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Abstracts: We consider the problem of fault detection (FD) in power production systems (PPSs) working
under variable conditions and the issue that, in practice, data from operating conditions are not available.
To address this issue, a Generative Adversarial Network (GAN) is developed for generating synthetic
data of normal system operation, leading to the augmentation of the available dataset. The augmented
dataset is, then, processed by an Autoencoder (AE) for the reconstruction of the signal values expected
in normal system operation to enable FD. The proposed modelling framework is applied to a high-
fidelity model of a 4.8 MW wind turbine. Satisfactory FD performances are obtained under all
considered wind regimes, including rare high-wind conditions. Specifically, the Area Under the Curve
(AUC) increases from 0.84 to 0.86 when GAN generated data are added to the training set, and from
0.78 to 0.83 on high wind conditions.
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1. Introduction signal values as expected in normal conditions of

. . . system operation and early-identify incident fault
Failures in Power .Productlon System (PPS) can conditions by the difference between the original
cause large downtimes and costs (Baschel et al. and the reconstructed data (Peng, Desmet, and

2018;  Beganovic and  Soffker 2016). To  Gryjlias 2025). FD in PPSs such as Wind Plants
counteract this, Fault Detection (FD) methods (WPs) is challenging because operating

leverage data collected by Supervisory Control . ditions vary over time and the data available
and Data Acquisition (SCADA) systems to alert ¢, rain the model may not cover sufficiently all
plant operators to the presence of anomalies. The o conditions that are experienced by the system
early warning enables operators to intervene, during operation (Liu, Hu, and Liu 2025; Zhang
ultimately reducing the risks and costs to an 5,4 Jiang 2024; Wu et al. 2023). As a result, the
associated failure (Yan, Dunnett, and Jackson  gpy podel may overfit the training data, failing to
2023). . capture general relationships, resulting in
Deep Learning (DL)-based approaches, such as oy aqgive false alarms in those cases of previously
Autoencoders (AEs) and Deep Support Vector  ypgeen or rare operating conditions. A possible
Data Description (SVDD) have been applied for o1 1tion is to resort to Data Augmentation (DA)

FD (Ruff et al. 2018) (Floreale et al. 2024). (o hpiques (Perez and Wang 2017) to generate
Considering AEs, they are used to reconstruct the
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new synthetic patterns similar to the original data
and, then, train the FD model using the union of
original and generated data. To do this, the
generated data should have two characteristics:
fidelity, i.e. they should be indistinguishable from
the original data, and diversity, i.e. they should
provide meaningful variations rather than simple
copies of the existing patterns (Shorten and
Khoshgoftaar 2019; Olson, Wyner, and Berk
2018).

Although DA is a well-established practice in
image classification, its use for tabular data is still
limited. Simple techniques such as jittering
(Fields, Hsieh, and Chenou 2019), window
cropping or slicing (Le Guennec, Malinowski,
and Tavenard 2016) can introduce synthetic
diversity but may fail to capture the underlying
data distribution. Alternatively, DL approaches
based on adversarial learning have been proposed
(Chu et al. 2020). Among them, we consider
Generative Adversarial Networks (GANs), which
are formed by a generator, whose objective is
producing patterns from the same distribution of
the original data, and a discriminator, whose
objective is to provide the probability that a
generated data comes from the same distribution
(Goodfellow et al. 2014).

In this work, we develop a novel FD method
based on: 1) a GAN for generating synthetic
normal conditions data; 2) an AE, trained using
the real and GAN generated normal conditions
data, for reconstructing the signal values as
expected in normal conditions of system
operation. We evaluate the performance of the
proposed method considering a Wind Turbines
(WT) dataset provided by a high-fidelity
Simulink model (Odgaard, Stoustrup, and
Kinnaert 2013). In the dataset, the wind speed is
imbalanced, with high-wind regimes occurring
rarely. The structure of the work is as follows.
Section 2 introduces the FD method based on
signal reconstruction. Section 3 describes the
developed method. Section 4 presents the wind
turbine case study and discusses the obtained
results. Finally, Section 5 summarizes the main
conclusions and outlines future research
directions.

2. Fault Detection by Signal Reconstruction

In general terms, we consider a generic PPS
working under variable operating conditions and

monitored by M sensors measuring signals at
regular frequency. The vector of measured signal
values at time step ¢ is x° =[x}, ..., x5, ..., x5 ] €
RM, where xf, is the value of the m-th signal
measured at time t. The matrix X € R VM
contains N M-dimensional vectors x* of
measurements collected at times T € [1, N] while
the system was operating in normal conditions.
We realistically assume that X contains only few
patterns collected in rare operating conditions and
that signal measurements collected in fault
conditions are not available.

The objective of this work is to develop a FD
method to promptly identify the occurrence of a
fault. This problem is addressed by developing a
data-driven signal reconstruction model that
receives in input the vector x* of the current signal
measurements and produces in output the vector
Xt of the signal values as expected in normal
conditions of operation:

= f'(x) M

where 0 is the vector of the model internal
parameters and A denotes the model architecture.
The residuals between the signal measurements
and their reconstructions at time t:

rt=xt -3, rt e RM )
are, then, used to construct a Health Index (HI):
HIt =rt(rH)T 3)

Finally, the binary health state o of the system at
time #:

ot = { 0 Normal Condition )
1 Fault Condition

is identified by comparing the H/ at time ¢, with a
preset threshold th :

0
o= { 1
3. Proposed Method
This work utilizes a Generative Adversarial
Network (GAN) (Goodfellow et al. 2014) for data
augmentation and an Autoencoder (AE) for signal
reconstruction.

5
if HI*<th ©)

if HI*> th

3.1.GAN for generation of normal conditions
Data
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To augment the normal conditions dataset X, we
develop a Generative Adversarial Network
(GAN). It is composed of two multilayer
perceptron models: a Generator G and a
Discriminator D. G aims to produce patterns x,
from the distribution p, of the normal conditions
data X, whereas D provides in output the
probability that a generated pattern x, indeed
comes from the distribution p, (Goodfellow et al.
2014). The input of G consist of independent and
identically distributed (i.i.d.) vectors z € RMz
drawn from a standard Gaussian distribution,
Pz(z)- During training, G is optimized to learn a
distribution p, that approximates p,, whereas D
is optimized to distinguish between original and
generated data. Training proceeds iteratively
alternating steps between G and D. First, the
generator G is held fixed and the discriminator D
internal parameters are updated to maximise the
log-likelihood of assigning the correct label
D(x) =1 to original patterns x ~ p, and
D(xg) = 0 to generated patterns x, = G(2), with
z ~ p,; then, D is fixed and G is updated with the
objective of generating data that are misclassified
by D as original. This interaction is formalized as
a zero-sum game represented by a minmax
optimization problem, whose dynamics aim
reaching an equilibrium maintaining a balance
between losses of G and D. The Value function
V(G,D) of G and D is:

n};in max V(D,G) = Ey.p [logD (x)]
+Eyp,» [l0g (1-D(6(2))] (6)

Following the successful training of the GAN, the
Generator G can generate new samples pertaining
to the learned distribution p, from noise vectors
z.

3.2. Autoencoder for signal reconstruction

The signal reconstruction model, & = f(x?),
used in this work is an Autoencoder (AE), which
is a neural network trained to reconstruct in output
the vector x' received in input. The internal
parameters, 6, are set by means of the gradient
descent algorithm, where the gradient is
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computed using the error backpropagation
algorithm with the objective of minimizing the
reconstruction error (xT — x) over a training
dataset of Np,qi, patterns x* € Xpp.qin of normal
conditions data. Specifically, in this work, the
normal conditions dataset X7,.4;, 1S made of the
union of the real data X and the data X ; generated
by the GAN. The loss function is the Mean Square
Error (MSE):

Ntrain

> (& - =)’ ™
=1

1

Lyee = '
N train

4. Case Study

The case study concerns a three-bladed, pitch-
controlled, variable-speed wind turbine of
nominal power P = 4.8 MW. The WT behaviour
is simulated by using a Simulink model (Odgaard,
Stoustrup, and Kinnaert 2013). The input is a
vector of wind speed values, and the output is the
4400s timeseries of the plant signals reported in
Table 1, measured at a frequency of 3 Hz.

Table 1 List of signals and location of the sensors

Signal ID Quantity Acronym | Location

1 Wind Speed Uy Blades
Rotational

2 speed [ Rotor
Rotational

3 speed Wy, Rotor
Rotational

4 speed Wy, Generator
Rotational

5 speed Wg, Generator

6 G;nerator Ty Generator

orque
7 Produced F, Generator
Power

8 Pitch position Bi1 Blade 1

9 Pitch position B2 Blade 1

10 Pitch position B2 Blade 2

11 Pitch position B2z Blade 2

12 Pitch position Bz, Blade 3

13 Pitch position B3 Blade 3
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” Reference T, Generator
Torque

15 Refereqcp pitch B, Blades
position

The turbine operates at variable speed, by either
controlling the angle of its blades or by changing
its rotational speed through the drivetrain,
efficiently capturing wind energy in varying wind
conditions.

The simulator has been used to produce the
dataset X of 7951 patterns in normal conditions,
used to develop the FD method. Figure 1 shows
the distribution of wind speed in the dataset X,
which can be split at v* = 15 [?] into two wind

regimes:

e  Low-wind regime: vy,jpg < V",
corresponding to wind conditions well
covered in the available data
distribution.

e High-wind regime: v,,i,q >
v* corresponding to rare high-wind
conditions.

Wind Speed Distribution

0.10

0.04
002

~—

Dene

SR
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Wind speed lmis]

Figure 1 Wind Speed Distribution
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The test set consists of 112 simulated timeseries
sequences. They include 12 simulations in normal
conditions and 100 which contain fault conditions
caused by F=10 failure modes (Pinciroli Luca,
Baraldi Piero, and Zio Enrico 2025). Starting time
and length of the time windows in which the fault
happens have been sampled from uniform
distributions  U(0,4000)s and U(134,400)s
respectively. Figure 2 shows the architecture of
the developed GAN, which is characterized by the
inclusion of a Batch Normalization layer to
enhance gradient flow and mitigate mode collapse
(Radford, Metz, and Chintala 2016).

‘
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Figure 2 Generator and Discriminator architectures:
(a) Generator network; (b) Discriminator network

The hyperparameters employed for the GAN
training are reported in Table 2. To ensure
training stability, & is optimized using an
adaptively decreasing learning rate, whereas D is
trained with a constant and larger learning rate.
This follows the Two Time-Scale Update Rule
(TTUR) introduced by (Heusel et al. 2018), which
proves that GANs converge when G and D are
trained with separate learning rates.

Training the final model required approximately
12 hours on a Google Colab Pro environment
equipped with an NVIDIA Tesla T4 GPU (16 GB
GDDR6 memory, 2560 CUDA cores, and 320
Turing Tensor Cores optimized for deep learning
tasks). While this demonstrates the feasibility of
the approach, the extensive training time
highlights potential scalability concerns.

Table 2 Hyperparameters used for GAN training

Hyperparameter | Value
Batch size 128
Optimizer Adam

8 - 1075 reduced by a factor of
0.98 every 30 epochs

D learningrate l,, | 5- 10~*, constant

Final Epoch 2417

Loss Binary Cross Entropy

G learning rate [,

We consider a two-layer AE, where the numbers
of neurons in the layers are optimized through a
grid search performed over a set of validation data
randomly sampled from X and not used to train
the AE, with a search space {3, 6, 9, 12, 15, 18,
21, 24, 27} for the first hidden layer and {0, 3, 6,
9, 12} for the second hidden layer. The second
hidden layer is constrained to remain smaller than
the number of input signals to ensure a bottleneck
design, which is a well-established approach for
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learning  compact  representations. ReLU
activations are employed in the first layer, and
Linear in the second layer. We assess the quality
of the normal conditions data generated by the
GAN by qualitatively evaluating their diversity
and coverage in the 2-dimensional spaces mapped
by PCA and t-SNE (Figures 3a and 3b).

PCA Projection

a)

=50 =25 0.0 2.5 5.0 75 100 12E
PC1

t-SNE Projection

t-SNE Dim 2

b) —-60 -40 =20 40 60 80

0 20
t-SNE Dim 1
Power Curve

<) - 04 06 08 10
Wind Speed

Figure 3 2D projections of original (blue) and generated
(red) data: a) PCA, b) t-SNE, ¢) power curve.

The generated data (red dots) exhibit considerable
overlap with the original data, demonstrating that
the GAN effectively captures the training data
distribution (coverage). Furthermore, rather than
simply replicating exact copies of the training
samples, the GAN synthesizes novel data points.
This indicates that the model has learned a
generalized representation of the wind turbine
behavior, thereby ensuring data diversity. The
anomaly detection performance is estimated on
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the whole test set and considering separately the
low and high-wind speed regimes defined in
Section 4. We compare the proposed method with
an AE trained on the original (non-augmented)
data. Figure 4 shows the obtained Receiver
Operating Characteristic (ROC) curve, which is
used for evaluating the performance of FD
methods independently from the setting of the
threshold th (Narkhede 2018).
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Figure 4 ROC curves on a) all wind regimes; b) low-
wind regime; c¢) high-wind regime. The dashed line
represents the comparison method, whereas the solid
line represents the proposed one.

The x-axis represents the False Positive Rate
(FPR), i.e. the proportion of negatives incorrectly
identified as positives, whereas the y-axis shows
the True Positive Rate (TPR), which is the Recall
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(Forman 2005). A curve closer to the top-left
corner indicates better performance.
Quantitively, we can consider as performance
metric the Area Under the Curve (AUC) metric,
with larger values indicating better performances.
The proposed method overperforms the
comparison method in terms of AUC (0.86 vs
0.84) when considering the entire test set. A
similar improvement (AUC 0.86 vs 0.85) is
obtained in the low-wind speed regime, whereas
the improvement in the high-wind speed regime
is more significant (AUC 0.83 vs 0.78)

5. Conclusion

In this work we develop a novel method for FD in
PPSs, leveraging data augmentation to overcome
the challenges of variable operating conditions in
PPSs. The method is based on the generation by
GAN of synthetic data of normal operating
conditions spanning all wind conditions. FD is,
then, performed using AE to reconstruct the
signals as they are expected in normal operating
conditions.

The results obtained in the case study considered
demonstrate that the proposed data generation
strategy significantly enhances the performance
of an AE trained without using the GAN-
generated data, especially in the high-wind
regime.

Future work will focus on: i) extending the
proposed framework to model temporal dynamics
by considering specialized architectures, such as
recurrent neural networks and LSTM cells. This
is expected to allow for earlier fault detection; i7)
investigating the use of Conditional GANs (C-
GANSs), where the generation process can be
explicitly guided by manually setting operational
variables (e.g., wind speed). This is expected to
allow  enriching the original set in
underrepresented conditions such as high-winds,
potentially improving both coverage and fault
detection performanced.
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