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ABSTRACT Reliable early detection of degradation in gas turbines is essential for preventing failures
and optimizing maintenance strategies. However, traditional fault-detection methods struggle to capture the
complex temporal dynamics that precede abnormal conditions. This study investigates the use of Generative
Adversarial Networks (GANSs) for time-series modeling and anomaly datasets augmentation, aiming to learn
the evolving behavior of turbine systems directly from sensor data and to address the insufficient amount of
failure data for anomaly detection. In the first stage, GANSs are trained on historical time-series recordings of
turbines operating under normal conditions to address data scarcity and enhance model robustness. Validation
results show that the generated sequences maintain strong statistical consistency with the original data,
accurately reproducing characteristic temporal patterns of healthy operation. The second stage focuses on
anomaly detection by integrating real-time sensor inputs with the learned temporal representations from
both real and synthetic datasets. The discriminator detects deviations from expected behavior, enabling early
identification of abnormal trends and providing insight into degradation trajectories. Experimental findings
demonstrate that the proposed framework captures dynamic transitions more effectively than threshold-based
methods, predicts the progression of faults, and supports the construction of an expanded anomaly catalog
by generating synthetic profiles that resemble documented failure modes. Overall, the approach improves
early-warning capabilities and strengthens data-driven maintenance planning.

INDEX TERMS Anomaly detection, fault detection, gas turbine, generative adversarial network, machine

learning.

I. INTRODUCTION

While large volumes of reference data exist for turbines
operating under normal conditions, the limited availability of
fault data makes it difficult for traditional machine learning
algorithms to learn the full spectrum of system behavior.
GAN:Ss offer a solution by generating synthetic time series that
emulate both normal and anomalous conditions, effectively
augmenting the dataset and compensating for the lack of
failure examples. This enriched dataset enables the model to
learn more comprehensive behavioral patterns, improving its
ability to detect and forecast anomalies. In the second stage
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of the methodology, these synthetic sequences are used to
model the temporal evolution of faults, allowing for early
detection and the identification of degradation trends before
actual failures occur.

A Generative Adversarial Network (GAN) is a recent
paradigm in Machine Learning (ML) algorithms. The basic
idea of GANs deployment is for unsupervised ML techniques
but also proved to be better solutions for semi-supervised
and reinforcement learning. These factors all together enable
GAN networks as comprehensive solutions in plenty of fields
such as healthcare, mechanics, banking, face detection, traffic
control, etc. [1]

These networks are used for generating new data, such as
images or videos, made to look real. Generative networks
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existed before GANs, but the Adversarial part adds value and
new perspectives. This study proposes the use of GANs to
address a critical limitation in gas turbine monitoring: the
imbalance between abundant operational data and the scarcity
of documented failure instances.

In this framework two models are trained at the same
time: the Generative model and the Discriminative model.
The Generative model tries to capture the data distribution,
while the Discriminative one estimates the probability that
some content was generated by the Generative model and
did not come from the actual data. The Generative model
tries to confuse the Discriminative model, by maximizing the
probability that it makes a mistake [2].

These two models are typically implemented by neural
networks, but they can be implemented with any form of
differentiable system that maps data from one space to the
other. The generator tries to capture the distribution of true
examples for new data example generation. The discrimi-
nator is usually a binary classifier, discriminating generated
examples from the true examples as accurately as possible.
The optimization of GANs is a minimax optimization prob-
lem. The optimization terminates at a saddle point that is
a minimum with respect to the generator and a maximum
with respect to the discriminator. That is, the optimization
goal is to reach Nash equilibrium. Then, the generator can
be thought to have captured the real distribution of true
examples [3].

Despite the increasing availability of high-frequency sen-
sor data in industrial gas turbines, a persistent limitation
for data-driven reliability methods is the severe imbalance
between abundant recordings of normal operation and the
scarce, often incomplete, documentation of failure events.
This imbalance restricts the ability of conventional machine
learning models to learn degradation trajectories and general-
ize early-stage anomalies, which are precisely the conditions
in which anomaly detection is most valuable. Motivated
by the need for earlier and more reliable identification of
incipient faults, this work investigates GANs as a principled
mechanism to learn realistic time-series representations of
turbine behavior and to alleviate fault-data scarcity through
controlled synthetic generation.

The main contributions of this study are threefold. First,
a GAN-based time-series generation framework trained on
operational sensor sequences was developed to augment
limited failure data while preserving the statistical and tem-
poral characteristics of turbine measurements. Second, the
generated sequences, together with real observations, were
leveraged to support anomaly detection by modeling the
temporal evolution of degradation, enabling the identification
of abnormal trends before failures fully manifest. Third, the
generated data and the resulting anomaly detection capability
were validated through quantitative and comparative analyses
against reference datasets, demonstrating that the synthetic
profiles are both statistically consistent and operationally
meaningful for characterizing fault progression. These con-
tributions provide a foundation for constructing a richer
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anomaly catalog and for enhancing proactive maintenance
strategies in data-constrained industrial settings.

Il. STATE OF THE ART

GANSs have emerged as a powerful tool in the field of machine
learning, with significant applications in various domains,
including industrial equipment. GANs were introduced by
Ian Goodfellow et al. [5]. In the context of industrial equip-
ment, GANs have been employed to enhance fault detection
and diagnosis. For instance, Conditional GANs (CGANs)
have been used to generate synthetic data that replicates real-
world data, improving the accuracy of fault detection models
in digital twins of industrial IIoT systems [6].

One of the significant challenges in industrial applications
for failure diagnosis is the lack of sufficient data for train-
ing machine learning models. GANs address this issue by
generating synthetic data that can augment existing datasets,
thereby improving model performance. This approach has
been particularly useful in scenarios involving the Industrial
Internet of Things (IIoT), where data scarcity can hinder
model accuracy [6].

This current application helps in training models to predict
impending failures, thereby preventing costly downtime, and
improving equipment reliability. In manufacturing, GANs
have been applied to improve quality control processes.
By generating high-fidelity synthetic data, GANs help in
identifying defects and ensuring that products meet quality
standards [7].

Despite their potential, the application of GANSs in indus-
trial equipment faces several challenges. The effectiveness of
GANSs depends on the quality of the data used for training.
Poor-quality data can lead to inaccurate models and unre-
liable predictions [8]. Training GANSs requires significant
computational resources, which can be a limitation in indus-
trial settings with constrained resources [9].

The future of GANs in industrial equipment looks promis-
ing, with ongoing research focused on addressing current
challenges and exploring new applications. Key areas of
interest include developing more stable and efficient train-
ing algorithms to enhance GAN performance and reliability
[10], combining GANs with other machine learning tech-
niques, such as reinforcement learning and transfer learning,
to improve model robustness and applicability [9], enhancing
the real-time capabilities of GANs for applications in pre-
dictive maintenance and fault detection, and implementing
robust security measures to mitigate risks associated with
synthetic data and ensure the integrity of GAN-based models.

GAN:Ss offer significant potential for advancing the field of
industrial equipment, providing innovative solutions for fault
detection, data augmentation, predictive maintenance, and
quality control. So far, most of the applications have focused
on augmenting a fault dataset [11], [12] but this article aims to
explore the prognostication of dataset behavior using GANSs.

While GANs have been widely utilized to generate syn-
thetic data that enhances the size and diversity of training
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datasets, their potential to model and predict future behavior
based on learned temporal distributions remains significantly
underexplored. Most existing applications focus on static data
augmentation, aiming to balance datasets or simulate fault
conditions for classification tasks. However, in industrial sys-
tems such as gas turbines, the real value lies in understanding
how anomalies evolve over time, capturing the subtle tran-
sitions from normal operation to early signs of degradation
and eventual failure. GANSs, particularly those adapted for
time series data, offer a unique opportunity to learn these
dynamics and generate realistic sequences that reflect the
progression of faults. By doing so, they can support not
only detection but also augmentation of the failure datasets,
enabling predictive maintenance strategies that anticipate
failures before they occur. Unlocking this capability requires
a shift from snapshot-based modeling to sequence-aware
architectures, and from augmentation to simulation of future
states grounded in operational history.

By leveraging the ability of GANs to model complex data
distributions, this research proposes a novel approach to fore-
cast the behavior of industrial equipment datasets. GANs can
capture the underlying patterns and temporal dependencies
within the data, enabling the generation of new data that
reflects potential future states. This prognostic capability is
particularly valuable for predictive maintenance and anomaly
detection, where anticipating equipment behavior can lead to
timely interventions and improved reliability. The application
of GANSs for dataset prognostication represents a significant
advancement in the field, offering a robust framework for
enhancing the predictive accuracy of industrial equipment
models [13].

This rationale is consistent with prior GAN-based research
on time-series analysis, which has shown that adversarial
learning can capture temporal structure for both reconstruc-
tion and anomaly assessment. In particular, TadGAN [14]:
Time Series Anomaly Detection Using Generative Adver-
sarial Networks models temporal correlations through
LSTM-based generators and critics and uses cycle consis-
tency to improve time-series reconstruction, while MAD-
GAN [15]: Multivariate Anomaly Detection for Time Series
Data with Generative Adversarial Networks extends this per-
spective to multivariate settings by considering the full set of
variables jointly in order to capture latent interactions and by
combining discrimination and reconstruction in its anomaly
score.

More broadly, a comprehensive review on GANs for time-
series [16] signals highlights that preserving time depen-
dence and evaluating generated sequences comprehensively
remain central challenges in GAN-based time-series model-
ing. Taken together, these studies support the use of GANs
not only as tools for synthetic data generation, but also as
sequence-aware models capable of learning evolving opera-
tional patterns, which provides a strong basis for the iterative
synthetic-data generation and retraining strategy adopted in
this work
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In the proposed GAN framework, the methodology begins
with the generation of synthetic time series data based on
historical observations of gas turbine operation.

This synthetic data is then incorporated back into the orig-
inal dataset, creating an expanded and enriched input set.
The GAN is retrained iteratively using this updated dataset,
allowing the model to refine its understanding of normal
and abnormal behavior. To structure this process, a moving
window approach is applied, at each iteration, the GAN is
trained on a segment of the modified dataset that includes the
most recent generated observations. This means that the ref-
erence data evolves dynamically, with each loop adding new
synthetic sequences that reflect the latest learned patterns.
As aresult, the GAN continuously adapts to the changing data
landscape, improving its ability to simulate future behavior
and detect early signs of degradation. This iterative learning
mechanism is key to enabling the model not just to detect
anomalies, but to prognosticate how those anomalies may
develop over time, offering a powerful tool for predictive
maintenance in gas turbine systems.

By incorporating the generated data into the training pro-
cess, the GAN can better capture the temporal dependencies
and distributional characteristics of the dataset, leading to
more accurate forecasts of future behavior. As new data is
included into the modified input, the generated output also
considers previously generated data, not only the reference
period. After a number of iterations, the input vector of the
GAN will consist solely of generated data that has captured
the nature of the original dataset, and the output will be the
evolution of how the temperatures will continue to behave in
future observations.

This approach not only enhances the ability of the model
to predict potential faults but also provides valuable insights
for predictive maintenance, anomaly detection of industrial
equipment, ultimately contributing to the reliability and effi-
ciency of industrial operations.

Anomaly detection, predictive maintenance, and fault
datasets are integral elements of condition-based mainte-
nance, where machinery behavior is continuously monitored
to identify deviations that may indicate emerging failures.
These processes rely on systematic data acquisition and
processing to detect abnormal patterns and assess equip-
ment health, forming the basis for timely maintenance
decisions [17]. Predictive maintenance expands on these
capabilities by incorporating prognostic models that estimate
the remaining useful life of assets and anticipate future fail-
ures, thereby reducing unplanned downtime and optimizing
operational reliability [18].

Within the broader field of prognostics and health
management, data-driven and knowledge-based methods
enable the evaluation of system degradation and facili-
tate early fault detection, which is essential for effec-
tive predictive maintenance strategies [17]. These methods
support decision-making by providing insights into equip-
ment status and by highlighting patterns associated with
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developing faults, thus enhancing maintenance accuracy and
efficiency [18].

The focus of the present research is on data augmenta-
tion of scarce fault datasets to improve the robustness and
performance of models used for predictive maintenance and
fault detection. By enriching limited training data, augmented
datasets help strengthen anomaly-detection and prognostic
algorithms, ultimately supporting more reliable maintenance
decision-making in scenarios where fault data are insuffi-
cient.

Ill. PREVIOUS ANALYSIS

To understand the operation of a gas turbine, it is crucial to
assess the condition of its combustion chambers. Previous
analyses [4] have demonstrated that the variability in the
exhaust gas temperatures of the turbine accurately reflects
the state of the combustion chambers and the turbine over-
all. By examining how these temperatures fluctuate and the
symmetry in their measurements, it is possible to determine
whether the turbine is experiencing a malfunction or oper-
ating correctly. As part of evaluating the effectiveness of
the developed GAN model, it has been verified whether the
same operating condition can be detected applying analysis
methods from previous research [4] to the generated dataset.

In this previous analysis, the objective was to continuously
monitor the combustion process in gas turbines and detect
anomalies in the combustion chambers and measurement
thermocouples. The study involved four gas turbines, each
equipped with twenty-one thermocouples to measure exhaust
gas temperatures. Later on, an analysis method that combines
several machine learning models, including neural networks
and principal component analysis (PCA), to characterize nor-
mal behavior and analyze actual temperature is developed.
By applying PCA, a neural network and the comparison of the
measurement of each thermocouple in each observation with
the average of that observation and combining the results of
the three analysis methods it was proven that the behavior of
the gas turbine could be characterized [4].

The summary of this previous research is shown in
FIGURE 1. In this current research, the Principal Component
Analysis and the comparison with the observed average will
be used to prove the effectiveness of the developed GAN
model [4].

This article is divided in five sections: introduction, state of
the art of GANs, anomaly dataset augmentation method based
on generative adversarial networks, where the developed sys-
tem is explained with examples, results and conclusions.

IV. ANOMALY DATASET AUGMENTATION METHOD

BASED ON GENERATIVE ADVERSARIAL NETWORKS

This section presents an overview of Conditional Genera-
tive Adversarial Networks (cGANs) and their application in
developing a forecasting model for gas turbine exhaust gas
temperatures. The proposed approach utilizes a categorized
failure case as a reference to condition the generation process,
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range. Difference in
temperature behavior.

Ensemble of the three analysis methods

10 get the final diagnosis for each
thermocouple and combustion chamber
in'the gas turbine.

FIGURE 1. Previously developed analysis of exhaust temperatures
method [4].

enabling the model to simulate the temperature evolution
associated with specific failure scenarios.

The combustion chamber is a critical component of a
gas turbine, as it is responsible for mixing fuel with air
and igniting the mixture to produce the high-temperature,
high-pressure gases that drive the turbine blades. Proper com-
bustion is essential for the efficient operation of the turbine.
Poor combustion can lead to several serious issues, including
significant economic losses due to increased fuel consump-
tion and maintenance costs, disruptions in power supply to
customers, and potential damage to the turbine components,
which can result in costly repairs and downtime. Ensuring
optimal combustion is therefore vital for the reliability and
efficiency of gas turbine operations.

Additionally, a few fault signatures are available and will
be utilized as seeds for training the proposed GAN. These
fault signatures represent specific examples of anomalous
behaviors in industrial equipment, and their inclusion in the
training process will enable the GAN to learn the distinctive
characteristics of faults.

By using these signatures as starting points, the GAN can
generate synthetic data that reflects a variety of fault scenar-
ios, thereby enhancing the ability of the model to detect and
predict anomalies in the equipment. This approach not only
expands the dataset available for training but also strength-
ens the accuracy and robustness of the model in identifying
potential faults.

This continuous enrichment of the training data not only
improves the model’s exposure to diverse operational patterns
but also enhances its ability to recognize subtle deviations that
may indicate early-stage faults. By learning from both real
and synthetic sequences, the GAN becomes more resilient to
noise and variability, ultimately leading to more reliable and
timely fault data augmentation.
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A. GENERATIVE ADVERSARIAL NETWORKS

As discussed before, a GAN comprises two neural networks:
a generator and a discriminator. The generator network
receives a random distribution as input and generates a sam-
ple that closely approximates the original data distribution.
The random distribution typically originates from a Gaussian
distribution, which is used to ensure diverse and realistic data
generation.

The discriminator network assesses the generated sample
in comparison to the original data, producing an output value
between 0 and 1. A value near zero signifies that the generated
sample is fake, whereas a value near one signifies that it is
real. Both networks undergo independent training. The GAN
framework is particularly straightforward when both models
are implemented as multilayer perceptron.

Conditional GANs (cGANs) enhance the performance of
GANSs by incorporating additional information, such as class
labels or other data such as the past observations of the
variables, into the model. In the generator, the input noise
p(z) is combined with the label y or the conditioned data to
create a joint hidden representation. Similarly, in the discrim-
inator, both the input x and the label y are used as inputs
to the discriminative function. This approach allows cGANs
to generate higher quality results by leveraging the extra
information provided [4].

cGANs can be trained on labeled datasets, allowing
them to assign specific labels to each generated instance.
For example, while an unconditional GAN trained on the
MNIST dataset, which contains images of handwritten digits
from O to 9, generates random digits, a conditional MNIST
GAN can be directed to generate a specific digit. In progres-
sive GANSs, the generator starts by producing a low-resolution
image, with subsequent layers progressively adding more
detail. This method accelerates GAN training compared to
non-progressive GANs and enables the production of high-
resolution images [12], [20].

cGAN:Ss serve as a key inspiration for the developed sys-
tem, as they offer the ability to accelerate GAN training
while targeting specific conditions and variables. By lever-
aging the principles of cGANS, the developed system aims to
enhance the efficiency of the training process and ensure that
the generated outputs meet various predefined criteria. This
approach not only speeds up the generation of high-quality
data but also allows for greater control over the characteristics
of the produced instances, making the system more versatile
and effective in addressing diverse requirements.

B. COMPUTATIONAL RESOURCES

The computational requirements and execution character-
istics of the proposed model indicate that the system
is lightweight and suitable for deployment in resource-
constrained environments. All experiments were conducted
on a consumer-grade laptop equipped with a 2.3 GHz
Intel Core i5 CPU (4 cores), Intel Iris Plus Graphics 655
(1536 MB), and 8 GB of RAM. Despite the modest hardware,
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the model, which comprises 42.773 parameters (42.005 train-
able), successfully completed training and data generation
without the need for specialized accelerators such as GPUs or
TPUs. This demonstrates that the approach is not dependent
on high-performance computing infrastructure.

The dataset was processed using mini-batches of 64 sam-
ples with 21 input features each, and the model required
250 epochs to generate each output row. Therefore, a win-
dow of 64 past timesteps was used to generate the next
1 step. Since the selected moving window (64 observations)
represents only a small fraction of the total dataset length
(1080 observations), most generated samples are effectively
conditioned on real data segments rather than previously
generated outputs. This design choice limits the propagation
of synthetic information across iterations and reduces the
impact of recursive self-feeding. Consequently, the genera-
tion process remains strongly anchored to real observations,
mitigating cumulative drift and ensuring that the conditioning
primarily reflects genuine data patterns rather than com-
pounded synthetic deviations.

Producing 1.080 rows (representing one operational week
in the original dataset) required approximately two hours of
wall-clock time. Given that this full generation cycle cor-
responds to a multi-day period of real-world operation, the
computational overhead remains manageable. The time-to-
output ratio suggests that, in practice, the model could be
deployed in offline or near-real-time settings without impos-
ing significant operational delays.

Moreover, the relatively small number of parameters
ensures a reduced memory footprint, facilitating integra-
tion into edge devices, local servers, or embedded sys-
tems with limited computing capabilities. The absence
of dependence on high-power GPUs also implies lower
energy consumption and reduced deployment cost, which
are relevant considerations for industrial environments
where scalability, availability, and operational efficiency are
priorities.

The results suggest that the proposed model architecture
is feasible for deployment in industrial scenarios. Its low
computational demand, modest training time, and ability to
operate on standard hardware support practical implementa-
tion in both development and production contexts, including
installations where computational resources are constrained
or cost-sensitive.

At this stage, the primary objective of the method is
to enrich existing datasets for downstream tasks such as
model training, validation, and robustness analysis, where
strict real-time constraints are not required. The suitability of
the approach for online or near-real-time applications would
depend on substantial optimization, including parallelized
generation strategies, hardware acceleration (e.g., GPUs),
or architectural modifications.

Future work will specifically investigate these aspects
by leveraging more advanced computational resources and
optimized inference pipelines, with the aim of assessing
the feasibility of integrating the method into early online

113359



IEEE Access

M. del C. Rubiales Mena et al.: Time Series-Based Anomaly Detection in Gas Turbines Using TimeWGAN-GP

warning systems that operate within typical turbine sampling
intervals.

C. USED DATASET

The dataset employed in this study is confidential and there-
fore cannot be publicly released. It originates from industrial
gas turbine operations and has been made available exclu-
sively for research under non-disclosure constraints. Despite
this limitation, the characteristics, structure, and relevant
properties of the data can be fully described to ensure
methodological transparency. The dataset encompasses oper-
ational measurements from four independent gas turbines of
type 6FA, all located at geographically close industrial sites.
These turbines typically operate within a power range of 55 to
75 MW, representing standard loading conditions for this
turbine class.

The recorded variables correspond to the exhaust tem-
perature profile of each turbine, captured through 21 ther-
mocouples installed uniformly around the exhaust section.
These sensors provide a detailed thermal representation of
the exhaust region, enabling precise monitoring of combus-
tion uniformity, thermal imbalance, and early fault signa-
tures associated with degradation phenomena. Temperature
readings were collected at 10-minute intervals, providing
a high-resolution temporal dataset capable of supporting
anomaly detection, predictive maintenance models, and data-
augmentation processes.

The historical record spans a continuous four-year period,
covering January 2020 to October 2024. Throughout this
interval, no null or missing sensor observations were detected
in the available operational segments. However, some discon-
tinuities are present in the data due to scheduled maintenance
activities and turbine downtime periods. These gaps are
inherent to regular industrial operation and vary between
turbines, as each unit follows a different maintenance sched-
ule. Notably, the total downtime per turbine represents less
than 10% of the full period, ensuring the availability of a
sufficiently large and representative dataset for learning oper-
ational behavior and historical fault patterns.

In terms of preprocessing, the dataset required only min-
imal manipulation prior to its use in training the generative
model. All temperature variables were normalized to the [0,
1] range to ensure stable training of the GAN architecture
and consistent scaling across turbines. After the generation
of synthetic sequences, the data were rescaled back to their
original units using the inverse normalization transforma-
tion. To distinguish healthy from faulty operating periods,
the dataset was segmented according to maintenance logs
and operational annotations provided by on-site personnel,
enabling a clear separation between periods of correct tur-
bine behavior and periods affected by known faults. Beyond
this segmentation and the normalization step, no additional
preprocessing, filtering, or outlier removal was applied, pre-
serving the natural statistical characteristics of the original
operational data.
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The overall dataset therefore provides a robust basis
for analyzing exhaust thermal behavior, generating syn-
thetic fault sequences, and evaluating data-augmentation
techniques designed to support predictive-maintenance and
fault-detection applications.

D. DEVELOPED MODEL

This research focuses on prognosticating the performance of
the turbine based on previous observations of exhaust gas
temperatures. This represents a significant advancement in
the field of GANS as it emphasizes their application to indus-
trial equipment, specifically through time series analysis, and
subsequently in the diagnosis of this fault scenarios using
previously proven effective methods.

In the developed system, the generator model is designed
to create synthetic data samples from random noise. The input
layer accepts a noise vector of 21 variables, corresponding to
the number of thermocouples placed to measure the temper-
atures of the exhaust gases of the combustion chambers of
the analyzed turbines. This choice ensures that the stochastic
input space of the generator is structurally aligned with the
multivariate nature of the target time series, allowing the
model to learn joint temporal dependencies across all mea-
surement channels. By matching the dimensionality of the
noise vector to the number of thermocouples, the generator
is encouraged to produce coherent and physically plausi-
ble temperature patterns that reflect the underlying spatial
relationships of the combustion system. This input is pro-
cessed through a series of dense layers, each followed by a
LeakyReLU activation function and batch normalization to
stabilize the training. The final layer uses a ‘tanh’ activation
function to produce the output, which matches the input
shape.

The discriminator, on the other hand, is tasked with distin-
guishing between real and synthetic data samples. It takes two
inputs: the reference dataset for discrimination and the noise
vector for training. These inputs are concatenated and passed
through dense layers with LeakyReLU activations. The final
layer outputs a single value, indicating whether the input is
real or fake.

Before the training loop begins, hyperparameters for both
the generator and discriminator models are selected using
a hyperparameter optimization algorithm. This algorithm,
a simplified version of the final GAN architecture, explores
various hyperparameter ranges and selects the optimal con-
figuration to ensure effective GAN performance during
training [21], [22].

As shown in FIGURE 2, the training process alternates
between training the discriminator and the generator based
on the same moving period of time from the input vector.
Random noise samples are generated and fed into the gen-
erator to produce fake samples. The discriminator is trained
on both real and fake samples, with appropriate labels. Then,
the generator is trained via the GAN model to fool the
discriminator.
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The input vector consists of a moving period of time of the
input vector. In each iteration, the new input vector starts on
the second observation of the previous one, treating the input
vector and the generated output as a temporal series. In the
first iteration the input vector is formed by a dataset of real
observations of a gas turbine, which are used as reference,
in both regular and faulty operating conditions.

Conditioning is implemented in both the generator and the
discriminator. Specifically, the model is a conditional GAN
in which the conditioning variable corresponds to the past
trajectory of the target variable. That is, the generator receives
as input not only a noise vector but also a sequence of past
observations, which are concatenated and fed through the
first layer of the network. The discriminator is analogously
conditioned by receiving the same historical window jointly
with either real or generated samples. This design ensures that
the synthetic samples produced by the GAN are explicitly
dependent on the preceding behavior of the process, rather
than on categorical labels.
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FIGURE 2. GAN based developed system.

A gradient penalty is applied to enhance the stability
and performance of the GAN. This penalty is particularly
useful in Wasserstein GANs (WGANSs), where it helps to
address issues related to vanishing or exploding gradients.
The gradient penalty works by penalizing the gradients of the
discriminator when their norm deviates significantly from a
specified value, typically one. Conditional GANs (cGANs)
provide a foundation for the system by enabling targeted
generation based on specific labels. Building on this concept,
Wasserstein GANs (WGANSs) were chosen to further improve
the stability and quality of the training process, ensuring more
reliable and high-quality data generation.

This regularization technique ensures that the gradients
of the discriminator remain within a reasonable range,
promoting smoother and more stable training dynamics.
By incorporating the gradient penalty, the GAN can achieve
better convergence and generate higher quality synthetic
data [23].

The model is trained following the Wasserstein GAN
formulation, using the critic as a learned approximation
of the Wasserstein-1 distance between the real and gener-
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ated data distributions. Stability was ensured through Batch
Normalization in the generator and tuned optimization hyper-
parameters. Let D (-) denote the critic output and G (z) the
generator output for a noise vector z ~ N(0, ), and let x
denote a real sample. The critic receives paired inputs (x | z)
or (G(z),z), and the training uses labels —1 for real samples
and +1 for generated samples. The implemented Wasserstein
loss takes the form L(y, y) = E[y - y], where y = D(-).
The critic is updated by minimizing the objective

@=%®m+rmaam

—~—
fake term

+ Ex,z[ —1-D(x,2)])

—~—
real term

1
E(E[D (G (2), 2] = E[D (x, 2)D.

which corresponds to maximizing the difference between
critic scores for real and generated samples, consistent with
the Wasserstein-1 distance. The generator is trained with the
critic’s parameters frozen, and its objective is

Lg=—E:[D(G(2), 2],

which encourages the generator to produce data that receives
higher critic scores and thus reduce the estimated Wasser-
stein distance. This alternating optimization between critic
and generator updates constitutes the core training loop and
governs how both networks interact to align the generated and
real data distributions.

In the WGAN-GP framework, the discriminator functions
as a critic rather than a probabilistic classifier. The critic
outputs a real-valued, unbounded score that reflects how
closely the input resembles the true data distribution. Higher
scores indicate that the sample is more consistent with real
observations, whereas lower scores suggest the opposite.
This continuous scoring mechanism is fundamental to the
estimation of the Wasserstein distance and governs how the
generator is optimized during training.

Following adversarial training, the discriminator is no
longer used in any part of the generation process. All syn-
thetic data produced for the augmentation task are generated
exclusively by the trained generator, without further evalu-
ation, refinement, or feedback from the discriminator. This
ensures a complete separation between the training phase,
where both networks interact, and the inference phase, which
relies solely on the lightweight generator model. During
iterative sequence generation, the generator outputs one new
instance per loop, and only this network is executed. The dis-
criminator remains inactive throughout inference, making the
procedure computationally efficient and suitable for deploy-
ment settings where low-overhead generator-only execution
is required.
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Once training is complete, the generator can produce new
synthetic data samples by taking random noise vectors as
input. These generated variables are added to the entry vec-
tor used for training both in the discriminator and in the
generator. This approach allows the system to generate new
samples based on the evolution of real data and the newly
generated samples, representing a possible evolution of the
studied variables.

Finally, all generated samples are then rescaled to match
the original data range using the MinMaxScaler. The
final synthetic data is stored in a vector for further use.
This approach ensures that the GAN model can generate
high-quality synthetic data that closely resembles the real
data.

The final output of the model is a newly generated time
series sample that represents the predicted evolution of the
turbine’s operational behavior over time. The next step in
validating the model involves demonstrating that these gen-
erated sequences closely resemble real sensor data, ensuring
that the synthetic outputs are both statistically consistent and
operationally meaningful before they are used for anomaly
detection.

To mitigate the risk of error accumulation inherent in itera-
tive generation pipelines, the method was explicitly designed
to produce only one new instance per loop. This incremental
strategy limits the amount of generated data reintroduced
into the model at any given time, thereby reducing the likeli-
hood of compounding deviations. Additionally, only the later
stages of training involved a higher proportion of synthetic
data compared to real data.

An analysis of these later iterations showed that the gen-
erated instances remained consistent with those produced
during the initial loops. In particular, their empirical distri-
butions, as well as their mean and standard deviation across
key variables, closely matched the statistics observed in the
earliest generated samples. This stability across iterations
suggests that the model does not exhibit meaningful drift
and maintains robustness even as synthetic data progressively
becomes a larger share of the training input.

Regarding the technical characteristics of the proposed
model it is based on a Wasserstein GAN architecture tailored
to the 21-dimensional operational variables used in this study.
The generator receives a 21-element input vector sampled
from a standard normal distribution and processes it through
a fully connected network composed of two hidden layers.
Specifically, the architecture follows the sequence: a dense
layer with 128 units, a LeakyReL U activation with ¢ = 0.01,
Batch Normalization with momentum 0.8, followed by a
second dense layer of 256 units with the same activation and
normalization settings. The output layer is a fully connected
projection with 21 units and a tanh activation, matching the
[—1, 1] scaling applied to all input features. The discriminator
(critic) takes two inputs, the candidate 21-dimensional data
sample and the same 21-dimensional noise vector, and con-
catenates them before feeding them to two hidden layers with
128 and 64 neurons, respectively. Each layer is followed by
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a LeakyReLU activation (¢ = 0.01), and the final output
is a single linear neuron, consistent with the Wasserstein
formulation.

The structure of the generator is detailed in Table 1 which
outlines each layer, its output dimensions, and the number
of parameters involved in the model. This architecture com-
bines dense transformations, activation functions, and batch
normalization steps to progressively map the input space into
the desired output domain. The overall configuration com-
prises 42,773 parameters, of which 42,005 parameters are
trainable and 768 parameters are non-trainable, reflecting the
presence of normalization statistics that remain fixed during
optimization.

TABLE 1. Structure of generator.

Layer (type) Output Shape Param #
dense (Dense) (None, 128) 2,816
leaky re lu (Le (None, 128) 0
batch_normalization (None, 128) 512
dense_1 (Dense) (None, 256) 33,024
leaky re lu 1 (None, 256) 0
batch_normalization 1 (None, 256) 1,024
dense 2 (None, 21) 5,397

The structure of the discriminator is summarized in
Table 2, which details each layer, its output shape and number
of parameters. This architecture comprises a sequence of
input, concatenation, dense, and activation layers that collec-
tively define the model’s computational flow.

The configuration results in a total of 13,825 parameters,
all of which are trainable, indicating that every component
contributes to the learning process during optimization.

TABLE 2. Structure of discriminator.

Layer (type) Output Shape Param #
input_layer 1 (InputLayer) (None, 21) 0
input_layer 2 (InputLayer) (None, 21) 0
concatenate (Concatenate) (None, 42) 0

dense_3 (Dense) (None, 128) 5,504
leaky re lu 2 (LeakyReLU (None, 128) 0

dense_4 (Dense (None, 64) 8,256
leaky re lu 3 (LeakyReLU) (None, 64) 0

dense 5 (Dense) (None, 1) 65
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Training employs the Wasserstein loss function E[y-y] and
the Adam optimizer with a learning rate of 2.0374x 10~ and
B1 = 0.4 for both generator and critic, while all other opti-
mizer parameters remain at TensorFlow defaults. No gradient
penalty was applied, corresponding to a gradient-penalty
coefficient of zero; stability was instead supported through
Batch Normalization in the generator and careful tuning of
the optimization parameters. The batch size was set to 64,
and all feature variables were normalized to the [—1, 1]
range to ensure compatibility with the generator’s tanh output
activation.

A structured hyperparameter-search procedure was con-
ducted prior to full-scale training. To ensure efficient explo-
ration, candidate configurations were evaluated using a
reduced subset of the dataset and shorter training intervals.

The search covered ranges for learning rate, 81, hidden-
layer widths, Batch Normalization momentum, LeakyReLU
negative slope, and batch size. Candidate models were
assessed according to (i) training stability of the critic
and generator losses, and (ii) similarity between generated
and real data distributions, evaluated through comparison
of variable-wise empirical distributions, means and stan-
dard deviations. The selected configuration provided stable
critic—generator dynamics and produced synthetic samples
whose statistical properties consistently matched those of the
real inputs.

The training procedure described in CODE FRAGMENT 1
outlines the adversarial learning process adopted to generate
synthetic time-series data. The method operates by iteratively
training a generator and a discriminator within a sliding win-
dow framework, enabling the model to capture local temporal
dependencies present in the data. At each step, the discrimi-
nator is trained to distinguish between real samples extracted
from the current window and synthetic samples produced
by the generator from random noise, while the generator is
simultaneously optimized to produce outputs that are indis-
tinguishable from real data according to the discriminator.

The use of Wasserstein loss promotes stable convergence
during this adversarial process. By advancing the window
across the dataset and retaining a representative gener-
ated sample from each iteration, the approach constructs a
continuous synthetic sequence that preserves the statistical
structure of the original data. Finally, the generated samples
are rescaled to the original domain, yielding an augmented
dataset suitable for downstream applications.

V. ABLATION STUDY

Ablation studies are commonly employed to assess the indi-
vidual contribution of the main components of a machine
learning architecture and to determine whether the observed
performance improvements can be attributed to specific
design choices rather than to the model complexity alone.
In the context of GAN-based time-series generation, such
analyses are particularly relevant because several interact-
ing elements, including conditioning mechanisms, temporal
context length, and adversarial learning strategies, jointly
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INPUT:
Time-series dataset X
Batch size B
Number of epochs E
Seed =42

OUTPUT:
Synthetic dataset S

BEGIN

1. Normalize dataset X to range [-1, 1]

2. Initialize Generator G

3. Initialize Discriminator D

4. Define Wasserstein loss

5. Initialize empty list S

6. FOR each window i in X of size B DO

real samples « X[i:i+ B]
FOR epoch = 1 TO E DO
# --- Train Discriminator ---

Sample random noise Z (size B)

fake samples < G(Z)

real labels « -1

fake labels « f1

Train D on (real samples, Z) with real labels
Train D on (fake samples, Z) with fake labels

# --- Train Generator ---

Sample new noise Z

target labels « -1 # generator tries to fool
discriminator

Freeze D

Train G via GAN using Z and target labels

Unfreeze D

END FOR
Append last generated sample to S
END FOR

7. Trim S to desired length if needed
8. Apply inverse normalization to S
9. RETURN S

END

CODE FRAGMENT 1. Pseudo-code of training loop.

influence the quality of the generated sequences. Therefore,
a systematic ablation analysis was conducted to evaluate
the impact of the principal components of the proposed
framework and to quantify their contribution to the overall
generation performance.
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The objective of this study is to verify whether the
selected architectural and training configurations effectively
contribute to preserving the statistical and temporal charac-
teristics of the original turbine datasets.

The ablation study evaluates the contribution of the main
architectural components of the proposed framework. Unlike
conventional conditional GANs, the proposed framework
does not rely on explicit conditioning variables or class labels.
Instead, conditioning is implicitly introduced through the
sliding-window formulation, where the generator is trained
using temporally ordered observations that provide contex-
tual information about the recent evolution of the process.

Consequently, the ablation study focuses on the influence
of the temporal conditioning window and on the adversar-
ial training strategy. Specifically, the complete WGAN-GP
model is compared against three simplified variants: a
reduced temporal context (Window = 32), a standard GAN
trained with binary cross-entropy loss (Vanilla GAN), and a
WGAN model without gradient penalty.

TABLE 3. Results of ablation study.

Configuration | KLD JSD WD MA.E RMSE
relative relative
Full Model | 1.5542 031648  9.72593  0.05579  0.07388
Window=32 | 1.6198 033029  9.83470  0.04968  0.067482
Vanilla GAN | 1.6182 033986  12.7993  0.05902  0.078818
No Gradient |, ¢300 (47307 183028  0.07127  0.093021
Penalty

To ensure a comprehensive evaluation, the ablation anal-
ysis was performed using the same set of quantitative
metrics employed throughout this work. Distribution-based
measures, including Kullback-Leibler Divergence (KLD),
Jensen-Shannon Divergence (JSD), and Wasserstein Distance
(WD), were used to assess the similarity between the sta-
tistical distributions of the generated and original datasets.
In parallel, relative Mean Absolute Error (MAE) and Root
Mean Squared Error (RMSE) were considered to quan-
tify the average deviation between generated and reference
observations. Together, these metrics provide complementary
perspectives on synthetic data quality, evaluating both distri-
butional consistency and pointwise agreement and thereby
enabling a balanced assessment of the contribution of each
architectural component to the overall performance of the
proposed framework.

The results of the ablation study are presented in Table 3.
Overall, the complete WGAN-GP configuration achieved
the best balance between distributional fidelity and recon-
struction accuracy. In particular, it obtained the lowest KLD
(1.554), JSD (0.316), and Wasserstein Distance (9.726), indi-
cating superior preservation of the statistical properties of the
original dataset. These results suggest that the combination
of the Wasserstein objective, gradient penalty regularization,

113364

and the selected temporal conditioning window provides
the most effective representation of the underlying data
distribution.

Reducing the temporal context from 64 to 32 observations
resulted in a slight increase in KLD, JSD, and Wasserstein
Distance, indicating a small loss of distributional consistency.
Although this configuration achieved marginally lower MAE
and RMSE values, the higher divergence measures suggest
that the shorter window captures local patterns effectively
but provides a less accurate representation of the overall
data distribution. Since the primary objective of the proposed
framework is generative modelling rather than pointwise pre-
diction, the distribution-based metrics were considered more
representative of the model quality.

The Vanilla GAN configuration exhibited consistently
worse performance than the proposed WGAN-GP model in
all distributional metrics, particularly in terms of Wasser-
stein Distance, which increased from 9.726 to 12.799. These
results indicate that replacing the Wasserstein objective
with the conventional binary cross-entropy loss reduces the
model’s ability to accurately reproduce the statistical charac-
teristics of the original turbine behaviour. This observation is
consistent with the known advantages of Wasserstein-based
training in improving convergence stability and reducing
mode collapse in generative models.

The largest degradation was observed when the gradient
penalty was removed. In this case, KLD increased to 1.840,
JSD to 0.424, and Wasserstein Distance to 18.303, while the
relative MAE and RMSE increased to 7.13% and 9.30%,
respectively. The substantial deterioration across all evalua-
tion metrics highlights the critical role of the gradient penalty
in stabilizing the adversarial training process and improving
the fidelity of the generated sequences. Overall, the ablation
study confirms that both the Wasserstein formulation and
the gradient penalty contribute significantly to the quality
of the generated data, while the selected temporal window
size provides an appropriate compromise between temporal
context and generative performance.

TABLE 4. Comparison between TimeWGAN-GP and an LSTM baseline.

Model Relative MAE Relative RMSE
TimeWGAN-GP (Full Model) 0.0558 0.0739
LSTM Baseline 0.0640 0.0730

To provide an additional benchmark against a commonly
used time-series forecasting approach, a multivariate LSTM
model was trained using the same dataset and temporal
window length employed by the proposed framework. The
LSTM baseline achieved a relative MAE of 6.40% and a rel-
ative RMSE of 7.30%, while the proposed TimeWGAN-GP
obtained a relative MAE of 5.58% and a relative RMSE
of 7.39%.

These results indicate that both approaches achieve com-
parable predictive accuracy, with the proposed framework
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providing a lower average prediction error. Beyond fore-
casting performance, however, the proposed method offers
the additional capability of learning the underlying data
distribution and generating statistically consistent synthetic
trajectories, making it suitable not only for prediction tasks
but also for dataset augmentation and anomaly analysis. Con-
sequently, the results support the use of TimeWGAN-GP
as a competitive alternative to conventional LSTM-based
approaches while providing broader functionality for indus-
trial time-series applications.

VI. RESULTS

This model has been applied to generate normal conditions
behavior and failure data from an already categorized fault
case so that it can be prove that the generated sample resem-
bles the structure of the real ones and that the augmentation
of the time series represents accurately the evolution of the
original time series. The reference failure behavior was due
to a failure in an injector, which caused air to enter one of the
combustion chambers of a gas turbine [4].

- Generated

Developed model

L A ; ‘Analysis of ‘Comparison of
Distribution analysis s

Visual analysis of correlation and time observation vs

generated data [ © “rz:‘;[::zg g:": vs series specific | 7] FCA | average of

metrics observation

Validation of developed model

FIGURE 3. Workflow diagram for GAN model development and
validation.

In this section, the GAN model development and validation
process are illustrated, using two real-world examples: one
depicting faulty behavior and the other demonstrating regular
behavior. The steps outlined in the workflow diagram shown
in FIGURE 3, are applied to both examples to highlight the
differences and validate the effectiveness of the model.

Upon visual inspection, the deviations and patterns of gen-
erated data and reference data is analyzed. This is proven later
by using two quantitative methods.

As the GAN generates a temporal series, it is imperative to
validate it as such. The metrics used for this validation include
Kullback-Leibler Divergence (KLD), Jensen-Shannon Diver-
gence (JSD), Wasserstein Distance (WD), Maximum Mean
Discrepancy (MMD), Euclidean Distance (ED) and the cor-
relation between the different temperature variables. These
metrics provide a comprehensive evaluation of the sys-
tem’s performance in generating synthetic data that closely
resembles real data distributions, ensuring the reliability and
accuracy of the temporal series generated by the GAN [24].

Finally, two analysis methods from a previous research
are used to compare the results of the GAN model with the
reference dataset.

By applying the steps from the workflow diagram to
these real-world examples, the capability of the GAN model
to distinguish between faulty and regular behavior and its
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ability to generate time series datasets that are consistent
with the temporal evolution of the original reference data
is demonstrated, ensuring that each synthetic output reflects
realistic operational behavior and supports robust, reliable
performance across different input scenarios.

A. DESCRIPTION OF THE DATASET

Both datasets consist of twenty-one columns each represent-
ing a temperature measured by independent thermocouples,
placed at the exit of a gas turbine, that measure the tem-
perature of the exhaust gases of a 6Fa gas turbine from
General Electric [4]. In FIGURE 4, the main components of
a gas turbine can be seen, as well as the placement of the
thermocouples which are placed equidistantly.

COMBUSTION T EXHAUST

FIGURE 4. Main Components of a gas turbine [26].

INTAKE i COMPRESSION

The proposed methodology has been evaluated across four
different 6Fa gas turbines, ensuring a level of variability
in operating conditions and system behavior. While only a
single fault type is explicitly presented, this is primarily due
to the scarcity of labeled failure data, which is a common
limitation in industrial applications.

Nevertheless, the selected fault scenario is representative
of a broader class of degradation mechanisms and can be
reasonably extrapolated to similar underlying failure causes.
In this sense, the study establishes a foundational framework
that can be extended to additional fault types, datasets, and
machinery configurations. It therefore serves as a starting
point for further investigations into cross-turbine generaliza-
tion and the applicability of generative approaches across
diverse industrial contexts.

B. OPERATION OF THE AUGMENTATION METHOD BASED
WITH REGULAR OPERATING BEHAVIOR

A dataset formed by six weeks of real observations is used
as a reference and as the input for both the generator and the
discriminator of the developed GAN model.

The six-week data segment analyzed in this work corre-
sponds to a period in which the turbine was operating under
normal and stable conditions, with no observable signs of
degradation or fault development. At that time, all operational
indicators aligned with expected behavior, and no mainte-
nance alerts or performance deviations had been reported by
on-site personnel.
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Importantly, this data window is situated six months prior
to an unplanned downtime event caused by a failure that
will be detailed in the following section. The selection of
this period ensures that the baseline behavior used for model
training and comparison truly reflects healthy operational
dynamics, thereby providing a reliable reference against
which the later fault evolution can be contextualized.

The generation of regular operating conditions was eval-
uated across all four turbines included in the dataset, using
several different reference periods for each of the four
units. The results were consistently satisfactory and exhibited
similar performance across turbines, demonstrating that the
method generalizes well under normal operating conditions.
To maintain clarity and avoid unnecessary extension of the
manuscript, only one representative turbine case is presented
in detail.

FIGURE 5. Generated data by the GAN model in regular conditions.

During each iteration of the training loop, a moving win-
dow of reference data is employed on the input vector.
In FIGURE 5 the output of the model can be seen, represent-
ing a week of generated data.

A comparative analysis of the original input data and the
generated dataset is shown in FIGURE 6.
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FIGURE 6. Original data versus generated data in regular conditions.

FIGURE 7 illustrate the evolution of the adversarial
training dynamics and the convergence behaviour of the
Wasserstein GAN. In the this plot, the discriminator loss
and generator loss are shown over the training steps. During
the initial phase, both losses exhibit significant oscilla-
tions, reflecting the typical instability of adversarial training
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as the generator and discriminator compete to improve
simultaneously.

FIGURE 7. Generator and discriminator loss during training.

As training progresses, the discriminator loss gradually sta-
bilizes around values close to zero, indicating that it reaches a
balance between distinguishing real and generated samples.
The generator loss shows a smoother trend after the initial
fluctuations, with moderate variations that reflect ongoing
adaptation to the discriminator’s feedback, although a sharp
increase is observed toward the end, suggesting a temporary
imbalance in the training dynamics.
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FIGURE 8. Wasserstein gap during training.

FIGURE 8 presents the Wasserstein gap, defined as the
difference between the discriminator outputs for real and
generated samples. At early training stages, the gap reaches
relatively high values (above 3), indicating a clear separation
between real and synthetic data distributions.

Over time, this gap decreases and stabilizes near zero,
which is consistent with the objective of Wasserstein GANS,
where convergence is achieved when the generated distri-
bution closely approximates the real one. A slight increase
in the gap toward the end of training suggests minor fluc-
tuations and therefore the training stops, but overall, the
trend demonstrates that the model successfully reduces the
discrepancy between real and generated samples, indicating
effective convergence.

In FIGURE 9 the generated values and the original data are
highly similar, as shown by their nearly identical probability
density functions.

The overlapping regions of these distributions indicate that
the variables have similar central tendencies, variances, and
overall distributional characteristics.

This visual similarity suggests that all the temperatures
are statistically comparable, with minimal differences in their
distributions. This will be analyzed using quantitative indica-
tors as a next step of the analysis.
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FIGURE 9. Comparison between the distributions of the generated and
original data for each of the variables in regular conditions.

Moreover, a comparative analysis of the correlation matri-
ces from both datasets is conducted to evaluate how the
inter-variable relationships differ under the respective con-
ditions represented by each dataset. By focusing on the
correlation, it can be assessed whether the model accurately
replicates the inherent randomness and variability of the orig-
inal correlation structure.
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This method isolates the stochastic properties of the data,
offering a clearer picture of the model’s ability to reproduce
the statistical characteristics of the original data without being
influenced by specific patterns or structures present in the
outputs.

As shown in FIGURE 10, the results indicate similar corre-
lations between variables, confirming that the generated data
is statistically consistent with the original data.

s

FIGURE 10. Correlation in regular conditions.

The next analysis methods employ several key metrics to
evaluate the quality of the synthetic data generated by the
GAN as a temporal series. The results of these analyses are
shown in Table 5.

Kullback-Leibler Divergence (KLD) values are relatively
low across all tests, indicating that the synthetic data gener-
ated by the system closely approximates the distribution of
the real data.

Lower KLD values suggest better performance in terms
of matching the real data distribution. Similarly, Jensen-
Shannon Divergence (JSD) values are also low, reinforcing
the observation that the synthetic data is well-aligned with
the real data distribution. JSD, being a symmetric measure,
provides a more balanced view of the divergence between
distributions.

Wasserstein Distance (WD) values vary significantly
across tests, with some tests showing higher values. This met-
ric measures the distance between distributions, and higher
values may indicate greater differences between the synthetic
and real data distributions.

However, the overall trend suggests that the system per-
forms well in most tests. Maximum Mean Discrepancy
(MMD) values are relatively consistent across tests, with
slight variations. This metric evaluates the difference between
distributions based on their mean embeddings. Consistent
MMD values indicate stable performance of the system in
generating synthetic data.

Euclidean Distance (ED) values show noticeable variation
across tests, with some tests having higher values. Euclidean
Distance measures the statistical distance between distribu-
tions, and higher values may indicate greater discrepancies.
Despite the variations, the system demonstrates reliable per-
formance in most tests. This could be due to the samples
having multiple attributes.

113367



IEEE Access

M. del C. Rubiales Mena et al.: Time Series-Based Anomaly Detection in Gas Turbines Using TimeWGAN-GP

TABLE 5. Results of metrics for temporal series analysis in regular
conditions.

KLD JSD WD MMD ED

T1 | 0.0021 0.0005 27.497  0.0127 10.38093

T2 | 0.0016  0.0004 252221 0.0092 10.2245382
T3 | 0.0017  0.0004 24.0348 0.0133  9.32490647
T4 | 0.0018 0.0005  27.1334  0.0104 8.88450794
TS | 0.0026  0.0006 33.616  0.0086 9.97032647
T6 | 0.0018 0.0004  24.0372  0.0117 8.85605916
T7 | 0.0024  0.0006 303573  0.0092 10.7986929
T8 | 0.0016  0.0004  23.1803 0.0078 9.30813295
T9 | 0.0018 0.0005  27.6699  0.008  10.3894486
T10 | 0.0027  0.0007  33.0102  0.0065 10.2256571
T11 | 0.0022 0.0006  29.1953  0.0099 10.6675301
T12 | 0.0025 0.0006  32.8927  0.007  10.3388236
T13 | 0.002 0.0005  26.3263  0.0152 10.0782315
T14 | 0.002 0.0005  26.3769  0.008  10.6411695
T15| 0.0013 0.0003  20.3473  0.0102 8.91090513
T16 | 0.0018 0.0005  26.3704  0.007  10.4540341
T17 | 0.0011 0.0003  19.7169  0.0092 8.55128194
T18 | 0.0022  0.0006  29.0729  0.0117 9.41744323
T19 | 0.0031 0.0008  37.4341 0.0086 10.9578485
T20 | 0.0025 0.0006  30.0419  0.0137 10.6308162
T21 | 0.0025 0.0006  31.5812  0.0107 11.0392856

Overall, the developed system exhibits robust performance
and reliability in generating synthetic data that closely resem-
bles real data.

The low KLD and JSD values, along with consis-
tent MMD, highlight the system’s capability to produce
high-quality synthetic data. While WD and ED values show
some variations, the overall results affirm the effectiveness of
the system in replicating real data distributions.

Dynamic Time Warping (DTW) is widely recognized as
a robust temporal alignment technique used to quantify the
similarity or dissimilarity between time-series sequences,
particularly in contexts where temporal distortions, speed
variations, or phase shifts are present.

The method aligns sequences by minimizing cumulative
pointwise distances along an optimal warping path, produc-
ing a scalar distance value whose magnitude depends directly
on the characteristics of the underlying data.

As mentioned in [24], DTW distance values are ‘“‘highly
sensitive to variability in amplitude and temporal structure,”
and therefore must be interpreted only relative to other
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TABLE 6. Per-column DTW distances.

T 908.451878
T2 951.564693
T3 923.092449
T4 959.189235
T5 973.19719
T6 1001.39389
T7 971.567098
T8 908.239611
T9 949.247238
T10 1034.68874
T 964.732105
T12 989.678833
T13 988.675329
T14 918.880332
T15 924.352868
T16 9563.575127
T17 1079.6068
T18 1014.27558
T19 1024.79844
T20 943.944406
T21 935.503417

distances computed under the same preprocessing conditions
rather than against any fixed threshold.

The Dynamic Time Warping (DTW) values obtained for
the 21 normalized variables range from 908.24 to 1079.61,
with an overall average distance of 967.56. These values
quantify the temporal alignment cost between the real and
generated sequences on a per-feature basis. Because the data
were z-normalized prior to DTW computation, the resulting
distances primarily reflect differences in temporal structure,
rather than disparities in magnitude or scale.

Within this dataset-specific context, variables such as
T1, T8, T14, T3, and T15 exhibit the lowest DTW values
(approximately 908-925) as showed in Table 6, indicating
the highest temporal coherence between real and generated
sequences. Conversely, features including T17, T10, T19,
T18, and T6 display the highest distances (approximately
1000-1080), suggesting comparatively larger deviations in
temporal evolution. These intra-dataset variations mirror the
heterogeneous behavior often observed in multivariate indus-
trial or sensor-based time series, where different processes or
sensors exhibit distinct dynamics over time.

Moreover, the difference between the lowest DTW values
and the highest ones represents only a modest variation rel-
ative to the overall magnitude of the metric, indicating that
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the generated sequences remain consistently aligned with the
real data and that the system demonstrates strong temporal
fidelity across all variables.

Mean Absolute Error (MAE) and Root Mean Squared
Error (RMSE) are widely used metrics to quantify the
discrepancy between real and generated data, providing
complementary perspectives on model performance. MAE
measures the average magnitude of the absolute differences
between corresponding values, offering a direct and inter-
pretable estimate of the typical prediction error. RMSE,
by squaring the differences before averaging and then taking
the square root, gives greater weight to large deviations,
making it particularly sensitive to outliers. In this study, both
metrics are computed by aligning the original and synthetic
datasets and restricting the comparison to the minimum com-
mon number of observations, after which errors are calculated
elementwise across all variables and normalized relative to
the mean value of each feature to ensure scale invariance.

TABLE 7. Relative RMSE and MAE per thermocouple.

Thermocouple MAE_relative RMSE_relative
1 0.048287 0.066416
2 0.043745 0.059236
3 0.042621 0.058863
4 0.046736 0.062624
5 0.059077 0.075981
6 0.043653 0.05876
7 0.053373 0.070695
8 0.040646 0.05685
9 0.048582 0.064559
10 0.060941 0.078594
1 0.049908 0.068239
12 0.05991 0.077067
13 0.046047 0.062493
14 0.048965 0.067857
15 0.038213 0.052305
16 0.047809 0.062788
17 0.035792 0.045887
18 0.052107 0.068193
19 0.067609 0.084906
20 0.05228 0.070929
21 0.055264 0.07367

The results shown in Table 7 indicate a high degree
of agreement between the generated and original datasets,
as reflected by the low global relative errors (MAE =
0.0497 and RMSE = 0.0668). These values demonstrate that,
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on average, deviations remain below 5% and 7%, respec-
tively, which is generally considered indicative of strong
predictive accuracy in continuous-valued variables. The per-
formance is consistent across all thermocouples, with relative
MAE values ranging approximately from 3.6% to 6.8% and
RMSE values from 4.6% to 8.5%.

This limited dispersion suggests a homogeneous model
behavior without significant degradation in any specific vari-
able. Although slightly higher errors are observed in a small
subset of thermocouples, these remain within acceptable mar-
gins and do not indicate critical deficiencies. Overall, the
results support the conclusion that the generative model suc-
cessfully captures the underlying structure and magnitude of
the original data, achieving reliable and stable performance
across all measured variables.

The results of the PCA for the generated dataset can be seen
in FIGURE 11. This analysis uses a reference period from the
same gas turbine, which is categorized as a normal operating
condition, to obtain the first five principal components of the
twenty-one temperatures of the exhaust gases. This first five
principal component explained more than 90% of the data
variance [4].

FIGURE 11. Representation of affected thermocouples in regular
conditions.

FIGURE 12. Analysis of explained variance by each principal
component [4].
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FIGURE 12 shows that, when the historical observations
are segmented by power-range intervals, the first five princi-
pal components account for more than 90% of the variance
in each interval. Since the analysis in this work is conducted
without dividing the data into power-range subsets, it is rea-
sonable to retain the same dimensionality reduction choice.
Accordingly, five principal components are used throughout,
ensuring consistency with the variance-explained patterns
observed across the power-range-specific analyses.

Then, it reverts the transformation to obtain the original
dataset and calculates the error between the recalculated
original dataset and the original one. Later on, this same
transformation is applied to the data that is being studied,
which in this case is the generated dataset, but using the
same transformation matrix that was calculated for the normal
behavior dataset. As a result, this analysis shows no major dif-
ference between the variables of the generated dataset and the
reference period, which was considered normal conditions
behavior [4].

[ Chamber | +dev | -dev

Thermocouple
1

T2
T3
T4

/ \ | e | T5

FIGURE 13. Results of one versus all analysis on generated data in
regular conditions.

Lastly, in FIGURE 13, the result of the one versus all
analysis is illustrated. In this analysis, for each observation of
the generated dataset, the temperature of each thermocouple
is compared to the mean temperature of all thermocouples
in that observation. When the difference is higher or lower
than 2.5% of the standard deviation of the observation, the
thermocouple is flagged as erratic. This criterion follows the
formulation presented in [4], as the objective here is to assess
whether the generated data activates the same previously
validated failure-detection mechanism.

Then, the percentage of times that each thermocouple is
flagged as erratic for being outside of the accepted interval is
calculated and displayed in a table, as well as the difference
between the mean and the temperature in the last observation
of the interval [4]. This analysis suggests that thermocouples
six, fifteen, seventeen and eighteen are in some intervals
under the average of all the temperatures for each observation.
Only this type of deviation is considered as failure as all
the historic failures available for this type of turbines were
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related to air inlets and decreasing of temperatures in the air
chambers, and not to increases.

Thermocouple | +dev| -dev
Tl

FIGURE 14. Results of one versus all analysis in reference dataset.

When comparing this result to the result of the one versus
all analysis for the input dataset used for training the GAN,
shown in FIGURE 14, it can be noted that some of the
thermocouples were also considered to be under the mean
of each observation for some intervals, so the result is as
expected.

As the model iterates, the most recent synthetic samples
are generated using previously generated data rather than the
original reference dataset. This recursive process allows the
GAN to simulate how the system might behave in future time
steps, based on its own learned representations. When these
newly generated sequences are compared with the original
dataset, the evolution of the variables shows a coherent and
consistent pattern that mirrors the historical behavior of the
turbine. This indicates that the model not only preserves the
structure and dynamics of the original data but also success-
fully captures the progression of faults over time, making it a
reliable tool for temporal augmentation.

C. OPERATION OF THE AUGMENTATION METHOD BASED
ON A FAILURE OF ONE OF THE INJECTORS OF A
COMBUSTION CHAMBER

During this period there was a failure in one of the injectors of
the third combustion chamber and therefore the temperature
of this chamber was lower than expected. FIGURE 15 depicts
the evolution of the real temperatures of each of the twenty-
one thermocouples, which forms the training dataset for this
scenario.

FIGURE 15. Evolution of temperatures during the injector failure.
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FIGURE 16. Representation of affected thermocouples during the injector
failure.

After categorizing this historical failure, it was seen that
the thermocouples which were more affected by the failure
were the 16th and the 17th, both placed in the 3rd combustion
chamber at the power that the turbine was operating, as it is
shown in FIGURE 17.

The dataset previously described serves as the input for
both the generator and the discriminator of the developed
GAN model. During each iteration of the training loop,
a moving window of reference data is employed on the input
vector.

FIGURE 17. Generated data by the GAN model in failure.

This technique is designed to maintain the correlation
structures of the series, ensuring that the generated data
accurately reflects the evolution of the original time series.
In FIGURE 18 the output of the model can be seen, it rep-
resents a week of generated data, maintaining the same data
structure as the original input.

A comparative analysis of the original input data and the
generated dataset in FIGURE 18 reveals that both exhibit a
similar temporal evolution. This observation indicates that
the generated dataset effectively mirrors the dynamic patterns
and trends present in the original data.

When this generated data is grouped by combustion cham-
ber to see its evolution, as it can be seen in FIGURE 19,
it can be noted that the temperature of the third chamber
is consistently lower than the temperature of the rest of the
combustion chambers.
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FIGURE 18. Original data versus generated data in failure.

FIGURE 19. Average temperature of each combustion chamber
represented by generated data in failure.

In the last period of the generated time series, chamber six
is also affected, which would make sense since in previous
analyses it was demonstrated that when there is a temperature
variation due to external factors in one of the combustion
chambers, it not only affects it but also the opposite combus-
tion chambers and to a lesser extent the adjacent ones.

In FIGURE 20 the distribution of each of the generated
values and the original data exhibits a high degree of sim-
ilarity, as evidenced by the nearly identical shapes of their
probability density functions.

The overlapping regions of the distributions indicate that
the variables share similar central tendencies, variances, and
overall distributional characteristics. This visual congruence
suggests that all of the temperatures are statistically compara-
ble, with minimal divergence in their respective distributions’
histograms.

In addition, the correlation of each of the variables in both
the generated and the reference dataset shows remarkable
similarities, as it can be seen in FIGURE 21.

This indicates that the model has successfully replicated
the inherent randomness and variability of the original
dataset, ensuring that the statistical properties of the gener-
ated data closely match those of the reference data. Such
consistency validates the reliability and robustness of the data
generation process, confirming that the model performs well
in reproducing the stochastic characteristics of the original
data.

Table 8 provides a detailed evaluation of the developed
system across various tests (T1 to T21) using the metrics
KLD, JSD, WD, MMD, and ED.
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FIGURE 20. Comparison between the distributions of the generated and
original data for each of the variables in failure.

Kullback-Leibler Divergence (KLD) values are consis-
tently low, indicating that the synthetic data closely matches
the distribution of the real data. Jensen-Shannon Divergence
(JSD) values are also low, confirming the alignment between
synthetic and real data distributions.

Wasserstein Distance (WD) values show some variability,
with higher values in certain tests, suggesting differences
between synthetic and real data distributions in those cases.
Maximum Mean Discrepancy (MMD) values are relatively
stable, indicating consistent performance in generating syn-
thetic data.
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FIGURE 21. Correlation for original and generated dataset in failure.

TABLE 8. Results of metrics for temporal series analysis in failure
conditions.

KLD JSD WD MMD ED

T1 | 0.0020 0.0005 24.7910 0.0272 7.3861
T2 | 0.0017 0.0004 23.3351 0.0243 7.3429
T3 | 0.0021 0.0005 26.7062 0.0285 7.6001
T4 | 0.0023 0.0006 28.2818 0.0273 7.9375
T5 | 0.0033 0.0008 36.2921 0.0274 8.5982
T6 | 0.0016 0.0004 23.2521 0.0267 6.5682
T7 | 0.0023 0.0006 28.2002 0.0231 8.2114
T8 | 0.0016 0.0004 23.1422 0.0306 7.2643
T9 | 0.0021 0.0005 26.3548 0.0240 7.8794
T10 | 0.0035 0.0009 36.7828 0.0231 8.5069
T11 | 0.0023 0.0006 27.9208 0.0255 7.7047
T12| 0.0032 0.0008 35.4119 0.0253 8.4103
T13 | 0.0021 0.0005 25.5619 0.0301 7.0948
T14 | 0.0020 0.0005 24.2943 0.0229 7.5918
T15| 0.0015 0.0004 21.7317 0.0273 6.5414
T16 | 0.0021 0.0005 26.8989 0.0264 7.7381
T17 | 0.0014 0.0004 23.1388 0.0168 6.3247
T18 | 0.0026 0.0006 30.7628 0.0254 8.1859
T19 | 0.0036 0.0009 37.5343 0.0240 8.9396
T20 | 0.0027 0.0007 28.7740 0.0265 7.8564
T21|0.0027 0.0007 30.1548 0.0258 8.4555

Euclidean Distance (ED) values vary across tests, with
some higher values indicating greater discrepancies. Despite
these variations, the system generally performs reliably in
most tests. This could be due to the samples having multiple
attributes.
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TABLE 9. Per-column DTW distances.

™ 865.790614
T2 912.823644
T3 937.385998
T4 958.915789
T5 1005.92716
T6 958.464555
T7 951.426771
T8 891.122148
T9 908.921645
T10 1119.17591
T 868.967892
T12 985.810271
T13 911.243665
T14 840.025625
T15 898.339264
T16 959.008191
T17 1063.41518
T18 968.5676
T19 1049.25995
T20 923.266669
T21 929.093106

These analyses underscore the robustness and precision of
the developed system, showcasing its potential to generate
high-fidelity synthetic data that closely resembles real data
distributions.

The DTW distance obtained for the multivariate compari-
son in the present case is 8869.94, while per-feature distances
range between 840.03 and 1119.18, with an overall average
of 947.95 across the 21 variables. All these metrics were
obtained after normalizing the datasets.

The per-column DTW results shown in Table 9 allow
feature-specific assessment of similarity. The distances span
approximately 840—1120, with an average of 947.95, indicat-
ing moderate variation across variables.

These variables exhibit relatively low warping costs, indi-
cating that their temporal patterns between the two datasets
are highly consistent after normalization.

The multivariate DTW distance represents the cumulative
alignment cost across all 21 normalized variables. Since the
data were z-normalized prior to analysis, the resulting dis-
tance reflects differences primarily in shape and temporal
structure, rather than amplitude or scale. The meaning of this
value is determined relative to the per-column DTW results,
and the variability patterns present across the dataset.
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TABLE 10. Relative MAE and RMSE per thermocouple.

Thermocouple MAE_relative RMSE_relative
1 0.084075 0.098654
2 0.073214 0.087082
3 0.084925 0.100063
4 0.078997 0.096738
5 0.086984 0.110297
6 0.077494 0.090076
7 0.074341 0.093686
8 0.078048 0.091369
9 0.0754 0.092381

10 0.088989 0.112958
1" 0.082035 0.099673
12 0.08821 0.110743
13 0.089445 0.102368
14 0.079512 0.095212
15 0.084816 0.096049
16 0.078502 0.094559
17 0.080061 0.091988
18 0.080328 0.100109
19 0.087185 0.110675
20 0.086903 0.102796
21 0.083347 0.10263

The magnitude of 8869.94 is consistent with multivariate
DTW applied to long, multi-dimensional sequences, where
accumulated alignment costs naturally grow with dimension-
ality and sequence length.

The resulting relative errors shown in Table 10 with a
global MAE of approximately 8.2% and RMSE of 9.9%,
indicate a strong agreement between the generated and orig-
inal data, suggesting that the generative model is capable
of preserving the underlying structure and magnitude of the
variables with a satisfactory level of accuracy for practical
applications.

To evaluate the effectiveness of the developed GAN model,
it has been verified whether the same failure can be detected
by applying analysis methods from previous research to the
generated dataset [4]. The results of the PCA for the generated
dataset can be seen in FIGURE 22.

This analysis suggests that thermocouples T2, TS5, T6, T14,
and T17 to T20 are affected. When comparing this result with
the PCA of the original failure dataset, it can be seen that
they coincide. In this case the original result from PCA in
FIGURE 23 is shown divided by power range, but this does
not apply to the generated dataset, as it only contains exhaust
gas temperatures and no other data.
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FIGURE 23. Results from PCA analysis on original data in failure.

Lastly, in FIGURE 24, the result of the one versus all
analysis is illustrated.

This analysis suggests that thermocouples two, six, seven,
fifteen, seventeen, eighteen and twenty are continuously
under the average of all the temperatures for each observation.
In this case this result is also relevant as it highlights that
the rest of thermocouples, from other combustion chambers,
were also above the average of the observations.

This means that the rest of the combustion chambers
that were not affected by the failure were compensating the
decrease of temperature on the affected chamber, so that the
turbine was able to produce the expected power.

This phenomenon is to be expected during a failure related
to the decrease of temperatures in one of the combustion
chambers and was not seen in FIGURE 11 or FIGURE 13
when studying regular operating conditions.
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FIGURE 24. Results of one versus all analysis on generated in failure.
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VIIi. DISCUSSION

The results obtained from this study provide several insights
into the applicability of Generative Adversarial Networks
for anomaly augmentation in gas turbines. The ability of
the GAN-based model to learn the distribution profiles of
both normal and faulty operating conditions demonstrates its
potential as a tool for enriching datasets where documented
anomalies are sparse. The generated sequences exhibited
strong consistency with historical reference data, confirming
that the model can capture not only pointwise statistical
characteristics but also the temporal dependencies that define
equipment behavior over time.

A key outcome of the work is the model’s capacity to repli-
cate degradation pathways and produce synthetic faults that
reflect realistic progression patterns. Comparative analyses
with real failure cases revealed that the synthetic samples
preserved the structure, temporal evolution, and characteris-
tic transitions observed in the historical data. This fidelity
reinforces the suitability of GANs for simulating the early
stages of faults, which are often underrepresented in indus-
trial datasets but critical for developing robust augmentation
strategies.

The system’s discriminative component played a cen-
tral role in detecting deviations from expected behavior
when exposed to real-time or simulated time-series input.
Unlike threshold-based approaches that rely on static lim-
its and may fail to capture gradual deterioration, the GAN
framework models dynamic evolution, enabling earlier and
more nuanced detection of abnormal trends. This capabil-
ity suggests that the method could significantly improve
early-warning systems in industrial environments, where
anticipating failures provides substantial operational and eco-
nomic benefits.

Furthermore, the expanded anomaly catalog created with
synthetic data enhances opportunities for training, validation,
and benchmarking of other diagnostic models. By gener-
ating additional instances of fault profiles that resemble
real-world events, the dataset becomes more balanced and
representative, mitigating the limitations imposed by scarce
or incomplete failure records. This improvement is partic-
ularly relevant for data-driven techniques that require large
quantities of labeled samples for optimal performance.

The methodological choices made in this study, such as
exploring Conditional and Wasserstein GAN variants and
applying gradient-penalty strategies for improved training
stability, contributed to the quality and reliability of the gener-
ated sequences. These architectural considerations highlight
the importance of addressing common GAN challenges, such
as mode collapse and unstable convergence, when adapting
the technique to industrial time series.

However, several aspects require further exploration. The
model’s performance under varying operational regimes,
environmental conditions, or previously unseen fault types
remains to be fully evaluated. Additionally, while synthetic
data contribute valuable supplementary information, they
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must always be validated against domain expertise and real
measurements to ensure operational relevance. The integra-
tion of hybrid approaches that combine physical modeling
and data-driven learning could further reinforce the robust-
ness and interpretability of augmentation systems.

An important aspect to consider in iterative generative
frameworks for time series is the potential degradation
of temporal fidelity over extended generation horizons.
As the model recursively incorporates its own outputs, small
discrepancies may accumulate and progressively lead to dis-
tributional drift and loss of temporal coherence, particularly
when extrapolating far beyond the temporal span observed
during training. This behavior arises as long-horizon genera-
tion inherently amplifies minor modeling inaccuracies.

In the proposed approach, this effect is mitigated by the
one-step-per-iteration generation strategy and the use of a
bounded conditioning window, which constrain error prop-
agation and contribute to maintaining stability across short
and intermediate horizons. Nevertheless, the reliability of the
generated sequences is expected to decrease as the generation
length increases, highlighting the importance of restricting
usage to controlled temporal ranges aligned with the train-
ing distribution. From a practical perspective, the method is
therefore best suited for data augmentation scenarios within
bounded horizons.

A systematic sensitivity analysis is required to quan-
titatively assess temporal degradation using distributional
similarity metrics, such as Kullback-Leibler Divergence
(KLD) and Dynamic Time Warping (DTW), as a function
of generation length, thereby highlighting that unbounded
or indefinite sequence generation lies beyond the reliable
operational scope of the framework.

Overall, the discussion of findings indicates that
GAN-based approaches offer a promising direction for
advancing industrial failure augmentation, while also under-
scoring the need for continued refinement and validation
before full-scale deployment in operational settings.

Recent advances in deep-learning—based anomaly detec-
tion encompass a wide spectrum of paradigms that extend
beyond the generative modelling strategy adopted in
this work. Numerous studies [27] have demonstrated the
effectiveness of GAN-based architectures for industrial
time-series anomaly detection, particularly in settings char-
acterized by class imbalance and scarcity of fault data. Other
generative models, such as transformer-based GANs, have
been shown to effectively capture long-range contextual
dependencies in multivariate industrial time-series streams,
achieving state-of-the-art detection results across several
public datasets.

Beyond pure GAN formulations, recent studies [28]
highlight alternative generative neural architectures, such
as adjusted-LSTM GAN models, that further enhance
reconstruction-based anomaly scoring in both univari-
ate and multivariate temporal domains. These contri-
butions illustrate the breadth and continuous evolution
of generative approaches across industrial monitoring,
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cybersecurity, smart-grid operation, and IoT-based sensing
environments.

Another relevant aspect concerns the adaptability of the
proposed approach across different turbine configurations
and fault typologies. The current implementation is based
on a homogeneous setting, involving four turbines of the
same model and a specific failure mode characterized by
temperature decreases. Extending the framework to other
turbine classes would require adjustments in both the input
representation and the model architecture, particularly to
accommodate variations in the number of sensors, signal
dimensionality, and sampling frequency.

For instance, architectures may need to be reconfigured
to handle multivariate inputs with differing temporal res-
olutions, potentially incorporating resampling strategies or
temporal alignment mechanisms. Additionally, the condi-
tioning scheme and loss formulation may require adaptation
to ensure stability when capturing distinct thermodynamic
behaviors. In the case of fault types leading to temperature
increases or more complex nonlinear patterns, the generator
must be capable of learning alternative temporal dynamics,
which could involve rebalancing the training dataset or incor-
porating domain-specific constraints to guide the generation
process.

These considerations highlight that, while the underlying
methodology is generalizable, its effective application to
heterogeneous industrial scenarios requires careful reparam-
eterization and validation to ensure consistent performance
across diverse operating conditions and failure mechanisms.

The proposed framework can be naturally integrated within
modern industrial Internet of Things (IoT) architectures,
where sensor data are continuously acquired and stored
through edge—cloud infrastructures. While the validation
presented in this work is conducted in an offline data
augmentation setting, the methodology is intended to oper-
ate in conjunction with real-time data acquisition systems
already deployed in industrial environments. In such scenar-
ios, sensor streams are directly ingested into centralized or
distributed databases, enabling seamless incorporation of the
generator-only inference without additional data collection
stages.

The lightweight nature of the model, characterized by
a low parameter count and CPU-based execution, facili-
tates flexible deployment across heterogeneous infrastruc-
tures, including both edge devices and cloud environments.
This enables inference to be performed locally, reducing
latency and communication overhead, or centrally, leverag-
ing higher computational resources depending on system
constraints. In Software-Defined IoT (SD-IoT) frameworks,
where software-defined control dynamically orchestrates
tasks across distributed nodes, the model can be incorporated
into load-balanced pipelines that adapt to resource availabil-
ity and operational demands.

Furthermore, as the generation process relies on locally
available temporal conditioning windows, its execution is
inherently resilient to variations in network quality of service
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(QoS), making it suitable for environments with fluctuat-
ing latency, bandwidth, or connectivity conditions. These
characteristics position the proposed approach as a viable
component within scalable, real-time predictive maintenance
ecosystems based on IoT and SD-IoT paradigms.

VIil. CONCLUSION

This study demonstrates that Generative Adversarial Net-
works can effectively model both normal and faulty operating
patterns in gas turbine sensor data, enabling the generation
of synthetic time series that closely align with real oper-
ational behavior. The proposed framework supports failure
dataset augmentation by capturing the temporal evolution of
degradation, thereby extending beyond traditional detection-
oriented approaches. The synthetic datasets produced by
the model contribute to a richer and more representative
repository of failure modes, strengthening the foundation for
data-driven reliability analysis.

Future work will incorporate more diverse operat-
ing conditions, expand the anomaly catalog with addi-
tional fault categories, and explore hybrid architectures
that integrate physical modeling with data-driven learn-
ing. Further research will also assess the implementation
of the proposed system in real-time monitoring environ-
ments to validate its practical deployment for predictive
maintenance.

Additionally, future research may include comparative
analyses with alternative generative approaches to further
position the proposed framework within the broader liter-
ature. Such efforts would require a dedicated and rigorous
benchmarking study, extending beyond the scope of the
present work, demonstrating the relevance, robustness, and
applicability of the proposed approach for data augmentation
tasks.
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