. These
approaches are characterised by preserving temporal localization, thus allowing engineers to
track how dominant frequencies evolve in time during the onset of instabilities. Silvestri et
al. [53] for instance, used the joint wavelet and cepstral analysis of pressure signals from a
turbocharger compressor to identify the region where incipient surge can manifest through
an increase in energy along certain ridges in the time-frequency domain, prior to the
manifestation of the macroscopic oscillations. Such cyclostationary analyses of pressure and
vibration signals also appeared in subsequent works [54].

This shift represented a conceptual evolution: rather than viewing sensor outputs as static
quantities, they became dynamic carriers of information. Monitoring was no longer the
measurement of constant values but the observation of varying phenomena.

1.6.2 Statistical and entropy-based indicators

As the quantity of sensor data grew, the next step became quantifying signal irregularity,
meaning how ordered or chaotic a time-series appeared. Classical variance and higher-order
statistics could describe amplitude dispersion, but not the degree of unpredictability or
pattern complexity. This led to the introduction of information-theoretic metrics, such as
entropy-based measures. Here, entropy refers to information-theoretic entropy derived from
a signal, not thermodynamic entropy, and quantifies the irregularity and unpredictability of
the time series. In turbomachinery, it provided a new dimension of interpretation: a rise in
entropy typically corresponded to a more disordered flow or intermittent oscillations,
conditions preceding mechanical or aerodynamic instability.

In 2015, Liu and Wu [55] demonstrated the use of wavelet spectrum entropy to monitor
non-stationary vibrations in scroll compressors, showing that entropy increases when flow
transitions toward unsteady operation. Similarly, in the same year Zhang et al. [56] applied
wavelet Rényi entropy to turbine vibration data and related changes in signal complexity to
safety margins under fluctuating load conditions.

Another important metric is the approximate entropy (ApEn), formally introduced by
Pincus in 1991 [57] and later popularized for machinery diagnostics by Yan and Gao (2007)
[58], which provided an efficient way to evaluate the degree of predictability within a time
series. High ApEn values are a symptom of low regularity, suggesting that the system is
entering a dynamically unstable state. More details about ApEn theory are provided in Sect.
2.5.3 of Ch. 2.
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1.6.3 Purpose and conceptual impact

The adoption of these statistical indicators was not motivated by mathematical novelty alone
but by engineering necessity. Traditional monitoring methods offered limited visibility into
the early stages of degradation or surge inception in compressors. Signal processing, by
contrast, enabled:
e Feature extraction, isolating patterns or modulations hidden within broadband
noise.
e Pattern recognition, describing evolving conditions through metrics (frequency
shifts, energy concentration, entropy trends) that can be trended over time.
e Sensitivity to precursors, detecting instability or wear before amplitude-based
alarms trigger.

Through these developments, engineers moved from descriptive monitoring, reporting
whether a parameter exceeded its limit, to diagnostic monitoring, understanding why the
signal changed. The turbomachine was no longer treated as a black box but as a dynamic
system whose statistical signatures reflected its physical state.

1.6.4 Foundations for future data-driven diagnostics

By the end of the 2010s, the use of wavelet analysis, cyclostationary statistics and entropy-
based metrics had created a rich set of monitoring frameworks capable of describing
complex flows and vibration phenomena. This body of work laid the conceptual groundwork
for modern machine-learning diagnostics, where the extracted indicators became model
inputs for classification and prognostic algorithms.

However, in the pre-machine learning period, the emphasis was still interpretative. Every
single feature (such as the energy in the frequency spectrum, the entropy level, the amplitude
modulation rate) was directly physically meaningful. This made the initial models of signal
processing fundamentally different from the ones developed during the data-science period.

1.7 Transition from rule-based and statistical diagnostics to machine-
learning approaches

The evolution of turbomachinery diagnostics has been driven by a growing complexity in
machine operation and the need to extract meaningful insights from large quantities of sensor
data. As presented in the previous sections, historically CM relied on rule-based systems and
statistical indicators derived from meaningful quantities like vibration, pressure and mass
flow rate. These methods operated on the principle of fixed thresholds or limit rules,
established empirically from baseline tests or accumulated operational experience. Given
features, like root mean square values of vibrational signals, discharge pressures, or wavelet
energy, were continuously compared to predefined reference bands. If the measured value

exceeded the band, an alarm or protective action was triggered.

-20 -



This rule-based logic offered simplicity and transparency. It formed the basis of early
industrial monitoring systems, such as those following the API 670 standard [13], where
amplitude thresholds, rates of change, or spectral peaks were directly linked to alarm levels.
However, such systems lacked adaptability. They could not automatically account for
varying ambient or load conditions, nor distinguish between benign transients and true
degradation. The outcome resulted in a high rate of false alarms or missed detections,
especially under complex operating regimes involving part-loads, transient startup
sequences, or multi-stage coupling effects.

Before the adoption of modern ML techniques, a significant intermediate step was defined
by methods like the multivariate statistical process control (MSPC) [59]. These methods
extended the concept of analytical residuals into a purely data space by modelling the normal
operating behaviour through historical datasets rather than physical equations. Instead of
relying on fixed limits, engineers began defining alarm conditions based on deviations from
historical averages or probabilistic models of normal behaviour. For example, multivariate
statistical process control methods, such as the Hotelling’s T? statistics or the principal
component analysis (PCA), were applied to detect correlated shifts across multiple sensors
[60-62].

These approaches provided a more flexible and noise-tolerant framework, effectively
extending the concept of analytical residuals into a purely data space. Nevertheless, their

capability remained limited by linear assumptions and the need for extensive calibration.

1.7.1 Emergence of machine learning in diagnostics

The next paradigm shift was the advent of ML, first as an extension of statistical analysis
methods, followed by it being recognized as a paradigm. ML involved the ability to
automatically discover the boundaries or relationships from data. This was very applicable
in turbomachines since the operating ranges involved large numbers of parameters.
Additionally, the failure signatures tended to overlap [63,64].

Supervised learning models, such as support vector machines (SVMs) and Random
Forests (RFs), began to replace traditional rule-based classifiers. Trained on labelled datasets
representing healthy and faulty states, these algorithms could infer nonlinear boundaries
between different operating conditions. For example, Sodemann et al. [65] applied
asymmetric SVMs to map surge boundaries in centrifugal air compressors, reducing false
positives compared with static surge maps. Similarly, ensemble methods like RFs were used
to classify CM data for fault detection, leveraging their inherent robustness to noisy inputs
[66]. Unsupervised methods such as clustering and autoencoders further expanded
diagnostic capabilities by identifying unseen or emerging fault modes. Instead of requiring
training on pre-labelled data, these models defined a dynamic baseline for the normal
machine operation and flagged deviations as potential anomalies. This was particularly
relevant for gas turbines and process compressors, where complete fault datasets are rarely
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available. Yusoff et al. [67] employed a hybrid k-means-Gaussian Mixture Model
framework to track slow degradation trends in compressor efficiency, automatically
redefining the boundary between normal and incipient fault conditions.

Such adaptability reduces the need for manual recalibration after maintenance or seasonal
environmental changes, improving monitoring reliability in long-term operation. Further
details about ML theory and algorithms for CM are provided in Ch. 2.

1.7.2 Motivations and benefits of ML integration

The primary motivation for introducing ML in turbomachinery monitoring lies in its ability
to handle complexity, adaptivity and nonlinear interactions among numerous physical
variables; whereas rule-based systems operate on explicit conditions (e.g., if x > threshold,
then alarm). ML models infer relationships implicitly, by identifying subtle correlations
across a large number of process variables and sensor channels. This capability enables early
fault recognition even when no single parameter exceeds its nominal limit, which is an
essential advantage for multistage machines like compressors and turbines, where small
local instabilities may propagate before being reflected in global measurements.

Another reason for the adoption of ML is the ability to scale and generalise. Data-driven
models that are developed through ML are able to process multi-sensor data simultaneously
for various operating conditions. Among them, Artificial Neural Networks (ANN), excel in
approximating nonlinear mappings between input features and degradation states, capturing
dependencies that analytical or low-order thermodynamic models would often linearize or
neglect. This property makes ML particularly suitable for representing the soft nonlinearities
inherent in aerothermal systems, e.g., tip-leakage dynamics, diffuser separations and thermal
expansion effects.

Of equal importance is the adaptive learning process performed by ML models. Through
the update of model weights or cluster boundaries, the ability to track the dynamics of system
component health is achieved, beyond the capabilities of static thresholds methods.

However, the engineering community has also acknowledged the relevance of the concept
of hybridization in ML being used in collaboration with physics models. For example, CFD
analyses produce physically valid data that help in the learning process, thus enabling ML
algorithms to make forecasts that are physically meaningful. In this context, ML can also
serve as a surrogate or corrective layer, accelerating CFD predictions, interpolating sparse
sensor data, or learning residual errors between simulation and experiment. Hammond et al.
[68] and Cruz et al. [69] demonstrated the implementation of ANN or Gaussian process
surrogates in CFD solvers for improving the analysis forecasts by maintaining the physically
consistent behavior of the system. This hybrid CFD + ML philosophy leads to diagnostic
systems that are both data-rich and physically constrained, bridging the traditional divide
between numerical simulation and empirical monitoring.
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Another key motivation is data fusion, meaning the capacity of ML frameworks to
integrate heterogeneous information sources. Current CM for turbomachines goes beyond
purely mechanical parameters because it also considers control system data, operational
input data and maintenance history. ML models such as ensemble regression models and
graph neural networks can combine different sources of input into one condition index,
yielding more holistic diagnostics. Recent studies have shown that unsupervised knowledge-
based hybrid models can quantify health degradation with high reliability while maintaining
interpretability [70].

Recently, the explainability and transparency of newer ML implementations have begun
to address the limitations about their “black-box™ behaviour. Feature-importance measures,
surrogate explainers and attention mechanisms now allow engineers to trace the model
decisions back to physically meaningful indicators, such as pressure fluctuation intensity,
temperature gradients, or modal energy content.

Considered together, these aspects highlight the importance of ML in turbomachine
diagnostics. ML’s ability to process different types of data, deal with non-stationarity in
system behavior and retain physical interpretability, places it as the enabling intelligence
that advanced conventional monitoring in turbomachinery.

The shift toward ML-based diagnostics naturally paved the way for DT technologies,
which represent the next stage in turbomachinery monitoring. DTs integrate physics-based
models, sensor data and potentially ML algorithms into a unified virtual representation of
the machine, capable of continuous updating and predictive simulation. Hence, the evolution
from fixed-threshold monitoring to adaptive, learning-based diagnostics signifies not merely
a change in technique but a transformation in philosophy: from monitoring signals to
understanding systems. In this trajectory, ML can serve as the enabling intelligence that
connects traditional analytical reasoning with the predictive and integrative capacities of
DTs. Further details are discussed in the next section.

1.8 Digital twins for condition monitoring

1.8.1 Digital Model, Digital Shadow and Digital Twin

The evolution process from simple digital rapresentations to bidirectionally interactive DTs
has been formalized using the Digital Model, Digital Shadow and Digital Twin hierarchy.
The hierarchy was first organized by Kritzinger et al. in 2018 [71] and it classifies digital
technologies depending on the flow of data between the physical and virtual worlds.

e A Digital Model (DM) is the most elementary type, where the digital
representation is static/semi-static and there is no automatic connection to the
data. These include Computer-Aided Design (CAD) geometries, CFD models and
finite-element models that don't depend on real-time operation.
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e A Digital Shadow (DS) introduces one-way data flow from the physical system
to the virtual one. Measurements update the digital representation, but the virtual
object has no direct influence on the physical object. Most of the monitoring
dashboards, CM tools and virtual sensors fall under this category.

e A Digital Twin (DT) is the highest-level representation, where there is an
exchange of information in both directions. The digital counterpart receives live
inputs and has the ability to send commands and/or optimizations in the opposite
direction. This enables real-time closed-loop coordination. More details are
provided in Sect. 1.8.2.

This conceptual hierarchy is illustrated in Figure 1.6, where the transition from model, to
shadow, to twin introduces progressively stronger integration between sensing, simulation

and control.
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Figure 1.6. Digital Model vs. Digital Shadow vs. Digital Twin (adapted from [71]).

1.8.2 Concept and evolution of Digital Twins

The concept of DT was first conceptualized in the manufacturing and aerospace fields as a
virtual representation of a physical asset that remains continuously synchronized with it
through data exchange. The term was popularized by Grieves in 2014 [72], who envisioned
DTs as the cornerstone of Product Lifecycle Management (PLM) and later refined by Tao et
al. [73] as an “information mirroring model” capable of describing, predicting and

optimizing physical systems in real time. Formally, a DT can be described as a dynamic
mapping:

f(t) = f(xm(t); Mphys’ Mdata) (16)
where X(t) represents the estimated state vector of the physical system at time ¢, f is the

dynamic mapping function, x,,(t) denotes sensor measurements, Mpp,ys and Mg,, are the

physics-based and data-driven model components, respectively. The synchronization
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between physical and virtual objects occurs through a bidirectional data flow, forming the
basis of DT fidelity [74].

The development of DTs has been closely related to the rise of Industry 4.0, that integrates
the Internet of Things (IoT), cloud computing and artificial intelligence into manufacturing
and energy systems. Early implementations in the aerospace sector focused on component-
level replicas for design optimization. As sensor networks and computational power grew
with time, DTs evolved into operational tools capable of performing continuous health
monitoring, anomaly detection and PdAM. The modern DTs thus extend far beyond static
modelling, they are a closed-loop digital ecosystem where sensing, simulation and learning
coexist [75].

1.8.3 Digital twin architectures and frameworks

Most DT implementations present a three-layer architecture: (1) the physical layer,
containing sensors and actuators; (2) the virtual layer, comprising computational models and
simulators; and (3) the data integration layer, managing synchronization and analytics [76].
The fidelity of a DT depends on how well the loop between the layers is closed. That is how
frequently data flows from the physical object to the virtual object and back to the control
system.

Recent DT frameworks introduce distributed and multi-domain architectures to support
real-time monitoring and predictive analytics. Abdullahi et al. [76] proposed a distributed
DT framework within the Industrial Internet of Things (IloT) using fog computing for wind
turbines and demonstrated improved latency and data processing efficiency. Similarly, Liu
and Shangguan [77] presented a multi-domain DT for marine steam turbines that integrated
thermodynamic, mechanical and control subsystems within a Modelica-based architecture,
achieving real-time symmetry between the digital and physical assets.

From a computational perspective, DTs can be classified into three categories [78]:

1. Physics-based twins, built from high-fidelity models (e.g., CFD, FEM) and
capable of capturing system dynamics.

2. Data-driven twins, relying on machine learning and statistical inference models
based on sensor data.

3. Hybrid twins, combining the above categories to balance accuracy and
computational cost.

The hybrid approach presents a relevant potential for the turbomachinery sector, where
physics-based flow models are commonly used and data-driven surrogates can learn residual
dynamics. In 2024, Luan et al. [79] developed a surrogate-based DT for gas turbines using
Markov projection approximation to track evolving system dynamics, achieving robustness
against noise and real-time adaptability.
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1.8.4 Digital Twin modelling and synchronisation

The essence of a DT lies in its ability to mirror the evolving state of a physical asset, not
through a static replication, but through a continuous synchronisation between the physical
and virtual object. This synchronisation process is what distinguishes a DT from traditional
simulations or monitoring systems, because it enables right-time awareness and adaptive
prediction.

In practice, DT development begins with the construction of a representative model that
captures the key dynamics of the selected system. For turbomachinery, this model may
combine thermodynamic performance equations, vibration dynamics or degradation trends,
depending on the intended diagnostic scope. Modern approaches increasingly adopt hybrid
modelling, due to the improvement in both predictive accuracy and interpretability, thus
allowing the twin to remain robust even under varying operating or environmental conditions
[79,80].

Once a model exists, the critical step is data synchronisation, that is, the continuous
alignment between the physical object and its digital counterpart. This process relies on a
seamless data pipeline that streams sensor data (e.g., pressures, temperatures, vibrations,
control variables) to the virtual environment [76]. The frequency and reliability of this
exchange determine the fidelity of the virtual twin, meaning its capacity to remain an
accurate reflection of the physical object in both steady and transient regimes.

Beyond technical implementation, synchronisation also has a cognitive dimension. It
enables the DT to act as a continuously learning entity, absorbing experience from
operational data, updating its internal parameters and refining its understanding of the
system’s health state.

In summary, modelling and synchronisation transform the DT from a passive model into
an active agent for system monitoring. The DT learns, adapts and responds in real time,

forming the foundation for predictive diagnostics and autonomous maintenance.

1.8.5 Digital Twins for condition monitoring and maintenance

CM long dominated by empirical and model-based diagnostics, is being fundamentally
reshaped by the DT paradigm. The condition of a component can be mathematically
represented by a health state vector, h(t), estimated as:

h(t) = g(xn (), 2(1), 0) (1.7)
where x,, (t) is the measured signal vector, X(t) is the DT-predicted state and 6 represents

degradation parameters or learned features. The residual r(t) = x,,,(t) — X(t) thus forms
the core of DT-based fault detection logic, deviations between measured and virtual outputs
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indicate abnormal operation. This conceptual formulation, common to most DT condition
monitoring frameworks, has been adopted in several recent studies [80—82].

Beyond diagnostics, DTs can support PAM actions by integrating physics-informed
degradation models with probabilistic forecasts. Abdullahi et al. [76] showed how
distributed DTs, connected through IloT architectures, can forecast failure progression and
automatically trigger maintenance alerts. Mrzyk et al. [83] extended this concept to reusable
IT architectures, reducing DT deployment time and improving scalability across different
assets.

In modern implementations, the DT also integrates virtual sensing capabilities, commonly
referred to as soft sensors, that infer quantities not directly measurable in real time. These
models, typically built with algorithms like autoencoders, kernel regressors, or Bayesian
networks, augment the physical sensor network by providing continuous virtual

measurements and uncertainty bounds [84].

1.8.6 Digital Twins in turbomachinery applications

The use of DTs in turbomachinery has seen a quick development in the last decade, mostly
because of improvements in sensor resolution, high-speed data acquisition and reduced-
order modelling. A DT model of a gas turbine engine or compressor would essentially couple
models related to the mechanics, controls and thermodynamics, and would be constantly
updated through Supervisory Control and Data Acquisition (SCADA) and distributed
Sensors.

Early prototypes such as the AJAX DPS-180 DT developed by Prokhorenko et al. [85]
replicated a reciprocating compressor to predict failure times and optimise service intervals
based on loT-enabled data collection. Similarly, the Stampede DT for process equipment,
demonstrated by Rodriguez et al. [86], used dynamic simulation and clustering of process
variables to estimate the RUL of gas compressors and coolers, detecting faults days before
physical alarms were triggered. Luan et al. [87] showed that surrogate models in a DT of a
gas turbine could track degradation modes such as compressor fouling or turbine erosion.

In the turbomachinery field, DTs have also evolved from offline performance models to
real-time diagnostic systems capable of virtual sensing, anomaly detection and life
prediction. Pezzini et al. [88] implemented a real-time DT environment for a micro gas
turbine using distributed microservices, achieving < 1 % prediction error on unmeasurable
parameters like the net power output. Likewise, Ma et al. [82] constructed a probabilistic
performance DT for industrial gas turbines using uncertainty quantification and Wasserstein
distance metrics to identify anomalies with an F1 score of 0.99. These results confirmed that
DTs can perform model-based diagnostics under uncertainty, effectively becoming self-
calibrating digital replicas of complex thermodynamic systems.

Recent hybrid solutions extended DT applications into fault prediction and life
estimation. Zhu et al. [89] used a DT combining a generative adversarial network (AAKR-
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ACGAN) to detect compressor blade faults up to one year before failure and demonstrating
the potential of DT-based early warning. Similarly, Cruz-Manzo and Panov [90] embedded
a real-time executable DT within a gas turbine controller to estimate compressor efficiency
and RUL during fouling conditions.

The presented examples aim to reveal the multidimensional nature of DTs for
turbomachinery: they act as virtual observers, predictive simulators and advisory systems,
each role requiring different levels of fidelity and computational intensity.

1.8.7 Outlook and challenges for Digital Twins

Despite their rapid progress, DT in turbomachinery face several implementation challenges.
One of the most persistent is the fidelity-latency trade-off. This is because achieving high
diagnostic accuracy requires complex models and complex sensor networks, resulting in an
increase in computational cost and limiting real-time responsiveness [91]. Therefore, current
industrial applications increasingly rely on reduced-order models and data-fusion strategies,
where simplified physical models and/or machine-learning surrogates replicate the dynamics
of the system with lower latency. This represents the most practical route toward deployable
DTs for CM and PdM, where streaming analytics and rapid decision-making are more
critical than full physics resolution.

Another critical issue is uncertainty quantification (UQ). Because DTs rely on live sensor
data, measurement noise, latency and model parameter drifts can affect the reliability of the
DT’s output; so probabilistic DTs, incorporating Bayesian inference and ensemble learning,
are emerging as a possible solution [82].

Likewise, standardization and interoperability remain open research topics, most
industrial DTs are customized, feature that limits cross-platform integration. Efforts like the
ISO 23247 framework [92] and modular IT architectures [83] offer possible solutions
towards a standardized DT design.

The explainability of hybrid DTs is equally vital because engineers must be able to clearly
interpret why the DT predicts faults, linking outcomes to tangible physical causes, such as
pressure rise, temperature imbalance, or surge onset. Studies like Cruz-Manzo and Panov
[90] highlighted how interpretable DTs can assist operators in making timely maintenance
decisions without relying on unclear models.

Finally, cybersecurity and data integrity are becoming increasingly critical as well. As
DTs rely on networked sensor data, vulnerabilities to cyber-attacks or communication
failures could corrupt model outputs potentially leading to unsafe decisions. Future research
is focusing on secure DTs integrating blockchain, federated learning and encrypted IoT
channels [76].
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1.9 Challenges and future perspectives for turbomachinery monitoring

Although the integration of ML, edge computing and DT technologies has improved and
transformed turbomachinery CM, several technical and operational challenges limit a
widespread industrial deployment. Among these, there are sensor reliability, data quality,
UQ and real-time implementation, which are issues that directly influence the accuracy and
trustworthiness of PAM systems.

Sensor reliability remains a fundamental bottleneck, due to the critical environments
turbomachinery sensors are exposed to. Sensor drifts, calibration losses and intermittent
failures are frequent, particularly for high-frequency pressure and vibration probes. Such
degradation can propagate errors through the entire digital chain, from raw data acquisition
to feature extraction and model inference. To mitigate these limitations, self-diagnostic
sensors and adaptive calibration algorithms are being developed as emerging solutions,
though standardization is still lacking.

Data quality and availability present parallel constraints as well. Industrial datasets can
be often sparse, imbalanced, or contaminated by process disturbances. For supervised
learning, the scarcity of fault-labelled data limits model generalization, while inconsistent
data sampling disrupts temporal coherence. Future progress will depend on scalable data
governance and automated data-curation frameworks, supported by edge-level
preprocessing and robust anomaly rejection [76].

Real-time implementation is also a critical frontier. For example, the data output of high-
frequency vibration and pressure systems often exceeds the processing capability of
centralized analytics. For this reason, edge computing and fog architectures can be promising
solutions to these limtations by moving computation closer to the machine, reducing latency
and bandwidth consumption. Edge devices can execute lightweight inference models for
rapid fault detection, while cloud infrastructures can handle deeper prognostic analysis and
fleet-level learning [83].

Looking forward, the next generation of CM systems could increasingly rely on physics-
informed machine learning (PIML) and hybrid DTs. PIML frameworks embed conservation
laws, thermodynamic constraints and domain knowledge directly into the learning
architectures of ML algorithms, combining the adaptability of data-driven models with the
interpretability of physics. These models can infer physically consistent health parameters
from limited data accelerating learning while maintaining transparency [80].

Similarly, hybrid DTs, integrating physical, statistical and artificial intelligence
components, are evolving toward self-adaptive solutions capable of continuos learning and
calibration. They will not merely mirror turbomachinery systems but also reason about them,
autonomously identifying anomalies, estimating RUL and optimising operation under

uncertainty. As computational resources become more distributed and standardised, hybrid
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DTs are expected to form the core intelligence of future energy and propulsion systems,
bridging the gap between monitoring, prediction and control.

In conclusion, the field of turbomachinery CM stands at the threshold of a new phase
where trustworthy, interpretable and autonomous diagnostics will define a new industrial
competitiveness. The fusion of physics-informed learning, secured IoT infrastructures and
hybrid DTs will enable systems that not only detect faults but also understand their root
causes, advancing the transition from corrective maintenance to predictive maintenance.

1.10 Structure of the thesis

This research followed a deliberate trajectory in which analytical, numerical and data-driven
expertise was incrementally consolidated, ultimately leading to the design of DT-based
diagnostic architectures capable of supporting industrial decision-making and maintenance
actions. This aspect was particularly aligned with the industrial objectives of IIS. Throughout
this trajectory, CFD-based analyses progressively interacted with experimental evidence,
either directly or indirectly, in order to refine diagnostic hypotheses and assess their
relevance under practical operating constraints.

The early chapters of the thesis were intentionally dedicated to the construction of a solid
methodological and theoretical foundation, independent of any specific industrial asset. Ch.
0 establishes the conceptual background of CM and diagnostics for turbomachines, while
Ch. 2 and 3 provide the necessary ML and CFD tools required to support data-driven and
CFD-informed diagnostic approaches. The coupling between CFD and machine learning
adopted here is CFD-informed rather than physics-informed in the strict sense: high-fidelity
simulations are used both as a generator of labelled training data and as a forward model that
is subsequently inverted to infer operating conditions, while the governing equations are not
embedded as constraints within the learning process.

Building upon this foundation, Ch. 4 focuses on radial compressors for refrigerant
applications and represents a first mature synthesis of the developed expertise. In this
chapter, data-driven diagnostic methods are formulated and validated by means of high-
fidelity, time-resolved CFD simulations, allowing the detection and characterisation of
aerodynamic instabilities such as surge. From an industrial point of view, the natural
complement of the present analysis would have consisted of a direct experimental validation
of the proposed diagnostic strategies on an operational compressor.

However, such experimental validation was not possible within the timeframe of the
doctoral programme due to logistical, economic and access-related constraints of typical
industrial environments. This limitation did not limit the research scope but motivated
instead a complementary and independent research activity on a different class of
turbomachinery, namely wind turbines, for which experimental data and field validation

were available.
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Ch. 5, therefore, represents both a methodological evolution and a change of application
domain. The focus shifts from enclosed turbomachinery operating under controlled
boundary conditions to an unducted machine exposed to highly stochastic inflow, limited
observability and strong coupling between aerodynamics, control and environmental effects.
Within this context, the diagnostic expertise developed in the previous chapters is extended
and adapted to the design and implementation of DT architectures for wind turbines.

In particular, the DTs presented in Ch. 5 are characterised by their ability not only to
detect and diagnose aerodynamic performance deviations, such as yaw misalignment
induced by sensor faults and blade surface degradation, but also to provide actionable
indications to support maintenance decisions. This maintenance-oriented capability marks a
key step towards industrial applicability and distinguishes the DTs developed in this thesis
from purely monitoring-oriented approaches.

Finally, Ch. 6 summarises the main contributions of the thesis, examines methodological

boundaries and outlines directions for future research for CM in turbomachinery.
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2.Machine learning and data analysis tools for
condition monitoring

2.1 Purpose and scope of the chapter

Machine learning (ML) has become one of the central analytical tools for modern CM. Ch.
0 introduced the reasons behind this shift, showing how classical techniques, which are based
on either spectral indicators, thermodynamic models, or statistical thresholds, struggle to be
consistent with the complexity and variability of contemporary turbomachinery operation.
What is progressively more needed, and increasingly adopted, is a framework capable of
learning patterns directly from data while retaining enough structure to remain interpretable
and physically meaningful.

The scope of this chapter is to present the theoretical foundations of the ML methods used
throughout the thesis. The focus of the present chapter is not on applications, which will
appear later, but on the mathematical principles and algorithms that support them. The
chapter, therefore, reviews the formulation of supervised and unsupervised learning
problems, the construction of typical loss functions and the optimisation procedures used to
train models. Particular attention is given to techniques for feature extraction and signal
metrics, such as the Fast Fourier Transform (FFT) and the approximate entropy (ApEn),
together with regression and classification models, including artificial neural networks
(ANNs) and support vector machines (SVMs).

While the discussion aims to provide a general overview, the presentation is guided by
the needs of turbomachinery diagnostics. The models considered here are those most
frequently encountered when dealing with vibration, pressure or power-related signals,
where the distinction between noise, normal variability and genuine degradation is subtle.
For this reason, the mathematical formulations are introduced with care, together with the
assumptions that make each method appropriate for certain classes of monitoring problems.
Unless otherwise noted, all derivations of formulas for the fundamentals of ML, such as loss
functions, optimisation techniques, classification and regression equations, as well as ANNS,
rely on established standard texts in this field, as outlined by Bishop [93], Murphy [94] and
Goodfellow, Ian, et al. [95].

In summary, Ch. 2 defines the analytical tools that will be used to build the diagnostic
models and DT architectures later developed in the thesis. The intention is not to provide an
exhaustive review of all ML algorithms, but to establish a coherent and rigorous basis on
which the subsequent chapters can rely.
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2.2 Fundamentals of machine learning

2.2.1 Learning problem formulation

ML provides a structured way to extract relationships or patterns from data and its
formulation depends on the type of information available during the training phase. In the

most general setting, a learning algorithm receives a collection of samples
— [,™
X ={x®}_, (2.1)

where each x() € R™ represents a point in the input space X . Depending on the learning
paradigm (supervised or unsupervised, see Sect. 2.2.2), additional information may or may
not be provided together with the inputs.

At the core of supervised learning lies a dataset D composed of m examples,

D= {(x(i),y(i))}:zl, (2.2)

where each x®® € R™ is a vector of input features and the vector y© € Y denotes the
corresponding target and depends on the type of problem one is trying to solve. The aim is
to identify a function

hg:R™ > U, (2.3)

parameterised by the parameters 8, which approximates the underlying mapping between
x and y. The collection of all admissible functions hg defines the hypothesis space H.
Selecting a suitable hypothesis within H reduces the problem to choosing the parameters 6
that best describes the data according to a chosen criterion. This means that the model will
try to find 6 so that for all training samples,

ho(xW) = y® (2.4)

In contrast, unsupervised learning operates only with the input set X', without the
associated targets. In this case, the objective is to uncover latent structure, cluster
organisation or lower-dimensional representations of the data.

Once the learning paradigm is defined, the next step is to quantify model performance
through a loss function and its cost function, as discussed in Sect. 2.2.3.
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2.2.2 Supervised and unsupervised learning paradigms

ML includes several distinct learning paradigms; each one is characterised by the type of
information available during the training phase and by the nature of the task to be solved.
Although this thesis primarily relies on supervised learning, a brief overview of the broader
ML landscape can be useful to frame the methods introduced in this chapter. The conceptual
relationships among the main paradigms are depicted in Figure 2.1.

Supervised learning, as seen before, relies on a dataset consisting of input and output
pairs (x®, y(). The objective is to learn a function that maps inputs to their corresponding
outputs based on examples. This paradigm includes algorithms for:

e Regression, where the target variable is continuous.
e C(lassification, where the target consists of discrete labels.

Most diagnostic tasks in turbomachinery fall under this category, as they involve either
predicting a physical quantity (e.g., pressure, power) or identifying a machine state (e.g.,
healthy, degraded, faulty). Supervised models learn by comparing their predictions to the
known outputs and adjust their parameters to minimise a chosen loss function, as later
discussed in Sect. 2.2.3.

Unsupervised learning works without labelled outputs. Its goal is to find latent structures
within data by analysing the distribution, geometry, or statistical regularities of the input
space. Typical tasks include:

e C(Clustering, which consists of identifying groups of similar samples, with
algorithms such as K-Means, Gaussian Mixture Models.

e Dimensionality reduction, that is, projecting high-dimensional data into a lower-
dimensional space, methods include the PCA.

e Density estimation, modelling the underlying probability distribution.

As previously introduced, in turbomachinery monitoring, unsupervised methods are often
selected to characterise the nominal operating behaviour of the asset before any fault labels
exist, to detect outliers in multivariate signals or to compress high-dimensional datasets into
more interpretable representations.

Reinforcement learning (RL) differs fundamentally from both supervised and
unsupervised learning paradigms. In RL, an agent interacts with an environment by taking
actions, receiving feedback in the form of rewards or penalties. Over time, the agent learns
a policy that maximises cumulative reward. Although RL is not used in this thesis, it is
central to applications involving sequential decision-making or control, such as active flow
control, adaptive control strategies or maintenance scheduling in energy systems.

Deep learning is another subfield of ML and refers to a family of models, primarily
ANNS, that learn hierarchical representations of data by composing multiple layers of
nonlinear transformations. DL can operate:

e in a supervised manner (e.g., deep classifiers or regressors),
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e in an unsupervised manner (e.g., autoencoders, generative models),
e or as part of an RL agent (e.g., deep Q-networks).
Its strength lies in modelling complex, nonlinear relationships and temporal or spatial

structures that are difficult to express using traditional methods.

Machine Learning

j“‘ Reinforcement
Learning

\\\

Supervised
Learning

_ ' Deep
_\~" Learning

Unsupervised
Learning

Figure 2.1. A conceptual representation of the relationships among supervised learning, unsupervised learning,

reinforcement learning and deep learning (adapted from [96]).

2.2.3 Loss functions and cost function minimisation

This section introduces the metrics to quantify the model's performance. The theoretical
content is presented through the lens of the supervised learning approach. The first step
consists in introducing a loss function L(hg(x),y) that measures the discrepancy between
the model prediction hg(x) and the true value y. The overall model performance on the
dataset is described through the cost function:

1O) = L(ha(x©),y), (25)

and learning consists of minimising J(8) with respect to 6. In the case of regression
problems, the most common choice for L is the mean squared error (MSE):

1
Lyvsg = > (he(x) — ¥)?, (2.6)
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which penalises large deviations and leads to a convex optimisation problem for linear
models. In classification tasks, especially those involving multiple classes, the preferred

choice is often the categorical cross-entropy loss:

c
Lecg = — Z yilog(hg(x)k), (2.7)
k=1

naturally arising from a probabilistic interpretation of the model output. Under this
formulation, hg(x) approximates the conditional probability P(y = 1 | x ), so minimising
the cross-entropy loss corresponds to maximising the likelihood of the observed labels.

A robust loss function used for regression tasks that combines the best properties of the
MSE and mean absolute error (MAE) is the Huber loss function:

([, _1 ’
L =§(yk_h9(x)) , lyk —he(x)| <&
, (2.8)

1
L = <|}’k—h9(x)|—§5> ) lyk — he(x)| > 6

with § being a threshold parameter. The minimisation of the cost function is typically
performed through numerical optimisation. Among the different optimisation algorithms,
there is gradient descent, which iteratively updates the parameters along the direction of
steepest decrease of the cost function (the negative gradient) until it reaches a minimum
point representing the best model parameters:

0 < 0 —a(VyeJ(0)), (2.9)

with a denoting the learning rate. Figure 2.2 shows a graphical representation of how the
optimisation algorithm works.
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Figure 2.2. Representation of how the gradient descent algorithm works.
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Variants include the stochastic gradient descent, where parameters are updated using a
subset of the training samples; in this way additional stochasticity is introduced, often
resulting in improved convergence for large datasets, see Figure 2.3.

Other algorithms, including momentum, RMSProp and Adam, further adapt the update

direction based on the curvature or past gradients and are commonly employed in nonlinear
models such as ANNSs.

Stochastic Gradient Descent Gradient Descent

Figure 2.3. Comparison between the optimisation process of the stochastic gradient descent vs. the gradient descent.

2.2.4 Generalisation, overfitting and the bias-variance trade off

A central concern in ML is not simply the model’s performance on the training data but its
ability to generalise to new, unseen samples. A model that exactly fits the training examples
may capture noise or transient fluctuations rather than the underlying physical behaviour.
This phenomenon is known as overfitting and results in poor predictive capability outside
the training set. Conversely, a model that is overly simplistic may fail to capture meaningful
structure in the data, leading to what is known as underfitting (Figure 2.4).

Overfitting Righf Fit Underfitting

Classification

Regression \/
L/\/\j\f\} i e

Figure 2.4. Comparison between overfitting, right fitting and underfitting (adapted from [97]).

These two extremes are often described through the bias-variance decomposition, where
bias measures the error introduced by overly restrictive modelling assumptions and variance
quantifies the sensitivity of the model to the randomness of the training data.
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Achieving good generalisation requires an appropriate balance between these two
contributions. Several strategies are used to mitigate overfitting: restricting the complexity
of the hypothesis space, introducing regularisation terms that penalise large parameter values
or employing early stopping in iterative optimisation schemes.

The data would normally be divided into training data, validation data and testing data.
Despite this being dataset-dependent, normally 60-80 % would be dedicated to training data
in particular, with the rest being divided relatively equally across the test and validation data
(20-10 % each). This would provide an unbiased measure of the model's accuracy.

2.2.5 Role of feature extraction

Before model training, raw data must be transformed into data suitable for learning. This
process is based on feature extraction and often includes statistical descriptors, spectral
components obtained through Fourier analysis or complexity measures such as ApEn. Once
features are extracted from data, they are normalised or rescaled (such as Min-Max scaling
or Z-scaling) to ensure all inputs contribute equally to the learning process and to prevent
features with larger numerical ranges from dominating the optimisation.

It is important to note that, the quality of those features makes all the difference in
modelling or learning. For vibration or unsteady aerodynamic data in particular, features
based on temporal patterns or frequency content may be significantly more informative

compared to time-series samples.

x
® x
o X e x Feature ®

Extraction

x

v

Raw Data Discriminative Features

Figure 2.5. Graphical representation of the feature extraction process.

2.3 Supervised learning methods

Supervised learning represents the most commonly adopted paradigm in turbomachinery
diagnostics, where the goal is to estimate a physical quantity or classify the health state of a
component based on measured or derived features. Once the learning framework is
formulated, as introduced in Sect. 2.2.1, the next step involves identifying the models that
are able to handle the data inputs and predict the corresponding data outputs. This choice
relies upon the complexity of the data relationship being learnt.
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This section presents the main families of supervised models commonly used in
engineering applications: linear and logistic regression, margin-based classifiers such as
SVMs and ensemble methods. A brief overview of ANNS is also provided, with a dedicated
section appearing later in the chapter due to their central role in modelling nonlinear

phenomena (see 2.6).

2.3.1 Linear and logistic regression

Linear regression is one of the simplest supervised methods and provides a useful baseline
for more complex models. The underlying assumption is that the target y varies

approximately linearly with the input features x. The hypothesis function takes the form
hg(x) = 07x, (2.10)

and the parameters 6 are determined by minimising the mean squared error introduced in
Sect. 2.2.3. Even if linear models are appealing because of the computational efficiency and
ease of interpretation, they are not effective in modelling scenarios in which there are high
nonlinearities in the relationship between inputs and outputs that exist in vibration or
aerothermal data.

A closely related model is logistic regression, which extends linear models to binary
classification problems. Instead of predicting a continuous output, logistic regression
estimates the probability that a sample belongs to a given class by passing the linear
combination of features through a sigmoid function ¢ that maps any real number hy(x)
(from -0 to +o0) to a value in the range (0, 1):

1
1+ exp(—0Tx)"

c(@x)=p(y=1lx)= (2.11)

The decision boundary is therefore given by a hyperplane 87x = 0, while the
probabilistic output is used to compute the cross-entropy loss (see Sect. 2.2.3). Logistic
regression works well in situations where the boundary between the classes is more or less
linear. However, in many diagnostic applications, there are nonlinear interactions between

the variables requiring more flexible models.

2.3.2 Support vector machines

SVMs (support vector machines) address the limitations of linear classifiers by adopting a
margin-based formulation. Instead of fitting the data directly, the idea is to find a separating
hyperplane that maximises the distance between the decision boundary and the closest points
from each class, respectively defined as support vectors. Only these points determine the
margin, whereas all others play no role in the optimisation. From a diagnostic viewpoint,
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support vectors effectively represent the samples that define the boundary between normal
and degraded states, their role becomes crucial when dealing with high-dimensional feature
spaces or subtle differences across operating conditions.

The distance to the decision boundary is defined as geometric margin and its
maximisation leads to a classifier that is capable of generalising well, even with relatively
small datasets.

For a binary classification problem with labels y® € {—1, +1}, the linear SVM assumes
a decision function of the form:

fxX)=w'x+b (2.12)

where w € R" is the normal vector to the separating hyperplane and b € R is the bias
term that shifts the hyperplane. The decision boundary corresponds to the set of points for
which f(x) = 0, see the following Figure 2.6.

x, 4 wix+b=0
O
o°°\‘}‘~‘°§§
. /’ 0°°
. . . /éupporl
. ," Vectors
® o -
.-
0 e
e
S °
& L]
S
|
X

2

Figure 2.6. Decision boundary of an SVM.

The geometric margin of the classifier is formulated as:

1
margin = ——. 2.13
=W (2.13)

The magnitude of w determines the orientation of the hyperplane, a smaller || w || implies a
larger margin and therefore a more robust classifier. Finding the maximum of this margin

leads to a classifier that is robust to noise and generalises well. The optimisation problem
can be formulated by adopting the hinge loss:

Lhinge =max (0, 1- y(i)f(x(i))) ) (214)
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together with a regularisation term that controls model complexity. The resulting cost

function is

m
1 )
Jw,b) =5 w2+ € ) 1D (2.15)
i=1

where the parameter C > 0 controls the trade-off between maximising the margin and
penalising misclassifications. A large C encourages the model to fit the training data closely,
potentially at the risk of overfitting. In contrast, a small C allows more misclassifications in
favour of a wider margin and improved generalisation. The choice of C is therefore critical
in diagnostic contexts, where training data may contain measurement noise or slight
inconsistencies. Parameter optimisation is typically done through gradient-based or
coordinate-ascent methods, building on the algorithms introduced in Sect. 2.2.3.

The linear SVM decision function can also be rewritten in terms of support vectors as:

f(x) = Z aiy(i)(x(i))Tx +b, (2.16)

IES

where § is the set of support vectors, a; (Lagrange multipliers) are non-negative dual
coefficients obtained through the optimisation process, x is the new data point whose class

is being predicted, x( is a support vector (a training data point) and y® is the true class

. T
label for the support vector x¥. This representation shows the inner product (x(‘)) X,
through which the classifier evaluates similarity between the input point and each support

vector. The stronger the alignment between x and x©, the larger its influence on the decision
function.

This inner-product form naturally leads to the introduction of kernels, a key strength of
SVMs. The kernel method is a strong tool that allows nonlinear classification by implicitly
mapping the input data into a higher-dimensional space without explicitly computing the

transformation. This is achieved by replacing every inner product (x(i))Tx with a kernel

function:

K(x@,x) = gb(x(i))Tq.’)(x). (2.17)
where ¢ is the function that maps the original data into the new, often higher-dimensional,
feature space. Common kernels include:

o The Radial Basis Function (RBF) kernel:
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K(x®,x9) = exp(—y I x@ —x ||2). (2.18)
e The polynomial kernel:
(x®@,xD) = (D) TxD + )P, (2.19)

The indices i and j refer to different training samples within the dataset, the parameter y
in the RBF kernel controls the radius of influence of each support vector, a large y leads to
highly flexible boundaries that might overfit; on the other hand, a small y produces smoother
and more global boundaries. In diagnostics, the (C, y) parameter pair must be tuned carefully
to avoid over classifying normal operational variability as a fault state, while still
maintaining sensitivity to true degradation phenomena.

Because SVMs rely on support vectors rather than the full dataset, they remain effective
in the moderate-data regime typical of turbomachinery monitoring systems. Their robustness
to measurement noise, ability to handle nonlinear boundaries through kernels and strong
generalisation properties make them suitable for fault discrimination tasks.

These advantages are applied later in Ch. 5 through an SVM classifier used to infer wind
turbine blade roughness states through a DT-based model. This model demonstrates how
aerodynamic features and experimental measurements can be combined within an SVM to

detect subtle changes in turbine performance and surface condition.

2.3.3 Decision trees and ensemble methods

Decision trees provide another modelling technique called recursive partitioning. In each
splitting step, the algorithm selects the variable and threshold value which separates
observations best based on a criterion such as Gini impurity or information gain. The final
model consists of a hierarchy of decision rules leading to a set of leaf nodes, each associated
with a prediction.

Although trees are very intuitive and easy to understand, the individual tree tends to
overfit the data. Ensemble methods mitigate this issue by combining the predictions of
multiple, distinct base models (or weak learners) to produce a single, better predictive model.
This approach is based on the diversity and collective strength of many models to reduce the
overall variance and bias. Methods that work on the above concept are:

e Bagging, which builds numerous trees on each bootstrap sample and averages
their predictions, reducing variance.

e Random Forests (RFs), which are an extension of bagging and choose subsets of
features randomly at each split to increase robustness.
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e Gradient Boosting Machines (e.g. XGBoost, LightGBM), which build trees
sequentially, each to correct the errors made by the preceding ones and leading to
highly accurate models.

These methods are common in CM due to their ability to handle heterogeneous features,
mixed-type variables and complex nonlinear interactions. They also provide measures of

feature importance, which can help interpret diagnostic outcomes.
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Figure 2.7. Schematic representation of how a RF works.

2.3.4 Artificial neural networks: a first overview

Included into the class of supervised learning models, there are also artificial neural networks
(ANNS), or simply neural networks (NNs), a wide family of models able to learn highly
nonlinear mappings through multilayer compositions of simple units. In the simplest case, a
NN learns to predict by sequentially combining transformations and nonlinear activation
functions on the input variables. The modelling power of NNs to approximate nonlinear
functions can be proven by the universal approximation theorem [98].

NN are key enablers for the diagnostic methods later employed in the studies of Ch. 4.
Consequently, detailed information on NNs is further provided in Sect. 2.6; in this section,
it is sufficient to note that NNs encompass a large variety of possible architectures, from
fully connected feed-forward networks to convolutional and recurrent models and their
training procedures utilize techniques of gradient-based optimization introduced in Sect. 2.2.

2.3.5 Model selection for turbomachinery diagnostics

Selecting the most appropriate supervised learning algorithm depends on what is to be
achieved and what data is used. Linear and logistic regression are always applicable when
dealing with simple correlations, besides serving as a reference. SVMs and ensemble
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methods excel when datasets are moderate in size but contain nonlinear patterns. NNs
become advantageous when the problem demands high expressiveness or involves temporal
structures, provided that enough training data are available.

Across these methods, the criteria which are utilised to select the most appropriate model
include the ability to generalise, robustness to noisy data, interpretability and the associated
computational cost of model deployment into a CM system.

2.4 Unsupervised learning and dimensionality reduction

Unsupervised learning refers to a family of methods designed to find a structure in data when
no output labels are directly available. In the field of turbomachinery diagnostics, these
techniques are often used to characterise normal operating behaviour, detect unusual or
emerging patterns in multivariate sensor streams, or compress high-dimensional information
into a reduced number of meaningful variables. Contrary to supervised models, which rely
on an explicit input to output relationship, unsupervised methods operate only on the
statistical properties of the input space provided.

This section follows the main unsupervised techniques relevant to the framework of this
thesis, although no model was directly used for this research. Clustering methods, such as
K-Means and Gaussian Mixture Models are introduced first, followed by a detailed
derivation of Principal Component Analysis (PCA), which plays a central role in
multivariate statistical process control (MSPC) and in the feature extraction pipeline
introduced in Ch. 0. The section is concluded with a brief overview of autoencoders, bridging
classical dimensionality-reduction methods and modern DL methods.

2.4.1 Clustering

Clustering groups of samples into coherent subsets based on similarity, without the need for
explicit labels. Two of the most selected algorithms are K-Means clustering and Gaussian
Mixture Models (GMMs), which differ in both their underlying assumptions and the
resulting cluster shapes.

K-Means clustering. It is a method that partitions the dataset into k clusters by
minimising the within-cluster variance. Given a set of input samples {x(“}™ | the algorithm

seeks k centroids {y; }?=1 to minimise the following cost function:

m
=D 150 =y 12 (2.20)
i=1

where c(i) denotes the cluster assignment for the sample x(. The algorithm alternates

between:
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e Assignment step:

c(i) = argmin; | x —y; |1, (2.21)
o Update step:
1 ®
Vi = mz X (2.22)
) iec;

Despite its simplicity, K-Means is effective in identifying compact, spherical clusters in
high-dimensional spaces (Figure 2.8). Nevertheless, this can also result in a limitation of the
same algorithm; with non-spherical clusters (e.g., elongated, crescent-shaped or nested) the
method will struggle to separate them into classes. It will attempt to cut the non-spherical

clusters into spherical sections around their centroids, leading to poor clustering results.

Sl 6

Figure 2.8. Graphical representation of how K-Means clustering works.

Y

Gaussian Mixture Models. Given the previous limitations, GMMs extend clustering to
situations where clusters are not spherical or equally sized. GMMs assume that data are
generated by a weighted sum of k Gaussian components:

k

p(x) = Z N (x; 1), %)), (2.23)

j=1

where 7t; are mixture weights and V' (x; ), Z;) denotes the multivariate normal density
evaluated at the point x, characterised by its own mean u; and covariance matrix X;.
Parameter estimation is typically performed via the Expectation-Maximisation (EM)
algorithm, which alternates between:
1. E-step: computing posterior probabilities that a point belongs to a cluster j,
2. M-step: updating 7t;, ij and X;.
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Because GMMs allow full covariance structures, they can capture elongated, anisotropic
or overlapping clusters, situations frequently encountered in physical systems where

operating conditions produce correlated patterns across sensors, (Figure 2.9).

GaussianMixture KMeans

Figure 2.9. GMM vs. K-Means clustering.

2.4.2 Principal Component Analysis

PCA (Principal Component Analysis) is among the most powerful tools for dimensionality
reduction and multivariate monitoring. The main characteristic of this method is finding a
set of orthogonal directions, namely principal components, along which the variance of the
dataset is maximised. This transformation enables to represent high-dimensional
measurements with a reduced number of latent variables, while retaining most of the
informative content.

Given a dataset {x(V}", with x(¥ € R". Before applying PCA, it is common practice to
normalise the data, which typically involves subtracting the mean and scaling each variable
so that all features contribute comparably. If this step is not followed, variables measured on
larger numerical scales might dominate the principal components, leading to misleading

results. Next, an empirical covariance matrix X can be defined with the following formula:
1 m
5= —Z x® (xOT (2.24)
m

This matrix extracts the linear correlations among the variables, with its eigenstructure, it

encodes the directions of maximal variance. At this step, PCA can be obtained by solving

where A; are eigenvalues and v; the associated eigenvectors. By convention, the

eigenvalues are ordered as follows:

- 46 -



so that the first principal component corresponds to the direction of maximum variance.
Let V} = [vy, ..., Ux] be the matrix of the first k eigenvectors. The projection of each

sample onto this reduced space is
z® =y Tx®, (2.27)

The vector z() € R¥ contains the reduced set of latent variables containing the dominant
patterns within the data. These components are often used in MSPC frameworks, as
introduced in Ch. 1, to monitor deviations from nominal operation via statistical metrics such
as Hotelling’s T2 and the SPE index [60-62].

The contribution of the first k principal components to the total variance is quantified

through the following explained-variance ratio (EV):

k
A
Jj=1 (2.28)

—n
2.7
j=1

Selecting the smallest k that achieves a desired explained-variance ratio provides a
balance between dimensionality reduction and information retention. Figure 2.10 presents,

EV(k) =

as an example, the first two components determined for a sample dataset.

first principal
componeni

Characteristic 3

Char, 0
acte,
cter,snc 3 1 , S

Figure 2.10. First two principal components of a sample dataset (adapted from [99]).
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2.4.3 Autoencoders

Autoencoders represent another useful tool for dimensionality reduction. Using NNs, they
extend the idea to a nonlinear regime to learn compressed representations (Figure 2.11).
Trained in an unsupervised manner, an autoencoder generally consists of two parts: an
encoder and a decoder. The encoder maps the input x to a low-dimensional latent vector z,
on the other hand, the decoder reconstructs x from z. During training, the network minimises
a reconstruction loss such as

L=lx—2%I> (2.29)

This forces the latent representation to capture the essential structure of the given input.
Unlike PCA, which has the limitation of performing to linear transformations, autoencoders
can learn curved manifolds and even complex nonlinear patterns, making them useful for
anomaly detection, denoising and feature extraction in high-dimensional sensor data.

In turbomachinery diagnostics, autoencoders can serve as nonlinear extensions of PCA,
enabling the extraction of more expressive low-dimensional features, for instance, from
multichannel pressure or vibration measurements, especially when the underlying

relationships are hard to be well captured by linear models.

Input Data Latent Space Reconstructed Data

+

L —
Encoder Bottleneck Decoder

Figure 2.11. Example of an autoencoder architecture.

2.5 Feature extraction and signal metrics

Modern diagnostic approaches rarely operate directly on raw time-series measurements.
Instead, informative quantities, typically known as features, are extracted from signals to
derive relevant physical information into a reduced numerical representation that is more
convenient for statistical modelling. In turbomachinery monitoring, where vibration,
pressure, velocity or temperature signals may contain subtle indicators of degradation, the
quality of the extracted features directly affects the overall success of the diagnostic model.
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This section introduces the most commonly used features in the time and frequency
domains, together with a detailed derivation of approximate entropy (ApEn), a non-linear
complexity metric, relevant to the compressor studies described in Ch. 4. While feature
selection relies on the nature of the signal and the associated fault mechanism, the general

goal remains converting raw physical measurements into meaningful diagnostic fingerprints.

2.5.1 Time-domain features

Time-domain features quantify statistical characteristics of the time series as it evolves in
time. These types of descriptors are characterised to be computationally inexpensive and are
thus widely used in real-time monitoring systems.

Root Mean Square (RMS). RMS measures the average signal energy and it is sensitive
to increases in oscillation amplitude. Given a discrete signal {x(t;)}).,, the RMS is
computed as:

RMS = (2.30)

In turbomachinery, a rising RMS over time may be a symptom of faults such as increased
vibration intensity due to imbalance, misalignment or aerodynamic instabilities.

Variance. Variance quantifies the dispersion of a signal relative to its mean X:

Var(x) = %Z(x(ti) —%)2. (2.31)

It helps detect changes in operating modes or fluctuations in flow and operating
conditions.
Skewness. This type of feature measures waveform asymmetry based on the signal’s

mean and standard deviation o

_\3
Skew(x) = %Z <x(tl3+x> . (2.32)

The sign of skewness can serve as an indicator of possible abnormal behaviour. In
particular, positive skewness indicates more positive outliers, while negative skewness
indicates asymmetric behaviour such as intermittent stalls or localised shedding phenomena.
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Cross-correlation. Cross-correlation is used to quantify the similarity between two
signals x(t) and y(t):

N

Rey(@) = ) x(6) y(t: +7), (2.33)

i=1

where T denotes the time lag by which the signal y(t) is shifted relative to x(t). Positive
values of T correspond to a forward shift, while negative values indicate that y precedes x.
It is used to detect time shifts, travelling flow structures and spatial coherence across sensors,
particularly in compressor surge or rotating stall studies.

Residual errors. Residual features compare a measured signal x(t) with a reference or

model-generated signal £(t), among them compare the root mean square error (RMSE):

1 N
RMSE = NZ(x(ti)—J?(ti))z (2.34)

and the coefficient of determination (R?), ranging from 0 to 1:

LGt — R())?
() — )2

(2.35)

Both quantify deviation from nominal behaviour and large deviations can indicate
degradation (e.g., cooling failure or roughness-induced aerodynamic anomalies). The R? can
serve as an easy quantity to check for model comparison, the closer its value is to one, the

more similar the analysed signal is to the reference one.

2.5.2 Frequency-domain features

Time-domain signals in turbomachines include periodic phenomena, harmonic components
or broadband variations related to fluid-mechanical processes, for example, rotor-stator
interaction, blade passings, vortex shedding, rotating stalls and surge phenomena. The
conversion of a signal to the frequency domain allows an investigation of the phenomena
listed above to identify corresponding characteristic patterns in the flow processes.

For these reasons, frequency-domain features extracted through the Fast Fourier
Transform (FFT) play a central role in turbomachinery diagnostics. Following the work of
Cooley & Tukey [100], given a discrete signal {x(t;)}_, sampled at uniform intervals, the
FFT efficiently computes the Discrete Fourier Transform (DFT):
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N

X(k) = Z x(t;) e /AU Dk-D/N, (2.36)

i=1

Where i = 1, ..., N indexes the time samples k = 1, ..., N indexes the frequency bins, J is
the imaginary unit (j2 = —1) and the exponential term represents the basis oscillations at
discrete frequencies. The result X (k) is a complex number whose magnitude and phase
describe the amplitude and timing of the corresponding frequency component.

The index k cannot represent directly physical frequencies; instead, it must be mapped to

the dimensional frequency axis via:

fi = (k=1) fs/N, (2.37)

where f; is the sampling frequency. From the magnitude spectrum | X (k) |, various
features can be computed, such as dominant harmonic frequencies, spectral peaks and
sideband energy. As an example, Fig. 2.12 illustrates an FFT spectrum obtained from a
sensor located in the diffuser passage of a compressor operating under stalled conditions
[101].

Impeller Blade passing frequency
RPS Full blade Full&Splitter
3 D= i
1 1
-%;0.8 i :,
E ! - ! - - ! :
< i o i
STALL é é é é
Td 0.2 e e
O z z z z N
0 500 1000 1500 2000 2500
Frequency (Hz)

Figure 2.13. Example, FFT at stalled condition for a sensor in the diffuser passage of the large-scale rig (adapted
from [101]).

Power Spectral Density (PSD). PSD quantifies how the signal’s power is distributed
across different frequencies f:
| X (k) I?
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Where At = 1/f; is the sampling interval. PSD is generally used to detect flow
instabilities, rotating stall signatures or blade-passing frequencies.

Spectral Entropy. measures frequency-domain disorder by analysing how the signal’s
energy is distributed across the spectrum, analogously to approximate entropy in the time
domain (see Sect. 2.5.3). By defining the normalised spectral power as:

P, = _IxO X0 I (2.39)
FTIL XY |
the spectral entropy is computed as
Hy = — Z P.log(Py). (2.40)
k

Higher spectral entropy corresponds to broad and flat spectra, typical of noisy conditions,
whereas lower values indicate periodic or harmonically dominated behaviour.
Band Energy. Given a frequency band B < [0, f;/2]:

Ep = Z | X0k 12 (2.41)
k:fr€B

Band energy captures physical processes occurring in specific ranges (e.g., low-frequency
stall, mid-frequency vibration, high-frequency turbulence).

2.5.3 Approximate entropy

Approximate entropy (ApEn) is a non-linear complexity measure that quantifies the
predictability or regularity of a time series in the time domain, and it was formally introduced
by Pincus in 1991 [57]. Despite the name, there is no direct connection to the thermodynamic
entropy and unlike purely statistical descriptors (variance, skewness) or spectral indicators
(PSD), ApEn analysis well captures structural irregularities, making it particularly useful for
detecting early degradation or chaotic transitions in fluid mechanical systems.

ApEn operates by reconstructing the underlying dynamics of the signal through delay
embedding, a concept originating from Takens’ theorem [102]. The theorem provides a
conceptual guideline: patterns must repeat at least twice within the analysed window. Given
a signal {x(t;)}_, sampled at uniform intervals (Figure 2.14), ApEn is computed through
three main steps: embedding, neighbourhood evaluation and entropy estimation. Embedding
represents the first step; it involves the construction of a sequence of embedded vectors of
embedding dimension m:
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u® = [x(t,), x(t; + tg), ., x(t; + (m — Dty)].

(2.42)
Where t, is the time delay defined with the sampling frequency f; and integer lag t’,

i =1, ..., M indexes the embedding vectors, with M = N — (m — 1)t,. These vectors
capture short segments of the signal, preserving its local temporal structure.

t
1.8- d

. :f***,f\ A

bf s
T | |

Figure 2.14. Example of signal x(t) with a time delay t, (adapted from [103]).

x(t)

Next, for each pair of embedded vectors uPand uU), their similarity can be quantified
through the Chebyshev distance as:

d(u®,u) = max | X(tir) = X(tji) |-

(2.43)
Given a tolerance parameter r (radius of similarity), the fraction of vectors lying within
this neighbourhood is:

M
1 . )
Ci(m)(r) = MZ 0 (r — d(u(‘),u(”)) .
=1

(2.44)
Where the 0(z) function returns:

0(z) = 0, if its argument z < 0;
0(z) = 1, if its argument z > 0.

Ci(m) (r) is the fraction of embedded vectors similar to u® within a neighbourhood of

size r. The next step consists in defining an average logarithmic likelihood; this quantity
measures the average regularity of patterns of length m:
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M
1
M (r) = MZ nc™ (1), (2.45)
i=1

Finally, ApEn is the difference in regularity when the embedding dimension increases
frommtom + 1:

ApEn(m,r,N) = @M () — M+ (), (2.46)

Interpretation:
e Low ApEn: highly regular, repetitive signal.
e High ApEn: irregular, unpredictable, noisy signal.

Typical choices for the embedding dimension are m = 2 or 3, in fact m must be large
enough to capture repeating patterns but also small enough to avoid noise amplification.

Regarding the radius of similarity r, 10 % to 25 % of the signal’s standard deviation are
sufficient to balance sensitivity and robustness. In addition, ApEn is sensitive to signal length
and longer time series improve robustness.

In turbomachinery applications, rising ApEn often indicates transitions to unstable flow
regimes, such as surge precursors or roughness-induced turbulence modulation. Conversely,
a decreasing ApEn may indicate locking into periodic behaviour like synchronous vibration.
Unlike traditional spectral features, ApEn can capture the nonlinear dynamical changes that
precede measurable amplitude or frequency deviations.

This diagnostic capability is well-documented in literature. Yan and Gao [58] established
ApEn as a diagnostic tool for machine health monitoring , showing that the ApEn of a
vibration signal increases as structural defects initiate and grow, since deterioration enriches
the signal's frequency content and reduces its regularity. However, the reliability of the
metric depends on the choice of embedding dimension, radius of similarity and data length.
To address this, Liu et al. [104] conducted a parametric study of approximate, sample and
fuzzy entropy in axial compressors, finding that the fuzzy formulation reduces sensitivity to
these parameters while preserving substantial stall-warning lead time.

This metric will be extensively employed in the compressor diagnostic studies developed
in Ch. 4 to address the detection and characterisation of surge-related phenomena.

2.6 Artificial neural networks

As previously introduced in Sect. 2.3.4, ANNs are representative of a broad class of
parametric models able to learn highly nonlinear relationships between inputs and outputs,

both supervised and unsupervised. Their flexibility comes from the idea of composing
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simple computational units arranged into layers, thus allowing the approximation of complex
functions even in cases where explicit analytical models are unavailable.

In turbomachinery diagnostics, NNs have been used to model multiple nonlinear
phenomena, such as aeroelastic interactions, to detect instabilities, to reproduce high-
dimensional surrogate models and extract temporal patterns from pressure or vibration
signals. Although NNs can be trained within the same cost function minimisation framework
introduced in Sect. 2.2.3, their layered structure comes with a specialised optimisation
procedure, such as backpropagation, and requires careful regularisation strategies to prevent
overfitting.

In a NN, hyperparameters are all those characteristics that determine the structure of the
network, such as the number of neurons, hidden layers, input and output features and
activation functions.

This section provides an overview of feedforward NNs, introduces convolutional and
temporal architectures relevant to the first compressor study prsented in Ch. 4. Finally, it
concludes with practical regularisation methods used to improve generalisation.

2.6.1 Feedforward neural networks

|-
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Figure 2.15. General architecture of a NN.

Architecture. A feedforward NN consists of an ordered sequence of layers, beginning with
an input layer, followed by one or more hidden layers, and ending with an output layer (see
Figure 2.15). Each hidden layer transforms its input through a mapping followed by a
nonlinear activation function. Let al% = x € R™in denote the input vector; for each layer [1],
the transformation is

ZU0 = wllgl-11 4 gl (2.47)
and
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all = gz, (2.48)

where:
o ZW s the pre-activation vector,
o W is the weight matrix,

[1=11 {5 the previous layer’s output,

* a
e gl s the bias vector,
o gl!is a nonlinear activation function.

The final output al?! is passed to a loss function L(al*!, y), as introduced in Sect. 2.2.3.
Activation functions. Nonlinear activations are the key to allow NNs to approximate

arbitrary continuous functions. Common choices include (see Figure 2.16):

e Linear:
gZ) =12. (2.49)

e Sigmoid:

(2) = —— (250)

g\ =17 exp(—2)’ '

historically used in classification.
o Rectified Linear Unit (ReLU):

9(Z) = max(0,2), (2.51)

currently, the most widely used in deep learning due to its ability to mitigate vanishing
gradients.
o Leaky ReLU:

9(Z) =max(Z,y * Z), (2.52)

where y is a fixed scalar.
e Hyperbolic tangent:

__ exp(Z)—exp(-2)
9(2) = exp(Z)+exp(-2)’ (2.53)

zero-centred and often easier to train.
e Swish:
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)= ——. 2.54
e Softmax:
g4 2i=‘;“texp(zi) ) )

In multi-class classification problems, NNs typically use the softmax activation at the
output layer. Through to the softmax function, the network converts the outputs into a
probability distribution over the considered classes, giving a higher probability to the class
that is most likely to have occurred. Training is usually performed with the cross-entropy
cost (see 2.2.3, Eq. (2.7)), which measures how well the predicted probabilities match the
true class labels.

351

Sigmoid
Tanh

Leaky ReLU
Swish
Softmax
Linear
RelLU

Figure 2.16. Plot of different activation functions.

The optimisation of a feedforward NN, that is, finding the optimal weight that minimises
the selected loss function, is based on a propagation of information throughout the net that
is bidirectional, namely forward and backward propagation (see Figure 2.17).

Forward propagation. The forward pass computes the output of each layer sequentially
according to Egs. (2.47) and (2.48). The computation cost scales approximately linearly with
the number of layers and neurons, making deep architectures feasible for high-dimensional
feature extraction.

Backward propagation. Learning consists of minimising the cost function by updating
the parameters W and qY. Backpropagation computes the gradients efficiently by
applying the chain rule in reverse.

Given a cost function L(al*l, y), for each layer [], an error term can be defined as:
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oL

m—=___
oM = 5700 (2.56)
The gradients of the loss function with respect to the weights and biases are:
JL
—— = slleqlt-1yT
Sy (a7, (2.57)
a_L = sl (2.58)
aql ' '
The error term is propagated backwards:
T
sli-11 = (W[l]) s g'[l—l] (Z[l—ll)‘ (2.59)

where (O denotes element-wise multiplication. Finally, the weights and biases are
updated using an optimisation algorithm like gradient descent:

oL

wil =wl —a.—, (2.60)
oW, ;
oL

ql[]zqi[l] a - — (2.61)
aq;

Here, a is the learning rate controlling the step size as introduced in Sect. 2.2.3, i denotes
the neuron index in layer [l], while j denotes the neuron index in layer [l — 1]. This training
loop constitutes the fundamental learning mechanism of all networks.
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Figure 2.17. Schematic of forward and backward propagation through a NN.

Mini-batch training. In contrast to updating the weights for the entire network using all
samples at once (full batch) or for one sample at a time (stochastic), mini batches are the
norm for training neural networks via gradient descent.

The training data is divided into smaller batches, which give a gradient estimate. The
algorithm processes the first batch and updates the model parameters, defining what is
known as a step or iteration, then it proceeds to the next batch and updates the model
parameters once again. When all the batches are processed, an epoch is concluded and the
algorithm can move on with a new one. This method:

e helps stabilize training compared to purely stochastic update,

e is computationally efficient,

e it introduces a mild noise component that helps escape poor local minima,
e and it is naturally GPU-accelerated.

Mini-batch learning is currently the norm for DL and it is implicitly used for all the
optimisation algorithms introduced in the later chapters.

Regularisation. Feedforward NNs possess large numbers of hyperparameters, making
them highly expressive but also prone to overfitting. For this reason, regularisation
techniques are used to prevent overfitting and improve the ability of the model to generalise.
Among those there are:

e L2 regularisation:

J' =]+/12 w3, (2.62)
1

where 1 > 0 is a regularisation coefficient. L2 regularisation penalises the magnitude of
the weights by adding a quadratic term to the cost function, thus forcing the optimiser to
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prefer solutions characterised by smaller weights and consequently smoothing effectively

the input-output mapping. This is because networks with small weights tend to produce less

sensitive and more stable predictions, reducing the effect of measurement noise and

operational variability. From the perspective of optimisation, L2 regularisation shrinks

weights uniformly and prevents the growth of large coefficients that may cause overfitting.
e L1 regularisation:

J =] ”Z Twi (2.63)
1

Unlike L2, L1 regularization encourages sparsity by setting many weights exactly to zero.
Sparse networks are characterised by fewer effective connections and can act similarly to
feature selectors, which is particularly advantageous when input features exhibit redundancy
or strong correlations, conditions commonly encountered in high-dimensional diagnostic
datasets.

e Dropout:

2.64
al! with probability 1 — p. (2.64)

{O with probability p,
This is a stochastic regularisation method that randomly disables a fraction p of the neurons
of the layer it was assigned to during each training iteration.

This causes the NN to learn meaningful representations that are not dependent upon any
particular neuron or on a set of co-adapted neurons. Essentially, the dropout technique trains
a very large ensemble of “thinned” networks, where all the networks share the same
parameters. The last model will perform like the average of this ensemble and this will make
it less prone to overfitting. During testing or inference, the full network is used and
activations are scaled appropriately to account for the dropout applied during training. This
ensures deterministic predictions and optimal use of all learned features.
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Figure 2.18. (4) NN without dropout. (B) NN with dropout (adapted from [105]).

o Early stopping.

This technique monitors the validation loss during the training process. Optimisation will
stop when the loss starts increasing. This helps prevent the network from overfitting the data.
However, it allows the model parameters for which the best generalisation is obtained to be
retained. It is a very easy and efficient technique, which works best when the data sample is

small.

Loss

Underfitting | Overfitting Validation

Training

—
Time (epochs)

Figure 2.19. Application of early stopping (adapted from [106]),

e Data augmentation
When signal data are limited, augmentation strategies (e.g., noise injection, window

slicing, random time shifts) increase training variability, reducing overfitting and improving

robustness.

2.7 Convolutional and temporal neural networks

Feedforward NNs operate on fixed-length feature vectors, but many signals in
turbomachinery, such as pressure, vibration, flow rate or acceleration measurements, exhibit
local patterns, transients, harmonics, wave packets, or intermittency that are not easily
captured by dense layers. Deep learning models, such as convolutional architectures, solve
this limitation by leveraging local correlations in the input, enabling deep models to learn
hierarchical representations of temporal dynamics. This section introduces the main ideas
behind convolutional and temporal convolutional networks, as they appear later in the
compressor instability study in Ch. 4.

2.7.1 Convolutional neural networks

The origin of Convolutional Neural Networks (CNNs) traces back to image processing,
which aims to identify patterns such as edges, texture and shapes, regardless of their location.
The characteristic operation of a CNN, known as convolution, involves a small window,
known as a kernel or filter, which moves over the input, responding strongly when a
meaningful pattern appears. Every filter in a CNN plays the role of a pattern detector, firing
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when it discerns its learned feature in an input. An architecture of multiple convolutional
layers produces progressively more abstract representations, combining simple structures
such as edges into textures and ultimately into semantic features (see Figure 2.20). The
benefit of CNNs lies in two main properties:
e Local connectivity, the filter interacts only with a neighbourhood of pixels, giving
sensitivity to local patterns.
e Weight sharing, the same filter is applied across the image, making the network
invariant to translations and greatly reducing the number of parameters.
Although CNNs were first designed for two-dimensional images, the same principles can
be applied to one-dimensional signals, for example, pressure or vibration traces used in
turbomachinery diagnostics. When the input is a time series, the convolution becomes a
sliding filter along the temporal axis, extracting local oscillatory patterns, bursts,
modulations or transient disturbances without requiring a fully connected layer for each time
step. This significantly enhances efficiency, enabling the identification of recurring patterns
in time in a similar way that it would identify shapes in an image.
This shows that CNNs are a powerful tool for inferring a compact representation of
pictures or raw measurements that holds physical significance, particularly when

characteristic fault patterns are seen as localised events or waveforms that repeat in time.
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Figure 2.20. Example of a CNN architecture.

2.8 Temporal convolutional networks

Temporal Convolutional Networks (TCNs) further extend this concept to model long-range
dependencies for time series data, as first systematically evaluated by Bai et al. (2018) [107].
A traditional CNN looks only at a small window in time, as defined by a filter size, whereas
instabilities in turbomachinery, like those related to rotating stall, surge and roughness, might
be many sample points long. To solve this, TCNs use dilated convolutions, where a filter
skips samples at fixed intervals. This exponentially expands a receptive field without the
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need for a large number of parameters. An example of a TCN architecture is presented in
Fig. 2.21.

This temporal representation has a hierarchical structure, which reflects the multi-
resolution characteristics of flow phenomena, where shallow layers are able to capture high-
frequency oscillations and deeper layers learn low-frequency, long-term evolutions.
Furthermore, TCN architectures can be effectively adapted for time-series forecasting [108],
this key characteristic is used in the compressor study of Ch. 4.

In conclusion, TCNs establish a very effective bridge between classical signal processing
techniques and deep learning, providing a versatile yet robust platform for capturing the
intricate temporal patterns that are so typical of turbomachine CM.
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Figure 2.22. Example of a TCN architecture (adapted from [109]).

2.9 Chapter summary

This chapter has outlined the theoretical basis and computational techniques that are at the
base of the data-driven diagnostic models developed in this thesis. Starting from a statistical
formulation of a learning problem, this chapter has progressed from supervised and
unsupervised approaches, through dimensionality-reducing techniques, feature extraction
and nonlinear complexity metrics, to neural network models. These elements form a
coherent analytical framework, in which physical measurements can be transformed into
diagnostic features, mapped through regression or classification models and eventually
embedded into DT environments for predictive decision-making.

These methods will be implemented and further specialised in the following chapters,
where they are coupled with data from experiments and numerical analysis in order to
identify aerodynamic degradation, anomalies and potential instabilities in turbomachines.
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3. Computational Fluid Dynamics tools for
turbomachinery analysis

3.1 Purpose and scope of the chapter

Computational Fluid Dynamics (CFD) simulations have increasingly proven to be an
essential tool within the area of turbomachinery analysis and design, supporting activities
that go from an initial aerodynamic assessment to a detailed examination of flow fields.
Within the current thesis, CFD simulations have been conducted under different contexts
and based on multiple numerical environments. The purpose of this chapter is to provide a
coherent overview of the CFD tools adopted during the research activity, clarifying their
role, capabilities and limitations in the overall methodological framework of the thesis.

CFD simulations were employed using both steady Reynolds-Averaged Navier-Stokes
(RANS) and unsteady RANS (URANS) formulations, selected according to the physical
phenomena of interest and the diagnostic objectives of each study. In this chapter, rather
than displaying CFD solutions directly, as will be done in subsequent chapters, the objective
is more about introducing the selected CFD environments and stating the reasoning for
choosing them.

Three different CFD tools are presented; ANSYS CFX is introduced as an industrial-
grade solver, with particular focus on its usage within a radial compressor simulation setup.
The objective here will be to demonstrate common practices and solver functionalities
associated with rotary machines, providing the high-fidelity unsteady datasets used for the
diagnostic models in Ch. 4. ANSY'S Fluent is presented as a highly flexible CFD solver and
will be discussed within the scope of wind turbine simulations, where it served as the
numerical engine for deriving the CFD performance maps in Ch. 5. Finally, the open-source
code MULTALL is introduced as a dedicated turbomachinery solver within an academic
context. Here, a comparative analysis against ANSYS CFX is performed on a three-stage
axial compressor, originally a reference case for the MULTALL code, to evaluate solver
performance and modeling assumptions.

Although MULTALL was initially selected for its computational efficiency in generating
large datasets for NN training, it was ultimately discontinued for the primary scope of this
thesis. The evaluation revealed that MULTALL’s limitations in handling complex off-design
conditions, combined with the unavailability of a real industrial axial compressor for
validation, made it less suitable for the diagnostic objectives persued in the following
chapters. Without experimental data from a physical machine, MULTALL’s internal models
could not be verified for degradation phenomena, meaning any extension to CM purposes

would rely on unvalidated assumptions.
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The discussion developed in this chapter is therefore not intended to establish
performance predictions, nor to derive diagnostic indicators. It aims to present the process
through which CFD tools were evaluated, understood and ultimately selected for subsequent
developments. This approach ensured that the CFD tools used in the following chapters are
grounded in a critical and informed use, with a clear awareness of the strengths and
limitations of each numerical environment.

3.2 Role of CFD in turbomachinery design, analysis and diagnostics

CFD has made an integral contribution to the field of turbomachinery system development
and understanding. It thus becomes essential to identify the various roles CFD has within
turbomachinery engineering. All these roles affect modelling and solving.

In the context of aerodynamic design, CFD is primarily used as a predictive tool to
evaluate flow behaviour within blade passages, stage diffusers and volutes under ideal or
near-ideal conditions. In this stage, numerical analysis aim to guide geometric definitions,
assess losses, identify separation regions and eventually optimize performance metrics such
as pressure ratio or efficiency. CFD oriented to design often focuses on steady or quasi-
steady solutions and may rely on simplified boundary conditions, symmetry or periodicity
assumptions to reduce computational cost. The objective is not to perfectly replicate a
specific operating history, but rather to investigate trends and sensitivities across a design
space. Consequently, the emphasis is on robustness and repeatability instead of strict
agreement with experimental data.

When CFD is employed for performance prediction, the focus shifts toward reproducing
the behaviour of an existing machine under prescribed operating conditions. In this case,
numerical simulations are used to be compared to experimental results, to extend
performance maps beyond measured points or investigate flow phenomena that are difficult
to capture through testing. The modelling fidelity typically increases compared to design
applications, with more detailed representations of geometry, boundary conditions and loss
mechanisms.

The use of CFD as a tool for CM and diagnostics introduces additional challenges. There
is a requirement for diagnostic applications to be able to relate numerical predictions to
measured signals and to interpret deviations in terms of physical degradation or faults.
Contrary to design or performance studies, CFD-based diagnostics demands consistency
across time, sensitivity to aerodynamic changes and compatibility with experimental data
streams. In this context, CFD does not act as a standalone solution, but rather as a reference
framework against which measured behaviour can be compared; leading to strict
requirements on model validity, boundary condition definition and uncertainty management,

since modelling inaccuracies could lead to misleading diagnostic conclusions.
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In view of this, the choice between steady and unsteady simulations it is also important.
Steady-state CFD remains widely used due to its reduced computational cost and relative
robustness, making it suitable for parametric studies, baseline performance assessment and
surrogate model generation. On the other hand, many turbomachinery phenomena closely
related to diagnostics, such as rotating stall, surge inception, wake interaction and unsteady
loading, are inherently time-dependent. Consequenlty, to capture these effects it is required
to transition to unsteady simulations, which increase computational demand and data
volume. As a result, unsteady CFD is often reserved for targeted investigations, while steady
or averaged representations are preferred for integration within monitoring frameworks.

Moreover, access to experimental data plays a crucial role, when detailed measurements
and validated geometries are available, CFD can be calibrated and employed more
confidently as part of a diagnostic methodology. In the absence of experimental reference
data, CFD results must be interpreted with caution and their role is often limited to qualitative
analysis or methodological exploration.

Computational cost represents another critical factor itself. High-fidelity simulations can
provide improved physical resolution but are rarely compatible with the time constraints
offered by monitoring systems. For this reason, CFD-based diagnostic frameworks often rely
on reduced-order models, for instance in the form of response surfaces or surrogate
representations or also data-driven techniques. In this way, during operation, measured
sensor data can be mapped or interpolated onto the CFD-based diagnostic models, allowing
fast estimation of performance deviations without the need for direct real-time simulations.

Despite its strengths, CFD alone is not sufficient for diagnostics. Numerical simulations
inevitably rely on assumptions regarding turbulence modelling, boundary conditions and
geometric fidelity, all of which introduce a certain level of uncertainty. Furthermore, CFD
does not naturally account for sensor noise or the operational variability of real machines. It
follows that any diagnostic CFD model should be validated with experimental results under
faulty conditions or at least be complemented by experimental measurements.

All these factors illustrate why no single CFD solution can be capable of serving as a
comprehensive platform for addressing every aspect associated with turbomachinery
analysis and monitoring. Different solvers and numerical environments offer
complementary strengths and their combined use allows engineers to balance fidelity,
flexibility and practicality.

3.3 CFD simulation workflow

Almost all CFD codes have a structured procedure, which can be broken down conceptually
into three broad phases: pre-processing, solution and post-processing. Although these phases
can be delineated in different ways, depending on the numerical platform, this subdivision
represents an accepted framework that has been adopted by most CFD codes conventionally
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used for turbomachines. A brief description of these steps will be given below, as it will
provide a general reference framework for the numerical methods described later within this
chapter.

3.3.1 Pre-processing

The first step in a CFD simulation workflow is pre-processing. In this phase, the user selects
the geometry of interest, defines the calculation domain for which the simulation will be
done and discretises it thorugh a computational mesh into a series of computational nodes.
The geometry can be constructed directly with the simulation software or imported from
computer-aided design (CAD) drawings. The operations that can be performed in the pre-
processing phase are listed here:

e Definition of the geometry.

e Generation of the mesh.

e Definition of the various parts of the mesh.

e Selection of the type of fluid.

e Selection of the physical phenomenon of interest.

o Definition of physical parameters, turbulence models, etc.

o Selection and definition of boundary conditions.

o Selection of calculation settings and parameters.

The domain solutions are obtained based on the predefined mesh nodes; therefore, a larger
number of grid cells ensures greater accuracy in solving the problem, but at the same time,
it comes with greater computational costs.

Generally, most of the industrial CFD codes, such as ANSY'S, can automatically generate
optimal grids for geometries that do not present significant variations in size. When the
software mesher cannot apply its algorithm, the process is carried out manually, requiring a
large amount of time and considerable experience.

3.3.2 Solver

The CFD solver has the function of solving and bringing to convergence the equations that
describe the flow field for the geometry defined in the pre-processing phase. The following
methods can be used:
o Finite differences.
o Finite elements.
e Finite volumes.
The approach most used by CFD codes is the finite volume method. The main stages of
the scheme are:
e Application and integration of the partial differential equations of motion
(continuity, momentum and energy) to the finite volumes that discretise the entire
domain.
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o Conversion of the differential equations into a system of algebraic equations with
the introduction of approximations.
e [terative solution of the algebraic equations.

The iterative approach is required by the non-linear nature of the equations, with the
solution converging step by step towards a final one. The error between the final solution
and the exact solution, which is often unknown, depends on numerous factors, such as the
size and shape of the domain volumes and the final residuals. Complex physical phenomena
such as combustion and turbulence are often modelled using empirical relationships, the
approximation introduced by the models additionally contributes to the difference between
the CFD solution and the exact solution.

3.3.3 Post-processing

Most modern CFD packages offer graphical interfaces for displaying the solution results.
These are divided into:

e Geometry and mesh visualisation.

o Flow vectors visualisation.

o Streamlines visualisation.

e Graphical field visualisation of quantities, such as pressure and temperature.

o Image export.

e Animations.

The introduction of these packages allows users to visualise the results and facilitates

their interpretation by quickly identifying the areas that require particular attention.

3.4 ANSYS CFX

The CFX commercial programme from the ANSYS suite was used to perform the
calculations at the base of the radial compressor studies presented in Ch. 4. This powerful
and intuitive code for fluid dynamics simulation is particularly appreciated in the field of
turbomachinery. The programme consists of four main modules:
e TurboGrid is the programme for importing geometry and constructing the mesh.
It was developed for the turbomachinery sector and is therefore very suitable for
mesh generation. The mesh is implemented in a very guided manner, while still
allowing the operator to intervene on the main parameters. It is also possible to
construct the geometry with external CAD softwares, such as Solidworks, Solid
Edge, AutoCAD 3D, PTC Creo and then import it into TurboGrid.
e CFX-Pre, where the mesh is loaded and prepared for simulation. Meshes can be
imported not only from Turbogrid but also from other softwares such as ICEM.
Within the program, the various fluid domains are defined and specific boundary
conditions are specified for each one.
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o CFX-Solver Manager is the programme that performs the calculations. During
the calculation, there is the possibility to monitor certain variables defined by the
user in the pre-processing stage and analyse the trends of the residuals.
Depending on the type of problem being analysed, both steady-state or unsteady-
state calculations can performed.

e CFX-Post is the programme that allows postprocessing the fluid domain and
analyse the simulation results by displaying them with various graphical solutions
such as diagrams, contours, vectors, streamlines, etc. In relation to unsteady
simulations, it is also possible to create videos showing how the flow behaves in
time.

Figure 3.1 summarises workflow scheme of ANSYS CFX in a logical diagram.
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Figure 3.1. Workflow scheme of Ansys CFX.

3.4.1 Radial compressor CFD modelling as methodological reference

The radial compressor studies presented in the following Ch. 4 are mainly based on a
database generated by a previous, extensive numerical investigation into the unsteady
aerodynamic behaviour of a two-stage radial compressor for refrigerant applications. This
foundational work, detailed by Marsano et al. in [110], employed ANSYS CFX to perform
URANS simulations for three different operating points in the range from the best efficiency
point (BEP) to the deep surge one (SU). The investigation was based on a consolidated
modelling framework, which included validation against experimental results and ensured

that the numerical outcomes were consistent with physical flow phenomena.
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For the present thesis, the same CFX framework was used to run a new unsteady
simulation for one additional operating point, referred to as "New Point (NP)" and located
between the BEP and the near-surge one (NS).

It is mentioned that the primary focus of the following studies of Ch. 4 was on deriving
diagnostic models critical for surge detection across the analysed operating range of the
selected machine. These models were based on data obtained from the time-resolved
pressure signals extracted from the four aforementioned operating points. The static pressure
time series were monitored at key locations within the compressor flow path. This
positioning highlighted how CFD can be effectively used to emulate virtual sensors and
enabled easy access to unsteady flow quantities (pressure fluctuations associated with
incipient surge and flow instability) that are difficult or impractical to measure
experimentally.

Figure 3.2 illustrates the radial compressor geometry adopted in the reference CFD model
[110], along with multiple reference sections. The monitors used for signal extraction were
defined in the following sections:

e First stage: 12 at section 1 (Inducer) and 18 at section 3 (Diffuser).

e Second stage: 12 at section 6 (Inducer) and 22 at section 8 (Diffuser).

l'!CP

Lot

|

J

I

3 1
I Sect. 2
Figure 3.2. Schematic of the reference two-stage centrifugal compressor with reference control sections (adapted

from [110]).

As previously introduced in the reference work [110], CFD simulations were carried out
using two computational models, namely Simple and Fully3D.

In the Simple configuration, a reduced sector of the machine was initially modelled
through steady-state RANS simulations, employing circumferential periodicity to provide a
first solution of the aerodynamic behaviour of the compressor (see Figure 3.3). In particular,
a single sector was used to model the flow path from the adduction duct to the impeller exit
of the first stage. The impeller of the second stage was also modelled with one sector, while
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the remaining elements were simulated in their full geometry. Structured meshes were
generated for the bladed components using TurboGrid, whereas unstructured meshes were
adopted for the other domains. Care was dedicated to near-wall grid refinement, ensuring
dimensionless wall distances compatible with low-Reynolds turbulence modelling and to
model the fluid as a real gas. A mesh sensitivity analysis was also performed to verify that
predicted global performance variations remained within acceptable limits.
The Fully3D model represented the complete annular geometry of the two-stage compressor
and was introduced to capture full circumferential flow interactions and time-dependent
phenomena. Although secondary cavities were neglected in this configuration to limit the
overall grid size, the model retained the full three-dimensional blade representation and
allowed unsteady flow interactions between the different components to be resolved.
Compared to the previous configuration, this approach required significantly higher
computational resources but enabled a physically consistent simulation of flow instabilities.
The Fully3D configuration was first simulated in a steady form and then with an unsteady
setup.
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. (static pressure)
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. //;‘; — (massflow rate)
Secondary inlet _» =

(closed: wall no-slip)
Figure 3.3. Geometry used in the Simple model of [110].

Figure 3.4 schematically compares the results from the different modelling approaches
employed in [110], demonstrating their different levels of fidelity (the plotted results are
averaged over one impeller rotation). The performance curves presented here show the
computed total-to-static pressure ratio versus mass flow rate, defined as:

PR,, = Lot (3.1

Pt in

where p,,,: and p; i, are respectively the outlet static and inlet total pressure of the stage.
It is possible to see that the Simple model (with implemented rough walls) already achieved
a good agreement with the experimental data; however, the most accurate results were
obtained with the Fully3D geometry in its unsteady configuration.
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While simplified models are useful for preliminary assessments and parametric studies,

3D unsteady simulations are required to capture the temporal evolution of flow instabilities.

For this reason, the unsteady Fully3D model was used to investigate the flow mechanisms that

triggered instability.
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Figure 3.4. Performance curves of the different CFD models compared to the experimental data (adapted from
[110]).

Finally, Figure 3.5 presents an example of the normalised static pressure signals,

extracted from the Fully3D CFD simulations for the best efficiency and near surge

conditions (BEP, NS) at 10 % of the diffuser exit of stage two. The monitored static pressure

was normalised as:

CP =

P~ Pwo
D¢,

(3.2)

oo_poo

where p,, and p. are respectively the reference static and total pressure of the

investigated component, that is, the inducer or the diffuser. Focusing on probe location, the

figure also highlights the role of CFD in helping to understand which monitors are more

sensitive to flow instabilities and therefore useful for developing diagnostic models. In other

words, CFD does not act as a direct diagnostic tool, but rather as a means to inform the

structure and interpretation of diagnostic datasets.
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Figure 3.5. CP monitors for the BEP (right) and NS (left) conditions located at 10 % of the diffuser exit of stage two

(adapted from [110]).
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In summary, for the present thesis, the role of the ANSYS CFX modelling framework
was not to provide new insights into fundamental radial compressor aerodynamic
performance. Instead, its primary purpose was to represent a tool for establishing a validated
numerical reference essential for the subsequent signal analysis. This reference, defined by
the monitoring strategy illustrated with Figure 3.5, provided the pressure-signal database
that will lead to the development of a diagnostic model for detecting and predicting incipient
compressor instability (see Ch. 4).

3.5 ANSYS Fluent

ANSYS Fluent is a general-purpose CFD solver widely employed for the analysis of both
internal and external flow problems. Unlike ANSYS CFX, which was specifically tailored
to turbomachinery applications, Fluent was designed to accommodate a broader range of
geometries, flow regimes and modelling requirements, which make it particularly suitable
for applications involving complex external acrodynamics and large computational domains.

With relevance to wind turbine analysis, the aerodynamic problem is significantly
different from classical compressor or gas turbine simulations. In this case, the flow field
develops in an open domain, is strongly influenced by inflow conditions and is characterised
by prominent three-dimensional effects and wake development. Fluent represents a great
tool to study such configurations within a unified numerical framework, while maintaining
compatibility with both structured and unstructured meshing strategies and also offering a
wide variety of numerical formulations.

A further relevant aspect of Fluent is its easy integration within ANSYS Workbench.
ANSYS Workbench enables a structured workflow from geometry preparation to mesh
generation and solver execution. Such an environment is very helpful when designing a
systematic study where geometric or operating parameters may be varied while preserving
a consistent simulation setup.

In this context, ANSYS Fluent was adopted as the CFD environment for the wind turbine
studies presented in Ch. 5. The present section focuses on the numerical workflow and
software framework employed, while detailed modelling assumptions and simulation results
are intentionally presented in the following chapter.

3.5.1 CFD workflow based on ANSYS Workbench

As introduced in Sect. 3.3, a CFD simulation can be conceptually divided into three main
steps, namely pre-processing, solution and post-processing. In the present section, these
phases were implemented and managed within the ANSYS Workbench environment,

adopted as the integration platform for the wind turbine simulations carried out using
ANSYS Fluent.
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Rather than redefining the individual CFD phases, this section focuses on the role of
ANSYS Workbench as a workflow-management layer, responsible for connecting geometry
preparation, mesh generation, solver execution and post-processing within a unified and
consistent numerical framework.

One of the main advantages of using ANSYS Workbench lies in its ability to enforce
consistency across the various steps of the numerical procedure. Changes introduced at the
geometry level can be automatically propagated to downstream components, such as the
meshing and solver stages, reducing the risk of inconsistencies and improving
reproducibility. This aspect is particularly relevant when dealing with complex geometries

or when multiple simulation cases must be generated following the same modelling logic.
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Figure 3.6. Workflow of ANSYS Workbench for a CFD simulation with ANSYS Fluent.

Figure 3.6 presents the ANSYS Workbench framework, where the CFD workflow is
typically organised into a sequence of interconnected modules. Geometry definition and
modification are handled in dedicated preprocessing tools, after which the computational
domain is discretised through the meshing module. The generated mesh is then passed to the
Fluent solver, where the governing equations are solved and the resulting flow field is made
available for visualisation and data extraction during post-processing.
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3.5.2 Geometry preparation in ANSYS SpaceClaim

The geometry preparation phase represents an important step in the CFD workflow for wind
turbine simulations, as it directly influences mesh quality, numerical stability and the overall
robustness of the solution. For the wind turbine studies presented in Ch. 5, geometry
handling and preprocessing were performed using ANSYS SpaceClaim, which provides a
flexible and efficient environment for preparing CAD models for CFD applications within
the ANSYS Workbench framework.

The starting point of the preprocessing stage consists of importing the wind turbine
geometry into SpaceClaim and verifying its consistency for numerical analysis. Next, a key
objective of the geometry preparation stage is to define the fluid domain surrounding the
wind turbine. For external aerodynamic simulations, this typically consists of defining an
open computational domain that extends sufficiently upstream, downstream and laterally
from the rotor to minimise boundary effects on the flow solution. Further details are provided
in Sects. 5.3.6 and 5.5.2 of Ch. 5.

Within SpaceClaim, this was achieved by creating a surrounding volume around the
turbine geometry and performing a Boolean subtraction with the turbine CAD model to
obtain a clean fluid region suitable for meshing. Figure 3.7 shows, as an example, a detail of
the subtraction process around the selected wind turbine.

\ /%

Figure 3.7. SpaceClaim section of the fluid domain showing the Boolean subtraction result.

Next, depending on the type of analysed aerodynamic fault, care was used to define
proper inlet and outlet surfaces, lateral boundaries and interfaces associated with the rotating
components (further details are provided in Ch. 5). To support a structured and repeatable
workflow for simulating multiple operating points, these regions were organised using
named selections, which allow boundary conditions and solver settings to be consistently
assigned in subsequent stages without ambiguity.

Another important aspect of the preprocessing stage concerns the definition of a proper
reference system. For wind turbine simulations, the correct alignment of the rotor axis and
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the inflow direction is essential to ensure consistency across different operating scenarios
and to define a reference for the following studies.

Overall, SpaceClaim preparation led to a robust geometry with defined boundaries,
ensuring consistent CFD simulations. The following meshing strategy is discussed in the

next section.

3.5.3 Meshing strategy in ANSYS Workbench and polyhedral conversion

The meshing stage represents a critical phase of the CFD workflow. In this section, the
meshing strategy is discussed from a numerical and methodological perspective, before fine
tuning and case-specific refinements are addressed in the following chapters. Starting from
the fluid domain prepared in ANSYS SpaceClaim, an initial surface and volume mesh was
generated using unstructured elements in the mesher of ANSYS Workbench. In this way,
complex external geometries such as the wind turbine rotor, nacelle and the surrounding
domains can be efficiently discretised. The surface mesh resolution was defined to
adequately represent blade geometry and domain boundaries; the volume mesh was
generated to grant smooth cell-size transitions, with an acceptable element quality
throughout the computational domain.

In the regions close to the rotor and in the wake area, a higher mesh density was assigned
due to the expected presence of stronger flow gradients and interaction effects. On the other
hand, progressively coarser mesh resolutions were employed farther away from the turbine
where flow variations are less pronounced. This strategy improves the computational cost
and allows capturing the main aerodynamic features without an unnecessary increase in the
total number of cells.

Boundary layer representation was managed through the introduction of near-wall prism
layers along the blade and nacelle surfaces. The mesh was constructed to offer a consistent
near-wall discretisation scheme suited for boundary layer modelling in Fluent. The detailed
wall treatment and turbulence modelling assumptions are discussed in the following Ch. 5.

After the generation of the first unstructured mesh, a polyhedral mesh conversion was
applied. In the Workbench workflow, this conversion is possible only in the ANSYS Fluent
software. Moving from a tetrahedral to a polyhedral mesh presents several numerical
benefits; polyhedral meshes typically reduce the overall number of cells required to
discretise a given domain, while increasing the number of faces per cell. This results in
improved numerical stability and more accurate gradient reconstruction, particularly in the
complex flow regions developing around the wind turbine. In addition, polyhedral meshes
are known to enhance solver robustness and convergence behaviour, which is especially
beneficial when conducting multiple simulations within a systematic numerical campaign.

Figure 3.8 illustrates a comparison between the initial tetrahedral mesh and the
corresponding polyhedral mesh obtained after conversion. A systematic change can be noted
in the cell topology and overall mesh structure. The adoption of polyhedral meshes
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represents a methodological choice which aims to improve numerical efficiency and stability
while maintaining fidelity for wind turbine CFD simulations.

In essence, the meshing strategy introduced in this section laid a numerically robust
foundation for the subsequent solver step. The combination of the advantages of unstructured
meshing with those of the polyhedral discretisation method makes the generated meshes
appropriate for the CFD investigation of wind turbine designs.

Figure 3.8. Conversion from tetrahedral mesh (vight) to polyhedral mesh (left).

3.5.4 ANSYS Fluent solver environment and solution process

ANSYS Fluent provides a comprehensive solver environment for the numerical solution of
the governing equations of fluid flow, structured around a modular solution process. Once
the computational mesh is imported into the solver, the simulation setup is organised through
a sequence of steps that include turbulence model selection, solution control, convergence
monitoring and data storage for post-processing. This structure allows the user to manage
complex simulations in a clear and replicable manner.

A meaningful possibility of the Fluent solver in the context of wind turbine simulations
is its ability to easily handle rotating regions within external flow configurations. One of the
key methods used in the modelling of the rotating machinery in a steady configuration is that
of the Multiple Reference Frame (MRF) method [111]. In the MRF method, the set of
governing equations is solved for multiple reference frames for the rotating and stationary
parts of the region of interest. This is achieved by introducing additional source terms in the
momentum equations that account for Coriolis and centrifugal effects in the rotating frame,
while the stationary frame maintains the usual inertial form.

During the solution process, Fluent allows continuous monitoring of convergence through
both residual-based criteria and user-defined integral quantities. This monitoring capability
helps to assess numerical stability and solution consistency throughout the simulation. In
addition to convergence indicators, the solver also enables the definition of monitors
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associated with flow variables of interest, which can be recorded during the solution process
and later analysed during post-processing.

Another important aspect of the Fluent solver environment is the accessibility of
simulation data for post-processing and further analysis. Flow field variables, surface
quantities and integral outputs can be readily exported in standard formats, supporting their
use in external processing tools or other numerical workflows.

In summary, ANSY'S Fluent represents a tool that offers a structured and robust numerical
solution process for external aerodynamic simulations of wind turbines. Detailed solver
settings and modelling assumptions, intentionally omitted here, are presented in the

following Ch. 5, where the wind turbine simulations are discussed in detail.

3.5.5 Concluding remarks on Fluent as a CFD tool

Within this section, the software tool ANSY'S Fluent has been presented as a general purpose
tool for CFD simulations, which can also be applied for the numerical simulation of the
aerodynamic behaviour of wind turbines. Its flexibility in handling complex external flow
domains, together with rotating components makes it well suited for applications that extend
beyond the assumptions of classical turbomachinery solvers.

The inclusion of Fluent in the environment of ANSYS Workbench allows for a seamless
process from geometry preparation, mesh generation, through executing solvers and finally
post-processing. This helps in creating a structured framework for setting up CFD

simulations that are consistent and reliable, especially in the case of complex geometries.

3.6 MULTALL: design-oriented CFD for turbomachines

3.6.1 Overview of the MULTALL system and design philosophy

MULTALL is a CFD system specifically developed for the preliminary aerodynamic design
and steady-state analysis of turbomachinery by Prof. J. Denton [112]. Unlike other general-
purpose or industrial RANS solvers, MULTALL was developed as an environment that
allowed rapid design exploration of multi-stage compressors and turbines, rather than
providing a high-fidelity validation of a final industrial configuration.

The MULTALL system was developed to allow a direct transition from preliminary
design concepts to three-dimensional flow analysis. The core idea of this approach was that
for many design-oriented studies, a fast and reasonably accurate three-dimensional solver is
often preferred over a highly detailed but computationally expensive simulation.
Consequently, MULTALL was designed for iterative analysis, where several design
alternatives could be analysed for limited computing time, thus allowing designers to
examine a large portion of the design space for possible improvements.
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This key aspect is achieved through numerical models and assumptions selected to
balance physical realism and computational efficiency. In addition, thanks to the open
structure and flexibility of MULTALL, the user can load a predefined machine geometry
and move directly to three-dimensional flow simulations. By offering fast, physically
informed assessments of multi-stage aerodynamics, MULTALL can serve as an effective
tool for generating large turbomachinery databases through parallel simulations, leveraging
both its high calculation speed and low memory requirements.

3.6.2 MULTALL workflow: MEANGEN - STAGEN - MULTALL

The MULTALL system is structured around a workflow composed of three main modules:
MEANGEN, STAGEN and MULTALL. Each module focuses on a specific level of the
turbomachinery design process, enabling a progressive transition from preliminary design
parameters to three-dimensional multi-stage flow simulations within a single and linked
framework.

MEANGEN. This represents the first stage of the workflow, responsible for the
definition of the mean-line design of the turbomachine. In this module, the overall
thermodynamic and aerodynamic parameters of the machine stages are specified and a
preliminary description of the blade-row characteristics is generated. In particular,
MEANGEN outputs the initial estimates of the flow angles, velocity triangles and key
geometric quantities that define the base operating characteristics of the machine. This
information represents the starting point for the subsequent stages of the design process.

STAGEN. The output file of MEANGEN is then passed to the second module STAGEN,
which performs the stacking of individual blade rows and the definition of the coordinates
of the meridional flow channel. The axial and radial distributions of the stages are also
established and the overall 3D geometry of the machine is constructed in a simplified and
consistent manner. In addition, this module also allows the user to upload a known geometry,
instead of relying on one preliminarily generated one with MEANGEN. Therefore,
STAGEN acts as an intermediate link between the mean-line design and a full three-
dimensional analysis.

MULTALL. The third module, which performs a three-dimensional RANS analysis of
the complete multi-stage turbomachine, using the geometry and flow information generated
by the output file of STAGEN. MULTALL solves the governing equations of the flow over
the entire machine, allowing to capture the interaction between consecutive blade rows in a
steady-state framework.

One of the main advantages of the workflow of the MEANGEN-STAGEN-MULTALL
workflow is based on the automatic transfer of data from one module to another. Keeping a
consistent data structure throughout the design flow reduces the need for extensive manual
intervention, thus shortening the design iteration cycle and allowing multiple design variants
to be analysed efficiently and consistently.
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Figure 3.9 schematically shows the MULTALL workflow, highlighting the information
flow from MEANGEN to STAGEN and finally to the MULTALL solver.
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Figure 3.9. Schematic of the MULTALL workflow (based on [112]).

3.6.3 Grid topology and interface modelling

The spatial discretisation in MULTALL is based on structured, multi-block H-type grids
specifically developed for turbomachinery applications. This grid topology allows a
consistent representation of blade-to-blade, spanwise and streamwise directions while
maintaining compatibility with the mixing plane treatment between blade rows.

Each passage is discretised using a structured grid with grid lines lying in the direction of
the main flow. While discretisation in the blade-to-blade direction captures the variation of
flow in each passage, discretisation in the spanwise direction is necessary due to radial
gradients caused by secondary flow and end wall effects. Discretisation in the streamwise
direction lies along the meridional channel from inlet to outlet and local grid refinement is
commonly employed near leading edges.

A key aspect of the MULTALL methodology is the multigrid approach, which allows
individual blade rows to be discretised independently and then assembled into a complete
multi-stage configuration. This modular approach makes grid generation easier and enables
efficient modification of individual stages without requiring a full regeneration of the entire
computational mesh.

The interaction between adjacent blade rows in relative motion is modelled using mixing
plane interfaces. At each mixing plane, flow quantities are circumferentially averaged before
being passed to the downstream blade row. This approach represents a common strategy to
model steady-state interaction between rotating and stationary components while filtering
out unsteady blade-passing effects. The mixing plane model conserves mass, momentum
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and energy in a pitchwise-averaged sense and also introduces an entropy increase to take
into account the physical mixing process.

The use of mixing planes significantly reduces the computational cost of the simulation
compared to fully unsteady simulations. While this approach does not capture time-resolved
rotor-stator interactions, it is well suited for design iterations where the primary interest lies
in defining the mean flow behaviour of the machine together.

For these reasons, the structured H-grid topology combined with mixing-plane interfaces
adopted in MULTALL represents a robust and efficient numerical strategy for multi-stage
turbomachinery simulations, particularly in the context of rapid design exploration and
parametric studies. Figure 3.10 presents, as an example, a blade-to-blade view of the grid on
a streamwise surface of an axial turbine.

Figure 3.10. Example of a blade-to-blade view of a grid on a streamwise surface of an axial turbine (based on [3]).

3.6.4 Physical modelling and numerical assumptions in MULTALL

The MULTALL solver is based on a modelling strategy that specifically targets the
requirements of turbomachinery design studies, where the main objective is the rapid and
physically consistent estimation of performance trends, instead of a detailed resolution of all
turbulent flow structures. For this reason, the numerical formulation of MULTALL is
calibrated to represent the dominant flow mechanisms governing losses and stage interaction
and it deliberately simplifies aspects that would otherwise lead to high computational cost.
Viscous effects within the machine are described through turbulence closure models that
provide the eddy viscosity field required by the 3D Navier-Stokes solution. The dominant
viscous loss sources captured by this approach include boundary layer dissipation and wake
mixing losses. These models provide algebraic or differential closures for the turbulent
stresses, allowing the viscous losses to emerge naturally from the Navier-Stokes solution.
The user can select between the mixing length model, available in two versions (with the
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second one being an updated and improved version of the former), and the Spalart-Allmaras
turbulence model. The latter, as implemented within MULTALL, has been observed in
practice to be less robust for steady multistage simulations compared to the most recent
version of the mixing length model, which was therefore often preferred. Both solutions are
mainly focused on loss prediction rather than on the detailed reconstruction of turbulent flow
structures, consequently leading to loss underestimation when dealing with highly separated
flows.

Another important aspect of the physical modelling implemented in MULTALL concerns
the treatment of tip clearance and leakage flows. In design-oriented simulations, explicitly
meshing clearance gaps would lead to a significant increase in grid complexity and
computational cost. Therefore, MULTALL represents clearance effects through simplified
modelling strategies, which account for the associated mass flow leakage and energy losses
without resolving the detailed flow within the clearance region. In particular, tip leakage for
plain tip clearances is calculated using the pinched tip model, in which the blade is thinned
towards the tip and across the tip gap the blade thickness is set to zero (see Figure 3.11).
Although with a certain degree of simplification, this method allows to include the influence
of clearance on the stage performance and on the overall machine behaviour in a consistent
and computationally efficient manner.
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Figure 3.11. Example of a tip clearance mesh for an axial compressor blade on MULTALL.

A further key element covered in MULTALL is the trailing-edge modelling. When
discretising the mesh, problems may arise for blades with blunt trailing edges. With a very
fine grid around a blunt trailing edge, a local area of low pressure may be found on the
pressure side of the blade, because the flow does not separate early enough and consequently

-82-



follows a high curved surface. This effect, in return, provides an unrealistic load on the blade
reaching negative values at the trailing edge.

To avoid this problem, MULTALL offers the possibility to use the cusp fitted at the
trailing edge. This option sets a triangular area that extends the trailing edge of the blade,
bypassing the excessive curvature of the streamlines (see Figure 3.12Figure 3.12). The cusp
is modelled to carry no tangential force and so does not contribute to the lift on the blade or
the work done by it. However, it does exert a meridional force on the blade, which is exactly
balanced by the force it exerts on the flow. Finally, when dealing with blades with very thick
trailing edges, which make it difficult to implement a cusp, the code also offers to apply a
body force in the region immediately downstream of the trailing edge as another possible
solution.

In summary, the physical modelling strategy adopted in MULTALL represents a
deliberate compromise between accuracy and efficiency. By prioritising the representation
of dominant loss mechanisms and stage interactions over detailed turbulence resolution, the
solver enables fast and robust simulations of multi-stage turbomachinery configurations.
This modelling strategy is fully consistent with the design-oriented objectives for which
MULTALL was developed and explains its widespread use in academic research and

preliminary design studies.
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Figure 3.12. Use of a trailing edge cusp on MULTALL (adapted from [112]).
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3.7 Comparative assessment of CFD solvers based on a three-stage axial
compressor

As previously introduced in the chapter’s introduction, a comparative analysis was
conducted to evaluate the predictive trends and consistency of the MULTALL solver. The
primary objective was to determine if the code could reliably generate large datasets required
for training diagnostic NNs for axial compressors.

For this reason, a three-stage axial compressor originally proposed by Prof. Denton was
selected as a reference test case [112]; the compressor consists of an academic design
example, publicly available in the MULTALL program as a MEANGEN input file. It is
highlighted that the selected machine does not correspond to a real industrial compressor for
which experimental data is available. Conversely, it served as a numerical benchmark for
CFD solvers comparison, aiming to investigate whether MULTALL was able to reproduce
consistent aerodynamic trends when compared with a higher-fidelity RANS solver and to
establish its modelling limits.

In this context, ANSYS CFX was employed as the reference high-fidelity solver. The
Denton compressor geometry, originally generated within the MEANGEN-STAGEN-
MULTALL workflow, was extracted and adapted for use in CFX. This approach enabled a
systematic evaluation of solver consistency and isolated the impact of modelling
assumptions, turbulence treatment and geometry resolution.

3.7.1 Reference compressor case

The availability of the original MEANGEN input file allowed the complete reconstruction
of the selected machine geometry using the original MULTALL workflow. This aspect made
the Denton compressor suitable as a benchmark for numerical comparison and avoided
ambiguities associated with geometry reconstruction or undocumented modelling
assumptions.
The compressor consisted of three consecutive axial stages with a mean radius of 0.5 m.
It was designed to process an air mass flow rate of 50 kg s™' at ambient conditions, while
operating at a design speed of 5000 min!. The design is characterised by a reaction of 0.7, a
flow coefficient (¢p) of 0.6 and a load coefficient (y) of 0.4. Figure 3.13 presents its
associated MULTALL mesh.
The resulting geometry and flow information were first employed on MULTALL to
perform steady-state three-dimensional simulations of the machine.
The comparison between MULTALL and CFX was focused on the following elements:
e (lobal performance characteristics, including total pressure ratio, efficiency and
mass flow rate, evaluated across the entire operating range.
e Circumferentially averaged spanwise distributions of selected quantities, such as
axial velocity and swirl angle, analysed at the design operating condition.
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¢ Qualitative and quantitative trends when moving away from the design point,
particularly towards the surge point.

mii

T

Figure 3.13. Mesh generated for the Denton three-stage compressor

A quantitative relative difference within 5 % between the two solvers was considered
acceptable, in line with common practice in compressor CFD comparison studies.

It is important to note that, due to the absence of experimental data associated with the
Denton compressor, the present analysis did not claim validation of either solver against
experimental measurements. The use of the Denton case, as stated, is solely for comparison
purposes to enable an evaluation of the capabilities and limitations of the MULTALL code
compared to a higher-fidelity RANS solver.

3.7.2 Geometry extraction and preparation for high-fidelity CFD

The reference geometry used for the present comparison was generated using the native
MEANGEN-STAGEN-MULTALL workflow. Starting from the original MEANGEN input
file, the meanline design parameters were first used to define the velocity triangles and
overall stage characteristics. The output data from MEANGEN was subsequently passed to
STAGEN, where twelve blade sections per row were prescribed. From the resulting file,
later used as input in MULTALL, the generated geometry was extracted and converted into
a format suitable for high-fidelity RANS simulations.

The input for MULTALL provides direct access to the mesh node coordinates in axial,
radial and circumferential directions for each blade row. Based on this information, five
blade sections were extracted at consistent spanwise indices across all rotors and stators,
together with the same corresponding hub and shroud contours. These data were exported as
discrete coordinate sets and subsequently reorganised into a compatible format for the CFX
preprocessing environment.

During the initial geometry transfer to CFX, it was noticed that the discretisation adopted
within MULTALL, while adequate for its design-oriented modelling approach, was not
sufficient for use in a high-fidelity RANS solver like CFX. Specifically, the number of points
directly extracted from individual blade sections was limited, especially in regions of high
curvature, such as the leading edge (see Figure 3.14).
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Figure 3.14. MULTALL geometry, directly imported into ANSYS CFX.

For this reason, the blade geometry was further refined using the B-spline curve fitting
tools of the ICEM CFD software. Next, by resampling the profile with a higher point density
at the leading edge, a smoother curvature was achieved, thus allowing the CFD solver to
accurately capture the stagnation point location. Without this refinement, the polygonal
approximation of the leading edge resulted in a distorted pressure distribution and eventually
forced the stagnation region.

Figure 3.15. Final geometry comparison for the Denton compressor: red (MULTALL) and white-grey (CFX).

The mesh refinement was primarily driven by the modelling hypotheses that CFX
employs. Unlike MULTALL, designed to predict mean aerodynamic characteristics with a
relatively low geometric level, in CFX insufficient geometric resolution at the blade leading
edge can significantly influence the boundary layer development and the associated loss
mechanisms. Therefore, the purpose of the refinement was to make sure that the geometry
representation was consistent without any effects on the original aerodynamic design of the
compressor, meaning that any difference found between the results obtained with
MULTALL and CFX could be assigned to the solver assumptions and not the geometry. A
meridional view of the two final geometries is presented in Figure 3.15.

3.7.3 Numerical setup and solver alignment

For a proper comparison between MULTALL and ANSYS CFX, the numerical setup was
defined with the main objective of granting solver-to-solver consistency. Both solvers were
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analysed under steady-state conditions, avoiding the introduction of time-dependent effects
that could not be resolved in MULTALL.

In addition, because in MULTALL the interaction between consecutive blade rows is
modelled through mixing planes, an equivalent treatment was adopted in CFX, where mixing
plane interfaces were set at the same axial locations to preserve consistency in the modelling
of rotor-stator interactions. Whereas frozen rotors were used for stator-rotor interfaces.

Boundary conditions and operating points were aligned across the two numerical codes
as well. The same design rotational speed was imposed for all simulations. The inlet
boundary condition was defined in terms of uniform total pressure and total temperature,
101325 Pa and 300 K, respectively. In MULTALL, the outlet is typically specified through
a static pressure condition (radial equilibrium); the same equivalent boundary condition was
applied in CFX. By progressively varying the outlet static pressure, the full compressor
performance map was obtained with both solvers, enabling a direct comparison of operating
trends from the near choke state towards the surge condition.

Regarding turbulence modelling, within MULTALL, simulations were carried out using
the most recent version of the mixing length turbulence model. This model, primarily
calibrated for the prediction of mean losses, relies on wall-function treatments for the
evaluation of near-wall shear stresses, rather than on an explicit resolution of the viscous
sublayer.

In CFX, the standard k-& turbulence model was selected. While the SST k-w model is
typically preferred for resolving boundary layers in turbomachinery; this study employed the
standard k-¢ model to maintain consistency between solvers. By adopting the k-¢
formulation, CFX utilised wall functions (in their scalable form) that mirror the near-wall
treatment and loss-modelling framework of MULTALL. This alignment is crucial for a
direct and comparative analysis of the aerodynamic losses predicted by both codes.

In other words, the turbulence modelling choice on CFX was driven by the need to
establish a fair and controlled comparison between solvers characterised by different
modelling philosophies, ensuring that observed differences in the results could be attributed
primarily to the specific characteristics and limitations of the solvers, rather than to
mismatched modelling assumptions.

Finally, a mesh sensitivity analysis was performed, leading to about 1.4 million elements
on MULTALL (Figure 3.13) and about 8.1 million elements on CFX, with an average y*
value of 30.

3.7.4 Results of the solver comparison

The comparison between MULTALL and ANSYS CFX was first conducted using global
performance parameters across the analysed operating range and then complemented by a
local flow field assessment at the design operating condition.
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Figure 3.16 presents the total pressure ratio (right) and the total isentropic efficiency (left)
as a function of mass flow rate predicted by the two solvers. Regarding the pressure ratio,
both codes reproduced a consistent overall trend, exhibiting a monotonic decrease in
pressure ratio with increasing mass flow rate. Table 3.1 presents the CFX results in terms of
mass flow rate (MFR), total pressure ratio (PR), total isentropic efficiency and the
corresponding MULTALL relative percentage errors with respect to CFX. It was observed
a very good agreement between the pressure ratios obtained by the two codes, indeed
deriving from the same type of outlet boundary condition. All percentage errors were below
1 % and the best result was obtained for a mass flow rate of 49 kg s™.

Of great interest is also the percentage difference in terms of mass flow rate. When
moving towards the surge condition, a clear divergence was observed between the two
software behaviours, over 5 % for MFRs values below 47.90 kg s\
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Figure 3.16. Characteristic curves of the Denton compressor obtained with the MULTALL code and ANSYS CFXIn
particular, the data was split into 70 %.

Regarding efficiency, the two solvers exhibited different characteristic trends.
MULTALL predicted a relatively flat efficiency plateau at lower MFRs, with a peak
efficiency of 0.917 at the design flow of 50 kg s'. On the other hand, CFX reproduced a
more typical parabolic curve, reaching a maximum efficiency of 0.902 at a slightly lower
MFR 0f48.40 kg s'. Despite this shift in behaviour, the discrepancy between the two solvers
remained limited, with relative efficiency differences staying below 3%.

Table 3.1. ANSYS CFX results and MULTALL relative percentage error with respect to CFX.

MFR [kgs!'] A% MFR PR A% PR Efficiency A% Eff.
50.68 1.82% 1.95 0.42% 0.869 2.41%
49.84 2.33% 2.07 0.08% 0.895 1.53%
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49.00 2.86% 2.14 0.02% 0.901 1.10%
48.40 3.72% 2.17 0.06% 0.902 1.55%
47.90 4.63% 2.18 0.33% 0.895 2.23%
47.40 5.49% 2.19 0.34% 0.891 2.79%
47.27 5.56% 2.20 0.62% 0.890 2.91%

The agreement was particularly close in the vicinity of the design operating condition,
with larger deviations observed when moving away from it.

To complement the global performance comparison, circumferentially averaged spanwise
distributions were sampled at a station downstream of the last stator (axial node 656 out of
704), for the design point condition. Figure 3.17 presents the swirl angle (a) and axial
velocity (b) profiles, respectively. The spanwise distributions of swirl angle exhibited a
generally consistent behaviour between the two solvers at the design condition. Both solvers
predicted comparable swirl levels over a large portion of the span, while noticeable
discrepancies are present in the endwall regions. In particular, CFX predicted larger
deviations near the hub; on the other hand, MULTALL generated a smoother spanwise
variation.

The axial velocity distributions predicted by MULTALL and CFX show similar trends
over most of the blade span, with the highest level of agreement observed in the mid-span
region. More pronounced differences were found again near the hub, where CFX predicted
stronger velocity gradients.
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Figure 3.17. Spanwise distributions of swirl angle (a) and axial velocity (b) at the design point.

In conclusion, it was found that MULTALL is well suited for design-oriented studies,
trend analyses and also preliminary performance assessments of multistage machines,
particularly close to the nominal operating condition. At the same time, this comparison
clearly indicated the limitations of the code when applied to off-design conditions where
high separations, secondary flow effects and viscous effects are of major importance. Within
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the controlled numerical environment considered in this thesis, these differences can be
attributed to the distinct modelling philosophies of the two solvers rather than to
inconsistencies in geometry or boundary conditions.

3.7.5 Methodological scope and limitations of MULTALL

Beyond standard performance evaluation, the main focus of this thesis is on machine
operation under faulty conditions, where the flow field is far from design conditions.
Degradation mechanisms such as fouling, erosion or surface roughness growth cause local
flow distortions, alter boundary layer behaviour and generate non-uniform losses, which
cannot be entirely compatible with the solver approach adopted in MULTALL. As shown in
the previous section, when operating outside the machine's intended design range, the
solver’s underlying assumptions progressively lose validity.

This limitation is further supported by another constraint of the present research: the
unavailability of a real industrial compressor with experimental data suitable for validation
under faulty operating conditions. Without experimental data, it would be impossible to
recalibrate or verify MULTALL’s internal models in the presence of degradation
phenomena. Thus, any extension of its use to CM purposes would rely on unvalidated
assumptions.

For these reasons, the use of MULTALL was discontinued in the next phases of this work.
This choice is not the result of the solver’s numerical inadequacy within its original scope,
but a discrepancy between the solver’s modelling approach and the validation needs set by
the further studies regarding faults and degradation of turbomachines.

3.8 Chapter summary

This chapter presented the CFD tools employed within the thesis for the future development
of diagnostic models for turbomachines. It focused on the modelling assumptions, the
implications of the workflow and the technical application of each tool for repeatable
aerodynamic analyses. As introduced, rather than presenting CFD results directly, the
purpose of this chapter was to address the methodological context in which the different
numerical solvers were evaluated.

In addition, a quantitative comparison of a three-stage axial compressor using the design-
oriented turbomachinery code MULTALL and the higher-fidelity code ANSYS CFX was
performed to verify solver consistency and to establish the boundaries of applicability of
MULTALL in off-design applications and in the lack of experimental data. The results
highlighted that, while MULTALL remains suitable for trend-based analyses, its modelling
philosophy and validation constraints are not compatible with investigations of faulty and
degraded machines. For these reasons, MULTALL was discontinued in favour of CFD
approaches better aligned with the objectives of the subsequent chapters.
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4. Condition monitoring and instability diagnostics

in radial compressors

4.1 Purpose and scope of the chapter

The current chapter addresses CM and diagnostic methods for radial compressors, with a
specific focus on the detection, reconstruction and spatial localisation of unsteady flow
phenomena associated with the onset of aerodynamic instability. From a maintenance and
operational reliability perspective, the onset of instability in a compressor, and in particular
surge, is a failure mechanism that can cause severe degradation in performance, reduce
component life and lead to potential structural damage.

Instability that typically manifests in the form of low-frequency oscillations in the internal
flow field. From a monitoring perspective, the early identification of such unsteady
phenomena is therefore essential, specifically in applications where the compressor operates
close to its stability limits or is tightly coupled with downstream systems.

This chapter integrates and extends the CFD modelling framework introduced in Ch. 3
and the ML theory of Ch. 2, presenting results from two peer-reviewed studies by the author
into a unified framework for compressor CM [103,113]. The studies are based on a numerical
analysis of a two-stage radial compressor for refrigerant applications, previously introduced
in Sect. 3.4.1 of Ch. 3, originally based on the work of Marsano et al. [110]. The CFD
simulations generated an URANS database, which provided time-resolved static pressure
signals at multiple locations within the machine.

Two distinct yet complementary monitoring approaches were developed. The first
approach employed a ML-based architecture to reconstruct diffuser time series from the
corresponding set of inducer monitors, fewer in number and more practical to install. This
reconstruction allows for the classification of the stage operating state regarding instability,
employing tailored ML models for both instantaneous and short-term predictive
assessments. This method is grounded in the physical observation that instability
mechanisms primarily originate and develop within the diffusers.

The second approach employs entropy-based signal processing, approximate entropy
(ApEn), to quantify the complexity of pressure signals in both the inducer and diffuser. This
method identifies the monitoring locations most sensitive to the onset of surge and provides
a quantitative basis for sensor placement optimisation that effectively complements the
predictive ML framework.

Although the approaches presented here were developed and assessed using numerically
generated time series, they were formulated with the explicit objective of applicability to

measured industrial signals and can be compatible with typical compressor instrumentation.
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4.2 Compressor configuration and URANS dataset

The first stage of the compressor under examination was equipped with 11 impeller blades
plus 11 splitter blades, while the second stage was defined by a 9-bladed impeller with 9
splitter blades. Both stages featured vaneless diffusers and inlet guide vanes (IGVs).

As mentioned before, this machine flow behaviour was analysed through URANS
simulations at 100 % of its design rotational speed at four operating points, highlighted with
orange markers in the characteristic curves presented in Figure 4.1

As detailed in Sect. 3.4.1 of Ch. 3, these are the Best Efficiency Point (BEP), the Near
Surge point (NS), the Surge point (SU) and a final simulated point referred to as New Point
(NP).

Within each compressor stage, two distinct elements are important, namely the inducer,
located upstream of the impeller, and the diffuser, where the flow undergoes deceleration
and pressure recovery. In the previous study [110], monitoring points were strategically
positioned within each stage inducer and diffuser to mimic a realistic experimental sampling
system. In the inducer, 12 static pressure monitors were subdivided into 4 circumferential
positions (RA, RB, RC, RD) at 3 radial positions (10 %, 50 % and 90 % of span). Figure 4.2
(a) presents the set of inducer monitors for the first stage of the radial compressor.
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Figure 4.1. Characteristic curves of the two stages of the analysed radial compressor (adapted from [113]).

In each diffuser shroud, pressure monitors were positioned at two key radial locations (10
% and 90 % of the diffuser exit). For each stage, the number of diffuser monitors matched
the corresponding number of impeller blades, resulting in a total of 22 probes for the first
diffuser and 18 for the second one.

As depicted in Figure 4.2 (b), numbers were assigned in ascending order following the
circumference of the volute from the tongue to its outlet. Specifically, 1 to 11 for stage 1 and
numbers from 1 to 9 for stage 2. The second digit represented the percentage of the diffuser
exit (10 % or 90 %).
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(@) Stage 1 (b)

Figure 4.2. Pressure monitors for stage 1 (adapted from [113]).

To ensure accuracy, time series were sampled only after the numerical simulations had
reached a statistically steady regime. In particular, for each of the four simulated flow rates,
only the last 1800-time steps were selected, equivalent to about 27 impeller rotations, with
a simulation time step equal to 8.26x107 s.

The consolidated URANS database comprised an inducer dataset of 4x12x1800 pressure
records for both stage 1 and stage 2, plus 4x22x1800 and 4x18x1800 samples for the stage
1 and stage 2 diffusers, respectively. For every operating point, each monitored signal was
subsequently normalised by calculating a pressure coefficient (CP) time series as defined in
Eq. (3.2) of Ch. 3.

4.3 Monitoring strategy and physical origin of instability

The monitoring approach followed in the present chapter is directly informed by the physical
mechanisms governing compressor instability; with focus on the spatial localisation of
unsteady phenomena within the stage.

From the physical point of view, the diffuser is the most important region where the
development of instability can take place. This is consistent with the classical synthesis of
stall and surge by Day [114], who, while focusing primarily on axial aero-engine
compressors, explicitly distinguishes centrifugal machines as a separate class in which
instability frequently originates in the exit diffuser. During off-design conditions, the adverse
pressure gradient formed in the diffuser enhances flow separation, rotating stall structures,
and low-frequency pressure oscillations, which develop progressively as the compressor
approaches surge.

Although the instability mechanisms originate and evolve essentially within the diffuser,
their effects are not restricted to this latter region. The associated unsteady pressure
fluctuations propagate upstream through the impeller, imprinting indirect signatures on the

flow field at the inducer and inlet sections. For this reason, the measurements taken upstream
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may have some diagnostically relevant information, despite being spatially detached from
the very origin of instability.

On that basis, a distributed approach to monitoring is developed here, integrating
measurements in both inducer and diffuser regions. Diffuser monitors provide direct access
to the unsteady dynamics associated with instability inception and growth, on the other hand,
inducer monitors act as indirect indicators of the evolving stage behaviour. This distinction
underpins the diagnostic logic elaborated in the next sections and represents an implicit
trade-off between physical relevance and practical issues related to sensor deployment.

The use of multiple spatially distributed monitors is further motivated by the inherently
non-uniform nature of instability phenomena within radial compressors. Flow separation and
rotating stall cells influence the diffuser non-uniformly, thus the signature of instability may
appear strong or, at least, more pronounced at specific circumferential or radial locations.
Consequently, relying on a single monitoring point might be insufficient to characterise the
onset and progression of instability with adequate robustness.

This framework represents the conceptual basis for reconstruction, classification and
localization methodologies developed in the subsequent sections.

4.4 ML-based diagnostic architecture

Building on the monitoring strategy introduced in Sect. 4.3, a multi-model ML architecture
was employed to assess the aerodynamic stability of the investigated radial compressor using
static pressure time series extracted from the URANS simulations.

The diagnostic strategy was based on the decomposition of the problem into
complementary submodels, each addressing a specific aspect of the instability detection and
prediction task. The first model, SIGMA (Signal Input-Output Generalized Mapping
Algorithm), was capable of regression and was designed for predicting the flow structure in
the compressor stage diffuser, based on the set of inducer’s signals. The second model,
OPSA (OPerational Stability Assessment), was a classification model that was developed to
identify signal patterns in the predictions provided by the SIGMA model. The OPSA model
helped to determine whether the compressor was close to surge or not by classifying the
compressor operational state into three possible classes: stable, transitional and unstable.

In addition to the present-state assessment, obtained by the combination of the SIGMA
and OPSA models, a forecasting capability was also introduced through a third model,
TCAN (Temporal Convolutional Attention Neural Networks for Time Series Forecasting).
The TCAN architecture employed here is that of Lin, Koprinska & Rana (2021) [108], an
attention-augmented extension of the temporal convolutional network (TCN) by Bai et al.
[107], and should not be confused with other architectures sharing the same name. Utilized
to predict the future evolution of the stage inducer pressure signals, TCAN's forecasted
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outputs are coupled with the SIGMA-OPSA architecture. This integrated approach
ultimately enables the short-term prediction of compressor operating conditions.

A schematic representation of the combined ML architecture is provided in Figure 4.3,
illustrating the flow of information between the individual submodels and their role in
present and future state assessment.

Present

Compressor

Inducer ® stability
signals SIGMA _;3;. assessment
B TCAN SIGMA

Figure 4.3. Schematic of the ML models combination (adapted from [113]).

oee®
2

4.4.1 Signal preprocessing

In order to train the ML architecture for proper compressor satbility assessment, the signals
from each monitor and operating point were normalised through a Z-score normalization
procedure. Each signal was standardized using the following formula:

X —
zx="_F (4.1)
o

where Zx represents the standardized signal, X is the raw score, u refers to the mean of
the dataset and o indicates the standard deviation of the dataset.

For each operating point, coherent noise was also added to each signal to improve the
robustness of the ML models, to reduce the possibility of overfitting and to facilitate a better
representation of the variations and uncertainties present in real-world data. Indeed,
industrial signals can be influenced by various sources of noise and uncertainty and the
addition of noise can help make simulation results more realistic.

As outlined in Sect. 4.2, the dataset associated with each compressor stage consisted of
time series of monitored static pressure signals for the four operating points: BEP, NS, SU
and NP, lasting 1800 time steps, respectively.

4.4.2 SIGMA and OPSA data structuring

To train and validate the SIGMA and OPSA models the selected dataset included signals
related to the BEP, SU and NP. For each operating condition, only the first 1700-time steps
were considered. The time series associated with the selected states were stacked to define
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an inducer matrix of dimensions 12x5100. In addition, diffuser matrices of dimensions
22x5100 for stage 1 and 18x5100 for stage 2 were defined.

To improve the robustness and accuracy of the model and to reduce the possibility of bias,
training, and validation datasets were shuffled randomly. Furthermore, shuftling the rows
ensured that the model did not base its predictions on a particular ordering of the data,
thereby promoting greater objectivity in the evaluations.

In particular, following standard practice for datasets of this size [93,94], the data was
split into 70 % for model training, while the remaining 30 % was dedicated to model
validation. Consequently, the training inducer matrices for both stages had dimensions of
12x3570; and the corresponding validation matrix resulted to be 12x1530. On the other hand,
the training matrix for the stage 1 diffuser had dimensions of 22x3570, while its validation
counterpart was 22x1530. Similarly, for the stage 2 diffuser, the training matrix resulted to
be of 18x3570, while its validation counterpart had dimensions of 18x1530. With regard to
the dataset used for the TCAN model, further details will be provided in the next section.

For testing the ML architecture in its present-state configuration, two tests were defined.
For the first test (Test 1), the final 100 data points of the BEP, NP and SU signals, not used
during the training phase, were selected. For each inducer, the records were stacked together
resulting in an input matrix of 12x300, while for the two diffusers, the input matrices were
22x300 and 18x300, respectively. In the second test (Test 2), the SIGMA-OPSA architecture
was tested with the full near NS dataset, which is 1800-time steps long.

This testing approach exposed SIGMA and OPSA to input signals associated with a
compressor-processed operating range not encountered during the training and validation
phase of each compressor stage. This methodology allowed to assess the model’s ability to
generalize and perform on data outside of its training phase. The fourth operating point was
solely deployed for testing and served as a crucial indicator of the model's robustness and
generalized performance. If the model performed well under this unseen condition, it implies
that the learning process had captured critical features and trends applicable to different
operational settings.

4.4.3 TCAN data structuring

Moving to the third model utilised in the future-state ML architecture, TCAN was fine-tuned
to process inducer signals. This resulted in a smaller training dataset, quicker to train and not
dependent on the number of diffuser monitors in the two stages.

The model was trained using a dataset moving from the NP to the NS operating state.
These conditions were selected to ensure the TCAN framework activated only upon
detecting a transitional state during real-time monitoring, a critical requirement for industrial
deployment. Furthermore, the analysis focused exclusively on the mean forecasted signals,
the additional quantile outputs produced by the algorithm were omitted from this specific
analysis.
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To train the TCAN, an artificial transient operation of the compressor was created. For
the NP condition, the last 1200 time steps of the 1800-step long signals were used, while for
the NS condition, only the first 800 time steps were condidered. The number of selected time
steps for the NP was greater than those of the NS to ensure that the TCAN could also
efficiently forecast signals trending towards the transitional condition.

In addition, to complete the creation of artificial signals and assemble NP and NS time
series, two transition functions were defined for each pressure monitor, one towards the NP
condition and another one between the NP and NS conditions, using dedicated exponential
functions.

As a result, 12 inducer transient signals for each stage were generated, starting from the
first transition and ending at the NS condition. The first transition lasted for 400 time steps,
while the second one lasted for 800 time steps, An example of a training transient signal is
given in Figure 4.4 for probe 12 of stage 1. The model was trained on the analytically
composed time series and validated using the predicted 132 data points, equivalent to two
rotational periods, subsequent to the training NS signal.

1.4 1
1.2 1
1.0 1
0.8 1
0.6 1
0.4 1
0.2 1
0.0

0 500 1000 1500 2000 2500 3000
Time Step

Figure 4.4. TCAN Training signal for probe RD (90%) of stage 1 (adapted from [113]).

As part of the TCAN testing phase, two transient operations were generated (Upward test
and Downward test). These operations moved from the NP to the NS and from the NS to the
NP, respectively.

To validate the model, only data points excluded from the training phase were utilized.
Specifically, both test cases used the initial 300 time steps of the NP state. For the Upward
test a 300-step window (from step 1368 to 1668) of the NS condition was selected to predict
the final 132 time steps across the 12 inducer time series. Conversely, the Downward test
utilized the final 300 steps of the NS state to predict the subsequent 132 steps of NP

operation.
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Each test incorporated a 300-step transition between operating states. To assess the
model's sensitivity to transitional dynamics, this phase was modeled using an exponential

function distinct from the one employed during training.

4.4.4 Specifics of SIGMA model

The primary objective of SIGMA was to establish a correlation and a map between the input
signals received from the stage inducer and the corresponding diffuser output signals. To
accomplish this, SIGMA had to be able to return the recorded values by the output probes,
instant by instant, provided the related input signals. So that, in principle, only the input
signals from the inlet sensors would be then sufficient to have a clear understanding of the
flow behavior in the stage diffuser.

SIGMA consisted of a shallow NN, specifically a multi-layer perceptron (MLP), initially
designed for stage 1 and later adapted for stage 2. It comprised an input layer with 12
neurons, processing samples from the 12 inducer monitors, followed by two hidden layers
with 156 neurons each. The NN terminated with an output layer containing 22 neurons for
stage 1 and 18 for stage 2, corresponding to the values recorded by the output probes located
in the diffuser.

The model was therefore capable of mapping the output pressure distribution at the
diffuser shroud based solely on the inducer signals. With regard to the activation functions,
the linear function was selected for the input layer, while the ReLU and Leaky ReLU (y =
0.2) functions were chosen for the two hidden layers, respectively. The Swish activation
function was chosen for the output layer. Dropout layers were also incorporated to prevent
overfitting, with a dropout rate of 0.2 and no need for L2 regularization.

To optimize the model, the Huber loss function was selected, with its parameter 6 set
equal to 0.8 . As introduced in Sect. 2.2.3 of Ch. 2, this type of function achieves balance
between the robustness of quadratic errors and the linearity of absolute errors, making the
NN more resilient to outliers. To train the model, the ADAM optimization algorithm was
implemented, featuring a learning rate of 0.0002, a batch size of and trained for 350 epochs.

Through hyperparameter tuning, the model’s parameters were adjusted by analyzing both
the training and validation loss values. The hyperparameters were refined iteratively,
balancing the model complexity with its generalization performance.
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Figure 4.5. Huber loss for several SIGMA architectures (adapted from [113]).

In Figure 4.5, presents the number of neurons selected for the hidden layers against the
training and validation losses for both compressor stages.

A configuration of 156 neurons per layer was selected for both stages, as the validation
loss plateaued beyond this threshold. This choice balanced model complexity with
computational efficiency, ensuring the architecture remained easy to train while mitigating

the risk of overfitting.

4.4.5 Specifics of OPSA model

The OPSA classification model was designed as a valuable ML too to categorize flow
patterns in the stage diffuser. By analyzing CP signals in the diffuser, the model could
identify compressor stability conditions. As previously stated, the diffuser is the key area
where flow instabilities establish, thus where the stability state is best classified.

A visual representation of the CP trends in the diffuser, for the four operating points
simulated with CFD, is displayed in Figure 4.6. The plots display the averaged values for
each probe over one impeller revolution, spanning 66 timesteps. The 10 % and 90 %
distributions are presented with polar plots, as a function of number of probes and then
translated into a Cartesian plot, to visualize clearly the flow behavior at the different
operating points.

Clear and specific flow patterns are made visible by both 10, 90 % curves for each
operational state. The curves have an approximate slope that progressively reverses when
moving from BEP to the SU point. As for the NP, a transitional behavior can be seen in the
curve trend where the general slope is almost zero. This indicates that it is in a condition
somewhere between stability and instability.
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Figure 4.6. Averaged CP distributions for each compressor operating state (stage 1) (adapted from [113]).

As a result of these findings, a ML model for classification purposes was developed that
could distinguish flow patterns in the stage diffuser into three categories: stable (class 0),
transitional (class 1) and unstable (class 2). BEP falls into class 0, NP falls into class 1 and
NS and SU points fall into class 2.

For the future application and combination of the SIGMA and OPSA models, the
classification algorithm would receive the diffuser CP signals reproduced by the regression
model SIGMA.

After an analysis of the revolution-averaged diffuser curves, some important elements
can be identified to define the input features for OPSA. These elements include:

a) The average value of the CP (at both 10 % and 90 %) is different under different
conditions.

b) The CP value decreases between probes 1 and 2 (at 10 % and 90 %) and the effect
becomes more relevant when moving towards unstable conditions.

c) Between probes 2 and 3 (at 10 % and 90 %), there is a strong pressure rise under
unstable conditions, which is not present at the BEP and is only hinted at 90 %
at the NP. This is also a consequence of the previous point.

d) The point-to-point variation in CP between 90 % and 10 % curves, specifically
for probes 2 and 3, tends to increase towards surge.

Based on these observations, eight input features were extracted from the revolution-
averaged CP diffuser signals. These features formed the input layer of a classification-based
MLP, which consisted of 8 neurons followed by two hidden layers of 66 neurons each,
utilizing ReLU activation functions throughout. Dropout regularization with a rate of 0.2
was included in both hidden layers. The model was trained using the ADAM optimization
algorithm, with a batch size of 64, a learning rate of 0.005 for 300 epochs. The implemented
cost function was the logistic regression.
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It is also worth noting that the selected activation function for the last layer was the
Softmax. This enabled the model structure to return the probability distribution of the three
classes of operation: stable (0), transitional (1) and unstable (2), respectively.

The OPSA training utilized CFD data from stable (BEP), transitional (NP), and unstable
(SU) operating points, matching the same diffuser dataset of the SIGMA training dataset.
The same tests defined for SIGMA were analogously defined OSPA. In addition, they were
performed twice: first on CFD data and then on data generated by the SIGMA model.

This was done to evaluate the strength of the coupling between the two algorithms. In
addition, to ensure network's accuracy, the instantaneous predicted values were averaged
every 66-time steps (one impeller rotation), covering a duration of approximately 27 periods.
This averaging choice was motivated by the fact that practical applications require the
machine operational stability to be classified over at least one rotational period, rather than
instantaneously.

Finally, the hyperparameters for the OPSA model were calibrated based on the data from
stage 1. Subsequently, it was observed that the same hyperparameters yielded accurate
results for stage 2, as well.

4.4.6 Specifics of TCAN model

To meet the research goals for short-term stability prediction, the TCAN model was selected
as an algorithm specifically designed for probabilistic forecasting tasks, with a specific focus
on time series forecasting [108].

Unlike other TCNs, which may require numerous convolutional layers for long input
sequences and lack interpretability, TCAN introduced an innovative solution. By integrating
an attention mechanism with temporal convolutions, TCAN leveraged the hierarchical
convolutional structure of TCNs to capture temporal dependencies. Moreover, the model
employed sparse attention to selectively focus on crucial timesteps, facilitating an extended
receptive field without the need for a deeper architecture. This sparse attention layer not only
enhanced forecasting accuracy but also enabled the interpretability of the results. Notably,
TCAN achieved higher accuracy with a reduced number of convolutional layers, making it
faster to train.

The evaluation conducted by the authors on three large solar power datasets underscored
TCAN as a compelling alternative, offering a balance of accuracy, efficiency and
interpretability in the realm of deep learning-based forecasting models.

Hyperparameter tuning for the TCAN model was done with a lookback period of 132
time steps (two impeller rotations) and a forecast period of 132 time steps, as well. The
model was trained with three dilation rates [1, 2, 4], 32 filters, a kernel size of 3 and a batch
size of 32. The dropout rate was set to zero and the regularization parameter to 1.25. The
selected activation function was the Softmax, plus a learning rate scheduler. The model was
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trained for 250 epochs, with the same hyperparameter configuration used for both

compressor stages.

4.4.7 Reconstruction and classification results

The results of the three ML models are presented sequentially, starting with the regression
model SIGMA, followed by the OPSA classifier and finally the TCAN forecasting model.
SIGMA results. This section introduces the results of the first ML model, SIGMA. The
model was evaluated using the data from Test 1 and Test 2, previously described in Sect.
4.4.2. Figure 4.7. Regression results of Test 1 and Test 2 for stage 1 (a) and stage 2 (b)
(adapted from [113]).(a) and (b) present the instantaneous predicted values for each
monitoring probe within their respective diffuser. The values were compared against their

reference values for all four operating points included in Test 1 and Test 2.
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Figure 4.7. Regression results of Test 1 and Test 2 for stage 1 (a) and stage 2 (b) (adapted from [113]).

Both stages showed a good match with the corresponding reference values. However, the
NS point exhibited greater oscillation due to the intrinsic nature of Test 2.

An example of the predicited monitors of Test 1, following the BEP-NP-SU order, is
shown in Figure 4.8 (a). These two time series corresponded to the pressure probes closest
to the volute’s tongue (pressure probes 1) of stage 1, situated at 10 % and 90 % of the diffuser
exit, respectively. The predicted results indicated a satisfactory coherence with the reference
values. Similarly, Figure 4.8 (b) presents the time series associated with the NS conidition
of Test 2, showing the same signals probes selected for the previous figure. It is evident that
the NS time series had a good average agreement with the reference ones, but with greater

fluctuations.
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Figure 4.8. SIGMA results of Test 1(a) and Test 2 (b) for stage 1 (adapted from [113]).

Figure 4.9 presents the CP contours for diffuser 1, generated in MATLAB for a generic
instant. To determine the 10 % and 90 % CP distributions, a cubic spline fit was employed
to ensure consistency with the post-processed CFD contours. The resulting plots compared
the reconstructed BEP contours against the reference state from Test 1; the NS point for Test
2 was processed analogously. Even though the SIGMA model was not trained on the NS
dataset, a good agreement can be seen for both tests. However, the accuracy of the results is
lower than that of Test 1 due to this same reason. Nevertheless, the flow regime is well
predicted.
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Figure 4.9. CP contours for BEP (left) and NS (right) operations (adapted from [113]).

o

Moving on to the averaged data, the signals produced instantly at each stage diffuser were
averaged over each period of impeller rotation. For the NS case, this resulted in 27 averaged
CP curves. As a result, averaged CP distributions at 10 % and 90 % of the diffuser exit were
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obtained and could be compared against the reference ones along the circumferential
coordinate for both Tests 1 and 2.
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Figure 4.10. Averaged diffuser distributions of Test 1 (a) and Test 2 (b) for stage 1 (adapted from [113]).

Figure 4.10 (a) and (b) shows, an example, the last averaged CP distributions for all four
compressor operating points for Tests 1 and 2 of stage 1. The averaged values demonstrated
very good conformity, even for the NS condition, as the fluctuations were smoothed out.
These results were critical for the forthcoming OPSA model.

Once the accuracy of the SIGMA model was verified based on the 12 signals from the
input probes to the stage, a sensitivity study on the accuracy of the model was performed by
re-training SIGMA with a reduced number of inducer probes and testing it again on the four
compressor operating points of Tests 1 and 2. The result analysis was performed on the
averaged CP values.

The first monitors to be excluded were the ones at 10 % of the inducer span, thus reducing
the number of input probes to 8; finally, the remaining probes at 50 % were aslo eliminated,
leaving only the four probes located at the inducer’s shroud. The purpose of the test was to
determine whether the network could still identify the operating pattern despite a reduced
setup of inducer monitors.
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Figure 4.11. Averaged diffuser distributions for different numbers of input probes for stage 1 (NS) (adapted from
[113]).

In Figure 4.11, the results of Test 2 (NS condition, last rotational period) of stage 1 are shown as a representative
example. Even with only four inducer probes, the model could produce an accurate CP trend, with no need to
change the subsequent OPSA model. The RMSE values for Tests 1 and 2 are presented in

Table 4.1. These results account for both stages and include comparisons for both

instantaneous CP distributions and their averaged counterparts.

Table 4.1. RMSES of the SIGMA model predictions (adapted from [113])..

RMSE Stage 1 Stage 2

Test 1 Test 2 Test 1 Test 2
Instantaneous 0.012 0.036 0.008 0.021
Averaged 0.005 0.015 0.003 0.013

Test 1 Test 2 Test 1 Test 2
Instantaneous 0.018 0.036 0.012 0.018
Averaged 0.008 0.015 0.004 0.009

Test 1 Test 2 Test 1 Test 2
Instantaneous 0.033 0.048 0.026 0.027
Averaged 0.017 0.029 0.014 0.009

OPSA results. As previously introduced in Sect. 4.4.2, the OPSA classification model
was trained using the CFD diffuser signals as input. In the test phase, both CFD and SIGMA
signals were used, taking into account both instantaneous and averaged CP distributions
(one impeller rotation). In addition, the signals produced with SIGMA were considered for
also for the reduced set of inducer probes (12, 8, 4).

The predictions of the classification model are reported, for both stages, in Table 4.2 for
Test 1 and 2 in terms of accuracy and defined as:

# True Prediction
# Total Prediction

Accuracy =

[%] (4.2)

It is highlighted that, regarding the predictions of the classification tests of Test 1, the three
operating conditions (BEP, NP, SU) were categorized separately. This was equivalent to
classify almost two rotational periods for each operating point, being the time series length
100 time-steps.

Table 4.2. Accuracy of the OPSA test predictions (adapted from [113]).
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Accuracy Stage 1 Stage 2

From CFD signals
Test 1 Test 2 Test 1 Test 2
Instantaneous 100 % 99.9 % 100 % 99.2 %
Averaged 100 % 100 % 100 % 100 %

From SIGMA signals

Test 1 Test 2 Test 1 Test 2
Instantaneous 99.0 % 84.3 % 100 % 72.5 %
Averaged 100 % 100 % 100 % 84.0 %
Test 1 Test 2 Test 1 Test 2
Instantaneous 953 % 79.6 % 97.7 % 86.3 %
Averaged 100 % 100 % 100 % 100 %
Test 1 Test 2 Test 1 Test 2
Instantaneous 76.3 % 48.8 % 78.3 % 80.6 %
Averaged 100 % 76.0 % 100 % 100 %

Regarding the averaged NS distributions for Test 2, Stage 1 accuracy remained at 100 %
when input probes were reduced to eight, but declined when only four were used.
Conversely, Stage 2 exhibited an inverse sensitivity, with classification accuracy increasing
as the number of input features was reduced.

It can be concluded that a reduction in the number of input probes resulted in a reduction of
the spatial resolution of the input flow. If this affected the accuracy of stage 1, it might not
have had the same effect on stage 2. In fact, stage 2 was exposed to a non-uniform inlet flow
coming from stage 1 and passing through the interconnecting channel of the compressor.
Consequently, fewer input signals meant sampling this nonuniformity less effectively,
leading to an increase in overall accuracy. Therefore, reducing the number of probes in this
case can lead to benefits in pattern recognition operation.

TCAN results. This section presents the results of the Upward and Downward tests of
the TCAN model. The first test was designed to drive the compressor toward an unstable
operating state (NS) from a transitional one (NP); while the second test aimed to move the
compressor from the NS state to the NP one. As previously described in Sect. 4.4.3, to predict
the future trends of the input time series, TCAN forecasted the next 132 time-steps, equal to
two rotational periods, for all the 12 inducer monitors.
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In Figure 4.12, the results obtained for the first stage of the upward test of the inducer
probe RB (10 %) are reported as an example. A good match with the future reference values
was obtained, demostrating the strong capabilities of the TCAN model.
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Figure 4.12. Transient signal of Upward test (adapted from [113]).

Figure 4.13 presents the results for the second Downward test. In particular, the time
series associated with the inducer probe RC (10 %) is presented. The TCAN model proved
to be effective in predicting the NP condition, even during a different type of transient
operation of the compressor. It is important to note that the model was not originally designed
to forecast NP operation data, rather it learned from the history of NS condition, which
includes the NP data.
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Figure 4.13. Transient signal of Downward test (adapted from [113]).

To assess accuracy, the RMSE was calculated between the forecasted time steps and the
test references. As shown in the bar plot of Figure 4.14, the largest errors occurred in the
Upward test for stage 2, specifically at the 90 % span. This confirmed that the signals
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entering the second inducer are significantly more distorted under unstable conditions,
complicating the prediction process.
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Figure 4.14. RMSEs of TCAN forecasted signals for the Upward and Downward tests (adapted from [113]).

The classification results for the ML architecture in its future-state assessment were
obtained by combining the two ML models SIGMA-OPSA with the forcasting model TCAN
as detailed in Figure 4.3 of Sect. 4.4. The predictive chain begins with the TCAN model
forecasting the inducer behavior, followed by SIGMA mapping these results to diffuser time
series. The process concludes with the OPSA model, which classifies the stability of the
stage. This operation was performed on both stages and applied to all test configurations,
evaluating both instantaneous and averaged signals over the two impeller rotations predicted
by TCAN.

Accuracy results are presented in Table 4.3, illustrating a good match for both tests. From
the istantaneous predictions, it was found that the NP condition was better classified than the
NS one of the Upward test. This was probably due to the majority of the training dataset of
the TCAN being from the NP condition. In addition, the averaged signals were perfectly
classified and the future operational condition correctly assessed.

Table 4.3. Accuracy results for the OPSA classification given the TCAN forecast (adapted from [113]).

Accuracy Stage 1 Stage 2
12 Probes 12 probes
Downward Upward Downward Upward
test test test test
Instantaneous 90.9 % 86.4 % 95.5 % 88.6 %
Averaged 100 % 100 % 100 % 100 %
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4.5 Discussion of ML-based reconstruction and motivation for
localisation

The results presented in the previous sections demonstrate that the integration of ML models
with CFD-derived time series enables reliable detection and short-term prediction of
compressor instability. By combining regression, classification and forecasting submodels,
the proposed architecture reconstructed diffuser behaviour from wupstream inducer
measurements and classified the compressor operating state with high accuracy, even when
the number of available inducer probes was reduced.

From a practical CM perspective, this represented a relevant outcome, suggesting that
stability assessment can be achieved using a limited of sensors. The ability to operate with
reduced upstream instrumentation supports the applicability of the approach to real
compressor installations, where dense measurement layouts are often impractical.

At the same time, the adopted ML-based framework exhibited intrinsic limitations. While
the reconstruction and classification steps successfully captured diffuser-dominated
instability dynamics, the ML approach treated the diffuser monitoring locations as an
undifferentiated set. Consequently, this lack of spatial resolution prevented a quantitative
assessment of how sensitive individual measurement locations were to developing
instabilities.

This limitation becomes particularly relevant when considering sensor placement and
optimisation in practical monitoring systems. Identifying which diffuser locations carry the
earliest and most informative signatures of instability is essential to further reduce
instrumentation requirements and improve robustness.

For this reason, a complementary analysis based on ApEn is introduced in the following
section.

4.6 Entropy-based localisation of diffuser instability signatures

To address the limitations identified in the previous section and to enable spatial localisation
of the most sensitive probes to instability, an entropy-based signal analysis approach is
introduced, using ApEn as a complexity metric, whose theoretical background is presented
in Sect. 2.5.3 of Ch. 2.

In the context of compressor monitoring, ApEn provides a measure of the predictability
or regularity of a time series and is therefore well-suited to capture changes in flow dynamics
associated with the onset of aerodynamic instabilities. As compressor operation approaches
surge, the pressure field in the compressor stages becomes increasingly irregular; a
behaviour that was directly reflected in an increase in signal complexity across the monitored
locations.
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The application of approximate entropy to compressor instability builds on a growing
body of work. Lou and Key [115] first used ApEn for compressor stall warning. Zhao et al.
[116] subsequently extended the analysis from a small set of operating points to an entire
speed line in both centrifugal and axial machines, observing that ApEn reaches a minimum
near the optimal-incidence mid-flow region, with a characteristic decrease followed by a
sharp increase immediately before surge onset. The study builds directly on the radial-
compressor ApEn analysis developed earlier in this work [103].

Most closely related to the present sensor-placement objective, Zahid et al. [117] applied
ApEn to spatially distributed pressure measurements in a low-speed centrifugal blower and
introduced a differential form, DApEn, which responded sharply to the onset of inlet
recirculation and surge while remaining insensitive to blade-passing periodicity. Their work
demonstrated how entropy-based measures vary across sensor locations and how DApEn
can improve temporal localization of instability onset. The entropy-based sensor-ranking
approach proposed here is complementary, using spatial variations in entropy response to
identify the diffuser locations most sensitive to instability development.

The second study applied the ApEn analysis on the same dataset of URANS-derived time
series (see Sect. 4.2). Although the primary focus of the entropy analysis was on diffuser
probes, ApEn was also computed for inducer pressure signals in order to verify its monotonic
increase towards surge at these locations.

This method aimed to complement the ML-based diagnostic framework by providing a

quantitative basis for sensor placement optimisation.

4.6.1 Analysis of ApEn behaviour on inducer signals

As a first exploratory step, the ApEn function was computed for each complete inducer
pressure signal in order to investigate whether signal complexity exhibited a consistent trend
with compressor operating condition. For this initial analysis, the embedding dimension (m)
was set to 8 and the radius of similarity () to 20 % of the signal standard deviation.

The results indicated that ApEn values were able to provide a clear indication of the
current operating point and could help construct a pseudo-performance map of the machine.
Figure 4.15 presents a bar plot of the ApEn values for the four inducer signals of stage 1 at
90 % span, shown as a function of each simulated mass flow rate. For each operating
condition, the mean ApEn value across the inducer probes was calculated and a linear
regression was performed on the mean ApEn values.

The figure highlights a clear monotonic trend of ApEn with a decrease in mass flow,
already observable at an inducer level. This analysis was intended to verify whether ApEn
could reproduce a pseudo-performance behaviour of the compressor prior to its application
as a spatial localisation tool.
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Figure 4.15. Individual ApEn values of inducer 1 pressure monitors located at 90 % span, together with a linear fit
of the mean values associated with each operating condition (adapted from [103]).

4.6.2 ApEn implementation on inducer signals

As highlighted in the previous section, when moving towards surge conditions, ApEn
emerged as a relevant tool for identifying the growing disorder within inducer signals. To
achieve accurate performance for this specific application, the ApEn function parameters
need proper calibration.
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Figure 4.16. Mean inducer ApEn values of probes at 90 % of span, for all four operating points, and with different
values of embedding dimension m (adapted from [103]).

First, the calibration process involved keeping the number of time steps (N) of the
URANS-derived time series introduced in Sect. 4.2 fixed, together with r set to 20 % of the
signal standard deviation. The factor that required crucial evaluation was the embedding
dimension m.

Both stages were tested for different m values to determine which led to an ApEn
performance curve that best represented the sampled signals. Figure 4.16 presents the mean

- 111 -



ApEn values calculated for the four signals at 90 % of the inducer span and for the four
compressor operating points, along with the corresponding linear fit of each selected m.

It can be observed that higher values of embedding dimension deliver a higher negative
slope of the linear fit curve, leading to a function that was more capable of differentiating
among the different operating regimes of the machine. The slope of the fitting curves reached
a plateau around m equal 7.

The reason for this stood in the higher dimensionality of the embedding vectors, which
contained more information about the dynamic system, thus increasing the discriminatory
capability of the ApEn function.

Table 4.4. Monotonic decreasing trend check and R’ of the linear fit for different m values, for stages 1 and 2

(adapted from [103]).
m 2 3 4 5 6 7 8 9 10
Trend - - - - - v v v v
Stage 1
R? 0.02 0.02 0.20 0.55 0.83 0.98 0.99 0.96 0.86
Trend - - - v v v v v v
Stage 2 )
R 0.00 0.32 0.80 0.93 0.92 0.91 0.90 0.91 0.91

Table 4.4 summarises whether each case, presented in Figure 4.16, showed a monotonic
decreasing trend of ApEn, measured at the mean data points, when transitioning from the
SU condition to the BEP one at the inducer of both stages. The table also includes the R?
parameter, which proves how well the data fits the linear regression model; the closer R? is
to 1, the better the fit. R? is defined as:

Q o
RZ —1— Zq=1(3’q yQ) (43)

ZqQ=1(3’q -7) '

where Q is the number of predictions, y, are the true values, y is the mean of the true
values, while y, are the predicted values from the linear fit model.

When calibrating m, it was searched for the values that granted a monotonic decreasing
trend in mean inducer distribution, plus the ones giving the highest values of R%. According
to

Table 4.4, for stage 1, a satisfying trend was observed from m equal to 7, while for stage
2, this was verified from m equal to 5. To meet both requests on the best embedding
dimension, a value of 8 was chosen for the first stage and, analogously, an embedding
dimension of 5 was determined to be the optimal solution for the second stage.
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It is important to note that the value of m depends heavily on N, thus time series of
varying lengths may require a different embedding dimension to maintain the same window
size.

After calibrating the appropriate embedding dimensions for each stage, a sensitivity
analysis on r was conducted to identify the optimal percentage of the signal standard
deviation. The results are presented in Table 4.5, showing whether the monotonic trend in
ApEn is satisfied and the corresponding R? parameter values for each stage.

Consequently, for stage 1, r was chosen to be 20 % of the signal standard deviation, as
this value was the only one to fulfil the trend condition and had the maximum R? of the linear
fit. For stage 2, the procedure was repeated and it was found that r equal to 10 % resulted
to be the optimal percentage.

Table 4.5. Monotonic decreasing trend check and R of the linear fit for different r values, for stages 1 and 2

(adapted from [103]).
r 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
Trend - v - - - - - - - -
Stage 1
R? 0.39 0.99 0.77 0.39 0.12 0.00 0.07 0.32 0.61  0.77
Trend N4 - - - - - - - - -
Stage 2
R? 0.97 0.93 0.72 0.04 0426 0.71 0.81 0.88 091 0.87

Figure 4.17 summarises the final linear fits for both stages, illustrating the calibrated
increase in ApEn as the inducer moves toward the surge condition of the compressor.
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Figure 4.17. Final linear fit with m=8, r=20 % for stage 1 and m=35, r=10 % for stage 2 (adapted from [103]).

4.6.3 ApEn implementation on diffuser signals

The findings of Sect. 4.6.2 suggest that computing ApEn for diffuser signals could help to
identify which diffuser locations carry the earliest and most informative signatures of
instability. Previous frequency analysis [110], identified that the near surge (NS) and surge
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(SU) operational states are characterised by two low frequencies that arise in the diffuser
monitors due to the onset of acrodynamic instability.

The two frequencies are linked to rotating stall cells with high thermodynamic entropy
that develop in the stage volute [110]. While the first 50 Hz signal was related to the cells
themselves, the second 200 Hz frequency captured their interaction with the volute tongue.
Based on these findings, a proper calibration of the embedding dimension and of the radius
of similarity was critical to properly identify the most sensitive monitors to compressor
surge.

According to Takens’ theorem [102], the analysed phenomenon must repeat itself at least
twice in the time series window defined for ApEn calculation. For instance, if the studied
mechanism has frequency fprenomenon [Hz], N time steps and a sampling interval At [s], the
right embedding dimension is computed by:

At = N
1

f phenomenon

m= (4.4)

* 2

Consequently, for a frequency of 50 Hz, given the diffuser time series introduced in Sec.
4.4.1, the right m results to be 3. If the focus goes on the mechanisms of 200 Hz, then the
right embedding dimension is 11.
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Figure 4.18. Stages 1 and 2 diffuser monitors (90 %) that exhibit a monotonic increasing trend in ApEn with m
(adapted from [103]).

Figure 4.18 shows bar plots illustrating m values for two different selections of r and for
the probes at 90 % of the diffuser exit of stages 1 and 2, respectively. Based on the findings
of Sect. 4.4.7, only the 90 % time series were considered because they exhibited clearly
defined instability patterns. The bars specifically mark if the selected probe presents a
monotonic decreasing trend in ApEn, moving from SU to BEP. With regard to an appropriate
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selection of r, the goal was to find the probes that covered both low and high-frequency
phenomena, that is, both low and high values of m.

For stage 1, an r value of 0.3 was preferred, as it allowed for higher values of m. Next,
upon closer inspection of the first target value (m = 3), monitors 1, 2, 3, 6, 7, 8, 9 and 11
consistently exhibited a monotonic trend. These results were in line with [110], indicating
that these locations were already sensitive to the rotating cell pass. Moreover, for the second
target value (m = 11) corresponding to a frequency of 200 Hz, probes 3, 5, 6, 7, 10 and 11
presented a positive trend. Based on these findings, probes 7 and 11, positioned 131° apart,
were chosen for their ability to capture the selected instability frequencies and provide
consistent monitoring throughout the spectrum.

For stage 2, a value of 0.3 was again selected for r. Within this similarity radius, probes
1 and 7 independently identified the frequencies of the analysed instability phenomena.
Although these probes are 120° apart and probe 9 is physically closer to the volute tongue,
probe 7 appears to be the nearest sensor capable of detecting the 200 Hz phenomenon.

This discrepancy is likely attributable to two factors: the reduced probe count in diffuser
2 compared to diffuser 1, which limits spatial resolution, or the fact that the inflow entering
stage 2 was already perturbed by the upstream influence of stage 1.

The preceding analysis suggests that ApEn may serve as a useful tool for informing probe
placement in experimental monitoring. Based on these findings, positioning one diffuser
probe near the volute tongue, together with a second one approximately 120°-130° apart,
could potentially improve the early detection of aerodynamic instabilities. Such a
configuration could enable timely intervention by providing an accurate diagnosis of
developing instabilities.

4.7 Chapter summary

This chapter addressed the problem of CM and early detection of aerodynamic instability in
radial compressors, with the objective of supporting maintenance strategies based on
unsteady pressure measurements. Compressor surge and related instabilities represent
critical failure modes from both an operational and maintenance perspective, thus motivating
the development of monitoring approaches capable of detecting degradation and instability
onset before the occurrence of severe performance loss or mechanical damage.

Within this context, a unified dataset of URANS-derived time series was employed to
develop complementary diagnostic methodologies under controlled and repeatable
conditions. A ML-based approach was first developed to reconstruct diffuser pressure
dynamics from upstream inducer measurements and to classify the compressor operating
state with respect to instability. Through the integration of regression, classification and
forecasting into a single architecture, the analysis demonstrated that upstream signals alone
are reliable for present-state assessment and short-term forecasting. From a CM perspective,
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this represents a key advantage, as inducer measurements are generally more accessible and
practical to implement than downstream instrumentation, particularly when monitoring
locations are constrained.

Building on the ML-based approach, an entropy-based analysis was subsequently
introduced to further resolve the spatial sensitivity within the diffuser. ApEn was selected as
a diagnostic metric to quantify signal complexity and to localise the diffuser regions most
sensitive to instability-related dynamics. An initial analysis confirmed the monotonic
evolution of entropy with the compressor operating condition at the inducer level, while the
subsequent localisation study identified the most sensitive monitoring locations as those
associated with the dominant instability mechanisms.

Overall, the results of this chapter demonstrate how combining data-driven techniques
with entropy-based localization can lead to smarter monitoring layouts for radial
compressors. Through these approaches, monitoring systems can be designed based on the
actual flow behaviour of the machine, providing a foundation for efficient, reduced-order
tools that maintain high diagnostic accuracy with fewer sensors.

While the compressor studies provide a controlled numerical environment to develop and
validate monitoring methodologies based on CFD and ML, the following Ch. 5 extends these
concepts to wind turbines operating under real atmospheric conditions. In this context, DT
architectures are introduced to integrate CFD-informed models with experimental data for

aerodynamic fault detection.
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5. Digital Twin-based monitoring of wind turbine
aerodynamic performance

5.1 Purpose and scope of the chapter

Wind turbines represent a particularly challenging class of assets for CM and diagnostics.
Unlike enclosed turbomachinery, which operates under comparatively controlled boundary
conditions, wind turbines are exposed to stochastic inflow, atmospheric turbulence and rapid
variations in the operating point. Despite the availability of multiple sensors, aerodynamic
states and degradation mechanisms are typically indirectly observable, as monitoring relies
mainly on control-oriented signals and global performance indicators. These characteristics
restrict the direct application of conventional CM techniques and make the interpretation of
performance deviations challenging.

Within this context, Digital Twins (DTs) have gained increasing attention for integrating
physical modelling, operational data and diagnostic logic into a unified architecture. For
wind turbines, effective DT implementations must be resilient to measurement uncertainty,
inflow variability and incomplete observability, while still providing actionable information
for diagnostics and maintenance decision-making.

The purpose of this chapter is to present the development of a DT-based monitoring
methodology for wind turbines, consolidating the results of two works by the author into a
coherent and fault-driven diagnostic framework [118,119], one currently available as a
revised preprint and the other accepted for publication following peer review. The chapter
addresses two distinct aerodynamic fault mechanisms of wind turbines: yaw misalignment
induced by faulty wind-direction sensing and blade surface degradation associated with
leading-edge erosion (LEE).

Compared to the diagnostic models developed in Ch. 4, the DTs presented here are built
on an existing asset operating in real atmospheric conditions. While both approaches are
grounded in CFD-informed modelling, the architectures developed in this chapter explicitly
integrate high-fidelity aerodynamic simulations with operational measurements to enable
diagnostic inference in a real-world environment.

An initial DT implementation is first introduced to address yaw misalignment, focusing
on short-term performance deviations and corrective diagnostic actions. This initial DT was
designed to operate under conditions of limited observability, inferring persistent static yaw
misalignment through quasi-steady inversion of CFD-derived performance surfaces based
on time-averaged operational measurements.

The methodological experience gained from the first DT subsequently motivated the
refinement and formalisation of a second architecture, tailored for monitoring and

diagnosing early aerodynamic degradation associated with LEE. In wind turbines, blade
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surface degradation manifests over longer time scales and requires a monitoring approach
capable of supporting maintenance-oriented assessment rather than immediate corrective
action.

Accordingly, the DTs presented in this chapter evolve from a first implementation based
on direct CFD-informed inference for yaw misalignment detection to a second hybrid
formulation combining CFD references and data-driven models for early LEE monitoring.

Despite differences in complexity and internal organisation, both share a common
architecture rooted in performance-based monitoring and CFD-informed interpretation. This
progression from corrective control-state inference to degradation-oriented health
assessment illustrates the scalability of the proposed DT architecture across fault classes with
different temporal and operational characteristics.

In this way, the chapter establishes a continuous methodological development in which
DTs are employed as practical instruments for performance-based CM rather than as isolated
numerical constructs. By addressing both corrective diagnostics and degradation monitoring
within a coherent CFD-informed framework, the chapter highlights the role of DTs as
enabling tools for interpreting aerodynamic deviations, providing a methodological basis for

supporting maintenance-oriented decision processes in wind energy systems.

5.2 Digital Twin architecture for aerodynamic fault monitoring

The DTs presented in this chapter are built upon a common architectural foundation,
developed to enable aerodynamic fault monitoring on a small-scale horizontal-axis wind
turbine (HAWT) operating under real atmospheric conditions. Although the subsequent
sections address distinct fault classes, static yaw misalignment and LEE, both models are
instantiations of the same CFD-informed monitoring architecture.

The following sections present the proposed DT architecture, structured into four
interacting layers, as proposed in recent DT literature [120,121]: virtual, physical, data, and
intelligent. This layered formulation provides a consistent division that separates sensing,
modelling and inference functions while preserving their dynamic coupling.

5.2.1 Virtual layer

The virtual layer constituted the physical base of the CFD-informed DTs. It consisted of
precomputed steady-state CFD simulations generating aerodynamic performance surfaces
parameterised by the relevant fault variable.

In the yaw misalignment case, the performance space included the yaw misalignment
angle (y) as an additional dimension. In the LEE case, the parameterisation was expressed
through equivalent sand-grain roughness height (k). Despite these differences, both
implementations shared the same modelling principle:
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1. Generate a structured CFD performance dataset across a discretised aerodynamic

domain, focusing on the aerodynamic power coefficient szp D defined as follows:

CCFD — Paero
p 0.5pAUS’

where P,.,, 1s the aerodynamic power obtained through CFD simulations at the

prescribed uniform inlet velocity U, p is the air density and A is the area of the rotor

disc.

2. Construct interpolable response surfaces relating operating conditions to
aerodynamic performance.

3. Use these surfaces as reference maps for aerodynamic state inference.

The virtual model did not simulate the turbine continuously. Instead, it provided a
calibrated performance manifold against which measured behaviour could be compared. The
DT thus functioned as a performance-consistency evaluator, where deviations between
measured and CFD-informed predictions formed the basis of diagnostic inference.

5.2.2 Physical layer

The physical layer consisted of the wind turbine asset and its associated sensor network. The
selected machine was a 1.3 m diameter HAWT (Pikasola 400W-12V) instrumented to
measure electrical, mechanical and environmental quantities. Further details are provided in
Sect. 5.3.2. The turbine was operated under outdoor conditions characterised by variable
wind speed, direction and turbulence intensity. This environmental variability was not
treated as noise but as an intrinsic part of the monitored system.

5.2.3 Data layer

The data layer handled acquisition, storage, filtering and transformation of sensor signals.
Measurements were sampled at 1 Hz and streamed to a structured database. From the raw
signals, derived performance parameters were computed, namely the measured power
coefficient:

cmeas — Pel 5.2
P 0.5pAU3’ -2
together with the tip-speed ratio:
wR
TSR = U—, (53)
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where P, is the electrical power extracted by the generator, U, is the measured wind
speed by the anemomether, w is the registered angular speed of the rotor and R its radius.

The C;**** quantified turbine performance derived from field measurements of electrical
power output, thereby reflecting the combined aerodynamic and -electromechanical
behaviour of the system, while serving as the experimental counterpart to the virtual layer’s
predicted aerodynamic power coefficient C5*P.

By design, the DT adopted a quasi-steady aerodynamic interpretation. Individual 1 Hz
measurements were treated as instantaneous operating points within the CFD response
space, while diagnostic outcomes were derived from time-aggregated datasets rather than
single samples. This temporal aggregation was critical for filtering inflow fluctuations and
rotor dynamic effects, effectively smoothing the high-frequency stochastic noise

characteristic of real atmospheric conditions.

5.2.4 Intelligent layer

The intelligent layer performed fault inference by interpreting discrepancies between the
measured aerodynamic state and the virtual performance baseline. Although its internal logic
was fault-dependent, its architectural role remained consistent across both case studies: to
transform CFD-inferred information into actionable feedback in order to close the
information loop of the DT.

For control-state faults such as static yaw misalignment, the intelligent layer performed
inverse interpolation within the CFD-derived performance space to estimate the
misalignment angle that best explained the observed operating condition. The inferred
deviation was then used to generate a corrective feedback action, restoring the turbine to an
aerodynamically consistent yaw alignment.

For degradation faults such as LEE, the intelligent layer extracted residual-based features
and applied a supervised classifier to distinguish between clean and degraded states. From
probabilistic outputs of the classifier, a scalar health indicator was derived. This indicator
did not directly modify control variables; instead, it provided maintenance-oriented
feedback, enabling condition-based decision logic and supporting timely intervention before
significant performance losses occurred.

In both cases, the inference mechanism closed the information loop between physics and
measurements. However, the nature of the feedback was fault-adaptive, moving from
immediate control correction in the yaw case to a health-state quantification with
maintenance guidance in the LEE case. This distinction highlights the adaptability of the
proposed DT architecture to different classes of aerodynamic faults while preserving a

unified inferential structure.
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5.3 First DT: yaw misalignment detection and correction

The DT introduced in the following sections addresses static yaw misalignment induced by
faulty wind-direction readings through a performance-based inference supported by
extensive CFD analysis. This DT was formulated as a functional model, wherein the virtual
aerodynamic behaviour served to interpret measured performance deviations and diagnose
the presence of misalignment. The primary objective was short-term diagnostic assessment
and immediate corrective action, distinguishing it from long-term degradation tracking or
maintenance scheduling.

While the layered architecture was not formally articulated at the time of the first study,
it emerged implicitly through the integration of experimental measurements, CFD-derived
performance maps and inverse interpolation logic. The subsequent LEE study builds upon
this methodological foundation, formalising the architecture and extending the same logic

toward degradation-oriented fault detection and probabilistic health assessment.

5.3.1 Yaw misalignment: physical background and fault description

Yaw misalignment represents a common and impactful fault affecting HAWT operation. As
shown in Figure 5.1, it occurs when the rotor axis is not aligned with the incoming wind
direction, leading to a reduction in the effective aerodynamic loading of the rotor and,
consequently, to a power production loss. Even relatively small yaw errors can result in
measurable efficiency penalties, making yaw alignment a critical aspect of wind turbine

performance monitoring [122-124].
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Figure 5.1. Schematic representation of yaw misalignment in an HAWT.

Yaw misalignment is generally categorised into two types, namely static and dynamic.
Static yaw misalignment refers to a constant offset between the nacelle position and the
actual wind direction, typically arising from problems associated with the wind vane sensor,
such as exposure to harsh environmental conditions, miscalibration or software faults.

Dynamic yaw misalignment is primarily caused by the delayed response of the yaw
control system to rapidly changing wind directions, resulting in transient misalignments that
induce unsteady aerodynamic loads, power fluctuations and additional fatigue stresses on
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the turbine structure. While static and dynamic misalignments often occur together in real-
world operations, this study specifically focused on the impact of static yaw misalignment.

From a CM perspective, yaw misalignment primarily affects short-term aerodynamic
performance, manifesting through deviations in power production and remaining, in
principle, reversible through corrective control actions. These fault characteristics make yaw
misalignment an ideal candidate for the initial development of a DT-based monitoring and
corrective approach, aimed at assessing feasibility under conditions of limited observability
and high inflow variability.

5.3.2 Wind turbine system

The Pikasola 400W-12V Wind Turbine Generator, a fixed-pitch small-scale HAWT, served
as the experimental system for developing and validating the proposed DT-based condition
monitoring approach (Figure 5.2). The turbine is originally passively yawed by the wind
thanks to its tail, while rotor speed is purely wind-driven. To ensure structural safety, an
electromagnetic braking system within the turbine controller provides overspeed protection,
triggering automatically upon reaching predefined electrical limits (15 V or 30 A).

It features a rotor of diameter 1.3 m, and it is characterised by a rated power of 400 W
generated at 12 V DC. The rated rotational speed of 800 min™ is reached for an incoming
wind speed of 13 m s™!, whereas power starts to be delivered for a cut-in speed of 2.5 m s,
For this first DT application, due to site constraints and practical portability, the generator
was installed on a 2.0 m long pole, which was equipped with a dedicated adjustable basement
frame.

Figure 5.2. Small-scale wind turbine (Pikasola 400W-12V, 1.3 m rotor diameter) on a 2.0 m pole with dedicated
base during outdoor testing at Cranfield University airfield, UK (adapted from [118]).
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The turbine was tested outdoors at the airfield of Cranfield University, Bedfordshire,
United Kingdom, located at a latitude of 52° 03' 59.5" N and longitude of 0° 37' 34.0" W.
The tests were conducted during January and February 2025. Wind statistics were evaluated
over 10-minute averaging windows. During the campaign, 10-minute mean wind speeds
ranged between 5.37 and 7.40 m s™ (overall average 6.24 m s™), with gusts reaching 17 m s
!. The corresponding turbulence intensity ranged between 31 % and 47 %, with an average
of 38 %. A Weibull fit to the full wind speed dataset yielded a shape parameter k = 2.60 and
scale parameter ¢ =6.91 ms™.

The proposed DT-based method was assessed via a three-trial outdoor campaign,
conducted under natural wind fluctuations. Each trial was tailored to a distinct development
objective: Trial I focused on real-time data acquisition and inflow characterisation; Trial 11
tested the turbine in a correctly yawed state to perform numerical-experimental power
matching with CFD; and Trial III validated the DT’s capacity for yaw misalignment
detection and fault correction.

5.3.3 Sensor network and data flow

m| | Tachometer

DC motor
Motor driver

Arduino .
pC I Wind Vane

@@ Arduino u Anemometer

Figure 5.3. Schematic of the sensor network and data acquisition system for the instrumented HAWT (adapted from

[118]).

Current sensor
Voltage sensor

The experimental setup included a custom-built sensor network installed on the asset to
enable real-time monitoring. The entire network was designed to be compact, allowing for
outdoor deployment in varying locations without the need for fixed infrastructure. This
flexibility enabled opportune repositioning of the turbine in open field conditions,
facilitating experimental tests under naturally fluctuating wind conditions. The following
sensors were used to sample data through an Arduino Yun microcontroller:
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e Wind vane: RS-FXJT-V05-360 model.
e Anemometer: RS-FSJT-NPN model.

e Tachometer: A3144 from Allegro.

e Current sensor: ACS712ELCTR-30A.

Data from all sensors was collected at a frequency of 1 Hz and stored in a cloud MongoDB
database [125] via a custom Python script. The adopted sampling frequency was chosen
according to the recommendations from the IEC 61400-12 standard for wind measurement
systems, which suggests 1 Hz for proper accuracy [126]. An overview of the selected sensors
and the resulting data flow is presented in the following schematic of Figure 5.3.

As introduced in Figure 5.2, the anemometer and wind vane were located at the same
elevation (0.65 m above ground) to ensure they sampled a consistent local inflow; both were
placed 0.3 m ahead of the rotor plane to minimise aerodynamic interference from the blades.
A 0.4 m separation between the sensors ensured negligible mutual interference, with the
configuration’s suitability validated through CFD postprocessing.

While the sensor arrangement was nonstandard relative to IEC-specified meteorological
tower spacing [126] and the vertical shear between 0.65 m and the 2.0 m hub height was not
explicitly measured, the setup was sufficient for local flow characterisation. It enabled
necessary yaw corrections within the specific constraints of small-scale, portable wind
turbine testing, effectively capturing the flow disturbance experienced by the DT rather than
providing a formal IEC-compliant hub-height measurement. Any systematic bias in absolute
wind speed magnitude arising from vertical shear was absorbed through the numerical-
experimental power matching introduced in Sect. 5.3.8.

The A3144 Hall effect sensor was used as a tachometer to measure rotor speed through
three magnets attached behind each blade’s root; the sensor was positioned right after the
rotor to easily detect a full revolution. A custom Arduino routine processed the pulses to
calculate the rotational speed. To measure the wind generator voltage, a voltage divider was
implemented to scale the maximum possible voltage (12 V) to 5 V, compatible with the
Arduino microcontroller.

Electrical loading was provided by a 12 V (55 W) halogen lamp wired downstream of the
rectification stage, establishing an approximately resistive load profile. This arrangement did
not impose active rotor speed regulation; instead, the rotational speed was wind-driven and
governed by the balance between aerodynamic torque, generator electromagnetic resistance
and mechanical losses. Consequently, fluctuations in rotational velocity and power
generation were purely a function of the inflow conditions and the turbine's aerodynamic
response. DC power was calculated by multiplying the current measured by the ACS712
current sensor and the voltage read through the voltage divider.
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5.3.4 Yaw control system

A custom yaw control system was developed to adjust and correct the turbine’s yaw angle.
Yaw actuation was built using a Crouzet 82840 (Gear Ratio = 750) brush 24 V DC motor
connected to the nacelle via a belt drive and controlled using an Arduino Uno microcontroller
together with the BTS7960 motor driver module (see Figure 5.2 Figure 5.3). The system was
operated via a Python interface, which allowed for careful actuation by inputting the
requested angular displacement and the direction of movement.

The motor shaft was fitted with a 35 mm-diameter pulley that, via a 5 mm-pitch belt,
drove a 75 mm-diameter pulley mounted on the nacelle shaft. The pulley axes were spaced
80 mm apart. This design ensured sufficient robustness to overcome gyroscopic forces from
rotor rotation and system friction. The system was manually calibrated to ensure accurate
yaw actuations with a yaw speed of 1° s”.. Calibration was performed by tracing visible
markers around the nacelle shaft, allowing angle adjustments to be verified against known
reference positions.

5.3.5 Definition of angular quantities and sign conventions

To ensure consistency across experimental, CFD, and DT frameworks, all angular quantities
used a shared ground-based reference. The wind direction (8,,) was measured as a clockwise
horizontal inflow angle in the interval [0°, 360°), while the nacelle yaw (8,) defined the
absolute rotor orientation. During testing, yaw motion was constrained to +£50° about the
180° reference. The yaw misalignment angle y was defined as the signed difference:

Yy =06y — 0. (5.4)

A positive yaw misalignment (y > 0°) indicates the wind is clockwise relative to the rotor
axis (approaching from the right when looking downstream), while (y < 0°) denotes a
counterclockwise deviation. Under aligned conditions, y = 0°.

Crucially, y was a derived signed difference rather than an independent variable, as both
wind direction and nacelle yaw were defined as absolute orientations within a shared
reference frame. This convention was maintained across all CFD simulations to ensure
consistency between numerical and experimental results.

Finally, corrective yaw actuation was always applied with opposite sign to the inferred y
to restore alignment (y — 0°).

5.3.6 CFD modelling

Geometry and domain. The machine geometry was developed as a computer-aided design
(CAD) model. In particular, the blade geometry was extracted from a previous model already
developed by Utah Valley University [127], since previous research had already been
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conducted on the same specific turbine; the nose and the nacelle of the wind turbine
generator were designed by reverse engineering from the physical asset. Simplifications

included not modelling the wind turbine’s pole and tail, but only the rotor and its nacelle.

4D 8D
A A-A

*

Figure 5.4. Overview of the CFD domain around the wind turbine rotor (adapted from [118]).

As presented in Figure 5.4, the fluid domain consisted of a box space around the full rotor
of size 5Dx5Dx12D, where D is the turbine diameter. This setup results in a blockage ratio
of approximately 3.1 % (Arotor / Across = TD?/4 / 25D* = 1/100), which is sufficiently low to
limit confinement effects in external rotor simulations. The rotor was positioned within a
disk subdomain 4 diameters downstream of the inlet. This was followed by a conical
subdomain with a locally denser mesh to capture the near-wake flow structures and the onset
of wake formation. The resulting computational mesh was designed to be polyhedral and
unstructured, consisting of approximately 31 million elements, with a blade first layer
thickness of 1.22e-5 m that granted an averaged y* value of about 1 for the analysed
operations. Although a systematic mesh independence study was not conducted, the mesh
resolution was chosen based on prior CFD experience from similar applications [128,129],
ensuring precise near-wall treatment and stable convergence. This domain sizing was
aligned with established literature [130,131], to accurately capture the flow field around the
rotor while minimising computational timing and cost.

Simulation settings. Simulations were performed using the software Ansys Fluent
2024R1 on the Delta2 High-Performance Computing (HPC) cluster of Cranfield University.
The Shear Stress Transport (SST) k-w turbulence model was employed to compute the flow
behaviour around the turbine under steady-state conditions. The choice of this model was
due to its capacity to predict power output and aerodynamic loads more accurately than other
RANS turbulence models, as commonly emphasised in literature [132—134].

The turbine operated within a low-Reynolds regime (Re = 10°), calculated based on rated
conditions (800 min™', 13 m s™') and chord dimensions ranging from 0.027 m to 0.135 m.
Because utility-scale HAWTs typically work at much higher Reynolds numbers (Re = 10° -
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107) [135,136]. While the underlying DT logic remains valid across scales, a direct transfer
of yaw-response data to larger rotors is not feasible without re-deriving the CFD database to
ensure accuracy at different Reynolds regimes.

The rotation of the rotor was modelled through the multiple reference frame method
(MRF) [111], which was applied to both the disk and conical subdomains. These rotating
regions were coupled to the surrounding static fluid domain via a frozen rotor interface,
allowing for a steady-state representation of the rotor’s influence on the flow field at a fixed
angular position.

Boundary conditions included a uniform inlet velocity with a turbulence intensity of 5 %.
The simulated wind speeds were Uy, = 3, 5, 8, and 13 m s}, in order to cover an incoming
inflow that ranged from the cut-in speed to the rated speed of the selected wind turbine.
Static yaw misalignment was reproduced by modifying the inlet flow angle relative to the
turbine’s rotor axis by a constant yaw misalignment angle, y (see Eq. (5.4) of Sect. 5.3.5).
When simulating yaw misalignment states, two faces of the box-shaped domain were set as
inlets, whereas the opposing two downstream faces were set as pressure outlets. The top and
bottom walls were configured as free-slip walls.

No vertical wind-speed measurements from ground to blade tip were available for CFD
calibration. Given the significant spatial and temporal variability of the inflow conditions
during the experimental campaigns, a uniform inlet velocity profile was adopted as a
simplified and consistent boundary condition. The CFD results were then calibrated a
posteriori through comparison with experimental measurements.

A common theoretical assumption is that yaw misalignment results in a symmetric power
loss for positive and negative yaw misalignment angles [137]. After verifying this hypothesis
on power production, only positive static yaw misalignment angles were tested, specifically
aty=5°10°, and 15°.

Design of experiments. CFD simulations were performed across the selected range of
yaw misalignment angles and wind speeds. For each combination, the rotor’s rotational
velocity was adjusted to achieve the target TSR, ranging from 2 to 8 [131,137]. To isolate
the aerodynamic effects of flow misalignment, for a given combination of wind speed Uy,
and TSR, the rotational velocity was held constant across all analysed yaw angles. The
aerodynamic power of the rotor was computed as the product of the converged rotor torque
and the imposed rotational speed corresponding to the analysed operating point, and used to
compute the aerodynamic power coefficient CSF D see Eq. (5.1). A summary of the CFD
design of experiments adopted is reported in Table 5.1.

It is acknowledged that the outdoor experimental campaign was affected by atmospheric
phenomena such as wind shear and gusts, which are not explicitly resolved within the present
steady RANS framework. In the CFD simulations, turbulence is modelled rather than
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resolved, with the inlet turbulence intensity prescribed via turbulent kinetic energy, resulting
in an idealised inflow condition.

Table 5.1. Summary of the design of experiments for the CFD simulations (adapted from [118]).

Parameter Value

Yaw misalignment angle (positive), y [°] 0, 5, 10, 15
Inlet wind speed, Uy, [m s7'] 3,5,8,13
Tip-speed ratio range, TSR [-] 2-8
Simulations per yaw misalignment case =~ 28

Total CFD simulations 112

This choice was adopted intentionally to isolate the aerodynamic effects of yaw
misalignment under controlled and repeatable conditions. The connection between the
idealised CFD framework and real outdoor operation is established through the experimental
power matching procedure described in Sect. 5.3.8, where CFD-derived performance
surfaces are anchored to measured operating data.

5.3.7 Estimation of yaw misalignment from CFD-derived performance data

The CFD results were used to populate a three-dimensional performance space, mapping the

CgF D against TSR and yaw misalignment angle y. In addition, for inlet wind speeds of 8 m

s and 13 m s7, the (C5FP, TSR) distributions demonstrated nearly identical behaviour
across all simulated values of y, with a relative percentage error below 5 % due to
aerodynamic similarity. Therefore, it was considered acceptable to select a single averaged
CgF D dataset to characterise the turbine's performance for the 8 to 13 m s! range.

Due to computational limitations related to the extensive time required for each high-
fidelity simulation, simulating the full range of yaw and TSR combinations across additional
wind speeds were prohibitively expensive in terms of both CPU hours and storage. Hence,
linear interpolation among the selected wind speeds was considered sufficient to generate
(C5FP, TSR, y) data at intermediate wind speeds (U, = 4, 6, 7 m s™"). This approach was
justified by the monotonic and smooth evolution of the non-dimensional aerodynamic
coefficients within the analysed Reynolds number regime and by the fact that the CFD
database was intended to represent a structured performance space capturing global
aerodynamic behaviour rather than detailed local flow features.

The CFD-derived performance space served as the foundation for estimating and
inferring the yaw misalignment angle y = f(C5*?, TSR, Us,) as part of the virtual object of
the DT model. Specifically, for each reference inflow condition U, the corresponding
(C5™P, TSR) input space was isolated. Six Clough-Tocher piecewise cubic interpolants were
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then constructed: five associated with the discrete wind speeds Uy, =3, 4, 5,6, 7 m s™!, and
one representing the averaged dataset for the 8-13 m s! range. The generally monotonic and
smooth evolution of the interpolants, particularly within the operational TSR range, ensured
a well-posed inversion, yielding a unique solution for .

Yaw inference accuracy was assessed through a local perturbation analysis. Stochastic
perturbations, with standard deviations 0 cgrp = 0.005 and o7gg = 0.05, were applied to CFD

reference points to represent the residual variability of 30 s aggregated measurements, and
the inverse interpolants were queried accordingly. The resulting median absolute yaw
inference error remained below 2° across all defined wind speeds.

During experimental testing, the magnitude of y and its sign were determined through
direct measurements of C;*°** and TSR, following a numerical-experimental power
matching process. This ensured consistency between measured data and CFD-derived
performance metrics, as detailed in the following Sect. 5.3.8. This matching of measured and
CFD-derived performance to pin down the fault parameter follows the same principle as the
combined CFD-SCADA framework of Castellani et al. [138], who treated each turbine of a
wind farm as a virtual meteorological mast and isolated a systematic anemometer bias from
the mismatch between RANS-simulated and measured wind, identifying the inclusion of
rotor orientation as a natural extension of their approach.

Finally, for wind direction changes exceeding the maximum yaw offset simulated in CFD,
the inference output was set to y = 15°.

5.3.8 Numerical-experimental power matching

To ensure consistency between the power output of the wind generator and the aerodynamic
predictions derived from CFD simulations, a three-step correction technique was employed.
Consistency between experimental tests and numerical simulations was necessary to grant
accurate real-time monitoring within the DT feedback logic for proper CFD interpolation.

First, a Clogh-Tocher piecewise cubic interpolant was defined using the correctly aligned
(y = 0°) CFD dataset. Mapping the C5" values across the (TSR, Us,) input space allowed
the model to predict the aerodynamic power coefficient for any measured operating point,
analogously to the approach detailed in Sect. 5.3.7.

Second, instantaneous experimental records of TSR and U, from Trial II, which
established the performance reference for the aligned turbine (Sect. 5.3.12), were fed into
the interpolator to determine the predicted C5™” for y = 0° via CFD. Before interpolation,
outlier filtering was applied to each experimental time series using the interquartile range
(IQR) method with a threshold equal to 2.5. This value was selected as a more conservative
criterion than the standard 1.5 in order to avoid excessive removal of valid transient

fluctuations observed in the experimental signals.
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This step was formulated as a quasi-steady correlation rather than a time-resolved
matching of flow dynamics; at each acquisition instant, the measured TSR and U,, queried
the CFD-derived interpolator to evaluate the numerical response predicted for those specific
conditions. Consequently, the steady RANS simulations served as a physics-based reference
for the experimental measurements without attempting to reproduce instantaneous,
stochastic unsteady phenomena.

In a third step, a correction factor (CF) dataset was determined as the pointwise residual
difference between interpolation-predicted and experimentally obtained C;***® values under

the same measured TSR and Uy,:
CF(TSR,Uy) = szFD (TSR ,Us) — C*** (TSR, Uso) (5.5)

Next, a cubic spline model was fitted to the pointwise CF values, with the smoothness
parameter s equal to 1, to create a correction surface mapping the (CF, TSR, U,,) space.

This method was introduced to compensate for discrepancies arising from sensor noise,
unmodelled aerodynamic effects and mechanical-electrical conversion inefficiencies. The
interpolation constructed using correctly aligned data was subsequently adopted as a first-
order approximation for yawed operating conditions, under the assumption that yaw
misalignment does not introduce significant changes in conversion losses beyond the
aerodynamic reduction in C**** reduction itself [137,139].

As a result, during the third trial used to validate the DT’s yaw detection capability (see
Sect. 5.3.14), the CF was evaluated for each record of TSR and U, inside the decision
interval. The factor, obtained by interpolating the cubic spline model derived from aligned
conditions, was applied to the measured power coefficient to compensate for systematic non-
aerodynamic offsets prior to DT inference. The corrected power coefficient supplied to the
DT model was thus defined as:

Créw (TSR, Us,) = CF(TSR ,Uy,) + CJ*** (TSR, Us,) (5.6)

5.3.9 DT logic for yaw fault detection and correction

The DT yaw fault detection logic was designed as a closed-loop, condition-based procedure
operating on performance indicators averaged over discrete time intervals. The algorithm’s
objective was to detect misalignment originating from faulty wind direction measurements,
infer the magnitude and sign of the yaw misalignment angle using CFD interpolation, and
apply the necessary feedback for correction via the yaw system (Sect. 5.3.4).

The detection procedure operated over fixed temporal windows, aggregating sensor data
from the continuous cloud stream to mitigate the influence of short-term inflow variability

and measurement noise. In the present implementation, data were fetched over a 30 s
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sampling window, resulting in an effective loop duration of approximately 32-33 s. This
timing was influenced by the characteristics of the data acquisition infrastructure but did not
affect the generality of the proposed detection logic.

At each decision step, the DT model processed three dimensionless inputs: the corrected
power coefficient C7r¢s, the TSR, and the wind speed U,,. The yaw misalignment angle y
was then inferred by querying CFD-derived performance interpolators. The algorithm
operated on the assumption that, once non-aerodynamic biases were compensated through
the CF, short-term variations in power output were driven primarily by yaw misalignment.

Based on these inputs and assumptions, the DT yaw detection procedure was structured
into four sequential steps:

1. Data conditioning: experimental time series of C;*°®*, TSR, and U,, were filtered
to remove outliers using the IQR method (threshold equal to 2.5).

2. Performance correction: the power coefficient C;*°%*

was corrected through a

corresponding correction factor CF, yielding a corrected power coefficient C7'5t

consistent with the CFD performance results.

3. Misalignment inference: the corrected Cp ey, together with TSR, and U, were
averaged over the current time interval and used to infer a yaw misalignment
angle y by interpolating CFD-derived performance data. Before interpolation, the
averaged wind speed was rounded to select the closest corresponding response
surface.

4. Fault decision and correction: yaw fault detection was based on the joint
evaluation of the inferred angle y and the temporal evolution of the corrected

Cmeas

power coefficient C7gy, across consecutive intervals, enabling the identification

of persistent performance degradation associated with yaw misalignment.

For each interval, the percentage change in Cj'5¢,, was defined as:

Comew (1) = Cpnew(i—1)

Comew (i = 1)

meas —
ACp,new =

* 100[%], (5.7)

where i denotes the current decision interval. A yaw fault was flagged only if two
conditions were simultaneously satisfied: (1) the inferred yaw misalignment angle crossed a
predefined threshold of 5° for the first time, and (2) the corrected power coefficient Cyen

exhibited a consistent decrease (ACy e < 0) over two consecutive intervals relative to

their respective preceding values. This combined criterion prevented false positives due to
transient inflow fluctuations.

Within the yaw fault detection logic, the DT logic applied a feedback-based sign inference
strategy to resolve the sign ambiguity of the misalignment. The algorithm initially assumed
a positive yaw misalignment angle and applied a corresponding corrective action. If, despite
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this correction, the inferred misalignment remained above the threshold and the power
coefficient decreased again in the subsequent interval, the initial hypothesis was rejected and
a double corrective action in the opposite direction was applied. This feedback-based
procedure enabled the DT to infer the sign of the yaw misalignment angle based on
performance response rather than relying on wind direction measurements.

In the absence of inferred faults, the wind vane sensor data were considered to be correct,
and the control logic operated to adjust the yaw angle of the turbine to be aligned with the
measured wind direction. To ensure a consistent response, a control flag was implemented
in the algorithm to disable further actuations linked to the healthy sensor state once a faulty
sensor state was detected. As a result, the turbine’s yaw angle adjustments relied only on
CFD interpolation, maintaining alignment with the wind direction even in the presence of
unreliable sensor data. In this configuration, the CFD interpolation itself acted as a
performance-based virtual sensor, providing yaw measurements otherwise provided by the
faulty device.

The control loop was executed at the defined sampling interval of 30 s, after which a new
set of measurements was acquired and the detection and correction logic was re-evaluated.
During experimental testing, the DT model could be manually interrupted, in which case the
yaw system was driven to a neutral 180° reference position to ensure a safe and repeatable

shutdown.

5.3.10 CFD results and integration within the DT
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Figure 5.5. CFD-derived C5™-TSR curves for y = 0°and y = 15° at Uy, =8 m s and 13 m 5. Relative deviations

from the 13 m 57! baseline are illustrated, confirming aerodynamic similarity across this range (adapted from

[118]).

The following sections present the validation results of the first DT implementation
developed for yaw misalignment detection and correction. The validation is structured in
two complementary parts. The first one covers the numerical foundation of the DT,
examined through the analysis of the CFD-derived performance surfaces and the
corresponding power loss trend induced by yaw. The second part assesses the complete
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architecture under real operating conditions through the three outdoor experimental trials
previously introduced in Sect. 5.3.2, , evaluating detection capability, corrective behaviour,
and overall inference robustness.

Figure 5.5 illustrates the aerodynamic power performance obtained from CFD

CFD
CP

simulations, expressed as against TSR, for the extreme yaw misalignment angles

simulated in this study (y = 0° and 15°) and across wind speeds of 8 m s and 13 m s\
Relative deviations from the reference case at 13 m s are marked on each curve.
Additionally, a red circle highlights the rated operating point of the selected small-scale
HAWT (TSR =4.19).

The results confirmed that in the TSR range from 2 to 8, the aerodynamic performance of
the rotor was almost identical in terms of wind speeds. In any yaw misalignment angle, the
relative difference in CgF D between 8 m s and 13 m s was less than 5 %, highlighting the
aerodynamic similarity between the numerical results. Consequently, by modelling the wind
turbine’s aerodynamic performance across an 8-13 m s inflow range with a single averaged
curve per yaw direction, the DT’s inference dimensionality was effectively reduced without
sacrificing physical accuracy.
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Figure 5.6 extends the analysis by presenting the complete set of CFD-derived C5*P-TSR,
curves for all simulated yaw misalignment angles (y = 0°, 5°, 10°, 15°) and for the three
directly investigated inflow regimes (Us, = 3 m s, 5 m s and the averaged 8-13 m s’
range).

Across all wind speeds, increasing yaw misalignment produced a systematic reduction in
aerodynamic performance, evidenced by a progressive downward shift of the C;*°-TSR
curves and a decrease in peak power coefficient. This monotonic degradation with increasing

y was observed for each U,, and was consistent with trends reported in the literature for yaw-
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misaligned HAWTs [124,137]. The figure also highlights the averaged performance curve
for the 8-13 m s! range, where aerodynamic similarity was observed (Figure 5.5). Peak
power extraction for this range occurred at TSR = 6 under aligned conditions (y = 0°).

Overall, the CFD results indicated that the aerodynamic response of the rotor to yaw
misalignment was well-structured across the investigated operating range, with performance
losses that scaled consistently with increasing yaw misalignment while preserving the
characteristic CgF D_TSR behaviour. This response defined a robust aerodynamic mapping,
which constituted the numerical foundation for the DT to infer y from measured performance
parameters.

The CFD results for the rated wind speed of 13 m s™! showed that the yaw-induced power
degradation followed a cosine-based loss pattern with a TSR-dependent exponent. To
quantify the yaw-induced power loss trend, the power output at various yaw misalignment
angles was fitted to the classical cosine-exponent model [137], expressed as:

P(y) = Py cos™(y) (5.8)

Where P, is the power extracted for the turbine properly aligned with the wind and n the
exponent governing the power drop. A linear regression of log(P(y)/ PO)) Versus
log (cos(y)) was used to estimate the best-fit exponent n, following the approach in yaw
sensitivity modelling. As shown in

Table 5.2, the exponent increased with TSR , ranging from -0.94 at TSR = 2 to 8.93 at
TSR = 8, with the rated operating point of the small-scale HAWT being represented by TSR
= 4.19. This trend confirmed the nonlinearity of yaw sensitivity with operating conditions
and further supports the fidelity of the aerodynamic model.

Table 5.2 Cosine law exponent characterising the yaw-induced power loss at each TSR for the rated wind speed

(adapted from [118]).
TSR Exponentn
2.00 -0.94
3.00 -0.65
4.19 2.80
5.00 4.10
6.00 4.97
7.00 5.77
8.00 8.93
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5.3.11 Trial I - Data acquisition and streaming verification

As previously introduced in Sect. 5.3.2, the DT-based method was assessed through a three-
trial outdoor campaign conducted under natural wind fluctuations. Each trial addressed a
distinct validation objective. Trial I established real-time data acquisition and inflow
characterisation; Trial II evaluated the turbine in a correctly yawed configuration and
enabled numerical-experimental power matching with CFD, providing the CF model
required for DT inference; and Trial III demonstrated the DT’s capability for yaw
misalignment detection and autonomous fault correction.

The first trial aimed to verify real-time acquisition and cloud storage of sensor data.
Sensor values (voltage, current, wind speed, direction and rotational speed) were streamed
at 1 Hz and successfully stored in the cloud database. Wind speed and direction data were
used for inflow characterisation, rotational speed for tip speed ratio calculation, current and
voltage for electrical power estimation. This data laid the foundation for deriving C;**** and
TSR in later trials. Wind data logged in this trial indicated outliers due to natural turbulence,
which encouraged implementing IQR filtering.

5.3.12 Trial IT - Electromechanical power characterisation
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Figure 5.7. Correction factor (CF) values derived from the pointwise difference (residuals) between experimental
and CFD-based C5FPresults (adapted from [118]).

A second experimental session took place at the airfield of Cranfield University to measure
the electrical power output under actual loading conditions for the correctly yawed turbine
(y = 0°). During Trial II, the turbine was left to be passively yawed by the wind. From the

could be calculated and later

current and voltage records, the electromechanical Cj**%*

compared against the aerodynamic CgF D derived from CFD simulations. A notable deviation

was observed between these datasets due to conversion losses and electrical load limitations.
As Trial II represented the sole experimental reference used to establish the numerical-
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experimental power matching required by the DT, all corrections employed in subsequent
trials were derived exclusively from this dataset.

To bridge this gap, Figure 5.7 presents the pointwise residual CF datapoints, defined as
the pointwise residual difference between the instantaneous measured power coefficient
Cp**® values and the corresponding values interpolated from the CFD surface for aligned
conditions (y = 0°), as detailed in Sect. 5.3.8 and Eq. (5.5). These residual samples were used
to construct a smooth cubic spline correction surface, shown as the coloured field in Figure
5.7, while the superimposed markers indicate the original residual datapoints.

The correction data exhibited a banded distribution, corresponding to discrete operating
conditions reached during testing. After IQR-based outlier removal, the dataset contained
measured wind speeds between 2.5 m s and 11 m s™!, and TSR values between 2 and 4.

The fitted spline exhibited a definite positive gradient in CF with increasing alongside
both U, and TSR. This trend revealed larger discrepancies between experimental and CFD-
based values at higher operating points, likely stemming from increased rotational speeds
and unaccounted electrical losses. By integrating this correction model, the DT was allowed
to effectively balance field measurements with CFD predictions and to ensure consistent
performance inference together with robust fault detection.

The effectiveness of the CF correction was quantitatively assessed under aligned
operating conditions (y = 0°) using 5-fold cross-validation on the experimental dataset from
Trial II. The agreement between experimental and CFD-derived power coefficients was
evaluated in terms of the mean absolute error (MAE), root mean square error (RMSE), and
mean bias, defined here as the average signed difference between the measured and CFD-
predicted power coefficients.

Without correction, the measured power coefficient exhibited a strong systematic
underestimation relative to CFD predictions (MAE = 0.109, RMSE = 0.128, bias = -0.107).
After applying the CFD-informed correction surface, the discrepancy was significantly
reduced, with the MAE decreasing to 0.018 and the RMSE to 0.027, corresponding to
average reductions of 83 % and 79 %, respectively, while the mean bias was effectively
eliminated.

These results confirmed that the model effectively compensated for systematic
experimental offsets rather than overfitting the calibration data. By validating the CF
exclusively under aligned conditions (y = 0°), non-aerodynamic biases were successfully
isolated to avoid contaminating the yaw-dependent power loss data.

Consistent with the assumptions in Sect. 5.3.8, the power matching was applied to all
yawed conditions as a first-order compensation for non-aerodynamic losses. By applying
this correction to individual measurements prior to temporal averaging, the aerodynamic
variability required for the DT-based yaw misalignment inference was preserved, ensuring
that yaw-induced variations were handled exclusively through CFD interpolation.
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5.3.13 CFD-based yaw misalignment inference within the DT

Figure 5.8 illustrates the CFD-based inference of yaw misalignment embedded within the
DT, shown for the performance surface at U,= 4 m s’ as a representative example. The
surface represents the forward aerodynamic response C,fF D(TSR,U,,) obtained through
piecewise cubic interpolation of CFD results.

Within the DT, this surface was queried in inverse mode. During each decision interval,
experimental measurements of C;*“*, TSR, and U, were first filtered to remove outliers
and each retained C;'°*® sample was individually corrected through the numerical-
experimental power matching procedure. The corrected power coefficient Cpiresy, together
with TSR and wind speed U, was then averaged over the current time window. This defined
a well-posed operating point within the CFD-derived performance space, effectively
representing the turbine's state. The generally monotonic relationship between C,fF D and y

enabled unique yaw inference via numerical inversion of the interpolated surface.

. % Measured operating point

7 8

Figure 5.8. Example of the CFD-derived performance surface at Uy, = 4 m s, showing CgF D as a function of TSR
and y, used by the DT for yaw misalignment inference (adapted from [118]).

For each decision step, the DT selected the CFD response surface associated with the
integer-rounded wind-speed class, and operating points exceeding the simulated yaw range
were clipped to y = 15°. The corrected and time-averaged operating point was then projected
onto the (T'S R,Cgp DY plane of the selected surface, and the corresponding yaw misalignment
angle y was inferred through piecewise cubic interpolation as described in Sect. 5.3.7.

In this configuration, the CFD interpolation acted as a performance-based virtual sensor,
replacing direct wind-direction measurements when these are unreliable and providing the
DT with a robust basis for yaw fault detection.
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5.3.14 Trial I1II - DT validation and fault detection

The final trial tested the ability of the proposed method to detect and correct yaw
misalignment. During this phase, in addition to the standard signals (wind speed, wind
direction, power, rotational speed), the CFD-inferred yaw misalignment angle y, the
measured yaw position, and the averaged Cpes trend were computed over each time
interval. These parameters were used by the DT to detect misalignments and decide whether
to override faulty wind direction readings. The trial consisted of four sub-tests, designed to
progressively validate the yaw actuation, fault detection capability, correction logic, and
recovery behaviour of the DT under challenging inflow conditions:

e Test 1, verification of yaw system actuation: A test of the customised yaw system of
the turbine (Sect. 5.3.4) that validated its ability to align the rotor with the incoming
wind direction at each sampling interval.

e Test 2, positive yaw misalignment: A static yaw misalignment of +10° was
intentionally induced by subtracting 10° from the wind vane measurements before
running the test, thereby introducing a systematic bias in the wind direction signal.
As a result, the nacelle was oriented 10° away from the real wind direction, creating
a controlled physical misalignment angle caused by a simulated sensor fault. The DT
model correctly sensed the misalignment through decreased performance and
successfully aligned the turbine with the real wind direction, circumventing the faulty
sensor after the deviation had been confirmed. At the end of the second test, the DT
was also capable of detecting and following an average change in the wind direction,
acting as a performance-based virtual yaw sensor in addition to diagnosing and
correcting the faulty yaw measurement.

e Test 3, positive yaw misalignment: A repeat test with a +10° offset was performed,
similarly to Test 2. However, the DT failed to confirm the misalignment in this
instance. This was likely due to increased turbulence and high-frequency gusts,
which temporarily obscured the performance degradation required for successful
detection.

e Test 4, negative yaw misalignment: A static yaw misalignment of -15° was
intentionally induced by adding +15° to the wind vane measurements before running
the test, thereby introducing a systematic positive bias in the wind direction signal.
As a result, the nacelle was oriented 15° away from the real wind direction in the
opposite direction, creating a controlled physical misalignment angle caused by a
simulated sensor fault. The DT model correctly sensed the misalignment from the
interpolated CFD performance space and computed the appropriate yaw correction
command.

Although these results demonstrated the promise of the DT in independent fault detection

and correction, the system also proved sensitive to wind turbulence and flow
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inhomogeneities typical of near-ground operation. Such phenomena are inherent to the lower
atmospheric boundary layer and can occasionally induce spurious corrections. In utility-
scale wind turbines operating at higher hub heights, where the inflow is generally more
uniform and less affected by surface roughness, the influence of such disturbances is
expected to be reduced, although further validation would be necessary to fully assess this
behaviour.

Test 1 - Yaw actuation verification. Figure 5.9 presents the outcome of Test 1,
which was designed primarily to verify the real-time responsiveness of the modified yaw
actuation system under dynamic inflow conditions. Variable wind conditions were
registered during the test. As observed in the first panel, the turbine yaw angle was first
initialised at 180°. In the absence of detected sensor faults, the DT control logic allowed the
yaw system to align the turbine with the measured wind direction at each control interval,
while the CFD-based yaw inference operated in parallel as a monitoring layer. Rapid
changes in the wind direction occurred during the test, with values up to -18°. The DT model
captured these changes through the resulting variations in Cpyey and TSR, intermittently
inferring yaw misalignment angles of 15° and 10° as shown in the second panel.

Although the CFD-based inference intermittently indicated large apparent yaw deviations
under gusty conditions, the prescribed misalignment criteria were not met systematically;
therefore, no sensor fault state was triggered, and the yaw actuation remained driven by the
wind vane measurements, consistent with the scope of Test 1.

This observation suggests that DT could potentially monitor fast changes in  wind
direction and Cy5¢y, . Furthermore, the analysis demonstrated that misalignment detection is
more likely to occur during conditions of high wind strength, which led to greater TSRs
and increased the responsiveness of the aerodynamic model.

Test 1 - Yaw Angles

200 Sensor Yaw Angle
—=— Current Yaw Angle

Test | - Wind Speed and CFD Inference -
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Figure 5.9. Time series from Test 1: verification of the yaw actuation system and initial DT fault inference under
gusty conditions (adapted from [118]).
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Test 2 - Detection and  correction of +10°  misalignment.
Test 2 results are shown in Figure 5.10. The test started with a -10° artificial bias in the
wind vane readings, inducing a positive static yaw misalignment of +10°. A 13° yaw
misalignment was detected by the DT model attime 13:14:09 after about 3 minutes
and corrective feedback was sent at the end of the loop, marked with a vertical dashed grey
line. Due to the system's mechanical inertia, a second 9° error was detected in

the subsequent loop, but no actuation was performed because of a Cyey increase of 112

% following the first actuation.
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Figure 5.10. Time series from Test 2: detection and correction of a +10° yaw misalignment (adapted from [118]).

In addition, the first panel shows the real wind direction (marked in black),
corresponding to the original wind vane measurement prior to the induced bias, towards
which the system adjusted after the corrective feedback provided by the DT. Additionally,
a strong wind direction change (+18°) was inferred close to the end of the test, which
was inferred by the DT as a +15°deviation in the subsequent interval, triggering a
corresponding feedback action. A partial recovery of Cpiréy, (about +17 %) ensued and
prevented a second feedback command. This reaction further illustrates the
system's capability to adapt to changing inflow conditions and the role of the CFD inference
as a performance-based virtual sensor; the DT did not issue any unnecessary actuation
commands, demonstrating robustness against false positives under gusty conditions.

Test 3 - Unsuccessful correction of +10° misalignment. This test is included to
document a representative operational condition under which yaw correction was not
achieved, highlighting the influence of inflow variability on DT-based control actions rather
than a malfunction of the inference logic. Figure 5.11 presents the results for Test 3. As for
Test 2, a static positive yaw misalignment of +10° was intentionally induced in the wind
vane readings from the beginning of the test.
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At time 13:33:36, the DT, through CFD interpolation, inferred a misalignment of 12°.
However, due to strong fluctuations in the wind inflow, which directly affected the power
production, the conditions required by the DT decision logic were not consistently satisfied.
As in Test 1, the inferred misalignment was not sustained over consecutive intervals with a
stable and coherent power deficit, and the DT therefore remained in a monitoring state
without issuing corrective commands. This test was characterised by the lowest maximum

wind speeds registered during the trial.
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Figure 5.11. Time series from Test 3: fault detection under +10° misalignment suppressed by unstable inflow
(adapted from [118]).

Test 4 - Detection and correction of -15° misalignment. Figure 5.12 presents the results
from Test 4 that concluded the Trial III. In this scenario, a static negative yaw misalignment
of -15° was intentionally simulated. At the beginning of the test, the DT signalled the
presence of a misalignment, initially inferring a yaw misalignment angle of 14°. However,
only at time 13:49:36, after about 7 minutes, could the algorithm confirm a sustained
misalignment (15°) and issue a corrective feedback command, which was initially classified

as positive according to inference logic (Sect. 5.3.9).
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Test 4 - Yaw Angles
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Figure 5.12. Time series from Test 4: detection of -15° fault and recovery sequence. (adapted from [118]).

Following the first feedback action, the registered Cp,'rey showed a -37 % decrease. This
performance drop indicated that the applied actuation was in the incorrect direction (positive
clockwise rotation). In the subsequent loop, the DT again detected a 15° misalignment and,
based on the post-actuation power deficit, issued a second corrective command of -30°. This
second actuation resolved the negative yaw fault and successfully realigned the turbine with
the wind inflow. The test therefore highlighted the DT’s capability to self-correct directional
misclassification through performance-based feedback.

In this case, recovery of C77éyy in the time series was not clearly distinguishable due to a

rapid decrease in wind speed, which drove the turbine to TSR values close to 1. Although a
modest increase in power is visible after the final correction, it is difficult to isolate this
recovery from the effects of reduced inflow velocity. These trial outcomes directly informed

the accuracy evaluation summarised in Sect. 5.3.15.

5.3.15 Accuracy evaluation metrics

Table 5.3. Evaluation of yaw detection and correction performance using the DT during the third experimental trial
(adapted from [118]).

Metric Definition Evaluation based on tests

Detection Percentage of faulted tests in which 3 out of 3 faulted tests: 100 %
success rate  the CFD interpolation detected yaw
misalignment (y > 5°).

Yaw Yinferrea — YVerue| Test 2 (first feedback): 3°
correction Test 2 (second feedback): 3°
accuracy Test 4: 0°
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Comew Percent increase in Test 2 (first feedback): +112 %
recovery (%) Cprewfollowing yaw correction Test 2 (second feedback): +17 %
(when applicable). Test 4: -37 % after mis-actuation,
followed by a recovery attempt, but
with an unclear signal due to wind

drop.

Table 5.3 summarises the performance of the DT model during Trial I1I, where three out of
four tests were subjected to induced static yaw faults in the wind vane readings. The DT
successfully inferred misalignment conditions in all faulted cases, with a 100 % detection
success rate. Regarding Tests 2 and 4, yaw correction accuracy, defined as the absolute
difference between the estimated and true yaw misalignment angles, ranged from 0° to 3°,
indicating good agreement between the DT inference and the imposed yaw faults.

Large recoveries in Cp'rew were observed after corrective action, such as a +112 %
recovery in Test 2. In Test 4, an incorrect initial actuation resulted in a -37 % drop,
necessitating a second corrective action, though further recovery was masked by falling wind

speed.

5.4 Limitations and architectural lessons from the first DT

The first DT implementation demonstrated that CFD inference can operate as a performance-
based virtual sensor under real atmospheric conditions, enabling detection and correction of
static yaw misalignment without prior exposure to faulty datasets. However, the outdoor
validation also highlighted structural and methodological constraints that contributed to the
subsequent evolution of the architecture.

A primary limitation emerged from the turbine operating in close proximity to the ground,
due to site constraints during the first experimental campaign, exposing the rotor to elevated
shear and turbulence levels. Although 30 s aggregation mitigated short-term variability in
most cases, elevated turbulence occasionally obscured the aerodynamic signature required
for reliable corrective action. This observation emphasised the importance of environmental
observability and filtering strategies when applying performance-based inference in
stochastic conditions.

Second, the yaw DT relied on explicit parametric embedding of the fault variable (y)
within the CFD database, enabling direct inversion in a structured performance space. This
formulation resulted to be appropriate for deterministic control-state faults such as static yaw
misalignment. In contrast, degradation phenomena such as LEE (leading-edge erosion)
produce distributed aerodynamic effects whose statistical signatures may overlap under real
inflow variability.
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These observations motivated two refinements in the subsequent study. Experimentally,
the monitoring setup was improved to reduce ground-induced interference and to separate
environmental and performance acquisition subsystems, enhancing measurement clarity.
Architecturally, the DT was extended toward a hybrid formulation, retaining CFD-derived
performance maps as the physical reference while introducing data-driven classification to
improve discrimination between statistically overlapping degradation states.

Additionally, in contrast to the first implementation, the following study explicitly
formalises the four-layer DT architecture, reflecting the methodological consolidation
derived from the yaw demonstrator. This refined DT is adapted for LEE monitoring,
illustrating how the layered architecture addresses progressive acrodynamic degradation and

supports maintenance-oriented decision-making.

5.5 Second DT: monitoring of early-stage LEE using CFD-informed ML

The second DT implementation builds directly upon the architectural and experimental
insights gained from the first yaw demonstrator. While the first DT addressed a deterministic
and reversible control-state deviation, the present study targets early-stage LEE as a
progressive aerodynamic degradation mechanism affecting blade surface integrity and
performance.

Particularly in the low-Reynolds regime characteristic of small-scale wind turbines, the
increased surface roughness caused by early LEE triggers an earlier laminar-to-turbulent
transition. This alters boundary-layer development and gradually reduces power production,
often preserving the general shape of the performance curve while inducing a monotonic but
subtle power deficit. Under real atmospheric conditions characterised by stochastic
turbulence and inflow variability, performance data associated with different roughness
levels may exhibit partial statistical overlap, complicating direct inversion within a purely
physics-based framework.

For this reason, in the second DT a hybrid formulation was adopted. CFD-derived
performance maps remained the physical reference within the virtual layer, ensuring
interpretability and consistency with aerodynamic principles. However, residual-based
features extracted from measured-virtual discrepancies were processed through a supervised
classification model to enhance discrimination between clean and degraded states.
Compared to the corrective logic of the yaw DT, the objective here was early degradation
detection and health-state quantification to support maintenance-oriented decisions rather
than immediate control actuation. A direct precedent is the work of Castorrini et al. [140],
who trained ANN metamodels on CFD databases to predict eroded-airfoil force coefficients
for energy-loss estimation; the present formulation instead uses CFD performance maps as

a reference against which measured residuals are classified for early detection.
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5.5.1 LEE: physical background and fault description

LEE has emerged as a critical reliability issue across the entire wind energy sector,
contributing to reduced aerodynamic efficiency and long-term power losses, where rain, hail,
salt and airborne particulates progressively erode the blade leading edge [141-144]. As the
rotor size and tip velocity have increased with the goal of enhanced power production, the
effects of airborne droplets and particles on the structure of the rotor surface have increased
rapidly and led to an accelerated degradation of the blades [142,145,146].

Early-stage LEE corresponds to equivalent roughness heights from a few tens up to 100
um [144,147-150], already producing measurable lift loss and drag rise. While these initial
surface modifications may appear negligible, they fundamentally alter the aerodynamic
performance of the airfoil. The mechanisms underlying this sensitivity have been reviewed
in the broader turbomachinery context by Bons [151], who attributes the aerodynamic
penalty of surface roughness to three coupled effects: the promotion of earlier laminar-to-
turbulent transition, an increase in turbulent boundary-layer momentum thickness and, under
adverse pressure gradients, the onset of flow separation. The magnitude of these effects is
governed primarily by the Reynolds number and the roughness size, which is consistent with
the strong influence that even sub-100 um roughness exerts on the low-Reynolds blades
considered in this study.

Consequently, even incipient degradation can lead to significant cumulative energy
production losses, necessitating a monitoring framework capable of distinguishing these

subtle performance shifts from environmental noise.

5.5.2 CFD modelling - virtual layer development

Geometry and domain. The aerodynamic response surfaces at the base of the virtual layer
of the proposed DT were obtained from RANS simulations performed in ANSYS Fluent
2024R1, on the Delta2 HPC cluster of Cranfield University. The same validated geometry
and computational setup previously detailed in Sect. 5.3 were used for this study. The CFD
model reproduced the selected small-scale HAWT (Pikasola 400W-12V, 1.3 m rotor
diameter) with its rotor and nacelle, without modelling the pole.

As introduced in Sect. 5.3.6, the fluid domain consisted of a box domain extending 4D
upstream of the rotor plane and 8D downstream of it, where D is the turbine's diameter. To
model the rotor's rotation, a Multiple Reference Frame (MRF) method [111] was employed
for two consecutive rotating volumes: a disk domain enclosing the blades and a downstream
cone-shaped domain. Both rotating domains utilised a locally densified mesh and were
linked to the surrounding static domain via a frozen rotor interface.

Simulation settings. Consistent with common research practices [133,148,149], the
Transition SST (y-Rey) turbulence model was selected [152,153] for this CFD analysis. The
polyhedral mesh resulted in approximately 30.4 million cells. Specifically, the first cell
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height was chosen to achieve an average y = 1 with local maxima below 8, consistent with
best-practice guidelines for near-wall resolution in transitional flows [111].

The inlet was prescribed as a uniform velocity boundary normal to the inlet plane, with
turbulence intensity TI = 30 % and turbulent viscosity ratio equal to 200. A pressure outlet
with zero-gauge pressure was set downstream, while all other lateral walls were treated as
free slip walls.

To represent LEE in its early or incipient stages, surface degradation was modelled as
distributed equivalent roughness applied to selected blade regions, without altering the blade
geometry. At these early stages, erosion primarily modifies boundary-layer behaviour before
inducing macroscopic geometric discontinuities. Under such conditions, equivalent sand-
grain roughness provides a physically consistent aerodynamic surrogate for capturing
roughness-induced performance alteration, as commonly adopted in the literature [144,147—
150]. In addition, the roughness-correlation option was enabled to couple surface roughness
to transition onset. In accordance with standard interpretations of uniform sand-grain
roughness in near-wall modelling [154,155], the geometric roughness height k was set equal

to the equivalent sand-grain roughness height kg,

\“\_\\ Region 3
]

I~

Figure 5.13. Roughness regions, defined for the CFD study, simulating progressive early-stage LEE (adapted from
[119]).

Four surface conditions were investigated: the baseline clean condition (ky = 0 pm) and
three progressively larger rough regions, defined on each blade without altering their
geometry (see Figure 5.13). The three rough regions had distinct roughness heights of 20,
40 and 60 pum; each patch equally extended on both suction and pressure sides and differed
by spanwise coverage and chordwise extent:

e Region I: 15 % of the tip chord, /R =50 % - 100 % (ks =20 pum).

e Region 2: 30 % of the tip chord, r/R =40 % - 100 % (ks = 40 um).

e Region 3: 50 % of the tip chord, r/R =30 % - 100 % (ks = 60 um).
Where r is the radial coordinate and R is the turbine radius.

Design of experiments. Simulations were performed for five inlet wind speeds (U, = 3,
5,8,10 and 13 m s'), fixing TSR in the range from 2 to 8, and resulting in a total of 140
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simulations (35 per surface condition). A summary of the CFD design of experiments
adopted for the DT virtual layer is reported in Table 5.4.

Table 5.4. Summary of the CFD design of experiments for the DT virtual layer (adapted from [119]).

Parameter Value

Equivalent sand-grain roughness height, kg [um] 0, 20, 40, 60

Inlet wind speed, Uy, [m s7'] 3,5,8,10, 13
Tip speed ratio range, TSR [-] 2-8
Simulations per roughness case 35

Total CFD simulations 140

The aerodynamic power on the rotor was computed as the product of the converged rotor
torque and the imposed rotational speed corresponding to the analysed operating point and
used to compute the aerodynamic power coefficient CgF D see Eq. (5.1).

The resulting four aerodynamic performance maps, constructed from discrete CFD data
points (C5"P, TSR, Uy,) for each roughness case, defined the numerical core of the DT’s
virtual layer. Each map was exported as a tabulated dataset and implemented in Python using
a Clough-Tocher piecewise cubic 2D interpolation scheme [156], providing expected

aerodynamic C5"P

(TSR-Uy).
The interpolation accuracy was assessed using a leave-one-out cross-validation
(LOOCV) on the CFD database for each roughness condition. Across all cases, the

normalised root mean square error (NRMSE) remained below 3.4 %, with maximum

values for all roughness conditions under measured inflow parameters

absolute errors below 0.02 in C5"™ These results confirmed that the Clough-Tocher
interpolation provided a smooth and sufficiently accurate physics-based reference for feature
extraction within the sampled operating envelope. Consequently, the four interpolators were
later queried in the intelligent layer to compare real-time measurements with physics-based
predictions, forming the interface between the virtual and intelligent layers.

5.5.3 Experimental implementation - physical and data layer development

The experimental campaign supporting the physical layer of the DT was carried out on the
rooftop of the Istituto Italiano della Saldatura (IIS) in Genoa, Italy (44° 25" 40" N, 8° 57" 20"
E), approximately 58 m above sea level. The selected HAWT was the same Pikasola 400W-
12V model previously introduced in Sect. 5.3.2.
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Figure 5.14. Schematic of the multiple elements forming the physical layer of the DT (adapted from [119]).

For this test campaign, conducted between July and September 2025, the turbine was
installed on a steel telescopic pole secured to one of the rooftop's perimeter walls. This
installation elevated the turbine an additional 4 meters above the roof level, resulting in a
total hub height of about 62 meters above sea level. Mean wind speeds during tests ranged
between 4 and 5 m s, with gusts occasionally exceeding 10 m s".

Compared to the previous study’s setup [118], the DHT 22/2302 temperature-humidity
sensor was added to the sensor network, and the DC sensor was replaced with the
ACS712ELC-20A module for its higher sensitivity. A schematic of the elements forming
the physical layer of the DT is provided in Figure 5.14.

Two Arduino Uno boards handled data acquisition for two distinct subsystems: one
collected electrical and rotational quantities (voltage, current and rotor speed), while the
second recorded environmental parameters (wind speed and direction, air temperature and
humidity). Onboard computations also provided instantaneous values of DC power and air
density (from temperature and humidity).

The two subsystems, consisting of the two microcontrollers and the associated sensors,
were housed on two separate metal bases that were magnetically attached to the steel pole
of the turbine. The first base, dedicated to the performance sensors, was secured vertically
along the pole's height. This base also integrated the turbine's AC-DC rectifier, which was
directly wired to the three-phase generator. The second base, housing the environmental
Arduino board and the weather-station sensors, was attached ahead of the rotor (Figure 5.15).
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Figure 5.15. Photograph of the experimental setup for the selected small-scale HAWT (adapted from [119]).

Specifically, the sensors were positioned 1.2 m below the turbine axis and 0.25 m
upstream of the rotor plane to minimise aerodynamic interference (a configuration validated
through CFD postprocessing). Finally, the Hall-effect tachometer was fixed right after the
rotor to detect the passage of the three blade-root magnets, enabling accurate measurement
of the rotational speed and streaming data via wire to its reference microcontroller (Figure
5.16).

All channels were sampled at 1 Hz, in accordance with the IEC 61400-12
recommendations for wind-performance measurements [126]. The raw data streams from
both microcontrollers were transmitted via USB serial connection to a host PC and uploaded
in real time to two dedicated MongoDB Atlas collections using dedicated Python scripts
[125]. Each acquisition script inserted a unique record per second into its MongoDB
collection, time-stamped both by device and wall-clock time. This guaranteed initial
synchronisation at the database level, while finer alignment was later performed when data
was fetched back from the collections.

Before every outdoor test, all analogue channels were offset-calibrated and verified in-
field under steady reference conditions, following the same calibration approach adopted in
[118]. Residual measurement uncertainty was not modelled explicitly; instead, robustness
was addressed at the system level through temporal aggregation and feature-based inference,
such that diagnostic decisions were driven by aerodynamic trends rather than by individual
sensor readings (see Sect. 5.5.4).
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Figure 5.16. Example of the LEE setup for the P320 case. The tachometer used to measure rotor speed is also
visible (adapted from [119]).

The turbine operated under a fixed electrical load consisting of a 12 V (55 W) halogen
bulb connected downstream of the rectifier, providing an approximately resistive load
condition. This arrangement did not impose active rotor speed regulation; instead, the
rotational speed was wind-driven and governed by the balance between aerodynamic torque,
generator electromagnetic resistance and mechanical losses. As a result, variations in rotor
speed and power output primarily reflected changes in wind conditions and aerodynamic
performance rather than control-induced effects.

The entire sensor network was designed to be compact, allowing rapid deployment and
retrieval between test sessions. The setup modularity and rooftop accessibility facilitated
repeated outdoor testing in variable wind conditions, ensuring that the measured
performance data faithfully represented the turbine's dynamic behaviour for the validation
of the DT. To enhance the observability of the physical twin, a real-time monitoring
dashboard was implemented using the PyQtGraph Python library [157]. It consisted of two
interfaces developed to visualise live data streams from the turbine’s power and weather
subsystems (see Figure 5.17).
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Figure 5.17. Example of two interfaces developed to visualise live data streams from the turbine’s power and
weather subsystems (based on [119]).

To emulate the roughness configurations analysed in the CFD study, controlled surface
modifications were applied to the physical turbine blades. This was achieved using
sandpaper patches with calibrated grit sizes, where the median grit diameter (D50%) was
correlated to the target kg values adopted in the numerical simulations [111,158]. This
mapping was intended as an approximate aerodynamic equivalence rather than a strict
geometric correspondence, consistent with the early-stage LEE focus of the study.
Sandpaper patches were attached on both suction and pressure sides following the same
spanwise and chordwise extents as the CFD regions described in Sect. 5.5.2.

A total of seven configurations were tested. The clean baseline condition was acquired
twice (clean; and clean>), serving as both a reference and a later test case for the DT
roughness evaluation logic. This was followed by five progressively roughened states
defined using the FEPA P-grit nomenclature [158]:

e P1200 (D50% = 15.3 um), matching the Region 1 area.

e P800 (D50% = 21.8 um), matching the Region [ area.

e P320(D50% = 46.2 um), matching the Region 2 area.

o P240 (D50% = 58.5 um), matching the Region 3 area.

e and P/00 (D50% = 156 um), matching the Region 3 area.

Each patch was cut to match the local blade curvature and applied using a removable
adhesive, ensuring repeatable placement and minimal added mass (Figure 5.). Although
patch boundaries and finite step heights may introduce local tripping effects in addition to
distributed roughness, these effects were not isolated explicitly. The focus remained on
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reproducing the integrated aerodynamic response associated with early-stage LEE rather
than resolving detailed transition mechanisms.

For each configuration, the turbine was tested under similar environmental conditions to
isolate the aerodynamic impact of surface roughness. The specific roles of each roughness
configuration within model training and validation are detailed in the following Sect. 5.5.4.

Upon completion of each test-day run (typically spanning about 3 hours of active turbine
operation), the synchronised turbine and weather readings were retrieved from the
MongoDB collections. Subsequently,

Cp*** and TSR values were automatically computed

for each measured record. To ensure consistency between simulated and measured operating
conditions, the records were filtered to retain only those with C;*** > 0 and bounded within
the CFD domain (2 < TSR <8;3 < U, <13 ms™). Although the C}**** reflected the overall
electromechanical efficiency of the turbine, its variations were primarily attributed to
aerodynamic effects, as mechanical and electrical losses could be considered approximately
constant during operating periods [159,160].

For each roughness configuration dataset, every measured operating point (TSR-U,,) was
mapped onto the CFD-derived performance space using the four CFD interpolators
introduced in Sect. 5.5.2. The corresponding C5"P value was extracted for the same (TSR-

Us) pair and four residual terms were computed as follows:
res, = 50 (x = k) — %, (5.9)

The residuals represented the deviation of the measured (electromechanical) power
coefficient from the CFD-predicted aerodynamic one at the equivalent sand-grain roughness
height (kg = 0, 20, 40, 60 um). Subsequently, the residuals were divided by the measured
TSR to account for changes in operating condition and by combining them with the measured
aerodynamic variables ultimately formed the input feature space used by the DT to infer the
blade surface condition.

The inference step relied on a supervised machine learning model trained to capture the
relationship between aerodynamic behaviour and surface degradation. The selected model

was an SVM classifier, whose input vector consisted of seven final hybrid features:

meas T€So T€Szp TIE€Syp TE€Sqo
{ U, TSR, Coas, %0
TSR~ TSR TSR TSR

adapted from model accuracy and physical interpretability, ensuring that the SVM was

}. This set of seven hybrid features was selected

) ) )

trained on variables representative of both aerodynamic sensitivity and operational
behaviour of the physical asset.

The final experimental datasets presented the following dimensions: 2465x7 (clean;),
2189x7 (cleanz), 1997x7 (P1200), 2371x7 (P800), 2269x7 (P320), 1970x7 (P240) and
2013x7 (P100), where the second dimension corresponds to the number of hybrid features
per record.
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5.5.4 Intelligent layer development

The intelligent layer incorporated a decision engine adapted from the SVM classifier, which
was trained to identify aerodynamic degradation states adapted from the experimental
configurations introduced in Sect. 5.5.3. The classifier development pipeline followed
standard machine learning practices adapted to a physics-bounded dataset [161].

Several classifiers were preliminarily evaluated, including decision trees, gradient-
boosted trees (XGBoost), and multilayer perceptrons (MLPs). While comparable
performance could be achieved after tuning, the SVM showed the most stable generalisation
across unseen roughness configurations and limited sensitivity to hyperparameter choices.
Given the low-dimensional, CFD-informed feature space, as well as the size of the dataset,
the SVM was selected for its favourable trade-off between accuracy, robustness and
probabilistic calibration.

The SVM was trained using a radial-basis-function (RBF) kernel and on the two datasets
corresponding to the clean (clean;) and rough (P240) conditions, representing the extreme
aerodynamic states analysed with CFD (ks = 0, 60 um). The classifier was trained on the
clean; and P240 configurations to maximise robustness and feature discrimination, due to
the substantial overlap in the experimental feature space exhibited by intermediate roughness
levels, limiting reliable multi-class separability. An 80/20 train-test split with a three-fold
stratified cross-validation was applied during hyperparameter tuning. The model pipeline
included median imputation, quantile transformation to a normal distribution and standard
scaling. Class imbalance between the two datasets was handled exclusively through cost-
sensitive learning by means of balanced class weights in the SVM objective function. A two-
stage grid search optimised the regularisation parameter and the kernel coefficient to
maximise the macro-averaged F1-score.

To retain sensitivity to intermediate degradation states despite the binary formulation, the
calibrated posterior probability of the degraded P240 class was used to define a continuous
Roughness Index (RI) as a monotonic descriptor of surface degradation severity:

RI = 100 x P(P240) [%], (5.10)

The RI ranged from 0 % (high confidence in a clean surface) to 100 % (high confidence
in a fully roughened surface), providing a monotonic quantitative measure of the turbine’s
aerodynamic health rather than a discrete class label.

Two RI thresholds were subsequently introduced and employed by the DT to support
maintenance-oriented decision logic. Rather arbitrary tuning, the thresholds were defined
using the P800 and P320 configurations, introduced as intermediate roughness states
representing progressive early-stage LEE between the clean and fully degraded states.
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The first threshold, Rl yinimalo>moderate = 31.30 £ 0.37 %, was obtained by averaging the
median RI values associated with the clean; and P800 datasets, representing the transition
from minimal to moderately surface roughness. Similarly, the second threshold,
Rl yoderate—critical = 00.75 £ 0.26 %, was defined using the P320 and P24(0 configurations,
marking the transition from moderate to severe surface roughness.

The uncertainties are one bootstrap standard error, obtained by resampling the
contributing R/ distributions (2000 resamples) and recomputing each threshold as the mean
of the two resampled medians; they are small relative to the separation between the two
thresholds and they reflect within-sample variability only, as each roughness state is
represented by a single test campaign.

Although the specific values for the thresholds were calibrated for the current
experimental scenario, their primary purpose was to illustrate the method's applicability
rather than represent universal limits.

The remaining configurations clean;, P1200 and P100 were excluded from model
training and instead employed for an independent testing of the DT’s inference capability.
These cases served to evaluate the model’s response to both near-clean conditions (clean:
and P/200) and to extreme surface degradation (P700), beyond the calibrated roughness
range.

After model calibration, the trained SVM was embedded within the intelligent-layer
algorithm for field operation, where it performed classification of surface roughness states
from the incoming sensor data. As mentioned before, the present study adopted an offline
batch-processing strategy, where the DT operated on complete test-day datasets collected
during the experimental campaigns. Each record included voltage, current, electrical power,
rotor speed, wind speed, direction, air temperature, humidity and density. From these, the
DT computed instantaneous C**** and TSR values according to Egs. (5.2) and (5.3).

The data were then processed through the same CFD-bounded preprocessing pipeline
defined for SVM model training. The algorithm discarded samples outside the CFD
parameter space and used the pre-stored CFD interpolators from the virtual twin to evaluate
C5FP (k) for the clean and three degraded conditions.

For each record, residuals (C5FP (ks) — Cj'**) were calculated and divided by the
measured TSR to reconstruct the seven hybrid features in the same order used during
classifier training, ensuring feature-space consistency between the SVM model and the DT
inference.

The SVM classifier was used to evaluate the test-day dataset, producing class
probabilities and the corresponding RI distribution. Next, the intelligent layer computed the
median RI across the entire batch, classified the turbine roughness state using the previously
defined thresholds and provided the corresponding feedback:
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o If Rl < Rl jinimalomoderate: Clean turbine (minimal surface roughness) - Max
/R coverage < 50 % - No corrective action needed.

o If Rlinimalomoderate < RI < Rloderate—scritical: 1 Urbine in progressive state
(moderate surface roughness) - Max r /R coverage < 70 % - In this state, the DT
identifies a level of aerodynamic deterioration that, in typical operating
environments, warrants a short-term maintenance schedule to limit further
performance loss.

o If RI > Rl oderatescritical: [urbine in alarm state (severe surface roughness) -
Max r/R coverage > 70 % - Under these conditions, the DT flags the need for
urgent inspection, as the associated aerodynamic penalties become significant.

Adapted from the predicted roughness state, the layer also inferred the corresponding
spanwise extent of surface degradation (e.g., <50 %, <70 % or > 70 %). This inference was
possible because each experimental configuration was associated with a specific /R
coverage range, established in the numerical and experimental analyses, that served as an
indicative range rather than a precise geometric reconstruction.

The suggested maintenance intervals (e.g., “short-term maintenance schedule”) followed
the convention adopted in this demonstrator and should be interpreted in the context of site-
dependent LLE progression rates. Previous studies have shown that LEE evolves at distinctly
different timescales depending on the blade material and local environmental conditions,
including precipitation characteristics, particulate load; consequently, the DT
recommendations expressed relative urgency adapted from aerodynamic performance
deterioration, rather than prescribing absolute maintenance windows [162—164].

While this version of the DT operated on daily datasets, the same architecture inherently
supports continuous operation. In such a configuration, the same inference workflow would
be executed in real time, automatically aggregating measurements over fixed time windows
to deliver daily diagnostics equivalent to those obtained through the current batch-processing
approach.

5.5.5 Virtual layer results: CFD response surfaces

Figure 5.18 shows the interpolated acrodynamic maps of the power coefficient C5* (k) as
a function of the TSR and the inflow velocity U,, for the four roughness cases (ks = 0, 20,
40, 60 pm). The interpolation was performed using the Clough-Tocher interpolant
introduced in Sect. 2.2. For all cases, the rotor exhibited the typical behaviour of small
HAWTs, with a single pronounced C;"” maximum around TSR =~ 6-6.5 and a monotonic
decay toward both lower and higher TSRs. As roughness increases, the overall shape of the
response surfaces was preserved, with the peak slightly shifting toward higher TSRs, and the
low-TSR region remaining weakly affected.
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Figure 5.18. CFD response surfaces for the four analysed roughness configurations (adapted from [119]).

As previously introduced in Sect. 5.3.6 for the first DT, at rated operation (800 min' and
13 m s™'), considering the minimum and maximum chord lengths of 0.027-0.135 m and the
relative velocities typical of the operating TSR range yielded chord-based Reynolds numbers
of order Re, = 10°, placing the turbine in a low-Reynolds regime. This contrasts with utility-
scale HAWTs, which typically operate at Re. = 10° - 107 [135,136]. Therefore, direct
transfer of the roughness-response maps across scales is not expected without re-deriving
the CFD reference database, although the DT architecture and residual-based inference logic
remain applicable.

Table 5.5 summarises the global maxima extracted from the interpolated CFD surfaces.
The clean condition (kg = 0 pm) presented a peak CgFD =0.3639 at TSR =6.22 and Uy, =
13 m s\, Across the analysed roughness cases, the extracted global maxima exhibited
moderate variations, with CgF D" increasing up to 0.3850 for the kg = 60 um surface
(corresponding to +5.8 % relative to the clean case). The optimum TSR drifted marginally
from 6.22 to 6.46 as roughness grew, while the optimal inflow velocity remained at 13 m s
1

Table 5.5. Global CgFD maxima for each roughness surface (interpolated), (adapted from [119]).

k [nm] Cormx TSRc, ... U, [ms] ACSED vs clean [%]
0 0.3639 6.221 13.0 0.00
20 0.3727 6.312 13.0 +2.41
40 0.3801 6.402 13.0 +4.45
60 0.3850 6.462 13.0 +5.80

The nondimensional roughness height, k, was evaluated at rated operation as:
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ki = (5.11)

following the standard formulations established in [165,166], where u, is the friction
velocity and v the kinematic viscosity. Using patch-averaged values, the resulting k' was
about 3.6 for the 20 um case and 23.7 for k; = 60 pum. These values indicated that the lowest
roughness case lay close to the onset of roughness-induced transition (k& ~ 2-5), while the
highest roughness case fell within the transitionally rough regime, well below fully rough
conditions. These findings were consistent with classical rough-wall boundary-layer theory
and the roughness treatment adopted in the y-Reg model [165,166].

Although surface roughness is generally associated with drag penalties and reduced
power under realistic atmospheric inflow and mature erosion conditions, the present CFD
simulations were conducted under steady, idealised inflow assumptions to generate smooth
physics-based reference surfaces for DT integration.

Within this controlled numerical framework, the application of leading-edge roughness
may act as an effective transition trigger at the low-to-moderate Reynolds numbers of the
present rotor, potentially altering laminar separation behaviour in a narrow region around
the optimal operating point. However, given the known sensitivity of transitional RANS
predictions to inflow turbulence and transition modelling assumptions, the observed increase

in the extracted C;; P

maxima was conservatively interpreted as model-dependent rather than
as a general performance benefit of roughness. Importantly, the magnitude of the variation
remained moderate, ensuring smooth behaviour across the entire surface family, essential
for DT integration [167—169].

Inside the DT architecture, these CFD-derived maps were not meant to reproduce the
exact outdoor power curve but to provide a physically informed reference space
CgF D(TSR,Uy,ks) for each roughness state. Accordingly, this behaviour did not
compromise the surrogate models or the DT workflow, since inference relied on residual
features computed against these reference surfaces, while the experimental datasets retained
the expected degradation trends under atmospheric inflow (see Sect. 5.5.6).

Figure 5.19 schematically illustrates the interpolation process, using the clean case as an

CFD
Cp

example. To obtain the virtual , each measured operating point (TSR,U,) was

projected onto the corresponding CFD surface using the Clough-Tocher interpolant, an
operation performed for every roughness configuration analysed numerically.

- 157 -



0.35 —

0.30 —

0.25

d
@422

0.20 —

ks =0pm
0.15 T
0.10 —

0.05 —

fues

)
]
)
1
)
1
1
1
1
)
> |
S Sensor Va
R -

6 =

Figure 5.19. Graphical representation of the CFD interpolation process (clean case), (adapted from [119]).

The difference between this reference value and the measured C{,”eas formed residual-

based features used by the DT to quantify deviations from the nominal aerodynamic
behaviour. In this way, the CFD model provided a consistent virtual reference for field data
interpretation, while the experimental datasets provided the natural variability observed
during outdoor operation.

5.5.6 Experimental performance analysis: outdoor roughness campaign

Figure 5.20 shows the distribution of the measured power coefficient C;**** as a function of
TSR for the clean; test. The raw 1 Hz data were first filtered, retaining only samples with
Cp*** > 0 and later bounded within the CFD domain (2 <TSR <8;3<U, <13 m s1). The
resulting cloud, coloured by instantaneous wind speed, exhibited the expected bell-shaped
trend: for increasing TSR, C**** rose from approximately zero to a broad maximum around
TSR = 5-6 and then decreased again. The colour distribution confirms that higher wind
speeds populated the upper part of the cloud, while low-speed points clustered near C;**%° =
0. This behaviour was consistent with the typical power-curve shape of small HAWTs and

indicated that the experimental setup, sensors and processing chain provided physically
coherent operating points.
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Figure 5.20. CFD-bounded dataset fir the clean; test case (adapted from [119]).

A more detailed comparison between the clean; and P240 configurations is provided in
Figure 5.21. Here, the data were grouped into 1 m s™' wind speed bins. Within each bin, TSR
was further discretised with a width of ATSR = 0.25, and for every populated TSR bin (more
than three samples) the median TSR and median C;*°*® were computed together with the
corresponding standard deviation. The shaded bands indicate + one standard deviation

around each median.
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Figure 5.21. Binned power curves for clean; and P240 bounded test cases (adapted from [119]).

The clean curves systematically lay above the rough curves across almost the entire
operating range, indicating a consistent reduction in C**** due to the P240 leading-edge
roughness. This same behaviour was observed for all other analysed roughness
configurations. As wind speed increased, the curve slope became steeper, providing higher
power for the same TSR. However, due to the limited duration of the experiments and the
intermittent nature of the wind, it was not possible to obtain statistically meaningful median
curves at the turbine’s rated wind speed. Similarly, points associated with wind velocities
greater than about 5 m s could not reach TSR values greater than about 5, restricting the
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observable range of the performance map and justifying the use of CFD to model the
expected behaviour of the turbine. The bands for clean and rough data partially overlapped
within a given wind speed bin, especially at low C***® and in off-design regions.

This overlap highlighted the combined influence of inflow variability and measurement
scatter, showing that distinguishing the surface condition directly from C;**?*-TSR median
curves is nontrivial. These limitations further justified the integration of machine learning
methods within the DT architecture, informed by CFD simulations.

5.5.7 Decision engine development: SVM classification and calibration

The SVM binary classifier was trained to discriminate between clean (clean;) and severely
rough (P240) configurations, which represented the extreme aerodynamic states analysed in
CFD (ks =0, 60 pm). Two models were initially trained using an automated hyperparameter
optimisation, one employing only experimental features: {U,, TSR, C;*°®*} and another one
using hybrid features, which combined the experimental quantities with four residual-based
descriptors derived from the CFD reference surfaces, embedding direct information on the

deviation ~of measured performance  from the virtual CgFP

{Ue, TSR, CI1°%,

maps:
resp res;o res,o resgo }
TSR’ TSR’ TSR’ TSR

Table 5.6. Comparison of SVM performance for different feature sets (cleani, P240), (adapted from [119]).

Unknown Unknown
Feature set Inputs Accuracy F1 (P240) . .
fraction (P320) Fraction (P800)
Experimental 3 0.784 0.761 13.4 % 8.0 %
Hybrid 7 0.797 0.780 8.2% 5.5%

Table 5.6 presents the comparison results of the two trained models. Although the overall
accuracy improvement of the hybrid model over the purely experimental one was modest
(0.797 vs 0.784), the hybrid classifier achieved markedly better F1-score for the degraded
P240 configuration (0.780 vs 0.761) and a higher recall (0.812 vs 0.772). In practice, this
meant that the DT missed 18.8 % of rough cases instead of 22.8 %. This reduction in false
negatives is critical from a maintenance standpoint, as it translates to fewer undetected
surface-degradation events in operation that would otherwise delay maintenance
intervention.

For the clean; configuration, the hybrid model maintained similar precision (0.839 vs
0.813) and recall (0.783 vs 0.795), confirming that the added CFD residuals improved
roughness detection without sacrificing normal-state reliability.

Consequently, the classifier was evaluated on the intermediate roughness datasets P320
and P800, which were excluded from the training process. For these configurations, the
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proportion of samples flagged as unknown fraction, defined as records whose maximum
posterior class probability fell below a confidence threshold, decreased from 13.4 % to 8.2
% for the P320 state and from 8.0 % to 5.5 % for P800, indicating a clear gain in
classification confidence and generalisation capability. The confidence threshold was
conservatively set as the 5th percentile of the maximum posterior probability distribution
computed on correctly classified training samples.

Figure 5.22 shows the confusion matrix of the hybrid SVM evaluated on the held-out test
set for the selected classes (clean;, P240). The error distribution indicated a reduced number
of false negatives for the rough condition compared to false positives for the clean case,
reflecting the desired conservative bias of the classifier toward detecting aerodynamic

degradation while preserving reliable identification of healthy operation.

350

Clean,

300

250

True label
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P240 - 150

- 100

Clean, P240
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Figure 5.22. Confusion matrix for the hybrid svm classifier (cleanl, P240), (adapted from [119]).

Figure 5.23 reports the receiver operating characteristic (ROC) curve for the hybrid SVM
on the held-out test set for the selected classes (clean;, P240). The curve lay well above the
random-classifier diagonal, yielding an area under the curve (AUC) of 0.858, thus indicating
good class separability across a wide range of probability thresholds. This validated that the
classifier retained discriminative power beyond a single operating point and supported the
use of calibrated posterior probabilities for continuous degradation assessment, as required
for the implementation of the RI.

- 161 -



1.01

0.81

0.6

0.44

True Positive Rate

0.2/ AUC = 0.858

0.01

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

Figure 5.23. ROC curve illustrating classifier separability across probability thresholds (adapted from [119]).

Figure 5.24 shows the reliability diagram for the calibrated hybrid SVM, representing the
model’s confidence in identifying the rough condition. This plot compares the predicted
probability of the P240 class with the observed fraction of true rough cases in each
probability bin. A perfectly calibrated model lies on the diagonal (dashed line), meaning that
its predicted probabilities correspond to the real frequency of each event (e.g., a 0.7
prediction means the event occurred in 70 % of such cases). The reliability curve indicated
mild under-prediction for clean states and slight over-prediction for rough ones, reflecting a
conservative yet well-calibrated behaviour suitable for condition monitoring.
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Figure 5.24. Hybrid SVM reliability diagram (adapted from [119]).

The calibration quality was assessed using the Brier score and the Expected Calibration
Error (ECE), which quantified the mean squared difference between predicted probabilities
and true labels (ranging from 0 to 1) and the average deviation between predicted confidence
and true event frequency, respectively. The final hybrid model achieved a Brier score of
0.155 and an ECE of 0.0739, while the experimental model obtained 0.161 and 0.0670,
respectively.
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In summary, together these results justified the use of the CFD-informed model, with
predicted probabilities well aligned with the true frequencies of each class, essential for a
robust condition-monitoring DT.

5.5.8 Intelligent layer inference: roughness index and decision logic

Clean;
P800
P320
P240

S

Count
NN

40 60
Roughness Index (RI) [%]

Figure 5.25. RI distributions and medians for the test cases cleani, P800, P240 (adapted from [119]).

Figure 5.25 shows the RI distributions computed for the clean;, P800, P320 and P240
experimental configurations using the calibrated hybrid SVM probabilities of the P240 class.

The RI represents the likelihood that a given operating state corresponds to the severely
rough configuration. Its values increased monotonically from clean to progressively rough
conditions, confirming that this index can be successfully utilised in the DT architecture to
capture the aerodynamic impact of surface deterioration.

The median R/ values extracted from each distribution were approximately 24.1 %, 38.5
%, 51.4 % and 70.1 % for the clean;, P800, P320 and P240 datasets, respectively. Despite
partial overlap between adjacent states, as expected given the natural experimental
variability, the separation between medians remained consistent, demonstrating that the RI
can distinguish incremental levels of roughness with statistical robustness.

As introduced in Sect. 5.5.4, from these distributions, two operational decision thresholds
were derived by averaging the medians of consecutive states: Rl yinimalomoderate — 31-30 %0
and Rl oderatescritical = 00.75 %. These thresholds corresponded to the three previously
defined feedback levels: minimal, moderate and critical surface roughness, later provided
by the DT adapted from the evaluated median RI value of the dataset.

Figure 5.26 presents similar information as box plots, visually linking the three feedback
regions (green-yellow-red) with the statistical spread of the RI per roughness configuration.
The monotonic increase of both median and interquartile range with roughness confirms that
the RI acts as a continuous degradation metric, rather than a discrete classifier output.
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This representation enabled the DT to move from categorical fault detection to condition-

based maintenance, providing interpretable, probabilistic guidance on the aerodynamic
health of the turbine.
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Figure 5.26. Box plots for the test cases cleani, P800, P320, P240 and the defined thresholds (adapted from [119]).

5.5.9 Digital Twin diagnostic performance and operational perspective

The final validation stage involved three dedicated test-day tests: clean,, P1200 and P100,
representing a progressive accumulation of surface roughness. Each dataset contained
approximately 2000 valid 1 Hz samples across the seven input features used by the SVM.
The corresponding R! distributions are shown in Figure 5.27. The median RI values were
26.6 % for clean;, 29.1 % for P1200 and 61.8 % for P100, with narrow 95 % confidence
intervals (£ 1 %). Both clean: and P1200 fell below the first decision threshold
(R pinimalsmoderate = 31.30 %), correctly classified as minimally rough, without the need
for an inspection. At the same time, P/00 exceeded the alarm limit (Rl ogderate—critical =
60.75 %), triggering an inspection-needed status, while remaining well below full saturation.
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Figure 5.27. Violin-box plots of the three test cases (cleanz, P1200, P100), (adapted from [119]).
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Despite P100 corresponding to a sand-grain diameter (D50% = 156 um) well beyond the
CFD training range (ks < 60 pm), the model exhibited stable and conservative inference
behaviour. Once the aerodynamic deviation became comparable to that of the severely
degraded reference state (P240), further increases in physical roughness may not have
induced a proportional change in the extracted residual features, leading to a stabilisation of
the median RI. Within this regime, the RI therefore acted as a bounded indicator of critical
aerodynamic degradation rather than as a continuously calibrated severity scale.

From a CM standpoint, these tests demonstrated the DT’s capacity to autonomously
assess aerodynamic health at the end of each operating day, integrating data-driven inference
with physics-based performance maps. Importantly, the PI00 case clarified the
generalisation limits of the proposed approach. Generalisation is therefore expected within
the aerodynamic response space spanned by the CFD-informed hybrid features, rather than
across arbitrary erosion morphologies or absolute roughness magnitudes.

The DT was intentionally designed to detect and act on early-stage LEE, where surface
degradation can be reasonably approximated by distributed equivalent roughness. Beyond
this envelope, as illustrated by the P/00 case, the model did not extrapolate degradation
severity linearly with increasing roughness amplitude. Instead, it transitioned into a
conservative regime that reliably flagged a critical condition without over-interpreting
severity.

Finally, although the present work validated the DT in steady monitoring mode, the same
RI trend could be tracked over time to forecast future degradation, thereby easily extending

the framework toward predictive maintenance capability.

5.6 Chapter summary

This chapter presented the development of DT-based monitoring approaches for
aerodynamic fault detection in wind turbines operating under real atmospheric conditions.
The proposed DTs were experimentally validated on a small-scale HAWT, while the
methodology targeted aerodynamic performance behaviour rather than turbine size.

Building upon the diagnostic principles introduced in Ch. 4, the proposed models were
directly deployed on an existing turbomachine and combined CFD-derived aerodynamic
references with operational measurements to enable CFD-informed fault inference.

A common DT architecture was first introduced, structured into four interacting layers:
virtual, physical, data and intelligent. Within this framework, steady-state CFD simulations
provided the aerodynamic reference space, while operational measurements were translated
into dimensionless performance indicators enabling comparison between measured and
predicted turbine behaviour.

The first DT implementation addressed static yaw misalignment induced by faulty wind
direction measurements. By embedding the yaw angle directly as a parameter within the
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CFD performance database, the DT was able to infer static misalignment through inverse
interpolation of aerodynamic response surfaces. Outdoor validation experiments
demonstrated that this approach could detect injected yaw errors up to 15° and restore
aligned conditions with correction errors typically within 0-3°. The results confirmed that
CFD-informed performance inversion can act as a performance-based virtual sensor for yaw
alignment, enabling corrective control actions without requiring prior training on faulty
datasets.

The experimental analysis revealed two primary limitations. First, ground-level
atmospheric turbulence, driven by site constraints that required the turbine to operate close
to the ground, exposed the rotor to elevated shear and increased signal variability. Second,
the yaw DT’s explicit parametric embedding of y, while effective for deterministic faults,
was less directly applicable to progressive degradation mechanisms such as LEE, which
produce distributed aerodynamic effects whose performance signatures may partially
overlap under real inflow variability.

These observations motivated the development of a second DT implementation targeting
early-stage LEE. To address this challenge, the second DT adopted a hybrid formulation
combining CFD-derived aerodynamic references with a data-driven classification model.
Residual features extracted from discrepancies between measured and CFD-predicted
performance were processed through a supervised classifier to distinguish between clean and
degraded states. This architecture enabled early-stage erosion monitoring and the derivation
of a scalar health indicator supporting maintenance-oriented decision-making rather than
direct corrective control.

Despite the differences in fault characteristics and inference strategies, both DT
implementations were developed within the same architectural framework. The progression
from deterministic performance inversion to hybrid physics-data inference illustrated the
adaptability of the proposed DT architecture across fault classes with distinct temporal and
operational characteristics.

Overall, the results demonstrated that CFD-informed DTs can support both corrective
diagnostics and degradation monitoring in wind turbines operating under realistic
atmospheric conditions. By integrating aerodynamic knowledge directly within the
monitoring framework, the proposed approach achieved interpretable fault detection while
remaining resilient to measurement uncertainty and inflow variability.

Ultimately, the methodological evolution presented in this chapter illustrated how DT
architectures can progressively integrate physics-based modelling and data-driven inference
to address increasingly complex aerodynamic faults, contributing to more robust condition

monitoring strategies for wind energy systems.
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6. Conclusions

6.1 Summary of the research work

This thesis addressed the development of methods for condition monitoring and diagnostics
of turbomachinery operating under industrial constraints. The research was conducted within
an industrial PhD programme in collaboration with the Istituto Italiano della Saldatura (IIS)
and Cranfield University.

The work followed a progressive methodological trajectory combining Computational
Fluid Dynamics (CFD), signal analysis and data-driven techniques, ultimately leading to the
development of Digital Twin (DT) diagnostic architectures capable of supporting monitoring
and maintenance decision-making.

The early part of the research focused on the development of diagnostic expertise within
a controlled numerical environment. Radial compressors were selected as the first
application domain, where time-resolved CFD simulations enabled the analysis of static
pressure signals associated with aerodynamic instabilities. In this context, surge was
interpreted from a maintenance perspective as a fault mechanism capable of producing
severe performance degradation and potentially damaging operating conditions.

Machine-learning models were developed to reconstruct internal flow behaviour from
limited inducer pressure measurements. This reconstruction allowed for the classification of
the stage operating state regarding instability, for both instantaneous and short-term
predictive assessments. To enhance this framework, an approximate entropy (ApEn)
approach was integrated to identify the monitoring locations most sensitive to the onset of
surge within the stage diffusers, providing a quantitative foundation for sensor placement
optimization.

The methodological knowledge obtained from this stage provided the foundation for the
second part of the thesis, where the research focus shifted toward wind turbines. Unlike the
compressor study, this application enabled experimental validation under real operating
conditions. Two DT architectures were therefore developed for a small-scale horizontal-axis
wind turbine, integrating CFD-derived aerodynamic performance models with real-time
operational measurements.

The DTs demonstrated the capability to detect and diagnose aerodynamic performance
deviations, including yaw misalignment caused by sensor faults and blade surface
degradation due to early-stage leading-edge erosion. Importantly, the DTs were
implemented not only for monitoring purposes but also to provide maintenance-oriented
feedback, supporting operational decision-making.

Through this progression, the thesis demonstrates how CFD-informed monitoring

methodologies can evolve from diagnostic indicators developed in numerical environments
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to DT systems capable of operating on real machines. It is worth emphasising that, across
both application domains, this coupling was CFD-informed rather than physics-informed in
the strict sense: CFD served as the source of training data and as the forward model inverted
to infer operating conditions, rather than entering the learning process as an embedded

physical constraint.

6.2 Main scientific contributions

The research presented in this thesis contributes to the field of turbomachinery condition
monitoring in several ways.

a) The thesis develops and validates signal-based methods, informed by CFD, for
aerodynamic instability detection in radial compressors. The results demonstrate that
signal data-driven models and complexity metrics can successfully detect instability
signatures within pressure signals, providing a basis for non-intrusive monitoring
strategies.

b) The research implements two CFD-informed DTs for wind turbine diagnostics,
where aerodynamic performance maps generated from numerical simulations are
integrated with real-time sensor measurements. By mapping measured operating
points onto performance surfaces, this approach enables the inference of performance
deviations without extensive historical fault data, offering a physically interpretable
alternative to purely data-driven monitoring models.

c) The proposed DT architectures are experimentally demonstrated under real outdoor
operating conditions. Specifically, the first DT successfully identifies yaw
misalignment caused by faulty wind direction measurements and enables correction
of the inferred misalignment with errors within 0-3°, restoring aerodynamic
performance. This demonstrates the capability of CFD-informed DTs to diagnose
sensor-induced faults that would otherwise compromise turbine operation.

d) On this basis, the thesis develops a second DT for detecting aerodynamic degradation
associated with blade surface roughness representative of early-stage leading-edge
erosion. By combining CFD-derived performance models with machine-learning
classification, the DT enables indirect inference of surface degradation from
operational measurements. The resulting Roughness Index provides a continuous and
interpretable indicator of aerodynamic health, enabling actionable guidance for

maintenance decision-making under realistic operational uncertainty.

6.3 Limitations of the present research

Despite the promising results obtained, several limitations should be acknowledged. The
compressor diagnostics developed in Ch. 4 were validated primarily using CFD-generated
data rather than experimental measurements. Although the numerical simulations allowed
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controlled analysis of instability phenomena, direct experimental validation on industrial
compressors would further strengthen the applicability of the proposed diagnostic indicators.
In the wind turbine studies of Ch. 5, the DT architectures were demonstrated on a small-
scale turbine under outdoor conditions. While the methodological principles are scalable, the
quantitative transfer of the results to utility-scale turbines would require the generation of
aerodynamic performance maps at appropriate Reynolds numbers and operating regimes.
Additionally, the DTs developed in this thesis operate under a quasi-steady framework,
relying on time-averaged measurements rather than fully transient acrodynamic modelling.
This approach is suitable for detecting persistent performance deviations but may require

further development for highly dynamic operating conditions.

6.4 Future research directions

The results obtained in this thesis suggest several promising directions for future work. One
important development concerns the experimental validation of compressor diagnostic
indicators using real measurement data. Such studies would allow the assessment of signal-
based monitoring techniques under realistic noise levels and sensor limitations.

A second research direction involves the extension of the DT architectures toward multi-
fault diagnostic frameworks, capable of simultaneously identifying multiple degradation
mechanisms affecting turbomachinery performance.

Furthermore, the adaptation and testing of the proposed DT architectures for utility-scale
wind turbines would be a significant step toward validating the scalability of these models
within the global energy infrastructure.

Finally, future developments may explore the implementation of real-time DT monitoring
systems, integrating edge computing architectures and distributed sensor networks to enable
continuous diagnostics and predictive maintenance in industrial turbomachinery

installations.
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